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Abstract Experiment design method is a key to construct a highly reliable surrogate model for
numerical optimization in large-scale project. Within the method, the experimental design criterion
directly affects the accuracy of the surrogate model and the optimization efficient. According to the
shortcomings of the traditional experimental design, an improved adaptive sampling method is pro-
posed in this paper. The surrogate model is firstly constructed by basic sparse samples. Then the
supplementary sampling position is detected according to the specified criteria, which introduces
the energy function and curvature sampling criteria based on radial basis function (RBF) network.
Sampling detection criteria considers both the uniformity of sample distribution and the description
of hypersurface curvature so as to significantly improve the prediction accuracy of the surrogate
model with much less samples. For the surrogate model constructed with sparse samples, the sample
uniformity is an important factor to the interpolation accuracy in the initial stage of adaptive sam-
pling and surrogate model training. Along with the improvement of uniformity, the curvature
description of objective function surface gradually becomes more important. In consideration of
these issues, crowdness enhance function and root mean square error (RMSE) feedback function
are introduced in C criterion expression. Thus, a new sampling method called RMSE and crowd-
ness enhance (RCE) adaptive sampling is established. The validity of RCE adaptive sampling
method is studied through typical test function firstly and then the airfoil/wing aerodynamic opti-
mization design problem, which has high-dimensional design space. The results show that RCE
adaptive sampling method not only reduces the requirement for the number of samples, but also
effectively improves the prediction accuracy of the surrogate model, which has a broad prospects
for applications.

© 2015 The Authors. Production and hosting by Elsevier Ltd. on behalf of CSAA & BUAA. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
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Surrogate model is widely used in the interpolation, numerical
optimization and prediction. It is generally acknowledged that
experimental design, which is an important branch of statistics,
playsakey rolein the construction of a credible surrogate model.
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Through reasonable experiment arrangement and statistical
analysis, considerable reduction of the number of experiments
and improvement of the test quality can be realized. As surro-
gate model is established based on the sampling data, for a des-
ignated surrogate model, reasonable sampling distribution in
space has a significant impact on the prediction accuracy
because surrogate model is established based on the sampling
data, i.e., experimental design of samples is an important
research aspect. Random design, orthogonal design, uniform
design and Latin hypercube design are the classical experimen-
tal design methods, which have been widely used in fluid
mechanics and aerodynamics design field. However, tradi-
tional experiment design does not consider the object function
curvature and has obvious blindness in sampling process,
which causes huge cost in improving the prediction accuracy.

With the rapid development of computer, the aerodynamic
design goes into numerical optimization design stage from the
“Cut and Try” generation so that the numerical optimization
becomes primary in modern aircraft design. However, in some
aerodynamic optimization problems, such as multi-object
design, refined optimization which contains large scale design
variables still needs huge workload. So it is quite requisite to
establish a reasonable sampling method which can ensure the
surrogate model prediction accuracy and reduce the number
of samples needed simultaneously. According to calculation
amount and prediction accuracy in the aerodynamic design,
in this paper, an improved adaptive sampling method is estab-
lished, both of which can ensure sample space distribution
uniformity and describe the curvature of the object function.
The improved adaptive sampling method is applied to typical
test function, airfoil and wing-body aerodynamic design.

2. An improved adaptive sampling method

In this paper, radial basis function (RBF) is used to build the
surrogate model, which is a linear combination of basic func-
tions. The concept was proposed by Buhmann and
Fasshauer'” and widely used in many researching domains,
such as interpolation, neural network training, data predicting
and grid deformation.’ The interpolation model based on RBF

can be expressed as:

RBF(x Za,

where ¢(-) and || - || represent the basis function and the Eucli-
dean norm respectively, a; is RBF coefficient. The polynomial
method was selected for p(x):
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where m is the dimension of radial center vector, and f, is
polynomial coefficient. Then the model can be expressed as a
form of matrix:
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where f is the monomial components, y the value vector of
evaluation point. The unknown vector of interpolation matrix
can be calculated by formulas:

a=(FR'F)'FFRy (4)

B=[R"'—R'F(FFR"'F)'F'R ']y (5)
Then, interpolation system based on RBF can be

established:

yX)=r'B+fa (6)

where X+ is an evaluation point, and r the basis function vec-
tors. The weighted Euclidean distance used in basis function is
given by:

X, — X =

where R is the radius of RBF.

In this paper, w; are determined by Quantum-Behaved
particle swarm optimizer (PSO)* and leave-one-out cross-
validation (LOOCYV) criterion.’

Based on the power function and the native space norm, a
standard uncertainty measure for RBF interpolation has been
constructed by Jakobsson et al.’ They quantify the component
of interpolation error which depends on the basis function and
sample locations and can be expressed as:

\/d) +(FR'r—f) (FFR'F) "(FR 'v—f) —F"R""
(8)

where P(X,) is scaled by the native space norm ||js| = B"Rp.

The sampling criteria of RBF surrogate model are further
carried out, in which curvature features of the target surface
function and a sample separation function are used. Hence,
they can achieve local refinement and distribution exploration.
The local curvature characteristics are realized by Laplace
operation and the separation function is implemented through
the energy function and the local space norm. In combination
of those two aspects, the sampling criteria are defined as
follows”:
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where ¢ is a little parameter to avoid zero value; V>j can be
easily calculated by formula’:
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The maximum values of C indicate the new sample loca-
tions and can realize the balance among locations where the
data are nonlinear. At the same time, the adding points are
in unsampled regions.

The above criterion improves the effectiveness of sample
collection greatly. However, for the basic sparse samples, inter-
polation uncertainty of the model plays a key role in the initial
stage of the interpolation model training. With the number of
samples increases, accurate description of curvature for
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