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ABSTRACT

Non-Ideal Compressible-Fluid Dynamics (NICFD) investigates the gas dynamics of a special class
of fluids, typically (but not limited to) vapors of molecular complex compounds, characterized by
a thermodynamic state space containing a non-ideal region. In the non-ideal regime, the fluid no
longer behaves as an ideal gas with state equation Pv = RT (whereas P is the gas pressure, v the
specific volume, R the gas constant and T the temperature) and more complex fluid models are
required. Currently, the community is racing to develop reliable and predictive tools to investigate
the non-ideal dynamics and to ultimately improve the design of devices involving NICFD flows. A
global perspective including experiments, computations, and theory is needed in order to develop
sophisticated physical models as well as a systematic and comprehensive treatment of calibration
and validation procedures.

This work focuses on the calibration of the polytropic Peng-Robinson (PR) fluid model
[Peng and Robinson, 1976] for siloxane MDM (Octamethyltrisiloxane, C8H24O2Si3) vapor flows
in the non-ideal regime. Specifically, the goal is to calibrate the material-dependent parameters
appearing in the equations of state by combining experimental NICFD flows measurements with
numerical simulations. The calibration process relies on a standard Bayesian inference framework
and it takes advantage of the first-ever experiments on non-ideal expanding flows of siloxane
MDM vapor [Spinelli et al., 2018]. The Bayesian framework to infer the polytropic PR model
parameters accounts for uncertainties in the test-rig operating conditions (treated as nuisance
parameters). Specifically, the inference considers the total pressure Pt and total temperature Tt
at the inlet of the test section (uncertain operating conditions) and the fluid critical pressure Pcr,
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critical temperature Tcr, acentric factor ω and specific heat ratio γ (fluid model parameters of
interest).

The Bayes’ theorem reads
P (q | o) ∝ P (o | q) P (q) , (1)

where q = (Pt, Tt, Pcr, Tcr, ω, γ)T is the vector of the unknown parameters and o is the vector
containing the experimental measurements. Uniformly distributed prior distributions P (q) ∼
Uq[qmin, qmax] are considered. The prior bounds for the operating conditions were provided by
the experimentalists. For the PR model parameters, the priors were set to largely encompass
reference values reported in the literature and to satisfy thermodynamic stability criteria and
physical limits. The likelihood L , P (o | q) is considered Gaussian. The measurements set
compounds Nc experiments at different operating conditions and we explicitly define

L = ΠNc
j=1Lj, Lj = Π

Np,j
i=1 exp

(
−

(
Oij −Uij(q)

)2 /2σ2
ij

)
, (2)

where Np,j is the number of measurements in the j-th experiment, Oij is the measurement of
probe i in experiment j, σ2

ij is the measurement variance and Uij is the measured value predicted
by the Computational Fluid Dynamics (CFD) model. SU2 is an open-source suite capable of
dealing with non-ideal, fully turbulent, flows and it now embodies the reference among NICFD
solvers [Economon et al., 2015, Gori et al., 2017]. The measurement variances were provided by
the experimentalists. The resulting posterior distribution is sampled via a Markov-Chain Monte-
Carlo (MCMC) approach based on the Metropolis-Hastings (MH) algorithm [Hastings, 1970]. As
the sampling requires many model evaluations, we rely here on surrogate models for the Ui,j(q).

Results reveal an inherent inconsistency between numerical predictions based on the model
and the measurements. Indeed, the sole variation of the PR model parameters does not allow
for significant mitigation of the discrepancy between computational results and experimental
data. The inconsistency possibly arises from a bias error in the available measurements, from an
epistemic uncertainty affecting the PR model, and (or) form using an inadequate computational
model to reproduce the experimental flows. We discuss future investigations that could help
clarifying the sources of inconsistency.
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ABSTRACT

This work concerns the resolution of stochastic elliptic equations of the form

∇ · [κ(x, θ)∇u(x, θ)] = − f (x), x ∈ Ω, u = u∂Ω on ∂Ω, (1)

where κ(x, θ) is a random field. We are interested in random fields that cannot be accurately
approximated with truncated series, and consider Monte Carlo approaches. In MC approaches,
one relies on the multiple resolutions of (1) for different realizations of κ to estimate the statistic of
quantities of interest. As millions of samples may be needed to obtain well-converged statistics,
efficient solvers are required. We consider a domain decomposition method with a partition of
Ω into overlapping subdomains. The additive Schwartz Method (SM) is a fixed-point procedure,
where the set of sub-domains’ boundary values uΓ is updated through the parallel resolution of
local elliptic problems. The convergence rate of the fixed-point iterations uk+1

Γ = S(uk
Γ|κ) reduces

with the subdomains size and their overlapping. The convergence can be improved using an affine
preconditioner A, resulting in the Accelerated SM (ASM) with iterations: uk+1

Γ = S(A(uk
Γ)|κ).

The exact preconditioner Aex, yielding the fixed-point solution in just one iteration, depends
on κ and its computation for a single deterministic problem is usually too expensive. Allocating
resources to the construction of an effective κ-dependent preconditioners may, however, be
interesting in the Monte Carlo context (see for instance [1]). We explore this idea for preconditioners
based on low dimensional approximations of the random field involving N random variables:
κ(x, θ) ≈ κ(x, ξ) where ξ = (ξ1, . . . , ξN). The dependencies of the preconditioner A(·|ξ) on
the random variables are subsequently approximated using Polynomial Chaos expansions [2]:
A(·|ξ) ≈ APC(·|ξ) = ∑α Aα(·)Ψα(ξ). The expansion coefficients Aα can be determined via a
Pseudo-Spectral Projection method [3] requiring the computation of Np preconditioners, at a cost
which is subsequently factorized over the simulated MC samples.
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N 2 10 50 100
RMSE ‖κ − κ̂N‖ 3.32 10−1 1.62 10−1 7.17 10−2 5.04 10−2

RMSE ‖Aex − A‖F 1.72 10−2 1.44 10−2 5.34 10−3 2.92 10−3

RMSE ‖A− APC‖F 2.83 10−4 1.22 10−3 2.12 10−3 2.18 10−3

Size of PC basis (# of PSP nodes) 8 (17) 76 (241) 1,376 (5,201) 5,251 (20,401)
# ASM iterations for A(·|ξ) 18.9± 5.9 14.6± 2.9 8.2± 0.9 6.8± 0.6

# ASM iterations for APC(·|ξ) 18.9± 5.9 14.7± 2.9 8.6± 0.9 7.4± 0.8

 0.4

 0.8

 1.2

 1.6

 0  0.2  0.4  0.6  0.8  1

k

x

k

N=2

N=10

N=100

Table 1: Top: Analysis of performance and complexity of the proposed PC-Accelerated Schwarz method (PC-ASM).
Below: Approximations for different N of a realization of κ.

We demonstrate the PC-ASM approach on a one-dimension problem with domain Ω = [0, 1]
and discretized with ≈ 1, 000 finite-elements. The partition consists of 20 uniform subdomains
with overlapping of 5 elements. The field κ is log-normal with distribution log κ ∼ N(0, C), where
C(x, x′) = σ2 exp(−|x− x′|/L). The results use L = 0.2 and σ2 = 0.25. The approximation of κ is
defined as

κ(x, θ) ≈ κ̂N(x, ξ(θ)) = exp

[
N

∑
i=1

λ1/2
i Φi(x)ξi(θ)

]
, ξi(θ) =

∫
Φi(x) log(κ(x, θ))dx,

where the Φi are the dominant eigenfunctions of the covariance C. Table 1 shows for different
values of N (top row) the root-mean-squared errors on the field κ̂N − κ (second row), on the
accelerator Aex − A (in Frobenius norm, third row) and the RMS-error of the PC approximation,
A− APC (fourth row). The fifth row reports the PC basis dimension (for third order expansions)
and the number of PSP nodes Np for the projection. Finally, the number of iterations (averaged
value ± standard deviation) to get |uk

Γ − uk+1
Γ | < 10−9 is reported in the last two rows for the

ASM using A or its PC approximation APC respectively. For comparison, the Schwartz method
without preconditioning requires 14, 250 iterations on average to converge. The table indicates
that 1) the preconditioning approach is effective, requiring few iterations even for low N, and 2)
the PC approximation of the preconditioner has a low impact on the convergence, especially for
the smallest N.
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ABSTRACT

Historically, experiments have been the main source of knowledge since the dawn of scientific
pursuit. The invention of computers lead to a raise in computational methods that are widely
used in modern engineering to reduce time and costs during the design phase of a complex
system, often as an alternative to experiments when our confidence in the models is very high.
Another use for computational methods is the capability of solving complex equations which
otherwise would remain unsolved or would require a considerable amount of human resources
∗PhD Candidate, VKI, Chaussée de Waterloo 72, 1640 Rhode-St Genèse, Belgium
†Senior Researcher, CNRS, Université Paris Saclay, Bt 508, rue John von Neumann, Campus Universitaire, 91405 Orsay,
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[Golemba, 1994]. Since the beginnings of the computational era, experiments and simulations
have been used alongside one another to uncover deep physical laws and to understand nature.
As our knowledge of the world is never perfect and so far we cannot account for all its different
multi-scale details, uncertainties must play a role in the understanding process.

The study of the aerothermal environment surrounding a vehicle during atmospheric entry is
extremely complex, as such, experiments and models are put to the test to avoid critical mission
failure. In this context, the reliability of our predictions as well as the quality of our models must be
assessed. The von Karman Institute (VKI) uses a state-of-the-art Inductively-Coupled Plasma (ICP)
torch [Bottin et al., 1999] to collect relevant data to study flow-material interaction phenomena for
relevant spacecraft reentry conditions. Depending on the material to be characterized, different
testing techniques can be used to assess different aspects of their performance. We focus our
interest in reusable materials for which the heat load is partially re-radiated back to the atmosphere.
One of the key factors in choosing them is the specified reaction recombination efficiency which
measures how much of a chemical species is recombined at the wall compared to its net difussion
flux to the wall. The characterization of these surface properties is done in an indirect manner by
using several measurement techniques and numerical rebuilding. Uncertainties affecting each part
of the rebuilding process must be accounted for, from the measurement errors, to the methodology
used to measure, to the model used to perform the rebuilding.

In this work, we address the answer to the following questions: Can the estimation of the
recombination efficiency parameter be improved through different experimental methodologies?
When doing so, can the Bayesian framework be extended to include new parameters and give
accurate posteriors? Is the calibration useful in other testing conditions?

State-of-the-art uncertainty quantification techniques are applied to catalytic thermal protection
system characterization using plasma wind tunnel experiments [Viladegut, 2017]. Different
testing methodologies are discussed based on their resulting posterior distributions allowing
for recommendations regarding the testing. To assess whether or not the calibration of the
recombination efficiency parameter can be extrapolated to other testing conditions, a hypothesis
testing analysis is also included. The computation of the Bayes factor relates the comparison
between two different marginal likelihoods or evidences attached to two alternative hypotheses.
The results from this analysis determine the suitability of one hypothesis or the other opening up
the discussion about model selection and the influence of the experimental conditions for optimal
testing.

From this work, conclusions indicate that a more complex testing methodology must be put in
place to obtain more accurate posterior distributions for the recombination efficiency parameter.
Choosing two materials of very different catalytic behavior (fully catalytic versus non-catalytic)
and having the catalytic behavior of the material we want to characterize somewhere in the middle,
gives us a much better estimation of the parameter of interest. Using the calibrated parameter
for different testing conditions proves problematic as indicated by the Bayes factor, inviting us to
rethink the rebuilding methodology.

In general, this contribution offers a deeper insight to the experiments performed in this
domain and how to improve our model upon experimental evidence.

References
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ABSTRACT

The SABBa framework has been shown to tackle multi-objective optimization under uncertainty
problems efficiently. It deals with robust and reliability-based optimization problems with
approximated robustness and reliability measures. The recursive aspect of the Bounding-Box (BB)
approach has notably been exploited in [1], [2] and [3] with an increasing number of additional
features, allowing for little computational costs. In these contributions, robustness and reliability
measures are approximated by a Bounding-Box (or conservative box), which is roughly a uniform-
density representation of the unknown objectives and constraints. It is supplemented with a
surrogate-assisting strategy, which is very effective to reduce the overall computational cost,
notably during the last iterations of the optimization.

In [3], SABBa has been quantitatively compared to more classical approaches with much
success both concerning convergence rate and convergence robustness.

Figure 1: Cost comparison between APMM and SABBa with a) high-quality or b) low-quality surrogate model.
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Figure 1 shows better mean performance and significantly reduced variability of the SABBa
CS-REU-G method w.r.t an A Priori MetaModel strategy. SABBa allows for local refinement, hence
higher robustness to low-quality surrogate model.

We propose in this work to further improve the parsimony of the approach with a more general
framework, SAMMA (Surrogate-Assisted Multi-fidelity Measure Approximation), allowing for
objects other than Bounding-Boxes to be compared in the recursive strategy. Such non-uniform
approximations have been proposed in previous works like [4] and [5]. Among others, sampling
and Gaussian measure approximations are presented and quantitatively compared in the following.
We propose suitable Pareto dominance rules and POP (Pareto Optimal Probability) computations
for these new measure approximations. Potential gains in terms of discriminance between boxes
of the sampling measure approximation and joint information are depicted in Table 1.

Uniform boxes Samplings Joint samplings

Pareto Optimal Probability
Design Uniform Sampling Joint

Blue 0.7388 0.4446 0.12
Orange 0.8455 0.868 1

Table 1: Potential discriminative gains

To extend the framework applicability to complex industrial cases, and alongside the multi-
fidelity between different UQs (Uncertainty Quantification) inherent to the recursive strategy,
we propose to plug multi-fidelity approaches within the measure computations. This approach
should allow tackling very complex industrial problems in an acceptable timeframe.
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The computational fluid dynamics frameworks at CEA has been extended to include 

systematic Verification and Validation (V&V) processes combined with Uncertainty Quantification 

(UQ) procedures, in order to improve the accuracy and reliability of the simulations. Along this line, 

we investigate the assessment of the discretization errors by means of non-intrusive methods based 

on an ensemble of simulations using different discretization levels.  

In this work, the discretization errors are assessed using the method proposed by Eça and 

Hoekstra [“A procedure for the estimation of the numerical uncertainty of CFD calculations based on 

grid refinement studies”, Journal of Computational Physics, Vol. 262, p. 104-130, 2014]. This method 

requires a minimum of four simulations performed at four different discretization levels. These 

simulations are subsequently used to estimate the "exact" model solution for the quantity of interest 

and its error bars, through the resolution of a best-fit problem combined with an error-model 

selection procedure. The extent of these error bars accounts for the reliability of the error estimation 

and, therefore, characterizes the confidence in the model prediction.  

The main objective of the present work was to investigate the behavior of the method. The 

simulation of a turbulent single-phase flow in a pipe, presenting a diameter reduction, has been 

considered for this purpose. The behavior of the method has been analyzed for both integral and 

local quantities. We focused, in particular, on the error bars estimation and the robustness of the 

approach with respect to the sequence of discretization parameters (mesh refinements) considered.   

uqop - - Wednesday, March 20, 2019 - 14:00/14:20 (20min)

11 sciencesconf.org:uqop:240944



P. Sochala, A. Gesret, O. Le Maître/UQOP 2019

UQOP 2019
Uncertainty Quantification & Optimization Conference

18-20 March, Paris, France

Surrogate-based inversion for
first-arrival seismic tomography

Pierre Sochala, Alexandrine Gesret, Olivier Le Maître
BRGM, Mines ParisTech, LIMSI-CNRS

p.sochala@brgm.fr, alexandrine.gesret@mines-paristech.fr, olm@limsi.fr

Keywords: Bayesian inference, active tomography, polynomial chaos expansions, uncertainty
quantification.

ABSTRACT

Seismic tomography is used to infer the subsurface seismic structure of a medium from
observations of seismic waves. We focus on active tomography where a network of sources
generates seismic waves propagating in the subsurface and recorded at seismic stations. The
structure of the medium is described by a vector of parameters, denoted m, containing the wave
velocities and geometrical informations to be inferred from the observations. Specifically, we
consider a Bayesian inversion where a set of first-arrival times, collected in the vector tobs, is used
to infer the parameters using the the Bayes’ theorem [Bayes, 1763],

p(m|tobs) ∝ p(tobs|m)p(m). (1)

Here, the vertical bar ·|· means "conditional on", and we have denoted p(m) the prior distribution
of the parameters, p(tobs|m) the likelihood of the arrival times and p(m|tobs) the posterior
distribution of the parameters.

