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ABSTRACT

Modern air vehicle design has been increasingly driven by environmental as well as
operational constraints. Environmental concerns, including emissions and noise, are gaining
increasing importance in the design and operations of commercial aircraft. Taking into
account the current prognoses for the growth in air traffic, the above mentioned challenges
become even more significant [1]. In this context, the development and assessment of new
theoretical methodologies represents a cornerstone for reducing the experimental load,
exploring trade-offs and proposing alternatives along the design path. The fidelity of such
methods is essential to reproduce “real-life” phenomena with a significant degree of accuracy
and to take them into account since the very beginning of the design process. Therefore,
highly accurate analysis methods have been continuously introduced both in geometric
representation and physical modeling, but the main drawback is that they are computationally
expensive. For example, the solution of the Navier-Stokes equations around complex
aerodynamic configurations requires a huge amount of computational resources even on
modern state-of-art computing platforms. This turns out to be an even bigger issue when
hundreds or thousands of analysis evaluations, like in parametric or optimization studies, have
to be performed. In order to speed up the computation while keeping a high level of fidelity,
the scientific community is increasingly focusing on surrogate methodologies like meta-
models, multi-fidelity models or reduced order models, which can provide a compact,
accurate and computationally efficient representation of the aircraft design performance.
Nevertheless, the usage of such models is not straightforward as the amount and quality of
information the user has to provide in the learning phase is not known a priori; furthermore,
the efficient exploitation of learning data may be hampered by the inherent complexity of the
design problem, e.g. non-linearities in the physical model, curse of dimensionality, multi-
modal fitness landscape. Hence, no general rule exists on the optimal choice of the type of
surrogate model, the training and validation strategy, the combination of surrogate model and
optimization algorithm.

Finding the set of parameters which best fit the model to the available data is usually known
as the training phase. The training dataset is usually obtained by sampling the design space
(Design and Analysis of Computer Experiments, DACE) and performing expensive high-
fidelity computations on the selected points. Depending on the adopted surrogate technique,
design objectives and constraints or vector/scalar fields of interest are used to feed the
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surrogate model. The strategy to properly and optimally choose the DACE sampling data set
is of paramount importance to achieve a satisfactory accuracy of the surrogate model.
Unfortunately, classical sampling methods, like Latin Hypercube sampling, are very sensible
to the nature of the problem at hand and they may deceive the surrogate-based optimization
by hiding or masking the true optima locations. This is especially true in aerodynamic shape
design problems where both model non-linearities and the dimension of the search space
combine to emphasize this issue: classical DACE techniques would lead to intensively sample
the search space, thus vanishing the actual advantage of surrogate-based optimization.

Indeed, the training strategy is heavily dependent on the type and scope of the surrogate
model and should be tailored on it. Generally speaking, two different needs have to be taken
into account when searching for “optimal” training points: exploration and “trust” or
exploitation. The first aims at unveiling promising regions of the design space where
global/local minima might reside; the second consists in giving the surrogate model
confidence on the prediction of minima locations and, as a result, sampling in the
surroundings. For the sake of clarity, an evenly-spaced dense sampling could be classified as
purely exploratory, while a properly clustered sampling could fall in the exploitative class. As
a consequence, a trade-off exist between the exploration of the design solutions and the trust
in surrogate accuracy near predicted minima. A proper balance between these two concepts
allows to combine the need to exploit the approximation surface (by sampling where it is
minimized) with the need to improve the approximation (by sampling far from the known
points, i.e. where prediction error may be high). With the term ““in-fill criteria’’ it is usually
meant some principles which allow to optimally place new points (in-fill points) at which the
true target function should be called. The selection of in-fill points is referred to as adaptive
sampling or model updating.

In order to reduce the computational effort in training accurate surrogate models for
aerodynamic shape design problems, this paper proposes adaptive sampling strategies which
use ad hoc in-fill criteria to drive the training process. The adaptive criteria are formulated by
explicitly taking into account the optimization target function with the help of auxiliary
functions which have to be maximized. The aim is to find new “optimal” design space points
which, once added to the training dataset, provide a “better” surrogate approximation for the
optimization purpose. The auxiliary functions are designed as follows:

V(x'yll = Yir "'lyn) = g(d (x, yl)! ...,d(x, yi)! ""d(x'yn)) *h (f(x)'f(yl)' ""f(yi)l lf(yn))

where x is a generic location in the design space, y; is an already computed training point,
f(y;) is the “true” value of the target function at the y; training point, d(x,y;) is the
Euclidean distance between x and y; and f(x) is the surrogate approximation of the target
function at x. The function g accounts for exploration as it depends on the distance between a
generic point and the known points; the function h is devoted to exploitation as it relies on the
predicted and true values of the target function. Sampling at a point where this auxiliary
function is maximized improves both the local (exploitation) and global (exploration) search.

Two surrogate models will be investigated, namely a Kriging model [2] and a Proper
Orthogonal Decomposition (POD) model coupled with Radial Basis Function Networks for
global interpolation of the modal coefficients [3]. Moreover, several choices of the function g
and h will be presented in the paper and compared to already published adaptive sampling
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techniques, like Expected Improvement maximization for Kriging [4] and in-fill criteria for
POD model machinery [5]. The performance of each adaptive sampling criterion will be
monitored during the in-fill process by means of cross validation techniques [6] and proper
generalization error metrics will be adopted. Moreover, an aerodynamic optimization case
study will be proposed to test different combinations of surrogate models and adaptive
sampling methods once fixed the computational budget in terms of number of high-fidelity
simulations (i.e., CFD analyses). This will allow to measure the performances of the
presented strategies in a real-world environment and to draw some conclusions about the
suitability of in-fill criteria to a specific surrogate model for such a class of problems.
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