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ABSTRACT
A new approach for adaptively sampling a design parameter space using an error estimate through the reconstruction of
flow field by a combination of proper orthogonal decomposition
(POD) and radial basis function network (RBFN) is presented.
It differs from other similar approaches in that it does not use
the reconstructed flow field by POD for the evaluation of objective functions, and thus it can be a subset of the flow field.
Advantages of this approach include the ease of constructing a
chain of simulation codes as well as the flexibility of choosing
where and what to reconstruct within the solution domain. An
improvement in achieving a good prediction quality, with respect
to other adaptive sampling methods, has been demonstrated using supersonic impulse turbine optimization as the test case. A
posteriori validation of the surrogate models were also carried
out using a set of separately-evaluated samples, which showed a
similar trend as the Leave-One-Out (LOO) cross-validation. The
progressively enriched surrogate model was then used to achieve
the more uniformly populated Pareto front with fewer number of
function evaluations.

x A vector of flow field solution.
X Matrix whose column is a vector of flow field solution.
φ Principal component or eigenvector.
Φ A matrix of eigenvectors.
Λ Diagonal matrix of eigenvalues.
U Left unitary matrix arising from SVD.
V Right unitary matrix arising from SVD.
S Diagonal matrix of singular values.
ρ Radial basis function.
w Hidden layer weight of a radial basis function network.
LOO Leave-one-out (cross-validation).
POD Proper Orthogonal Decomposition.
CFD Computational Fluid Dynamics.
MOGA Multi-objective Genetic Algorithm.
SVD Singular Value Decomposition.
LHS Latin Hypercube Sampling.

INTRODUCTION
Simulation-based aerodynamic shape optimization has become commonplace in the turbomachinery industry. In the early
days of shape optimization, the user was primarily focused on
achieving absolute optimal performance of a given problem, such
as maximizing efficiency with a handful of constraints. Though
such use of optimization remains an important application, the
focus has shifted toward the exploration of design space at hand
in order to extract useful design insights and potentials. This use
of optimization often takes the form of multiobjective optimization, followed by some form of data-mining. While single objective optimization is an art of exploitation of the design space,

NOMENCLATURE
ξ A vector of design parameters.
P Infill potential function.
D Measure of sample scarcity.
E Error estimate function.
f Objective or constraint function, referred to as function response.
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multiobjective optimization is an art of exploration.
With this shift came the surge of heuristics such as evolutionary algorithms as the method of choice among practitioners, primarily because of their ability to deal with multimodal
functions and even discontinuous design and objective spaces,
which are not uncommon in Computational Fluid Dynamics
(CFD) based analyses. The drawback was the excessive computational requirement, as a typical Multi-objective Genetic Algorithm (MOGA) campaign requires tens of thousands of function
evaluation for convergence. As this is clearly not acceptable, the
use of surrogate modeling techniques has become a norm, with
which the present paper is concerned.
Surrogate models are trained with a precomputed set of simulations which we call design of experiment (DoE). The sample
points of the DoE are chosen by some form of space filling algorithm such as Latin Hypercube sampling, centroidal Voronoi tessellation (Romero et al [1]), etc. Straightforward methods such
as full factorial are rarely used since the dimensionality (the number of design parameters) of a typical shape optimization problem is too high. However, no matter how efficient space filling is,
it is a blind shooting approach as it operates without the knowledge of the function response at sample points. A promising
approach is a combination of space filling with a limited number
of samples followed by a progressively-enriched sampling based
on function response, referred to as adaptive sampling (Guénot et
al [2]). Note that this is essentially equivalent to infill sampling
(Jones, et al. [3], Forrester et al. [4]) used when optimizing with
Kriging models [4], and two terms are used interchangeably in
the discussion that follows.

set of a priori sample points, the design space is sampled using
Latin hypercube sampling and the infill potential is computed
at each sample point. New infill samples are chosen that give
the largest value(s) of P . In this study, D is taken to be the euclidean distance to the closest existing sample and E is evaluated
either from the LOO errors of the function responses or from a
reconstructed flow field using proper orthogonal decomposition,
details of which are described in the following sections.