The likelihood requires a comparison between the measured arrival times and their values
predicted by the model for given parameter values in m. An Eikonal solver [Noble et al, 2014]
can be used to predict the arrival times; however, the computational cost of the Eikonal solvers
is too large to permit the extensive sampling of the posterior of m, for instance using a Markov
Chain Monte Carlo (MCMC) algorithm [Metropolis et al, 1953, Hastings, 1970]. To circumvent this
issue, we rely on polynomial chaos expansions [Le Maître and Knio, 2010] as a surrogate of the
forward Eikonal solver in the inversion algorithm, therefore saving the computational burden of
its computation.

We present results of initial tests using synthetic data. These tests show a satisfactory inference
of the parameters, as illustrated in Fig. 1. Plotted are the prior and posterior distributions of two
velocity model parameters, namely i) the wave velocity of a geological layer and ii) the location of
a geological interface between two layers. The true parameter values used to generate the synthetic
data are also reported. We observe that the maximum a posteriori (MAP) values are close to these
true values. The narrow velocity posterior means that the observations are very informative for
this parameter, when the flatter interface location posterior denotes that it remains more uncertain.
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Figure 1: Example of Bayesian calibration.

Our numerical tests also reveal that the location of the sources and recording stations can affect
the number of Eikonal model evaluations necessary to build accurate surrogates of the arrival
times, in particular by inducing non-smooth dependencies of the arrival times with m. Another
challenging question concerns the design of the sources and stations network in order to enhance
the parameter calibration.
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ABSTRACT

Continuous-time Markov chains (CTMCs) are mathematical models that describe the evolution
of dynamical systems under uncertainty [Norris, 1998]. They are pervasive throughout science
and engineering, finding applications in areas as disparate as medicine, mathematical finance,
epidemiology, queueing theory, and others. We here consider time-homogeneous CTMCs that can
only be in a finite number of states.

The dynamics of these models are uniquely characterised by a single transition rate matrix
Q. This Q describes the (locally) linearised dynamics of the model, and is the generator of the
semi-group of transition matrices Tt = exp(Qt) that determines the conditional probabilities
P(Xt = y |X0 = x) = Tt(x, y). In this expression, Xt denotes the uncertain state of the system at
time t, and so, for all x, y, the element Tt(x, y) is the probability for the system to move from state
x at time zero, to state y at time t.

In this work, we consider the problem of estimating the matrix Q from a single realisation
of the system up to some finite point in time. This problem is easily solved in both the classical
frequentist and Bayesian frameworks, due to the likelihood of the corresponding CTMC belonging
to an exponential family; see e.g. the introductions of [Inamura, 2006, Bladt and Sørensen, 2005].
The novelty of the present work is that we instead consider the estimation of Q in an imprecise
probabilistic context [Walley, 1991, Augustin et al., 2014].

Specifically, we approach this problem by considering an entire set of Bayesian priors on Q,
leading to a set-valued estimator for this parameter. In order to obtain well-founded hyperparameter
settings for this set of priors, we recast the problem by interpreting a continuous-time Markov chain
as a limit of discrete-time Markov chains. This allows us to consider the imprecise-probabilistic
estimators of these discrete-time Markov chains, which are described by the popular Imprecise
Dirichlet Model (IDM) [Quaeghebeur, 2009]. The upshot of this approach is that the IDM has well-
known prior hyperparameter settings which can be motivated from first principles [Walley, 1996,
De Cooman et al., 2015].
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This leads us to the two main results of this work. First of all, we show that the limit of
these IDM estimators is a set Qs of transition rate matrices that can be described in closed-form
using a very simple formula. Secondly, we identify the hyperparameters of our imprecise CTMC
prior such that the resulting estimator is equivalent to the estimator obtained from this discrete-
time limit. The only parameter of the estimator is a scalar s ∈ R≥0 that controls the degree of
imprecision. In the special case where s = 0 there is no imprecision, and then Q0 = {QML}, where
QML is the standard maximum likelihood estimate of Q.

The immediate usefulness of our results is two-fold. From a domain-analysis point of view,
where we are interested in the parameter values of the process dynamics, our imprecise estimator
provides prior-insensitive information about these values based on the data. If we are instead
interested in robust inference about the future behaviour of the system, our imprecise estimator
can be used as the main parameter of an imprecise continuous-time Markov chain [Škulj, 2015,
De Bock, 2016, Krak et al., 2017].

The results that we present here have previously been published in [Krak et al., 2018].
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ABSTRACT

Far-field analysis for drag prediction and decomposition is here explored and applied to
aerodynamic shape design problems. This kind of methods, based on formulae derived from the
integral momentum equation, gives a physical decomposition for the aerodynamic force splitting it
in viscous, lift-induced and wave contributions which have a main relevance for the aerodynamic
designer. On the contrary, the straightforward computation of the aerodynamic force by stress
integration on the body surface (near-field method) allows the decomposition of the aerodynamic
force in two components: friction and pressure forces. In this work, a far-field method based
on entropy variations has been implemented. A detailed description of the method is given
in [Paparone and Tognaccini, 2003]. Moreover, this method showed the capability to improve
the accuracy in the calculation of total drag from a given CFD solution by removing part of
the so-called spurious drag implicitly or explicitly introduced by the artificial viscosity of the
adopted numerical scheme. Hence, a reliable drag calculation even on very coarse grids is
possible. Thus, the aim of the work is the illustration of how the far-field approach may allow
substantial reductions of the computational effort which is still a significant concern. Furthermore,
the possibility to decompose drag in viscous, wave and lift-induced contributions allows for
a selection of the objective function among these three terms. This particular characteristic
has already been considered in [Gariepy et al, 2015]. In particular, the approach is shown by
optimizing the wave drag of a NACA 0012 (466dc) in transonic flow conditions (M∞ = 0.85) at
zero angle of attack. Two different set of optimization runs have been performed. The first one
used the near-field formulation to evaluate the drag coefficient, while the second one relied upon
the far-field method. The near-field method has been applied using three different grid levels,
whereas the far-field only the coarsest one. The performance comparison of the optimum airfoils
was made using the CD calculated using the finest grid level.

Table 1: Drag coefficient, CD · 104 , using finest grid size

Optimization using near-field approach 100
Optimization using far-field approach 77
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In table 1, the performance of the optimum airfoils obtained by optimizing with the coarsest
grid level has been compared. It shows that a higher drag reduction is achieved employing the
far-field approach (83.5%) than in the optimization made using the near-field formulation at the
same grid level (78.5%). Therefore, it can be concluded that the use of the far-field approach, since
only the wave drag is minimized, allows the optimization algorithm to reach to a significantly
better solution refinement than that obtainable with the near-field method. Part of this work will
be presented at AIAA SciTech Forum 2019.
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Figure 1: Drag coefficient obtained using the near-field ap-
proach with a fine grid level (•), near-field ap-
proach with a coarse grid level (•), far-field ap-
proach with a coarse grid level (•) versus the
Mach number, M∞.

The advantage showed by the far-field
method, concerning CPU costs, in the
deterministic optimization could be even
more evident in robust design problems
when the objective function and related con-
straints are statistical quantities (such as ex-
pected values, variances or risk measures
[Quagliarella and Iuliano, 2017]). Therefore,
a robust optimization problem of the opti-
mum deterministic airfoil obtained with the
far-field approach will be performed. The
Mach number is considered as an uncertain
parameter that may be uniformly located
in the interval [0.83, 0.88]. Figure 1 illus-
trates the potential advantage of the far-field
method with respect to the near-field one. It
can be observed that the CD obtained at the
coarsest grid level using the far-field method
gives a much better approximation of the
value obtained with the near-field calcula-

tion at the finest level with respect to the one found using the near-field approach. Nevertheless,
the far-field method still presents problems for a robust design loop as, in some cases, its predic-
tions are not fully validated. This is due to the not yet complete reliability of the shock sensor
mechanism that in some cases could lead to a not precise selection of the grid cells to consider in
the far-field drag computation. Work is ongoing to improve its reliability and to allow its safe use
in a robust design optimization loop.
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ABSTRACT

The solutions to many engineering problems described by conservation laws exhibit non-
smooth dependence on material parameters. In many applications, e.g., large scale CO2 storage
in aquifers [Nordbotten et al., 2012], the material parameters are unknown due to lack of data
and inability to accurately resolve small scale variations. The combination of discontinuous
dependence on data and uncertainty poses challenging problems when it comes to efficiently
estimating quantities of interest. Efficient stochastic representation (e.g., spectral expansions) of
quantities of interest requires knowledge of the location of the discontinuities in stochastic space.
In this work, we introduce a framework for tracking discontinuities in stochastic space using
a level set formulation, followed by reconstruction of quantities of interest with localized basis
functions.

Level set methods can be used to track deforming interfaces and are attractive due to the
flexibility with respect to the geometry of the regions separated by the interfaces. For instance,
they are not restricted to star-convex regions and are therefore of interest in solving complex
discontinuous problems with moderate stochastic dimensionality. In this work, we use a level
set formulation to identify the location of solution discontinuities. A set of realizations of the
nonlinear conservation law of interest is treated as an image, and discontinuities are tracked in
pseudo-time by the classical image segmentation techniques introduced in [Malladi et al., 1994].

The zero level set of the steady-state level set function is made to coincide with the discontinu-
ities in stochastic parameter space of the function of interest, as shown in Figure 1. The function of
interest (denoted u) is piecewise smooth in regions where the level set function is strictly positive,
and strictly negative, respectively.
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(a) Discontinuous function u(ξ).

φ=0φ>0

φ<0

(b) Level set function φ(ξ; u).

Figure 1: Discontinuous function u(ξ) (for fixed space and time) and an associated level set function φ with the zero
level set being equal to the location of the discontinuity in u. The uncertainty is parameterized by the random
vector ξ.

The computed level set solution yields an approximation of the location of conservation
law discontinuities. One can see this as a classification problem, where some conservation law
realizations may be misclassified due to inexact level set solutions. Because of the irregular shape
of the piecewise continuous solution regions, a surrogate for the true solution is constructed using
frames, i.e., in this case polynomial functions restricted to each of the different solution regions.
Robust computation of the frame coefficients is achieved using the Least Absolute Deviations
method [Charnes et al., 1955] to compensate for misclassification of solution realizations, and
compared to standard Least Squares Methods.

The performance of the methodology is demonstrated on nonlinear problems from com-
putational fluid dynamics and CO2 storage, and compared to existing adaptive multi-element
generalized polynomial chaos methods [Wan and Karniadakis, 2005]. The proposed method
yields a significant speedup in terms of the number of calls to an expensive conservation law
solver, at the added cost of solving a level set equation in random space and pseudo-time.
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Abstract

We have developed a navigation function for a nanosatellite probe to autonomously fly in deep space.
A need is to process uncertainties on-board to select the best accessible measurements to be considered
for the autonomous location determination. The main algorithm uses the directions of several celestial
objects of the solar system in front of distant stars. A rough position estimate is determined by problem
inversion and filtered with a linear Kalman filter, then the process is repeated. Covariances of the measured
directions, that are object-dependant, are propagated through the process. We simulated a deep-space
cruise from Earth to Mars. The estimated location reaches a 1-σ precision of 200 km. The performance is
mainly limited by the strategy of selecting the celestial objects to be measured. Indeed, the ability to gather
object directions depends on the sensitivity and agility of the probe and on the availability of objects to be
observed. Comparing realistic and purely notional geometries of objects, we expect that an improvement
factor up to 10 is still accessible, providing a detailed analysis of the problem’s Jacobian. This approach will
be further developed into an on-board algorithm to decide on-the-fly the best next object to be measured, as
we could take advantage of the many asteroids in all directions of the ecliptic plane.

I. Introduction

As requested by UQOP 2019, only the abstract is provided before 12/2018. The 2-page full paper
will be updated in case of selection of the abstract.

II. Methods

The methods are:
• method 1
• method 2
• method 3

The methods are The methods are The methods are The methods are The methods are
∗Work funded by the Laboratory of Excellence ESEP in France (ANR-2011-LABX- 030) with the Inititative dÉxcellence

PSL (ANR-10-IDEX-0001-02), and supported by the team members of the BIRDY-T project.
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Figure 1: Example figure

III. Results

The text of results The text of results The text of results The text of results The text of results The
text of results

Table 1: Example table

Name

First name Last Name Grade

First name Last Name 7.5
First name Last Name 2

The text of results The text of results The text of results The text of results The text of results
The text of resultsThe text of resultsThe text of results The text of results The text of results The
text of results

e = mc2 (1)

The text of results The text of results The text of results The text of results The text of results
The text of resultsThe text of resultsThe text of results The text of results The text of results The
text of results
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ABSTRACT

We consider the problem of estimating robust bounds on a functional of the unknown state of
a dynamical system, using noisy measurements of the system’s historical evolution, and given
only partially specified probabilistic descriptions of the system’s initial state and measurement
(error) models. This problem is a general version of the well-known filtering problem, which finds
applications throughout science and engineering. The generalisation studied in this work is based
on the theory of imprecise probabilities [Augustin et al., 2014].

Formally, we consider a dynamical system xt, t ≥ 0, taking values in a measurable space
(X ,AX ), with X ⊂ Rd and d ≥ 1. The system’s evolution is governed by the time-homogeneous
non-linear vector differential equation

dxt = f (xt)dt . (1)

With P0, a probability measure on (X ,AX ), we assume that the initial state x0 is an unknown
realisation of a random variable X0 ∼ P0. Together with (1), this induces random variables Xt,
which describe the (uncertainty about the) state of the system at each time t. Explicitly, if for all
t ≥ 0 we define the map Ft : X → X as the point-wise solution to (1), Ft(x0) := x0 +

∫ t
0 f (xτ)dτ,

then Xt is a random variable governed by the push-forward measure Pt := P0 ◦ F−1
t on (X ,AX ).

In the setting with imprecise probabilities, we additionally deal with (epistemic) uncertainty
about the initial distribution P0. We then say that P0 is an element of some set P0 of probability
measures on (X ,AX ). Notably, we do not consider any probability distribution over this set P0.

Finally, it is assumed that the system can only be observed through noisy measurements.
The measurement yt taken at time t ≥ 0 is a realisation of a random variable Yt, governed by a
(stochastic) measurement model P(Yt | ·). We again do not assume full knowledge about P(Yt | ·);
instead, we only know that P(Yt | ·) ∈ P(Yt | xt) for some set of probability measures P(Yt | xt).
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The filtering problem can now in general be described as computing the expected value of
some function h : X → R on the uncertain state Xt, given observed measurements ys1 , . . . , ysn .
When using imprecise probabilities, there are multiple precise probability models compatible with
our set-valued assessments. The set of these compatible models is denoted P . Any element P ∈ P
is a probabilistic model, for which we can compute the quantity of interest using Bayes’ rule. The
aim is now to compute the lower- and upper expectations,

E
[
h(Xt)

∣∣ ys1 , . . . , ysn

]
:= inf

P∈P
EP
[
h(Xt) | ys1 , . . . , ysn

]

E
[
h(Xt)

∣∣ ys1 , . . . , ysn

]
:= sup

P∈P
EP
[
h(Xt) | ys1 , . . . , ysn

] (2)

which are the tightest possible bounds compatible with our imprecise assessments.
To the best of our knowledge, this is the first time that this filtering problem is considered

at this level of generality. A non-exhaustive list of related work includes the imprecise Kalman
filter [Benavoli et al., 2011], which assumes the equations of motion to be linear; particle filters
based on random set theory [Ristic, 2013], which deals with less general uncertainty structures;
and filtering with imprecise hidden Markov chains [Krak et al., 2017], which assumes X is finite.