Error Estimate Based on Function Responses
The simplest way error can be estimated is to apply a LOO
cross-validation on the function responses. Given N samples, the
function responses can be obtained both for the surrogate models
trained with N samples as well as with N − 1 samples by removing the i-th sample. The error between these two responses can
be thought of as the measure of local approximation error.
E(ξi ) = f (ξi ) − fiLOO (ξi )

Error Estimate Based on Flow Field Reconstruction
The method in the previous section might be sufficiently efficient for many optimization problems. However, it is also an approach that discards the rich, high-dimensional information captured in the flow solution by simply looking at function responses
such as objective and constraint functions. A new method proposed in this study is to add sample points where flow solution is
not predicted very well. This can be achieved by using the same
LOO procedure as above, but with the flow solution as the basis
of error estimate. We denote the vector of flow field solution by
x. Given N samples, a surrogate model f̃ whose output is a flow
field solution x and is built with the entire sample set. A set of
N surrogate models f̃iLOO are built by leaving out the i-th flow
sample. The error estimate at the i-th flow sample is evaluated as
the eucledian norm of the difference between the two surrogate
models.

ADAPTIVE SAMPLING
Adaptive sampling requires a measure of improvement potential at given location within the space of design parameters.
The potential measure is typically a function of estimated error and the local density or scarcity of sample points, such that
infill points will be added where the surrogate model is suspected to yield the largest error as well as be least populated.
As for estimating the error, Leave-One-Out cross-validation
(Meckesheimer et al. [5]) is the approach chosen in this study
as it does not require an additional set of validation samples. A
straightforward method is to use error estimate of the function
responses directly. Note that function responses can be objectives or constraints. LOO process yields a value of error estimate
at existing sample points. Thus, the infill potential P takes the
following form,
P (ξ) = D(ξ)E(ξ)

(2)

E(ξi ) = f̃ (ξi ) − f̃iLOO (ξi )

(3)

A flow solution sample can be directly extracted from a CFD
solution. Since Eq. 3 is not tied to the function response, f (ξ),
it doesn’t need to be the complete flow solution, but it should be
from a region that exhibits the flow complexity well enough, or
a region that affects the function response the most.
The construction of the surrogate model f̃ (ξ) uses a modal
decomposition of the flow solutions based on proper orthogonal
decomposition and a radial basis function network, explained in
details in the following sections.

(1)

where ξ is a vector of design parameters, D a measure of sample
scarcity at ξ, E a measure of approximation errors at ξ. Given a
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PROPER ORTHOGONAL DECOMPOSITION
Proper orthogonal decomposition (POD) (Berkooz et al. [6],
Sirovich [7]) is a method of extracting principal components
from a multidimensional data set, which is also known by several
different names such as Karhunen-Loéve expansion (Ghanem et
al. [8]) and principal component analysis (Jolliffe [9]). Consider
a set of m n-dimensional sample points,

1
0.8
0.6
0.4

n

{xi ∈ R | i = 1, ..., m}
Sample points
φ1
φ2

0.2

where the mean has already been subtracted, hence hxi i = 0.
The principal component (an n-dimensional vector) is chosen
such that the normalized projection of the sample set on it is
maximized, i.e.,

φ = argmax

xi · φ
φ·φ

0
0
FIGURE 1.
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Illustration of principal components for a 2-d sample set


.

(4)

The modes φj in Eq. 5 are eigenvectors of the covariance matrix
of the sample set, XXT .

If the components of the sample vectors projected onto the
first principal component φ1 are subtracted, another sample set,
(2)
X(2) = {xi }, can be obtained which is orthogonal to the vector φ1 . The principal component, φ2 is then obtain from X(2) .
An illustration of this process for a 2-d sample set is shown in
Fig. 1, where the red vector represents the first principal component and the blue the second principal component. Note that
here the magnitude of the vector is irrelevant. The red vector
is clearly the direction along which the sample set exhibits the
largest variance. Hence, if one is to express the sample set using only one dimension, the best choice is to express the sample
points as xi = ai φ1 , where 2-d data (xi ) is now reduced to 1-d
data (ai ). Generalizing this to an arbitrary dimension, this process is repeated to obtain m orthogonal set of n-dimensional vectors which are called POD modes. POD decomposes the sample
set, X = {xi }, into a linear combination of modes, φi .

xi =

0.2

aij φj

XXT = ΦΛΦ−1 , Φ = [φ1 φ2 · · · φm ]

The coefficients aij can be obtained as the projection of a sample
vector xj onto an eigenvector φi , utilizing the orthogonality of
φi .

xi · φl =

m
X

aij φj · φl = ail , l = 1, . . . , m

(8)

j=1

The POD modes are evaluated through the singular value decomposition (SVD) (Glub and van Loan [10]), with an advantage
that the covariance matrix does not need to be constructed and
there exist efficient numerical algorithms in many of the standard
numerical libraries. The sample matrix X can be decomposed by
SVD as:

(5)

j=1

X = USVT .