In our current work, we take a heuristic approach to computing—approximately—the quantities
of interest. To this end, we introduce a novel algorithm based on a problem that is equivalent to
solving (2); this form is known as the generalised Bayes’ rule in the imprecise probability literature.
A known recursive decomposition thereof allows us to reduce the problem to computing (i) the
n (independent) lower- and upper likelihoods of the states xsi given the observations ysi , (ii) the
solution to infP0∈P0

∫
X g(x)dP0(x) for any g : X → R, and (iii) the map Ft for any t. We solve

problem (i) trivially by parameterising the set P(Y |X) directly in terms of these lower- and
upper likelihoods—a more general method would require solving the optimisation explicitly. The
problem (ii) is just the lower expectation with respect to the initial model P0, which although it
cannot really be simplified further, is relatively straightforward when compared to the original
problem (2). We solve (iii) by replacing the maps Ft with surrogate model approximations that
are both local in time (different surrogates for different values of t) and local in space (the
approximations are only accurate on certain subsets of X ). We build these surrogates on a set of
points quasi-randomly sampled from a sequential estimate of an imprecise (1− α)× 100% credible
region of Xt, conditional on the sequential observations, and then propagated forward in time.

In this work, the developed method is applied to the case of robust state estimation of an Earth
satellite orbiting in a strongly perturbed environment, and its performance compared against a
traditional filtering approach based on precise probability distributions.
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Significant research and development effort has been dedicated over the past few years to 
the improvement of uncertainty propagation and robust or reliable optimization techniques. 
A variety of uncertainty propagation methods spanning from advanced sampling methods 
like multi-level Monte-Carlo, over various Polynomial chaos based method to perturbation 
techniques were significantly advanced to address in the order of ten uncertainties in 
industrial applications [Hirsch et al. (2018)]. All these methods, however, rely on the correct 
characterization of input uncertainties, which in general is a difficult task.  

In particular characterizing the manufacturing variability of for example turbomachinery 
blades remains challenging. One possibility is to measure hundreds of manufactured blades 
and in this way sample the surface variability resulting from the manufacturing process. This 
is, on the one hand, expensive and time consuming and, on the other hand, not always 
applicable, for example for customized designs, which are either unique or comprise of only 
one or two machines. In this case, insufficient geometry samples are available. Büche et al. 
(2018) show a path to extract an estimation of manufacturing variability from technical 
norms, which define the allowable manufacturing tolerances typically in clearly defined 
tolerance classes from coarse to fine.  

In the current work, the approach described by Büche et al. (2018) forms the basis for the 
characterization of input uncertainties of a high pressure turbine. Manufacturing tolerances 
are attributed to engineering design parameters describing the blade shape. In general, such 
a model or a CAD design will consist of hundreds of lengths, angles and radii. However, a 
direct treatment of the O(100) uncertainties is still out of reach on industrial scale for state-
of-the-art uncertainty propagation techniques. An alternative form design space reduction 
techniques [Diez et al. (2015)], which aim at maintaining the freedom in the geometrical 
variability, but at a lower computational cost. The number of effective uncertain variables is 
reduced. 

A Latin Hypercube Sampling is performed sampling up to thousands of geometries from 
uniform- and beta-distributed random variables. On this basis, the covariance of the 
geometry is calculated and a Principle Component Analysis (PCA) is applied. The resulting 
Eigen modes for various retained reconstruction accuracies are analyzed and discussed. 

In a second step, the uncertainties resulting from the reduction are propagated and 
compared to the results of the full parametric uncertain problem for the four classes of 
accuracy defined in the applied technical norm. The uncertainties in the reduced problems 
correspond to the retained modes and are Gaussian distributed, while the eigenvalues are 
the variance of these Gaussian distributions.  
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Figure 1: Comparison of mean value and standard deviation of isentropic efficiency for the 4 
defined tolerance classes. The bars correspond to ±σ. 

The results of the UQ simulations are discussed and compared. Figure 1 shows the evolution 
of the mean value and standard deviation of the isentropic efficiency for the four tolerance 
classes defined in the technical norm. As one could expect, the spread of the predicted result 
reduces with more narrow tolerance classes. It is very interesting to observe that from a 
practical engineering point of view there is no relevant difference in prediction for the two 
most narrow tolerance classes ‘medium’ and ‘fine’. This can be exploited in an inverse robust 
design optimization setting, where the largest allowable tolerance is sought for, while 
respecting a minimum performance (constraint). 

The further, scaled sensitivity derivatives of the various studied problems are compared and 
the reduced problems are compared with the initial non-reduced problem. This work 
constitutes an industry ready approach for the characterization and reduction of 
manufacturing uncertainties. 
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ABSTRACT

We present and compare a novel R implementation of LASSO using different optimization
methods for piecewise differentiable functions. LASSO (or “Least Absolute Shrinkage and
Selection Operator”) was introduced by Robert Tibshirani [Tibshirani, 1996]. This is one of the
popular regularization methods because of its efficient variable selection property. The variable
selection is achieved by adding a penalty term to the least square problem. However, this requires
in the minimization of a piecewise differentiable objective function. We review three different
optimization techniques to tackle this issue: the sub-gradient method, the proximal gradient
descent method, and the co-ordinate descent method. The sub-gradient method [Shor, 1985] is
a simple variant of the gradient descent method which requires a predetermined sequence of
step sizes. If these step sizes are not chosen carefully, convergence can be excessively slow..
However, this is not a descent method in general and we must keep track of the best solution
to achieve optimality. The proximal gradient descent method [Beck et al., 2009] is applicable for a
convex function, which is a sum of two convex functions, where one function is differentiable and
the other is non-differentiable but has a simple analytical form. The co-ordinate descent method
[Sauer et al., 1993] successively minimizes a multivariable function along each co-ordinate. We
compare the speed of convergence of these three methods using LASSO. In addition to this, we
extend our implementation to the adaptive LASSO [Zou, 2006] (or weighted LASSO), as well as
cross-validation or boot-strap method for frequentist model validation tools. We split a dataset
into K parts for cross validation and then we fit model for K − 1 part and test it with the remaining
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part. We repeat this method for each part so that each data point is used once for model validation.
For boot-strap we randomly sample data points from the dataset with replacement for a given
number of times and examine the empirical distribution of the modeling parameters.

We introduce the idea of perturbed weights for assessing the sensitivity of regression pa-
rameters using the idea of adaptive LASSO. These weights on the penalty term of LASSO force
the predictors to shrink earlier than the other depending on the scale of the weights, i.e. higher
weight forces a predictor to shrink early whereas lower weight slows down the shrinkage. For
the sensitivity of the predictors we use n number of purturbed weights and obtain the LASSO
coefficients. We get a behavior of the predictors w.r.t. these weights. We observe that for these
purturbed weights the standard deviations of the values of the predictors are often less for the
non-important predictors obtained from the regular LASSO than that of the important ones.
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ABSTRACT

This paper will present a new approach for the Optimisation for Robustness and Reliability of
Dynamic Complex Systems when they are affected by epistemic uncertainty.

Commonly, approaches for the design of Complex Systems, like safe margins approach, lack
robust procedures for the design, test and redefinition of the system prior to large economical
investments. Often, indeed, drawbacks are identified after a lot of money have been already
spent for prototyping or after the design has already reached a mature stage. When this happens,
engineers has to take a difficult decision: whether to continue and try to minimise the negative
impact of this gap, or to abandon part or all of the work for a better design with consequent loss
of time and money. Both decisions lead to negative consequences.

There are three main reasons why this occurs with traditional approaches. They don’t proper
model uncertainty that comes from different sources and manifests itself in different ways. They
don’t adequately deal with the interaction between sub-systems which form the Complex System
and are usually studied by different design teams. Also, they don’t consider the evolution in time
of the system during its operational life.

About the first point, it is largely accepted to divide uncertainty in in aleatory and epistemic: the
former can not be reduced and it is basically due to randomness of nature and it can be captured
with a frequentist approach, while the second comes from lack of knowledge and/or subjective
probability and it can be reduced to aleatory uncertainty as information increases. Aleatory
uncertainty is used, for example for measurement errors; epistemic uncertainty, instead, is always
present in the early design phases when experts are used to express their opinions and models
are low fidelity; there is epistemic uncertainty also when data is incomplete or has poor quality.
To rigorously deal with both types of uncertainty, then, we use Evidence Theory [Shafer, 1976,
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Alicino and Vasile, 2014, Croisard et al., 2010] because it is a promising mathematical tool and it
is a generalisation of the classical Probability Theory.

About the second point, we model Complex Systems using Graph Theory [Boccaletti et al., 2006]:
they are represented as networks where each node is a sub-system and each link an information
pathway. To each node it is associated a value of the quantity of interest and a measure of
uncertainty. Given that we use Evidence Theory, the probability measure is generalised by the
measures of Belief and Plausibility and the network is called Evidence Network Model (ENM). The
graph-structure of the ENM allows also to solve the NP-hard problem - given by the uncertainty
propagation with the use of Evidence Theory - drastically reducing the computational cost from
exponential to linear with the problem dimention .

The approach of ENM for Evidence-Based Robust Optimisation was introduced in [Vasile, et al., 2017,
Filippi, et al., WCCI, 2018, Filippi et al., SECESA, (2018), Filippi et al., IAC, (2018)]. Here we are
focused in the optimisation for Robustness and Reliability and in particular the work presents an
innovative method for the propagation of uncertainty for the reliability analysis: degradation of
the sub-systems’ state is modelled, differently from the literature, as a continuous function of time.

Finally an example demonstrates that ENM is a valid tool for the preliminary design of
dynamic complex space systems that are affected by epistemic uncertainty: the method is applied
to the design of a cube-sat, where the quantity of interest is the overall mass.
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ABSTRACT

We consider the problem of estimating a probability of failure pf, defined as the volume of
the excursion set of a complex (e.g. output of an expensive-to-run finite element model) scalar
performance function J below a given threshold, under a probability measure that can be recast
as a multivariate standard gaussian law using an isoprobabilistic transformation. We focus on a
method able to deal with problems characterized by multiple failure regions, possibly very small
failure probability pf (say ∼ 10−6 - 10−9), and when the number of evaluations of J is limited. The
present work is an extension of the popular Kriging-based active learning algorithm known as
AK-MCS, as presented in [Schobi et al.]. Similarly, the problem is formulated in such a way that
the computation of both very small probabilities of failure and extreme quantiles is unified. The
key idea merely consists in replacing the Monte-Carlo sampling, used in the original formulation
to propose candidates and evaluate the failure probability, by a centered isotropic Gaussian
sampling in the standard space, which standard deviation is iteratively tuned. This extended
AK-MCS (eAK-MCS) method inherits its former multi-point enrichment algorithm allowing to
add several points in each iteration, and, due to the Gaussian nature of the surrogate, to estimate
a failure probability/quantile range at each iteration step. An Importance Sampling procedure
allows to accurately estimate a quantile of level as low as 10−9, with a reasonable number of
calls to the surrogate (∼ 107). A batch strategy on the quantile permits to further exploit the
parallelization capability of eAK-MCS. Similarly to other Kriging-based methods, the proposed
approach suffers from the same limitations, namely the low input dimension and depends strongly
on the ability of the surrogate to fit the performance function. We illustrate the performances of
the proposed method on several two, six and eight-dimensional benchmark analytical functions,
for which the failure probability is very low (pf ∼ 10−6 - 10−9), including in particular the three
test-cases presented in [Bect et al.] (where a Bayesian Subset Simulation approach is proposed).
In the context of pure failure probability estimation, there is no clear advantage of eAK-MCS
over BSS [Bect et al.]. Its main asset lies in the fact that most AK-MCS based algorithms could be
possibly adapted in the context of extreme event, which is illustrated with the proposed extreme
quantile estimation tool. In the test-cases studied, small failure probabilities and quantiles are
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estimated with a satisfactory accuracy with a moderate number evaluations of the performance
function J (∼ 25-140), with a batch strategy.
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ABSTRACT

The ultimate goal of this work is the development of a framework for Robust Single or Multi-
Objective Aerodynamic Design Optimization problems. Robust Optimization allows the obtaining
of an optimal design that is less vulnerable with respect to uncertainties in operating conditions (i.e
M∞) and geometric shape (introduced by the tolerances of manufacturing processes). Particularly,
the objective function and constraints are statistical quantities, i.e. mean, variances or risk
measures [Quagliarella and Iuliano, 2017]). Therefore, there is an increase in the computational
cost associated to the Computational Fluid Dynamics (CFD) evaluations in contrast to the classical
Deterministic Optimization problems. One of the possible approaches for reducing CPU costs is
the use of Surrogate Models. Therefore, the first step for building a efficient framework could be
the performance of a benchmarking of surrogate models. So that, comparing different methods
with in respect of the number of expensive function evaluations. For that, the DLR Python Library
SMARTy has been used.

The test case selected is the RAE 2822 in a transonic inviscid flow, modeled by Euler equations,
at M∞ = 0.73 and angle of attack α = 2. The reference data has been obtained by Monte Carlo
sampling nine uncertain parameters affecting the geometry. In particular, four million CFD
simulations has been employed. To build the Surrogate Model the first decision to be taken is the
sampling method for the reference data. Quasi Monte Carlo (QMC) based on Latin Hypercube
and Sobol sequences were compared, concluding that the best method was QMC based on Sobol
Sequences with a normalized sampling to input Distribution. In particular, 33 CFD samples are
going to be taken. After that, the different models are built and compared. In Figure 1, the
Cumulative Distribution Functions obtained with 33 samples of the real data using Monte Carlo,
Kriging, and TPS are compared with respect to the reference data (orange line). To assess which
Surrogate Model is the most accurate, the Root Mean Square Error of the CDF and the error of the
interested statistical quantities (mean, standard deviation or 95% quantile) are calculated. Hence,
it was determined that Kriging Surrogate Model with optimized Hyperparameters to MLE was
the most suitable SM for the studied test case.
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Figure 1: Comparison of the Cumulative Distribution Function obtained with the different models.

Once the benchmark of the Surrogate Model has been performed, the subsequent step is the
performance of the optimization problem of the before-mentioned test case. Firstly, a deterministic
optimization will be done, and, afterwards, a robust one. The airfoil will be parametrized
using NURBS representation by means of 10 control points using a python library1 . For a
detailed description refers to [Piegl and Tiller, 2012]. This representation will lead to 14 design
variables for the optimization. The optimization design exercise requires to find the airfoil with
minimum drag under a geometrical constraint (the area of the optimal airfoil should be greater
than the area of the baseline) and a operational condition constraint (the lift coefficient of the
optimum configuration must be also greater than the cl of the RAE 2822 under this conditions).
The constraints will be expressed as quadratic penalties. The optimization algorithm that will
be used is the Covariance Matrix Adaptation Evolution Strategy (CMA-ES). Moreover, for the
robust optimization the design variables will be also the uncertain variables. In particular, the
design variables will be uniformly sampled using a Monte Carlo sampling. As mentioned, in
robust optimization the objective function or the constraints can be functional. In this case, the
optimization will rely on the introduction of the Conditional Value-at-Risk (CVaR) risk-measure
[Quagliarella et al., 2015][Quagliarella and Iuliano, 2017] .
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ABSTRACT

Bilevel optimisation problem refers to a problem where one optimisation problem has another
optimisation problem as constraint. The target of this problem is to find the optimum of the
upper level problem, taking into consideration the optimality of the corresponding lower level.
Despite this basic definition and idea, the problem introduces many challenges, as it is usually not
following simplified properties such as convexity or continuity. Moreover, even the simplest case
of a linear bilevel optimisation problems has been proved to be NP-hard [Hansen et al., 1992].

The research community so far was concentrated on tackling well-behaved bilevel problems
with specific properties in order to be solved with classical methods. In recent years, hybrid and
evolutionary approaches have become more popular. Metaheuristic and evolutionary algorithms
do not need to make assumptions about the objective functions of the problem and therefore can
become really useful for solving bilevel problems. On the other hand these algorithms require
a large number of functions evaluations. The nested nature of the bilevel problems contributes
even more in transforming the evolutionary approach in bilevel optimisation to a computationally
expensive task. The cost worsens when the evaluations of the exact solution of the problems
require calling time consuming tasks, e.g. Computation Fluid Dynamics (CFD) for engineering
simulations.

Use of meta-modelling or surrogate modelling techniques is one of the ways of dealing with
the computational efficiency. Meta-model or surrogate model can be regarded as an approximation
function of an actual model, that is simpler and easier to evaluate. This approximation is made by
using sampled data of the actual evaluation in the design space.

In the literature so far, there have been developed several bilevel evolutionary algorithms that
are surrogate assisted, offering competitive results to bilevel test problems and applications. Some
of these algorithms attempt to approximate the mapping of the upper-level variables to the lower
level optimal function values. In that way, instead of running the optimisation of lower level
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problem for each upper level vector, the value is obtained by the surrogate, reducing the problem
to single level.

It is known that the performance of evolutionary algorithms heavily depend on their control
parameter settings [Eiben et al., 1999]. Since the (near-)optimal control parameter values may
change over the run of an EA, the optimisation process can be used to determine the direction
and magnitude of change of the control parameter value [Karafotias et al., 2015]. This process
of adapting the control parameters on the fly, is called parameter control. Since in the bilevel
problem, the landscape changes dynamically during the optimisation process, such an adaptive
approach in parameter control can be very useful.

In this paper, we will attempt to approximate the upper level vector with the lower opti-
mal solutions with Kriging as a surrogate model, an approach tested already in the papers of
[Sinha et al., 2018] and [Xia et al., 2018]. The goal is to develop an adaptive Differential Evolution
Algorithm (DE) in the upper level, where the parameter control will be done taking into considera-
tion the evaluation of both levels. The population size of the upper level will be updated each time
the expected approximation error is not acceptable and the model needs to be retrained. Moreover,
a mutation and crossover adaptation strategy will be applied in the upper level optimisation
algorithm. For the lower level optimisation, when exact solutions are needed to train the surro-
gate, a separate evolutionary algorithm (DE or Particle Swarm Optimisation) will be used. The
expected outcome is to investigate the improvements that adaptive parameter control can bring to
evolutionary surrogate assisted optimisation algorithm by finding good quality bilevel solutions
with lower number of functions evaluations in a number of known benchmark test problems.
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ABSTRACT

Hypervolume is an indicator to assess the quality of an obtained solution-set in multi- and
many-objective optimization. Hypervolume-based optimization algorithms are rarely used for
solving many-objective optimization problems due to the bottleneck of computing the hypervol-
ume contributions of each solution. The current fastest exact hypervolume-computation algorithm
is the incremental method [3]. However, it is not scalable to high dimensional problems because the
computation cost grows exponentially with respect to problem’s dimension. An alternative method
for computing hypervolume-contribution is by using approximations, either approximating the
total hypervolume or approximating the (least) contributions.

Examples of hypervolume-approximation algorithms have been proposed by Bringmann and
Friedrich [5, 4], Ishibuchi, et al. [6], Bader, et al. [1]. Among these algorithms, only [5] has
a guaranteed error bound. In this work we propose a novel approximation method, which
incorporates uncertainty quantification techniques, based on kriging metamodels. Kriging, or
Gaussian Process Regression [7], is a metamodeling approach that approximates outputs over the
entire search space, and quantifies the uncertainty of the predictor through the mean square error
(MSE), also known as kriging variance [10]. Kriging is well-known as an effective predictor because
the kriging variance can be exploited to control the accuracy of the approximations.

More formally, let f (x) be a deterministic function that is analytically intractable, where
x = (x1, ..., xd)

T is an input vector of decision variables of dimension d. In the interest of fitting
a kriging metamodel for the response at n design points, kriging assumes that the unknown
response surface can be represented as f (x) = f(x)Tβ + M(x), where f(x) is a vector of known
trend functions (i.e., a prior trend model that can be defined as a smoothly varying deterministic
function), β is a vector of unknown parameters of compatible dimension and M(x) is a realization
of a mean zero covariance-stationary Gaussian random field. It is common to consider a constant
β instead of the trend term, as it has shown to more useful in practice [8].

In kriging, some samples are taken from the expensive source as training data to build a
cheaper prediction model. We consider several metamodels that are fitted with different predictors
(e.g., objective values, R2 and crowding distance). The proposed method works as follows: after
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computing the e.g. expensive and exact hypervolume contributions of the points in the current
front, we fit a kriging metamodel to the response surface of the hypervolume contribution. We
exploit the kriging information to search for new points in view of improving the current front.
Since for higher dimensions (i.e., more than 10 objectives), even computing the exact hypervolume
contribution of each point in the current front is expensive, we also use other indicators with less
computational complexity as predictors.

The consistency and correctness rate of the metamodels, as well as the computational cost, are
compared against the exact hypervolume contributions and the newly proposed approximation
method of Shang, et al.[9]. Preliminary results show that the method has potential. By exploiting
both the kriging predictor and its uncertainty, the approximations can be used to sample points
in e.g., sequential algorithms such as SMS-EMOA [2], as the computational cost is reduced
significantly. Furthermore, we observe that the estimation of the kriging hyperparameters (via
maximum likelihood) and the choice of kernel play a crucial role in training the metamodel in order
to achieve accurate approximations. Additional experiments will provide valuable information in
this regard.
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ABSTRACT

Change of probability measure is a fundamental and intensely treated concept in measure
theory, and it has important implications and applications in probability theory, financial modeling
and engineering and the theory of stochastic processes. Indeed, the capability of changing the
probability measure that defines a probability space can be handy in any situation in which a
risk measure should be estimated, and variance reduction or importance sampling techniques are
used to reduce the computational cost of risk function estimation. In these cases, the data samples
available to estimate the risk function value are not computed according to the actual statistical
distribution that models the uncertain input parameters, and a change of probability measure
should be introduced to recover the correct estimation of the quantity of interest.

The approach here illustrated for changing the probability measure derives directly from the
methodology illustrated in [Amaral et al., 2016], and it relies on the introduction of a Weighted
Empirical Cumulative Distribution Function (WECDF). The main difference is in the approach
used to change the weights, that relies on empirical density function ratios rather than cumulative
distributions and, consequently, in the numerical algorithms used to compute the weights.

The development of new efficient approaches to robust or reliability-based optimization
problems requires the ability to obtain reasonable estimates of the risk function during the
optimization process even when the samples are few and have not been generated according to
the actual distribution of the input random variables. In most cases only a small finite number
of evaluations obtained by discrete sampling of the input parameters is available, and this can
be a problem if a good estimation of the risk measure governing the problem is required. The
methods commonly used in these cases either rely on response surfaces [Crestaux et al., 2009],
or sophisticated quadrature laws [Witteveen and Iaccarino, 2012, Congedo et al., 2013], or, finally,
on multi-level sampling methods [Giles, 2015]. Appropriate use of importance sampling and,
consequently, of change of probability measure, alone or in conjunction with the previously

∗Multidisciplinary Analysis and Design laboratory, Fluid Mechanics Department, Via Maiorise, 81043, Capua, Italy.

1

uqop - - Tuesday, March 19, 2019 - 11:50/12:10 (20min)

38 sciencesconf.org:uqop:242831



D. Quagliarella/UQOP 2019

mentioned methods, could help to drastically reduce the number of costly evaluations of the
objective function required.
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Figure 1: Change of probability measure example.

The change of probability measure is ob-
tained through a constrained optimization
process aimed to assign suitable values to
the weights of the WECDF:

w = arg min
w

ω2(w)

s. to: wi ≥ 0, i = 1, . . . , n
n

∑
i=1

wi = 1
(1)

with ω2 a suitable objective function that
will be described in the full work. The prob-
lem can be solved using a non-negative least
squares algorithm, like the Lawson and Han-
son algorithm [Lawson and Hanson, 1995],
or transforming it into a convex quadratic
programming problem [Amaral, 2015]. Figure 1 reports the result obtained to restore the proper

CDF related to the function f = 1
n

n
∑

i=1
(2π − ui) cos (ui − di) with u ∈ [0, 3]n , d ∈ [0, 2π]n and

n = 6. The probability measure was changed to let the random vector u have components with a
uniform distribution function.

The approach will be illustrated using various examples of a multi-dimensional proposal and
target distribution with different correlation levels, and a robust optimization problem.
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ABSTRACT

In this work, an algorithm for shape optimization under uncertainties is presented and applied
to 2D and 3D wings using gradient based optimization. A polynomial chaos based uncertainty
quantification method is combined with adjoints for optimization under uncertainties (or robust
optimization). The uncertain design objective is characterized by its mean and its variance using
polynomial chaos expansion. The gradient based optimization requires the overall gradient, i.e.
the gradient of both quantities. These gradients are obtained from the polynomial chaos expansion
of the gradient of the objective. The proposed approach is applied to the optimal shape design of
the RAE2822 airfoil and the ONERA M6 wing under operational uncertainties where the objective
is to minimize the mean and the standard deviation of the drag coefficient simultaneously with
a constraint in the mean lift coefficient. It is observed that the convergence is achieved within
few iterations (an order of 10). The coefficients of variance are reduced significantly when the
uncertainties are introduced in the optimization process, thus making the wings robust against
the uncertainties.

METHODOLOGY

Robust optimization is an extension of conventional optimization where uncertainties are
also included in the design procedure [1, 2, 3, 4, 5]. The presence of uncertainties brings several
difficulties to the optimization process. Due to the uncertainties in a design process, the objective
becomes non-deterministic and can be characterized by its mean and standard deviation, i.e. in a
robust design the optimization becomes multi-objective. Gradient based optimization of the mean
objective and of the standard deviation of the objective therefore requires the gradient of both
quantities.

In stochastic applications, the stochastic objective function is usually written as the weighted
sum of its statistical moments. A new objective function can be defined as a linear combination of
the mean and the standard deviation of the original objective function. A detailed flowchart for
the proposed robust optimization model is depicted in Figure 1.
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Figure 1: Flowchart: Robust optimization

To validate the developed methodology, the robust optimization approach is applied to one of
the basic test cases of the UMRIDA project, the RAE2822 airfoil in transonic viscous flow and a 3D
wing, the ONERA M6 in Euler flow. For both test cases, the Mach number and the angle of attack
are considered as uniformly distributed uncertain parameters.
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ABSTRACT

This paper presents an approach to the solution of optimal control problems under epistemic
uncertainty. Traditional approaches for deterministic optimal control problems compute a nominal
control policy u(t) to steer the state x(t) of a dynamical system to satisfy imposed constraints
while optimising a performance index. However, in real-life applications, perfect compliance to
the nominal trajectory is very hard, if possible, to achieve as uncertainty always affects any real
system. Examples of this uncertainty can be imperfect state knowledge, dynamical parameters
d known up to a certain degree, or missed realisation of the control. To improve the solution
robustness, usually design margins are considered to account for possible deviations from the
reference scenario. On the other hand, an optimal control problem under uncertainty deals with
this uncertainty directly from its problem statement, such that the computed control policy would
have enhanced robustness and reliability from the very first design iteration.

In most real applications, the specification of a single probability measure is non-trivial, and
usually a specific choice is the result of simplifying assumptions. Hence, to enlarge the model
validity, in this paper we generalise a previous work on optimal control problem under precise
epistemic uncertainty [Greco et al., 2018] to handle imprecise random variables as described by the
theory of imprecise probability [Augustin et al., 2014]. Specifically, now the random variables ξ ∈ Ωξ

have a probability distribution within a parametrised set P(ξ) ∈ P(ξ), on which no priority rule
is imposed. Although replacing a single probability measure with a set results in increased level
of uncertainty, we consider this case of severe uncertainty to be a more realistic representation of
reality in a large number of practical applications. In this work, the uncertain variables considered
are the state initial conditions X0 ∼ P(X0) ∈ P(X0) and the model parameters D ∼ P(D) ∈ P(D).
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From here, the optimal control under imprecision addressed in this work is formulated as

min
u(t)∈U

E
[
φJ
]

(1)

s.t. ẋ = f (t, x, u, d) (2)

E
[
φg(t, x, u, d)

]
∈ Φg, E

[
φg(t, x, u, d)

]
∈ Φg (3)

where x is an unknown outcome of the random variable X(t), resulting from X0 and D0 and
induced by equation (2), which describes how a point-wise trajectory realisation evolves in time.
Being the state and parameter uncertain, they induce the auxiliary objective φJ and constraint
function φg to be random variables themselves. Since the probability measure is set-valued by
definition, lower- and upper-expectations are defined as

E
[
φ
]
= inf

P∈P
EP
[
φ
]

E
[
φ
]
= sup

P∈P
EP
[
φ
]

. (4)

Therefore, the optimisation is formulated to minimise the upper bound (worst-case) of the
expectation operator on the objective (1), while the constraints (3) impose all the range of expected
values to lay within the convex set Φg. It is worth underlining how the expectation formulation
encloses common cases of constraints (or objective) in expected value, e.g. φψ(t f , x f ) = x f , or in
probability, e.g. φψ(t f , x f ) = IA(x f ).

In general, the optimal control problem under imprecision is infinite-dimensional with no
closed-form solution. Hence, the dynamical optimal control problem is converted into a static
constrained optimisation, which is then possible to solve with black-box numerical routines, e.g.
local NLP solvers. This finite dimensional conversion is realised by means of a transcription
scheme. In this paper, we present a novel transcription for optimal control problems under
uncertainty that extends the classical direct multiple shooting transcription to account for random
variables defined on extended sets. The proposed approach employs a Generalised Intrusive
Polynomial Expansion to model and propagate uncertainty within each sub-segment of the
multiple shooting, resulting in a chain of polynomial surrogates F̃t̄ : Ωξ → Rns that maps the
uncertain initial conditions and parameters to the state vector at a future time t̄.

This inexpensive surrogate is then used to reduce the computational complexity in the com-
putation of the expectations in (1)-(3) , which require a further inner loop of optimisation on the
set of probability measures to find the requested bounds. In particular, for the generic density
function p(ξ), the expectation in (4) is approximated with a quadrature scheme as

Ep
[
φ
]
=
∫

Ωξ

φ
(
ξ
)

p
(
ξ
)
dξ ≈

N

∑
j=1

wjφ
(
ξ j
)

p(ξ j) . (5)

This approach requires the computation of φ
(
ξ j
)

only once for an inner optimisation, reducing
considerably its computational burden to the cheap evaluation of the different densities p(ξ)
within the imprecise set P(ξ).

In this paper, the developed approach is then applied to the design of a full 3D robust
low-thrust trajectory with uncertain initial conditions.
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Abstract

SNOWPAC (Stochastic Nonlinear Optimization With Path-Augmented Constraints) solves optimiza-
tion under uncertainty (OUU) problems where the underlying problem is only available as black box,
using a derivative-free trust region approach. Monte Carlo estimators are used to evaluate the objective
and constraint functions of the OUU formulation. Fully linear models for noisy functions and Gaussian
process surrogate models smooth these noisy function evaluations. We use these ingredients to develop
near-optimal noise correction schemes for SNOWPAC. We also describe the use of multifidelity Monte
Carlo estimators, and their error estimates, to reduce the overall computation cost of optimization. We
report results on benchmark problems and demonstrate the entire framework in the computationally
challenging design of a scramjet combustor.

I. Introduction

The stochastic optimization method SNOWPAC [Augustin & Marzouk, 2017] extends the de-
terministic derivative-free trust region method NOWPAC [Augustin & Marzouk, 2014], which
proposes a new way of handling nonlinear constraints via an “inner boundary path” that guar-
antees feasibility. In particular, NOWPAC employs an additive function to convexify nonlinear
constraints that are known only through pointwise evaluations, thus yielding feasible trial steps
and global convergence to a local first-order minimum.

SNOWPAC tackles OUU problems formulated as follows:

minR f
π(x, θ),

s.t. Rci
π(x, θ) ≤ 0, i = 1, . . . , r.

(1)

with design parameters x ∈ Rd and uncertain parameters θ ∼ π, where π is a probability
distribution over Θ ⊆ Rk. Here R f

π and Rc
π are measures of robustness or risk derived from

the objective function f : Rd × Θ → R and nonlinear inequality constraints ci : Rd × Θ → R,
i = 1 . . . r, respectively. An example robustness measure is a linear combination of mean Eπ [ · ]
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and variance Vπ [ · ], which accounts for the average and spread of possible realizations. Other
options include event probabilities (yielding chance constraints) or conditional value-at-risk.

II. Methods

To evaluate the measures Rb
π given in (1), we use Monte Carlo estimators Rb (where b is f or ci).

Doing so introduces an error that depends on the number of samples N, i.e.,Rb = Rb + εb
N for some

random variable εb
N . A first step to mitigating the impact of this error is to employ the minimum

Frobenius norm surrogate models mb
k introduced in [Kannan and Wild, 2012], in a neighborhood

(called the trust region) of size ρk around the current design xk. The maximum magnitude of
the noise yields a lower bound on the trust region radius, ρk ≥ λ

√
εmax,k = maxi λ

√
εN(xk,i), for

λ ∈ (0, ∞) and evaluation points {xk,i}M
i=1 at each optimization step k.

To allow the trust region radius to shrink, SNOWPAC uses Gaussian process (GP) surrogates
to gradually smooth the noisy function evaluations Rb

k,i := Rb(xk,i), replacing them with

R̃b
k,i = γk,iµ

GP
k,i + (1− γk,i)Rb

k,i, (2)

where µGP
k,i := µGP(xk,i; {Rb

i }M
i=1) denotes mean of a GP trained on all available evaluations {Rb

i }M
i=1,

and γk,i ∈ [0, 1] is a mixing weight. We show that an optimal weight can be found by calculating

γk,i =
V[Rb

k,i]−Cov[µGP
k,i , Rb

k,i]

(E[µGP
k,i ]−Rb

k,i)
2 + V[µGP

k,i − Rb
k,i]

. (3)

This choice minimizes the magnitude of the noise εk,i, i.e., the mean squared error (MSE) of our
estimator

MSE(R̃b
k,i) = [γk,i(E[µGP

k,i ]−Rb
k,i)]

2 + V[γk,iµ
GP
k,i + (1− γk,i)Rb

k,i]. (4)

We present approximations of (3) that provide near-optimal reduction of the MSE in each step.

III. Results

We validate our smoothing approach using OUU problems derived from the CUTEst benchmark
suite showing improved results compared to other optimization methods. Additionally, we
demonstrate the use of multilevel Monte Carlo estimators of the robustness measures, and their
recently developed error estimators (see [Menhorn et al., 2018]), for an artificial turbulent flow
scenario and a realistic scramjet design optimization problem.
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ABSTRACT

This work proposes to combine multi-fidelity Co-Kriging with Polynomial Chaos regression
for reliability-based design optimisation. In many engineering fields, complex design optimisation
problems are tackled by multi-fidelity optimisation. Simple models are built to understand the
landscape of the design space. This approximate landscape is then refined by running high-
fidelity simulations in the most promising regions. Various approaches exist to propagate the
information from the low-fidelity simulations to the high-fidelity models. Recently, Co-Kriging has
obtained increased attention to fuse together the information from many computationally-cheap
simulations and a limited number of high-accuracy simulations [Forrester et al.]. In essence,
Co-Kriging builds a Kriging (or Gaussian process regression) model based on the low-fidelity
observations. This low-fidelity surrogate model is used to construct an accurate high-fidelity
surrogate by considering the covariances of both low- and high-fidelity observations. This multi-
fidelity model can provide a sufficiently accurate surrogate model at a relatively-low computational
cost. Two recent advancements of Co-Kriging have made the surrogate technique appealing for
solving computationally expensive problems under uncertainty. On the one hand, Co-Kriging was
extended to fuse the information of arbitrary number of hierarchical fidelity levels and rewritten
into a recursive formulation [Le Gratiet, L. and Garnier, J.]. On the other hand, Polynomial Chaos
was integrated into the Kriging technique to provide and efficient quantile estimation of a
problem under uncertainty [Schöbi et al.]. These two advancement are combined in this work to
solve complex reliability-based design optimisation problems under uncertainty. The recursive
formulation facilitates the information fusion of an arbitrary number of fidelity levels. The
integration of Polynomial Chaos combines the advantages of Polynomial Chaos and Kriging. The
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global trend is efficiently approximated by Polynomial Chaos while Kriging captures the local
variations of the landscape. Moreover, Polynomial Chaos enables the fast estimation of quantile
values which are used as reliability measures of the optimisation problem under uncertainty
[Schöbi, R. and Sudret, B.]. Therefore, the recursive Polynomial Chaos Co-Kriging (RePCoK)
provides an efficient manner to build an accurate surrogate model by utilising the information
from observations of various fidelity. The technique reduces the number of required high-fidelity
computations; however, the computational effort required for the training of the surrogate model
is increased. Thus, RePCoK is proposed for problems where the computational cost of the high-
fidelity observations are many orders of magnitude higher than the computational cost of the
surrogate model training. The performance and characteristics of the proposed technique are
presented through the optimisation of common test functions as well as a reliability-based design
optimisation of a simplified aerospace problem.
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ABSTRACT

Reaction rate coefficients are cornerstones in modeling hypersonic flows, as they quantify the
rates at which the quantum states of the mixture components get populated, or depleted, as a
result of collisional processes; they play a fundamental role in the identification of the energy-
conversion mechanisms and, thus, in the final prediction of the heat fluxes experienced by the
surfaces of hypersonic vehicles. Thanks to the exponential increase in computational power, in the
last 15 years rapid progress has been made in computing state-to-state rate coefficients starting
from the first principles of quantum chemistry, by taking advantage of Potential Energy Surfaces
(PESs) for characterizing the interactions between atoms. However, the reaction rates obtained
following such ab-initio procedure are heavily influenced by the choices that are made at the
moment of deciding the geometric configurations at which the electronic SchrÃűdinger equation
is solved, of selecting the techniques to use in order to obtain the electronic energies (i.e., electron
correlation effects and atomic orbital basis set expansion), and of electing the functional form
for fitting the points Fig. 1. Consequently, one of the priorities for the hypersonic community
is the development of a systematic approach for assessing the impacts that such choices have
on the flow-filed quantities of interest. We propose the construction of a non-deterministic PES,
by extending in a stochastic manner the Permutation Invariant Polynomials Neural Networks
proposed by Jiang and Guo. Bayesian Inference through the Automatic Differentiation Variational
Inference algorithm by Kucukelbir et al. is applied in order to compute the posterior distributions
of network’s weights and biases. The stochastic PES, Fig. 2, is then sampled, and the gradients of
the resulting surfaces are used as source terms of the Hamiltonian Equations, based on the Quasi
Classical Trajectory method (QCT). By repeating these collisions for a number of initial atomic
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distances and velocities, it is finally possible to quantify the impact of the PES and trajectory
dynamics uncertainties on the state-specific rate coefficients, Fig. 3.

Figure 1: Main sources of uncertainties in the ab-initio
computation of rate coefficients.

Figure 2: Comparison between the Permutation Invari-
ant Polynomial Neural Network (in red) and
the N3 NASA Ames (in green) PESs.

Figure 3: Propagation of potential energy surface and collision dynamics uncertainties to some N2 state-specific
dissociation rates.
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ABSTRACT

On August 6, 2012 the Mars Science Lab (MSL) vehicle entered the atmosphere of Mars
following its launch on November 26, 2011. During its hypersonic entry through the planetary
atmosphere, the heatshield of the vehicle that was composed of individual Phenolic Impregnated
Carbon Ablator (PICA) tiles protected it from the excessive heat generated by the surrounding
flow field. The design of the heatshield included a full range of instrumentation designed to
capture among others material temperature history throughout the atmospheric entry phase. The
availability of these data allow for calibration and uncertainty quantification to be undertaken on
existing material response computational frameworks such as NASA’s Porous Material Analysis
Toolbox (PATO) and the TACOT material database [Meurisse et. al.]. The present study will be
carried out through Bayesian inference [Tarantola] and is aimed at improving the ability of the
framework to predict future flight performance and to be able to accurately capture prediction
uncertainty. Because Bayesian inference methodology can incur heavy computational costs
due to the reliance on sampling algorithms, polynomial chaos surrogate model is used here to
approximate the response of the original model [Blatman].

The calibration data set in the present analysis consists of material temperature history profiles
from the 3 deepest thermocouples (TCs) located inside of MISP-4 plug on the vehicle heat shield.
∗PhD Student, Department of Aerospace Engineering, 302E Talbot Lab, 104 S. Wright St., Urbana, 61801 IL
†Assistant Professor, Department of Aerospace Engineering, 314 Talbot Lab, 104 S. Wright St., Urbana, 61801 IL
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Figure 1: Output distribution from the forward propagation of posterior distributions for TC2 (left) and TC3 (right)

The uncertain parameter space consists of temperature dependent thermal conductivity parameters
of virgin and char states of the PICA ablator. In addition, uncertainty due to modeling and data
error sources will be quantified per thermocouple basis. It is important to note that the material
model was calibrated using a deterministic method prior to the present study.

Bayesian inference was carried out by sampling posterior distributions using a Markov Chain
Monte Carlo (MCMC) sampling scheme. For the MSL scenario being studied, the intercept
parameters for the virgin and char thermal conductivity parameters exhibit the largest influence
over output. Differences, although minuscule, are also present between the Maximum A Posteriori
(MAP) and pre-calibrated parameter values, and their respective posterior distributions exhibit
moderate uncertainty. Following, quantified uncertainty due to parametric, modeling, and data
error sources were forward propagated through the model which yielded probabilistic calibrated
output in Figure 1. The MAP calibrated outputs in general exhibit minor improvements in overall
agreement with the majority of the thermocouples with the exception of the third thermocouple
under study. Above all else, the total uncertainty due to parametric, modeling, and data error
sources has been captured in the calibrated output across all thermocouple locations. These
uncertainty bounds have the potential of reducing safety factors in future vehicle designs.
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ABSTRACT

Reliability of a system denotes the chance that it will complete its mission successfully. System
is a collection of interacting components and the evaluation of its reliability depends on the
knowledge of laws governing the evolution of states of the components -their failure laws-, and a
relation describing how particular combinations of system states influence the state of the system
-the structure function, in case when this relation is deterministic. In the classical reliability theory,
only two possible states are considered for both components and the system, them being functional
or failed. System reliability is then the chance that the system is functional over the whole course
of its mission. Once the component failure laws are known, assessing the system reliability is
simply a technical matter, but they are often not and have to be inferred by statistical methods.
Our interest in this contribution lies upon investigating how we can conduct such inference on
each component separately and how to integrate them into the assessment of system reliability
whilst ensuring that the resulting assessment will posses proper frequency properties in the sense
of type I and II errors.
Despite the success of Bayesian inference, whose resulting posterior probabilities can be straight-
forwardly propagated into distribution for any derived assessment, they assure proper frequency
properties only asymptotically and are sensitive to the choice of prior measure in cases when
only little amount of observations is available. To overcome this disadvantage, we will employ
inferential methods derived from Fisher’s fiducial inference. Lately, the notion of valid inference
has been introduced in this branch of statistics to ensure proper frequency properties even for
small number of observations. Validity represents that the inference will unlikely lead to incorrect
results. Exactly stated, for a parameter inference in a parametric model X ∼ fθ , where X represents
the random observation and θ model parameters, an inference is valid iff

PX(BelX(θ ∈ A) ≥ 1− α) ≤ α

for each θ /∈ A, and
PX(BelX(θ ∈ A) ≤ α) ≤ α

∗email: daniel.krpelik@durham.ac.uk
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for each θ ∈ A.
Belx represents a set function describing the belief in statements about θ given an observation x. It
is the result of the conducted inference. High values of Belx(θ ∈ A) means that observed x support
statement θ ∈ A. We use the term belief to emphasise that the Bel function need not to be an
additive measure as is the case in the Bayesian inference where Bel would be exactly the posterior
distribution. Validity criterion then states that the chance that we will draw an observation x, the
PX(.), which would overestimate the belief in incorrect statements or underestimate the same for
the correct ones, is properly bounded.
The theory underlying valid inferences was described in [Martin et al., 2010], [Martin and Liu, 2013],
and, more extensively, in the book [Martin and Liu, 2015]. Nevertheless, the emphasis is usually
put on assuring the validity property on assertions about the model parameter. In our contribution,
we will demonstrate how the same property can be achieved also for assertions about derived
quantities, specifically for one sided assertions about the system reliability. We will show what are
the general conditions sufficient for valid inference and how they manifest in specific scenarios.
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ABSTRACT

Most real-world problems cannot be fully specified, and thus contain uncertainties such as
noise or modelling bias. As these uncertainties can have a considerable impact on optimisation
results, investigating these uncertainties in more depth is becoming increasingly popular in
multiple research communities. However, conducting large-scale and in-depth investigations of
real-world problems is often difficult, because the corresponding problems are often expensive to
evaluate (in terms of costs and computational resources etc.). Furthermore, benchmarks consisting
of artificial problems, even when enhanced with simulated uncertainties, have not been shown
to possess characteristics of real-world problems. As a result, these benchmarks cannot be used
exclusively to investigate algorithm behaviour in the presence of uncertainties.

We identify the following requirements for a benchmark that would be suitable to investigate
uncertainties in the context of real-world problem optimisation:

I: Problem characteristics Problems should not be artificial in nature. The benchmark should
contain a diverse set of fitness functions which are expected to make sense within their real-world
context. Fitness functions should be of considerable complexity and involve different types of
uncertainties.

II: Practicality The execution of the benchmark should still be possible within a reasonable time
frame. Therefore, it should be easy to parallelise the benchmark and the evaluation of a single
solution should result in practical execution speeds on standard machines.

III: Analysis of Uncertainties The benchmark should allow an analysis of all or some of the
uncertainties that occur in optimisation problems. It should also include features that allow an
analysis of non-symmetric biases.

IV: Statistical significance As evolutionary algorithms are stochastic, the statistics obtained via
the benchmark should be statistically justified and thus interpretable.

V: Investigation of scaling behaviour Functions should be scalable in search space dimension, so
that scaling behaviour can be analysed.

The game-benchmark for evolutionary algorithms (GBEA)1 fulfils all of the above requirements
1http://norvig.eecs.qmul.ac.uk/gbea/gamesbench.html
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(see below) and we thus propose it as a means to investigate uncertainty. The GBEA currently
features two game-based function suites both taken from research on procedural content generation
for well-known games (Top Trumps and Super Mario Bros.). The actual functions in each suites are
described in more detail in corresponding publications [2, 3]. The function suites are implemented
so that they are compatible with a well-known benchmarking framework2.

I: Problem characteristics The GBEA contains more than 80 single-objective problems, and even
more multi-objective ones, ranging from non-simulation based functions to ones that depend on
playthroughs with different AI agents. Preliminary experiments show that the problems in the
GBEA are suitably complex and contain a variety of uncertainties. Similar problems are faced in
the game industry regularly.

II: Practicality Game-based problems obviously do not pose safety concerns, but they are also
mostly reasonably fast to compute. GBEA functions range between 1-300 seconds, and are usually
faster than comparable real-world benchmarks [1]. The benchmark includes a batch mode.

III: Analysis of Uncertainties Games engines are often stochastic, and so are may state-of-the-art
game AIs. This often creates vastly differing behaviour in playthroughs for different generated
levels, thus resulting in very complex problems and non-symmetric uncertainties. Additional
uncertainties typical for search-based procedural content generation are due to modelling errors,
as often AI players or other measures are used to approximate human behaviour or perception.

IV: Statistical significance Statistical significance is ensured by the implementation of multiple
instances of the same function. In the GBEA, instances are obtained by varying the initiation
settings for training processes of the different content generators.

V: Investigation of scaling behaviour In cases where generated content is directly encoded in the
solution (see Top Trumps suite), it is possible to scale the search space of the problem by just
specifying different targets for the generated content. Otherwise, the representation itself often
already contains a corresponding parameter (see Mario suite).

A set of first baseline results has already been obtained using the GBEA. We tested several state-
of-the-art evolutionary algorithms (CMA-ES, SMS-EMOA, MO-CMA-ES), as well as surrogate-
assisted versions of these optimisers. We were able to uncover multiple weaknesses in the
aforementioned algorithms. Results for algorithms designed for noisy and uncertain optimisation
(SAPEO) should be produced in the future. Besides that, the obtained data on modelling errors
suggests that for some of the analysed algorithms, model validation is absolutely crucial.

We expect results and insights received for uncertainty handling and analysis from the GBEA
to be easily transferable to other domains, such as aeronautical engineering.
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Uncertainty propagation in multiphysics systems

of solvers: application to robust space object

reentry predictions
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Since the beginning of space exploration, the number of orbiting space ob-
jects is dramatically increasing and critical Earth orbits, such as the Geosta-
tionary Orbit (GEO), are saturated with non functioning satellites. The ”Loi
relative aux Oprations Spatiales” (LOS, Law of Space Operation) legally obliges
space companies like ArianeGroup to deorbit end-of-life objects and to ensure
that the reentry in the Earth atmosphere of these objects presents no risk for
human assets.

To assess the risk associated with a reentry event, ArianeGroup (AG) needs
to numerically quantify the human risk caused by one of their space objects.
The numerical tool in use at AG to simulate the reentry of space object is a
system of solvers (SoS) consisting of a set of interdependent solvers coupled
together. It includes a trajectory solver coupled with an aerodynamic solver, a
probabilistic fragmentation model and an ablation solver. These physical mod-
els involve many unknown parameters and dedicated uncertainty quantification
methods are needed to assess the reliability of the simulation-based predictions.
Propagating uncertainties in a system of solvers can be challenging, due to the
coupling effects on the dependences of the trajectory with respect to the uncer-
tain input and the computational cost arising from the sequential evaluation of
multiple solvers. In these situations, standard uncertainty propagation methods
are too costly and alternative methods dedicated to SoS have to be derived. In
this work, we propose an original method for constructing a system of Gaussian
Processes (SoGP) to form a surrogate model of a system of solvers. The SoGP
is composed of a set of Gaussian Processes (GP) that reproduce the structure
of the SoS under study. Each solver of the SoS is associated with a GP in the
SoGP which is trained to approximate its corresponding solver. The prediction
of the SoGP is not Gaussian as it is generally the composition of GP models.

The advantages of the SoGP, compared to constructing a single GP for
the whole system at once, are essentially the following. First, the SoGP has
a richer structure and offer more flexibility, and therefore it can fit a larger
range of functions. Second, training the SoGP requires learning multiple but
usually simpler individual solvers, possibly adapting the training efforts. On
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the contrary, a global GP model needs to learn the (generally) more complex
mapping between the SoS inputs and its outputs and requires the simulation of
the whole system. Finally, SoGPs have the ability to propose a predictive error
estimate that can be used in active learning strategies. In this work we propose
an original active learning strategy to efficiently increase the accuracy of SoGPs.
We are able to identify new training samples for each GP and select a subset
of GPs to be trained. To do so, we derive a predictive variance decomposition
of the SoGP into contributions from individual GP. The SoGP framework is
validated on analytical functions and applied to construct a surrogate of the
space objects reentry system of solvers used at ArianeGroup and predict the
ground impact point. Using SoGP brings major improvements, in terms of
precision, compared to using single GP model.
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ABSTRACT

The large increase in the amount of debris orbiting our planet has become a problem for present
and future space missions. Space debris is mainly composed of inactive satellites, rocket bodies
and pieces of both detached by collisions. The number of spacecrafts has grown in a sustained
manner since the 1950s and, as a consequence, debris created by fragmentation of large satellites
has increased at a very fast rate. Currently, the number of objects resulting from fragmentation
duplicates the number of inactive satellites and rockets. Approximately 20,000 pieces of debris
larger than a softball (≈ 10 cm) have been catalogued and it is believed that more than 2 million
objects with a diameter larger than 2 cm orbit the Earth. Actively tracking all these objects is a very
expensive task in terms of time and resources. A method to propagate uncertainties into the future
up to a new programmed or expected observation in a reliable way is needed to compensate the
lack of continuous tracking.

In recent years, several attempts have been made at incorporating probabilistic tools for
propagating uncertainties in orbital mechanics [1, 5, 4]. Among the latter, particle filters (PFs) [3, 2]
stand out because of their flexibility and generality. PFs are sequential Monte Carlo methods used
for Bayesian statistical inference in dynamical models. To be specific, they aim at constructing
empirical (sample based) approximations of the probability distribution of the dynamic state
variables conditional on the available observations. PFs consist of two stages: a prediction step,
where the dynamical model is employed to generate candidate state values (often termed particles),
and an update step where the observed data are used to weight these particles according to their
likelihood. PFs are well suited for nonlinear tracking problems and, in particular, they appear as
very promising tools for tracking space debris.

We introduce a PF-based methodology that allows, on the one hand, to update the orbital
parameters of pieces of space debris when they are sparsely observed and, on the other hand,
to reveal previously uncatalogued objects orbiting the Earth. The dynamics of each piece is
represented in terms of six (time-varying) orbital elements, namely its angular momentum (h),
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500 particles 104 particles
FAR 0.048 0.048
MDR 0.085 0.057

Table 1: False alarm rates (FAR) and missed detection rates (MDR) for a computer experiment with synthetic data
generated from the TLE catalogue.

eccentricity (e), true anomaly (ν), ascending node (Ω), inclination (i) and perigee (ω). The proposed
method starts from a catalogue of objects and it takes advantage of opportunistic (and possibly
heterogeneous) celestial observations in order to

(a) identify new objects to be added to the catalogue and

(b) to compute and update a probability distribution for the orbital elements (h, e, ν, Ω, i, ω)
associated to each catalogued object.

The scheme is designed to maintain and update a large-scale catalogue of objects, as the compu-
tational algorithms needed are easily parallelisable. We employ efficient PF-based techniques to
perform data association (i.e., to link each celestial observation to a subset of pieces of debris), to
detect new objects, and to generate and update empirical probability distributions for the orbital
elements of the catalogued objects. The latter enable us to estimate and predict the complete orbit
around Earth of an object at any given time. The estimates can be endowed with expected errors
of various types (covariances, collision risks, prediction errors, ...) which are easily computed from
the empirical distributions generated by PFs.

We have assessed the validity of the method in a set of numerical experiments using both
synthetic and real (publicly available) data. As a preview of our numerical results, Table 1 shows
the false alarm rate (FAR) and the missed detection rate (MDR) for a computer experiment
involving the assimilation of 126 observations synthetically generated from a set of 40 objects (30
of them catalogued). The attained FAR is ≈ 5% and the MDR is ≈ 8.5% (when using 500 particles
in the PFs) but can be reduced to ≈ 5.7% by increasing the computational effort (by generating
10,000 particles per PF).
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ABSTRACT

Complex systems, like satellites, require a deliberate process to develop from an idea to the
actual product. Commonly, such a development process is divided to multiple phases where in
each phase we consider multiple design configurations. But in the early phases of this process, we
usually suffer from a lack of knowledge about models of the expected system behaviour, which
will be more accurately addressed only in later design phases by refining the mathematical models
and collecting experimental data. Nevertheless, in order to choose the studies which are supposed
to eventually predict the system behaviour with reasonable accuracy, and also to plan for other
actions necessary for the final system deployment, we need to be able to predict, to some extent,
which of the possible designs from the initial design space might lead to desirable solutions and,
more importantly, which will not. The issue with answering these questions lies in impossibility
to construct a reliable precise predictive model from the information available at the initial design
phase. Such an attempt usually requires us to rely on several strong and unjustifiable assumptions,
like that of precise stochastic models describing the system or component responses. In our
approach, we, instead, base our assessments on genuinely imprecise models which allow to better
model our initial lack of knowledge.
A reasonable optimal design would need to satisfy two basic criteria. First, we would like it to
perform better that adversarial designs based on whatever performance criteria we deem desirable.
Secondly, we would like the system to perform at all. When a system becomes more complex, the
amount of possible failure modes (events which would render the system in-operational) generally

∗email: g.filippi@strath.ac.uk
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increases. It is therefore crucial to also address such possibility in our models and choose the
design which would conclude in a reasonably reliable system. Reliability of a system can also be
increased based on our design choices, for example by using more robust components or backing
up some of the crucial sub-systems, and, similarly as with the performance, we can construct
mathematical models for its prediction.
Our main concern in this contribution therefore lies in how to formulate a mathematical problem
of finding a reliable system design when the system performance is subjected to uncertainty, and
how to do the same in case when our models can give us only imprecise answers which results in
loosing the total ordering of the designs based on their quality.
Optimisation under uncertainty may be addressed in several ways. One is to make decisions,
choosing an optimal design, based on the expected (mean) performance of the system [deFinetti].
Such an approach also allows us to reduce the problem of performance-based-design into a
problem of optimising a real function in the case when uncertainties are described by precise
stochastic models. It also allows us to naturally include the reliability because the state of a system,
functional or failed, directly influences its performance and therefore its expected performance.
But the expected value approach is unable to properly capture the variation of performance indices.
In case when we would be constructing a large amount of identical in-mean-optimal systems, they
would perform optimally as a group, but in the case of a one-of-a-kind system, like a satellite,
we would like to ‘ensure’ that it would perform as well as possible itself. Other formulations
of the optimisation problem try to address the issue with performance variability. In order to
properly ensure that the designed system will perform within some specified bounds, we can
instead choose a system with the best worst-case-scenario performance. But such a choice is usually
overly conservative so several optimisation methodologies based on the quantile function of the
distribution of system performance were developed. Among them, we will focus on the risk
measure approach [ITIP, Chapter 12], which, again, would allow us to reduce the problem of
performance-based-design into an optimisation of a real function in the case of precisely specified
stochastic models. There are multiple ways how to include also the reliability in such problem
specification.
When an imprecision is present in the mathematical models or when the reliability cannot be
naturally included in the performance index, the problem turns into a multi-objective optimisation
with objective functions being the lower and upper performance and reliability. In our talk, we
will demonstrate the main features of such problem formulations, discuss the interpretation of the
results, and numerical algorithms needed to obtain a solution.
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ABSTRACT

This work addresses the iterative resolution of linear systems which arise upon sampling dis-
cretized stochastic PDEs of the form

∇ · [κ(x, θ)∇u(x, θ)] = − f (x), x ∈ Ω, θ ∈ Θ (1)

with random coefficient field κ(x, θ). Following a Monte Carlo (MC) approach, each realization
of κ(x, θ) leads to a linear system whose solution is used to compute statistics of the random
solution u(x, θ). To reduce the error of those statistics, a large number of realizations needs to
be drawn resulting in a long sequence of linear systems whose resolution dominates the overall
computational cost and time of uncertainty analyses.

When solving those systems with Krylov-based iterative techniques, it is possible to extract
spectral information of previous systems to accelerate the convergence of subsequent resolutions.
For instance, the deflation method constrains the search of solution to iterates with residuals
in the orthogonal complement of an invariant subspace. Realistically, this deflation subspace
(DS) is spanned by eigenvector approximations of the sampled operator associated with the
eigenvalues which most hinder convergence. As a system is resolved, a basis of the augmented
Krylov subspace is stored and used to approximate relevant eigenvectors of the next sampled
operator, see [1]. These two steps (deflated resolution followed by approximate spectral reduction)
are repeated throughout the sequence of sampled systems. In practice, the deflation is applied
to preconditioned systems where the preconditioner can be (i) the same for all systems, or (ii)
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Figure 1: Left: Spectra of preconditioned operators. Right: Relative decrease of iterations of DPCG over PCG.

system-dependent. While the former may reduce the cost of setting up and computing potential
factorizations, it will statistically not act as efficiently as a system dependent approach.

This work investigates the effect of the preconditioner and sampling strategy on the perfor-
mance of the deflated method. We consider the 1D case of Eq. (1) over a domain of unit length with
stationary log-normal coefficient field, such that log κ(x, θ) has a squared exponential covariance
with variance σ2 and correlation length `. All sampled problems are discretized on the same
finite element mesh, resulting in symmetric positive definite systems. Truncated Karhunen-Loève
(KL) expansions of log κ are used to sample the coefficient field. The random variables in the KL
expansion are sampled (i) by MC, or (ii) by Markov chains MC (MCMC), leading to sequences of
independent or correlated realizations of κ, respectively. The rationale behind the MCMC sampling
is to improve the relevance of the computed DS by using a correlated sequence of operators.

We consider two constant and one system-dependent preconditioners, namely, the median
system, the block-Jacobi (BJ) of the median system, and the BJ of each system. Fig. 1 compares
the spectra of preconditioned systems for 3 independent samples of κ at two variance values (left
plot). Preconditioning with each system-BJ (in red) shows efficient clustering of the eigenvalues
around unity with a number (related to the number of blocks) of eigenvalues isolated away from
one. Median-BJ (in black) exhibits similar spectra, but with less effective clustering around one.
System-BJ leads to faster PCG resolutions than median-BJ, and increasingly so as the variance
is increased. Preconditioning with the median (in green) clusters efficiently all the eigenvalues
around one, leads to fastest PCG resolutions, but is not a viable option for high-dimensional
problems. Fig. 1 shows the acceleration measured by the ratio nDPCG/nPCG of iterations needed to
converge with or without deflation (right plot). For the median preconditioner (in green), DPCG
yields no significant improvement; in contrast, deflating with median-BJ (in black) exhibits a sharp
drop in the iteration numbers, asymptotically more than halved compared to PCG. This suggests
a convergence to an almost system-independent DS which can be exploited to save computational
resources, ceasing to update the DS after it has converged. For instance, reusing the DS of the
200-th system for all subsequent computations induced here no deterioration of the performance.
Although not plotted here, MCMC sampling of κ results in similar accelerations as MC, so that
MC should be preferred for its higher sampling efficiency.
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Abstract: 
 

The present paper deals with the parametric design and multi-objective optimisation of ships. 

The methodology includes a complete parametric model of a ship’s external and internal 

geometry, along with the development of all tools required to determine the design 

constraints and the optimisation objectives used to evaluate the parametrically generated 

designs. A parametric hull model is generated in CAESES® and then imported to NAPA® to 

continue with the internal compartmentation. A ship model is developed, including the 

estimation of lightweight, deadweight and the generation of the examined loading conditions. 

Uncertainties are identified throughout the methodology and taken into consideration during 

the optimisation process. Effort is made to limit the effect of uncertainty in the conceptual 

design phase by selecting the most robust design variants during the optimisation procedure. 

Multi-fidelity methods are used for the calculation of the calm water resistance, including 

empirical methods and CFD tools. Processes which require high computational power are 

represented by use of surrogate models to reduce the overall computational time. The 

proposed methodology is demonstrated by a case study, where a Ro-Pax ship is optimised in 

the concept design phase with regard to the minimisation of the total resistance, required 

freight rate and steel weight. 
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ABSTRACT

We consider an abstract numerical simulator described by the function:

f : X → R

x 7→ f (x) ≡ y,
(1)

whose scalar input parameters (x1, . . . , xd) = x ∈ X ⊆ Rd are uncertain, leading to an uncertainty
in the output value y. In a probabilistic uncertainty quantification (UQ) framework, these uncertain
input parameters are commonly described by random variables defined on a probability space
(Ω,A, P). The input vector x is then replaced by a X -valued random vector X : Ω → X whose
components Xi are independent random variables with probability distributions given by expert
knowledge; as a consequence, Y ≡ f (X) is a random variable whose distribution is unknown.
In UQ studies, we are often interested in the first central moments of Y. Moreover, sensitivity
measures such as Sobol’ indices are commonly computed to quantify the shares of output
variability attributable to the different input parameters.

Monte Carlo (MC) methods are popular and powerful approaches for the estimation of
statistical parameters (expectations, variances, covariances). However, it is well-known that the
root mean square error ε of the MC estimator of the expectation converges slowly as a function of
the sample size M, specifically ε = O(1/

√
M) for the sample mean estimator of the expectation.

Reducing this error by a factor of r thus implies increasing the sample size by a factor of r2. In
practice, for the quantity of interest Y = f (X), obtaining a realization of the expectation estimator
EM[Y] requires M calls to the numerical simulator f . This slow convergence may thus become
a critical issue, especially if sampling involves computationally expensive operations, such as
solving a (discretized) partial differential equation.
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Figure 1

Multilevel Monte Carlo (MLMC) methods [1] were developed to improve the overall computa-
tional cost of MC sampling by introducing a sequence of so-called levels `, usually corresponding
to a hierarchy of numerical simulators { f`}`≥0 with increasing accuracy and corresponding cost of
individual simulations (see Fig. 1(a)). Typically, an efficient MLMC estimation will require a large
number of samples on the coarsest (cheapest) levels and fewer samples on finer (more expensive)
levels. Originally designed for the estimation of expectations, MLMC was recently extended to the
estimation of higher-order statistical moments such as variances [2]. We focus here on the MLMC
estimation of covariances, which are particularly interesting for the computation of Sobol’ indices
in the context of sensitivity analysis [3]. Indeed, the first-order Sobol’ index Si associated to the
i-th random input Xi can be written in “pick-and-freeze” formulation as

Si ≡
V[E[ f (X)|Xi]]

V[ f (X)]
=

C[ f (X), f (X[i])]

V[ f (X)]
, X[i] ≡ (X′1, . . . , X′i−1, Xi, X′i+1, . . . , X′d), (2)

where X[i] denotes the random vector whose i-th component is Xi (“frozen”), while its j-th
component (j 6= i) is X′j, where X′j is an i.i.d. copy of Xj.

We applied the MLMC methodology to the estimation of the covariance term in the numerator
of Si, for the output of a discretized ordinary differential equation with random parameters.
Fig. 1(b) shows that MLMC has a better convergence rate compared to standard MC, specifically
εML = O(C−1/2) and εMC = O(C−1/3), leading to a significant reduction of the overall estimation
cost. Indeed, using standard MC sampling to obtain an RMSE of 2× 10−3 is about 250 times more
expensive than using MLMC. Fig. 1(c) confirms that more samples are required on cheaper levels.
Moreover, as we increase the computational budget, finer (more expensive) levels are considered.
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ABSTRACT

To tackle the dual challenge of complying with increasing energy demand and reducing
fossil-based energy supply, power-to-H2 is a viable solution. In this framework, the design
of a directly coupled photovoltaic-electrolyzer system is widely studied [Maroufmashat, 2014,
García-Valverde, 2011]. In these studies, the main focus lies on designing the number of elec-
trolyzers in series and parallel with deterministic model parameters (i.e. perfectly known and
fixed parameters) to optimize the system performance. However, by considering deterministic
model parameters, the inherent uncertainty of the system performance during real-life operation
is disregarded (e.g. unexpected costs). This limitation can lead to suboptimal design decisions.

To address the limitation of deterministic model parameters and to validate the use of a
directly coupled photovoltaic-electrolyzer system as the foundation for a seasonal energy storage
solution, we performed a techno-economic-environmental design optimization under parameter
uncertainties (i.e. robust design optimization), including the addition of a fuel cell and energy
demand to the photovoltaic-electrolyzer system. This work provides the hydrogen-based energy
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system robust designs which are least sensitive to the inherent parameter variations and illustrates
the contribution of each system parameter to the total variation of the levelized cost of hydrogen
and levelized cost of emissions.

To perform the uncertainty quantification in the robust design optimization process, we
used a robust, efficient stepwise regression method for building the sparse Polynomial Chaos
(PC) expansions [Abraham, 2017]. In this method, an automated search procedure is applied
to determine the most significant PC contributions. In previous work at our research group
[Abraham, 2017], the efficiency and robustness of the method was proven by illustrating its
superior performance compared to the method based on Least Angle Regression (LAR) for sparse
PC expansions [Blatman, 2009]. To further improve the computational efficiency of the robust
design optimization algorithm, we applied a stochastic dimension reduction method based on
Sobol’ indices, where the stochastic parameters with negligible contribution to the objective
variance are highlighted and further considered as deterministic [Turati, 2017].

The robust designs for the levelized cost of hydrogen and levelized cost of emissions ensure
the highest cross-field performance quality over the system lifetime. If a trade-off exists between
optimizing the mean objective and minimizing the objective standard deviation, the gain in
robustness comes at the expense of a loss in mean performance. Therefore, an optimal design
under uncertainty is determined out of the Pareto set of design solutions. Moreover, by considering
various locations, several uncertainty ranges are applied (e.g. difference in uncertainty on the
electricity price from the grid for various locations). As a result, different scenarios are evaluated,
resulting in specific robust designs according to the location characteristics.

Next to that, by performing a global sensitivity analysis through PC-based Sobol’ indices for
each stochastic model parameter, the most significant contributors to the objective variance are
highlighted. Consequently, guidelines are provided for further enhancement of the system robust-
ness and therefore its performance quality (e.g. bulk manufacturing of the system technologies
when the variance of the levelized cost is dominated by CAPEX, or more demonstration projects
and continuous high-quality system maintenance for a dominating OPEX uncertainty).

Future works will investigate the integration of imprecise probabilities in the robust design
optimization framework.
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ABSTRACT

In the aerospace sector, the design approach follows the damage tolerance rules considering
fracture mechanics numerical models subjected to uncertainties about geometry, material prop-
erties, loads or presence of defects. The conventional approach to treat the uncertainties is to
perform deterministic evaluation setting the properties in worst conditions. Even if they ensure the
strength of the component, conservative hypotheses may generate an unquantifiable over-sizing.
A more rigorous way to consider uncertainties is to assess the probability of failure by setting
stochastic models as input. Here, a specific procedure is defined to assess the probability of failure
for damage tolerance, combining several criteria.

In the reliability context, the uncertainties are modelled by random variables Xi mapped
into the standard space where all variables are defined according to an uncorrelated normal
distribution law such as ui ∼ N (0; 1). The reliability is quantified by the probability of failure p f .

The aim of the damage tolerance approach is to ensure the component safety during its lifetime
Ntarget. At each step of the crack propagation, the outputs are post-processed considering the
Failure Assessment Diagram (FAD) according to R6-rule [Milne et al., 1988]. The FAD margin
MFAD is set to qualify the state of the component at each increment of the crack. If MFAD ≤ 0, the
process is stopped and the component is rejected. Otherwise, it is accepted if Nli f e = Ntarget. Note
that, the use of linear elastic fracture mechanics hypothesis leads to obtain a qualitative information
when MFAD ≤ 0. In the damage tolerance reliability assessment, FAD margin is considered as the
performance function g(U). Our goal is to assess the probability of failure limiting the damage

∗Thanks to Rudy Chocat who worked as a PhD student on this topic
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tolerance model evaluations considering a performance function which provides quantitative
information for a safe component and qualitative information for a failed one.

The reliability problem may be considered as a classification one because the standard space is
divided into a failure region where the performance function g(u) < 0, a safe region g(u) > 0, and
the limit state g(u) = 0. The kriging regression [Echard et al., 2011] or Support Vector Machine
(SVM) classification [Hurtado, 2013] may be applied according to the allowable dataset. On the
one hand, kriging allows taking into account the trends of the model. On the other hand, the SVM
classification can treat all kinds of dataset information without any condition about the continuity
of the performance function.

The idea of the proposed method is to combine kriging and SVM to take advantages of
both approaches. They are associated with the Subset Simulation [Au and Beck, 2001] based on
a sequence of subset steps relaxing the limit state threshold. For the first subset steps, when
dataset contains positive, i.e., quantitative values only, a kriging model is built with the Adaptive
Kriging (AK) [Echard et al., 2011] enrichment strategy to improve the accuracy. For the last subset
step, when the Design Of Experiments (DOE) is composed of both qualitative (g(u) ≤ 0) and
quantitative data points (g(u) > 0), a SVM separator is coupled with an Adaptive SVM (ASVM)
[Pan and Dias, 2017] to accurately describe the limit state. The transition between the kriging and
SVM phases is ensured if one of the following criteria is satisfied:

• The subset threshold is less or equal to zero, inspired by Subset Simulation,

• the DOE is composed of 2 x number of random variables failed experiments, it must prevent
a deterioration of the current threshold using kriging.

This method, combining kriging and SVM by Subset Simulation, is custom-built for the damage
tolerance application due to the specificity of dataset, composed of both qualitative and quantitative
information. The results for low probability estimations are attractive when compared to those
obtained with existing reference methods. This approach has also been successfully extended to
high dimensional cases in an industrial context, with CPU-demanding finite element simulations
of crack propagation.

Acknowledgments : The work presented in this paper is financially supported by CNES
(French National Center for Space Studies) and ANRT (French National Association for Research
and Technology) by the CIFRE convention 2015/0209.
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ABSTRACT

This talk discusses the inference of physical parameters using model surrogates. Attention is
focused on the use of sampling schemes to build suitable representations of the dependence of the
model response on uncertain input data. Non-intrusive regularized regressions are used for this
purpose. A Bayesian inference formalism is then applied to update the uncertain inputs based
on available measurements or observations. To perform the update, we consider two alternative
approaches, based on the application of Markov Chain Monte Carlo methods or of adjoint-based
optimization techniques. We illustrate the implementation of these techniques to calibrate wind
drag parametrization in an ocean general circulation model, and to infer chemical rate parameters
in shock tube experiments.
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ABSTRACT

The use of robust optimization techniques is increasing in popularity in order to come up with
configurations less sensitive to aleatory uncertainties. Instead of optimizing the Quantity of
Interest, QoI, an statistic of the QoI is sought. The quantile is a flexible statistic to be chosen as
objective function in engineering problems. For example a high quantile can be minimized to
reduce extreme events. If the median is chosen, day to day events are minimized.

Traditionally, an uncoupled approach can be used, in which at each iteration of the optimization
process a complete uncertainty quantification is performed to obtain the statistic of the QoI. To
reduce the computational cost, the stochastic space can be characterized through surrogate models.
Then, a large number of Quasi Monte Carlo samples can be cheaply evaluated in the surrogate.

However, when dealing with a large number of uncertainties, the required number of training
samples to construct an accurate surrogate increases exponentially. Also, surrogate models are
not suitable to model non-parametric uncertainties. Another disadvantage is that the uncoupled
approach does not fully explore the intrinsic relationship between uncertainties and design
parameters. Samples used to construct the surrogate at each optimization are not reused. The
combination of uncertainties with design parameters is expected to improve the efficiency of the
optimization. The objective of this paper is to develop coupled framework for optimization under
uncertainty that is insensitive to the number of uncertainties by means of a Bayesian approach.

A global Design of Experiments, DoE, is selected, covering both the design and uncertainty
space. This initial sampling is chosen by Quasi Monte Carlo because of its good capability of
filling the design space. All the realizations are then projected into a single plane, in order to
obtain the response of all the realizations only as a function of the design parameters, X.

Then, quantile regression is applied to the initial DoE sampling [1]. The objective is to obtain
an explicit relation between the quantile and the design parameters. This relation is parametrized
through a Thin Plane Spline, TPS, [2] that is characterized through the X and Y coordinates of its
control points. These control points are uniformly spaced in X, the design space. The Y coordinates

1

uqop - - Tuesday, March 19, 2019 - 11:10/11:30 (20min)

73 sciencesconf.org:uqop:249657



Christian Sabater et al./UQOP 2019

are selected according to the minimization of a loss function (maximization of the likelihood)
following quantile regression. As a result the TPS provides an initial predictor of the quantile as a
function of the design parameters.

Due to the trade-off between model complexity and model accuracy, there is an optimum
number of control points to define the TPS. By increasing the number of control points, the loss
function would be minimized more and more. However, risk of overfitting could occur and
additional sampling points would not be properly predicted. The initial number of control is then
selected by k-fold cross validation on the loss function of quantile regression.

In addition, it is desired to have an estimation of the error of the quantile predicted by the TPS
at any given point. The formulation of quantile regression can be considered from a Bayesian
point of view through the Asymmetric Laplace Distribution and the assumption of an improper
uniform prior [3]. The posterior distribution of the Y coordinates of the control points is obtained
by sampling the likelihood function through Markov Chain Monte Carlo. In particular, an adaptive
Metropolis-Hastings algorithm is used. The covariance of the step function is adapted according
to the covariance of the chain. From the MCMC sampling it is possible to obtain the posterior
distribution of the Y coordinate of each control point of the TPS.

The addition of infill samples should balance exploration in areas with large uncertainty in the
estimation of the quantile with exploitation in locations close to the minimum. Once the model is
built, several realizations from the MCMC chain are randomly chosen. New samples are placed
in the minimum location of each realization (in the design space), at a random location in the
stochastic space. After the infill, the predictor is recomputed again until convergence occurs in
either the optimum location of the design parameter or in the optimum quantile value.

In addition, it is possible to increase the model complexity by adding additional control points
to build the TPS in locations closer to the local minima. This should be done as far as the increase
in model accuracy does not penalize the model complexity.

The framework has been validated in a one dimensional test function with two local minima
for the optimization of the 80% quantile. The use of cross validation results in an optimum number
of 21 points to define the TPS. Bayesian quantile regression is a powerful tool to globally estimate
the quantile and its error as a function of the design parameters. The predicted quantile converges
globally to the real one as the number of samples increases. The infill criteria can be used improve
the accuracy in the region of the local minima and accelerate the optimization process.

In conclusion, an optimization under uncertainty framework insensitive to the number of
uncertainties has been presented. The application of Bayesian Quantile Regression makes possible
the estimation of the quantile and its prediction error at any given design point. This can be used
for sequential optimization under uncertainty. In the future, the framework will be applied to an
engineering problem with a large number of manufacturing tolerances
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ABSTRACT

In 2015, according to data from the European Environement Agency, road transportation
contributed to 21% of total EU-28 greenhouse gas emissions [Eur]. Traffic congestion has a major
impact on driving behaviors, and therefore plays a key role in the level of fuel consumption
[VKK00]. Hybridization technologies allow for a better overall energy management between the
two propulsion systems, and are able to recover energy during deceleration phases, making hybrid
electric vehicle (HEV) less fuel demanding. Several approaches have been developed during the
last decades [Mal14] to determine the optimal electric motor power Pm.

We propose here an energy management system taking advantage of the knowledge of the
global traffic in order to reduce the consumption. A bi-level method is applied to optimize the
consumption over a trip under traffic constraints. Based on [LBD18], the traffic constraint is
represented as a joint probability distribution µ of speed and acceleration. The speed V and the
acceleration A of the vehicle are then modeled as random variables following this distribution.

The first stage of the method (’micro’) determines the electric torque T minimizing the mean
consumption on a small road segment, given its traffic data and a final constraint on the state of
charge (SoC f ). The method used to solve the problem is a stochastic dynamic programming (SDP).

min
T

Eµ

[
T
∑
t=0

C(Tt, Vt, At)∆t + (SoC f − SoC(T ))+
]

(1)

s.t ∀t, Tt ∈ [Tmin, Tmax] (2)

SoCt ∈ [0, 1] (3)

SoCt+1 = SoCt +
1

Cmax
Pm(Vt, At, Tt)∆t (4)

Dt+1 = Dt + Vt∆t (5)

SoC(0) = SoCinit, D(0) = 0 (6)

T = inf{t|Dt > L} (7)

(8)
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Below is a comparison of this SDP solution with the deterministic solution of the optimization
with exact trafic information. The simulations use real data from the platform GECO air [Geco]
and indicate a good relevance of the SDP micro approach.
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Figure 1: Comparison between the deterministic and the stochastic solution.

This ’micro’ stage is solved for different values of SoC f , which provides an estimate of the
consumption function VFs over the segment s depending on the traffic state, initial SoC and final
SoC.

Then in the second stage (’macro’), we optimize the whole trip with the SoC increment over
each segment as contol variable.

min
SoCs

N

∑
s=1

VFs(SoCs−1, SoCs, µ) (9)

s.c SoC0 = SoCinit (10)

SoCN = SoC f inal (11)

This stage is solved by deterministic dynamic programming (DDP). Simulations based on real
traffic data are currently in progress.
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ABSTRACT

A key issue in tackling robust problems is the appropriate selection of solutions from the
uncertainty set associated with a putative design, in order to estimate its robust quality and
therefore guide the search process. We consider here problems where the variation of performance
is due to some variability in the actual design realised (due to e.g. engineering tolerances), and
the uncertainty set is therefore some disturbance neighbourhood around a design. We outline
a framework, first reported in [Doherty et al., 2018], for online estimation solution quality in a
robust optimisation setting by exploiting samples from the search history and using Monte Carlo
sampling to approximate a Voronoi tessellation of the design space. Voronoi tessellations (and
their Euclidean dual graphs, Delaunay triangulations) have a wide range of applications across
the natural sciences [Aurenhammer, 1991]. The Voronoi tessellation of a set of discrete points in a
continuous space divides the space into a set of cells, one for each point, so that for each point, its
corresponding cell contains the volume of space that is closest to it. A useful feature of the Voronoi
tessellation is that the point that is furthest from all of the points used to generate the tessellation
will be a vertex of one of the cells. Therefore, a Voronoi tessellation provides us with a finite set of
candidate points for the farthest point from all others. This is used to determine a new point in
the disturbance neighbourhood of a given solution such that — along with the relevant archived
points — they form a well-spread distribution. This approach is integrated within the widely used
Covariance Matrix Adaptation–Evolution Strategy (CMA-ES) [Hansen & Ostermeier, 2001]. It is
also used to weight the archive points to mitigate any selection bias in the neighbourhood history.

We consider three robustness quality measures: the expected fitness with a uniform distur-
bance (UD); the expected fitness with a Gaussian disturbance (GD); and the 95th percentile of
fitness values, with a uniform disturbance (PC). We assess the performance of our framework
on benchmark problems with different properties and design dimensionality [Paenke et al., 2006,
Branke & Fei, 2016] and compare the results with existing frameworks that incorporate the
search history in the estimation of solution robustness [Tsutsui & Ghosh, 1997, Branke, 1998,
Tsutsui, 1999, Tsutsui & Ghosh, 2003, Kruisselbrink et al., 2010, Branke & Fei, 2016, Fei et al., 2018].
Our method performs competitively with these, and may be considered a new state-of-the-art
approach for optimising such problem types.
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As iodine is establishing itself as an alternative to xenon for electric propulsion in space, different global
models are published to characterize the plasma formed bymolecular iodine [2, 3]. Themodel by Grondein et al.
[2] is derived from the xenon version by Chabert et al. [1]. This model is constructed around a particle balance
and a power balance. A differential system is composed of an equation of temporal evolution per chemical
species (2 for the xenon model [1] and 6 for the iodine model [2]), an equation for the temporal evolution of
the electron energy (or electron temperature) and one for the neutral energy (or neutral gas temperature). This
differential system is solved until a steady state is reached.

Ten volume or surface reactions are considered by Grondein et al. [2], with I, I2, I+, I+2 or I− in reactants or
products. Some of these reactions are poorly characterized due to lack of data, and many reactions are missing
because assumed negligible. The uncertainty quantification is used to answer two questions:

• How does the poor understanding of some reactions affect the error of the code output?

• Among the reactions currently in the code and others that could be added, where should the effort to
better characterize the reactions be focused?

The first question is addressed using aMonte-Carlo approach, generating one hundred thousand configurations
with reaction coefficients drawn from a log-normal distribution around their usual value and solving the
differential system each time. This gives an absolute uncertainty on the outputs, and we also calculate Sobol
indices to determine the sensitivity to each parameters. This allowed to determine that for the xenon model, the
electron density and temperature are additive functions of the uncertain parameters, and can be modeled using
a polynomial regression on these coefficients, greatly reducing the computation time required to compute the
uncertainties.

The second question is answered by opening reaction paths in the code with a ’guessed’ reaction rate
associated to a large uncertainty. It is then observed 1) if the reaction has an effect on the final output and 2) if
the uncertainty of the reaction has an effect on the uncertainty of the final output. If the reaction changes the
results without increasing the uncertainty too much, it can be added to the reaction scheme with no further effort.
If it also affects the uncertainty, this reaction can be listed as prioritary in the list of reactions to investigate.
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ABSTRACT

This contribution gives an overview of some activities and results obtained within the frame-
work of several research projects on the analysis of space debris propagation and decay, and
atmospheric re-entry. Different approaches have been applied to perform sensitivity analyses and
quantify the uncertainties related to the re-entry time (decay analysis), as well as the impact point
and the associated casualty risk (atmospheric re-entry analysis).

Within the framework of the decay analysis, the work to characterize and propagate the
uncertainties on the atmospheric re-entry time of the GOCE (Gravity field and steady-state Ocean
Circulation Explorer) satellite, done with the framework of an ESA ITT project, is presented [1, 2].
Non-intrusive techniques based on Chebyshev polynomial approximation, and the Adaptive
High Dimensional Model Representation multi-surrogate adaptive sampling have been used
to perform uncertainty propagation and multivariate sensitivity analyses when both 3 and 6
degrees-of-freedom models where considered, considering uncertain-ties on initial conditions,
and atmospheric and shape parameters. Two different uncertainty quantification/characterization
approaches have been also proposed. In this case, the same surrogate approaches previously used
for uncertainty propagation allowed the development of the Boundary Set Approach and the
Inverse Uncertainty Quantification. Moreover, the use of meta-modelling techniques to obtain a
very fast characterisation of the probability density function of the atmospheric re-e-entry time of
satellites and space debris, when a range of initial conditions and model uncertainties, as well
as characteristics of the object are considered, has been investigated [3]. Two meta-modelling
approaches have been considered and preliminarily tested. The first approach directly maps
the initial and model uncertainties, as well as the characteristics of the considered object and
the characteristics of the atmosphere, into the parameters of the skew-normal distribution that
characterises the re-entry time windows. The second approach maps the initial conditions, the
atmospheric and object characteristics into the re-entry time and a probability density function of
the re-entry time is built via Monte Carlo sampling of the achieved meta-model.

∗This work has been partially funded by the European Commission’s H2020 programme, through the H2020-MSCA-
ITN-2016 UTOPIAE Marie Curie Innovative Training Network, grant agreement 722734, as well as by the European Space
Agency and the UK Space Agency through different contracts

1

uqop - - Wednesday, March 20, 2019 - 15:40/16:00 (20min)

81 sciencesconf.org:uqop:251631



Minisci et al./UQOP 2019

Figure 1: Histogram of the averaged population density casualty risk

Within the framework of the atmospheric re-entry analysis, since well-known tools developed
for satellite and debris re-entry perform break-up and trajectory simulations in a deterministic
sense and do not perform any uncertainty treatment, we have developed and proposed surrogate
based methods for the efficient probabilistic analysis of atmospheric re-entry cases. Both aleatory
and epistemic uncertainties that affect the trajectory and ground impact location are considered
[4, 5]. The method is applicable to both controlled and uncontrolled re-entry scenarios, and the
results show that the resulting ground impact distributions, both with and without fragmentation,
are far from the typically used Gaussian or ellipsoid distributions. The approach, when combined
with information such us the population density, can directly give the statistical analysis of the
re-entry casualty risk as defined by the guidelines proposed by the IADC, NASA, and ESA (see
Figure 1) [6].
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Energy-conserving reduced order models for incompressible fluid flows 
Dr. B. Sanderse, CWI Amsterdam 
 
The simulation of complex fluid flows is an ongoing challenge in the scientific community. The computational 
cost of Direct Numerical Simulation (DNS) or Large Eddy Simulation (LES) of turbulent flows quickly becomes 
imperative when one is interested in control, design, optimization and uncertainty quantification. For these 
purposes, simplified models are typically used, such as reduced order models, surrogate models, low-fidelity 
models, etc.  
 
In this work we will study reduced order models (ROMs) that are obtained by projecting the fluid flow 
equations onto a lower-dimensional space. Classically, this is performed by using a POD-Galerkin method, 
where the basis for the projection is built from a proper orthogonal decomposition of the snapshot matrix of a 
set of high-fidelity simulations. Ongoing issues of this approach are, amongst others, the stability of the ROM, 
handling turbulent flows, and conservation properties [1,2].  
 
We will address the stability of the ROM for the particular case of the incompressible Navier-Stokes equations. 
We propose to use an energy-conserving finite volume discretization of the Navier-Stokes equations [3] as full-
order model (FOM), which has the important property that it is energy conserving in the limit of vanishing 
viscosity and thus possesses non-linear stability. We project this FOM on a lower-dimensional space in such a 
way that the resulting ROM inherits the energy conservation property of the FOM, and consequently its non-
linear stability properties. The stability of this new energy-conserving ROM is demonstrated for various test 
cases, and its accuracy as a function of time step, Reynolds number, number of modes, and amount of 
snapshot data is assessed. 
 
[1] K. Carlberg, Y. Choi, and S. Sargsyan. Conservative model reduction for finite-volume models. Journal of 
Computational Physics, 371:280-314, 2018. 
[2] L. Fick, Y. Maday, A.T. Patera, and T. Taddei. A stabilized POD model for turbulent flows over a range of 
Reynolds numbers: Optimal parameter sampling and constrained projection, Journal of Computational Physics, 
371:214-243, 2018. 
[3] B. Sanderse. Energy-conserving Runge-Kutta methods for the incompressible Navier-Stokes equations, 
Journal of Computational Physics, 233:100-131, 2013. 
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ABSTRACT

This work is devoted to a novel approach concerning a probabilistic learning on manifolds
[1] from small datasets with applications to Uncertainty Quantification. This new tool of the
computational statistics can be viewed as a useful method in scientific machine learning based
on the probability theory. We first explain the concept/method of this probabilistic learning on
manifolds by discussing a challenging problem of nonconvex optimization under uncertainties
(OUU). We will then present the mathematical formulation and the main steps of the method
based on the construction of a diffusion-maps basis and the projection on it of a nonlinear Itô
stochastic differential equation. After having presented two simple illustrations, fours applications
will be presented:

1. Optimization under uncertainties using a limited number of function evaluations [2].

2. Design optimization under uncertainties of a mesoscale implant in biological tissues using
probabilistic learning [3].

3. Enhancing model predictability for a scramjet using probabilistic learning on manifolds [4].

4. Probabilistic learning on manifolds for nonparametric probabilistic approach of model-form
uncertainties in nonlinear computational mechanics [5].
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ABSTRACT

This paper presents the application of Machine Learning (ML) techniques to two different
experimental data sets.

The first set concerns experiments carried out using the Plasmatron facility, a plasma wind
tunnel located at the von Karman Institute for Fluid Dynamics in Belgium [1]. The experiments
aim at reproducing the complex flow developing around a spacecraft during atmospheric entry.
Prediction of the heating rate which is experienced by the Thermal Protection System (TPS) of
the spacecraft remains an imperfect art, consequently, leading to very large safety margins for the
vehicle design. On the other hand, failing to correctly predict the heat loads and associated material
response of the TPS during the design phase can lead to catastrophic mission failure. To address
this problem, experimental facilities are developed to study different aspects of atmospheric entry
flows [2]. The facilities are capable of generating high speed flows of plasma which is discharged
over testing probes, to characterise and investigate the response of different TPS materials.

Unfortunately, on ground facilities are often subject to spurious physical phenomena, that
do not occur in real flights, due to the particular design of the facility itself. In this regard, we
investigate the oscillations of the plasma jet generated using the Plasmatron. These oscillations are
related to the experimental set up and they do not extrapolate from the reproduced flight. Such
instabilities are due to a ripple originating from the power supply system and to the entrapment of
cold gas within the hot plasma stream expanding in the chamber. Traditionally, the experimental

∗Department of Aerospace Science and Technology, Politecnico di Milano, Italy
†Aeronautics and Aerospace Department, von Karman Institute for Fluid Dynamics, 1640 Rhode-St-Genèse, Belgium
‡CMAP Lab (Ecole Polytechnique, Inria Saclay - Ile de France), 1 rue Estienne d’Orves, 91120 Palaiseau, France
§Department of Mathematics and Statistics, McGill University, Canada
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investigation of plasma jet instabilities is performed by analysing the frequency spectrum obtained
by applying the Fast Fourier Transforms (FFT) to stacks of high speed camera pictures. The
proposed work looks into the application of ML algorithm to determine the main frequency of the
oscillations. This frequency can be used for code validation or input for stability studies [3].

Introducing ML in this scenario will allow us to go one step further in the determination of
the main frequency from the testing conditions as well as reduce the overall computational cost.
Additionally, pictures uncertainty (intensity scale and width of pixels) can be considered and
included into the ML framework, generating more robust predictions.

The second data set includes the properties of a large number of atmospheric clouds collected
at different geographical locations. Clouds are visible arrays of tiny water droplets which are
generated by uplift air motions. As the air raises, its temperature decreases. As soon as the
dew point is reached, the air saturates and vapour condensates around cloud condensation
nuclei (CCN). CCN are particulate matter found in the air and their origin can be anthropogenic
or natural. Examples of anthropogenic and natural CCN sources are soot and salt particles,
respectively.

Cloud properties vary according to the number and type of CCN suspended in the air mass. A
large number of CCN entails large numbers of cloud particles for the same liquid water content.
Generally, the atmospheric concentration of anthropogenic CCN is larger then the one related to
natural CCN. Therefore, it is expected that clouds located in continental regions, namely close to
large cities and industrial regions, present larger numbers of droplets than those found in oceanic
regions.

The study of the micro-physical properties is relevant because it is directly related to the
radiative properties of clouds. Furthermore, the knowledge of such properties helps with the
estimation of the precipitation efficiency or the study of clouds dynamics. In addition, the industry
is interested in this research field because of its potential w.r.t. to in-flight aircraft icing applications.
One of the objective is to foresee the most severe ice accretion scenario, to help preventing aircraft
flying in hazardous conditions.

In literature, clouds have been divided into two groups: Continental and Maritime/Oceanic [4].
Some other authors claim that maritime clouds can be polluted due to environmental phenomena
such as air currents which redistribute the pollution in the atmosphere [5]. Therefore, the fine line
between the two cloud types still remains undefined. Furthermore, it remains unclear whether
there is any other possible grouping.

To investigate this, we rely on published data set [4], where clouds have been classified as
maritime and continental. The set contains cloud properties measurements collected at very
diverse geographical locations. The application of ML algorithms could support the division of
the data set into clouds of different types, either Maritime/Continental or a third type.
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ABSTRACT

This research addresses the problem of autonomous scheduling of space objects’ observations
from a network of tracking ground stations to enhance the knowledge of their orbit while
respecting allocated resources. The presented approach aims at supporting the space sector by
tracking both operational satellites and non-collaborative space debris. As for the former, it
is crucial to accurately know the satellite state to precisely calibrate the instruments, interpret
scientific data, and communicate with ground stations. For the latter, the debris position and
velocity is mainly employed to predict and avoid impacts with other objects, as well as monitor
the decay and predict the possible re-entry. However, in the last years, the number of space objects
to be tracked has been increasing strongly and now most of them are tracked infrequently and
with low accuracy.

An optimisation routine has been used for minimising the uncertainty on the final state of an
orbiting object scheduling the observations from a network of ground stations. The performance
index and objective function is a measure of the uncertainty that is evaluated by means a sequential
filtering approach based on unscented Kalman Filter [1] that estimates the satellite state distribution
conditional on received indirect measurements.

The free variables describing the observation schedules are 1) the number of times a specific
ground station is used, 2) in which satellite pass over the station this has to measure and 3) the
number of observation to perform. Consequently, without simplifying assumptions, the number
of design variables is not constant among different solutions, and the observation scheduling
optimisation falls under the area of the variable-size mixed-discrete global optimisation. To deal
with dynamically varying search spaces, a number of additional challenges, harden dramatically
the complexity of the search algorithm. Among the different algorithms, genetic algorithms

∗This work was funded by the European Commission’s H2020 programme, through the H2020-MSCA-ITN-2016
UTOPIAE Marie Curie Innovative Training Network, grant agreement 722734.
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Observation

Used station

Unused station

Figure 1: Graphical 2D representation of satellite single passage over network of ground stations. The dark shaded blue
field-of-view indicates that a station is used to take measurement, whereas the light shaded blue indicates that
the station is not operated.

(GAs) are recognise as the most suited to face this kind of problem [2]. For handling the
optimisation of satellite tracking observation campaigns we propose the Structured-Chromosome
Genetic Algorithm (SCGA) [3]. This bases its strategy on revised genetic operators that have been
reformulated for handling hierarchical search spaces. Furthermore, the performances of presented
tool are compared to an implementation of the "hidden-genes" Genetic Algorithm [4], standard
Genetic Algorithm and Random Search.

The potential of the presented methodology is shown by solving the optimisation of a tracking
window schedule for a very low Earth satellite operating in a highly perturbed dynamical
environment.
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