(9)

where U and V are unitary matrices having dimensions of n×m
and m×m, respectively. S is a m×m diagonal matrix. It should
be noted that Eq. 9 is called a thin SVD where the components
of S and V corresponding to zero singular values are omitted.
Substituting Eq. 9 into Eq. 7, the POD modes Φ can be expressed
as the matrix of left singular vectors U as the following.

Extraction of POD Modes
First we arrange m sample vectors, each of which has n
components, in the column-wise manner as n × m sample matrix
X.
X = [x1 x2 · · · xm ]

(7)

XXT = USVT

(6)
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VSUT = US2 UT

(10)
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Let A = SVT and since U = Φ from Eqs. 7 and 10, Eq. 9 can
be written as

X = U SVT = ΦA.

given in the present paper, the SVD was implemented in Python
using NumPy (Oliphant [11]) packages which in turn uses LAPACK (Anderson, et al. [12]) subroutines which took approximately 5 seconds at each step of adaptive DoE, whereas the
RANS simulations took about 3 hours.

(11)

Comparing Eqs. 5 and 11, we see that the coefficients aij can be
expressed as the product of the singular matrix S and the matrix
of right singular vectors VT . Eq. 11 decomposes the sample
matrix into a linear combination of orthogonal basis vectors.

MODEL VALIDATION
Surrogate models enriched through adaptive sampling are
checked for their accuracy using two methods, leave-one-out
cross-validation and validation with a separate validation set.
Leave-one-out cross-validation is a method that does not require
additional samples for validation. Given a set of N samples,
{f (ξi )|i = 1, . . . , N }, an auxiliary surrogate model f LOO (ξ) is
then constructed from a set of N −1 samples by removing pi , the
i-th sample. f LOO (ξ) is used to evaluate the function response
at the ξi , the left-out sample, and the error f( ξi ) − f LOO (ξi ) is
computed. This process is repeated for every sample, yielding
N error measures for which the linear correlation coefficient R
can be calculated. The value of R is then used as the measure of
prediction accuracy of the surrogate model.

POD-RBFN SURROGATE MODELING
Our approach for the construction of surrogate models based
on POD is described. In Eq. 11, the coefficient matrix A is an
m × m matrix whose column vectors correspond to m sample
vectors of X. Here, we assume the sample vectors xj are the flow
fields around various airfoils defined by a set of design parameters ξj . Then it is possible to approximate a predictive model of
the flow field x as a function of the design parameters ξ by establishing a relationship between aj and ξj . In the present study we
employ the Radial Basis Function Network (RBFN) [4], a type
of linear neural network with a single hidden layer, to construct
a surrogate model as follows.

a=

m
X

wi ρi (ξ)

TEST CASE
Aerodynamic shape optimization of a supersonic impulse
turbine is chosen as the test case for evaluating the efficiency of
the proposed approach to adaptive sampling. The target geometry to be optimized is based on the first stage rotor of a turbine designed for use on the NASA M-1 turbine (Reynolds [13]), scaled
for JAXA LE-5-class upper stage rocket engine (Kamijo [14]).
The layout of the 2-stage turbine is shown in Fig. 2. A multiobjective optimization of the first rotor was carried out in the past by
the authors with the total-to-total efficiency and the aerodynamic
load fluctuation as the objective functions (Kato et al. [15]).

(12)

i=1

where wi denotes weight vector, and ρi (ξ) radial basis functions.
The multiquadric function of the following form is used as the
radial basis function.
ρi (ξ) =

q
2
1 + kξi − ξk

(13)

Once ξ is given, Eqs. 12 and 13 yield a and the surrogate model
can be built as

x=

m
X

aj φj = Ua

(14)

j=1

which is termed the POD-RBFN model.
Comparison of Computational Requirement
The POD-RBFN surrogate modeling as given by Eq. 14 involves an extra step of computation which is the SVD of the evaluated flow solutions. However, the computational effort required
in this process is negligible compared to the total computation
time which is dominated by RANS simulations. In the cases

FIGURE 2.

Layout of M-1 turbine (from Kamijo [14])
This docum ent is provided by JA X A .

The first rotor blade is parameterized through parametric ge-
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ometry morphing. In this method, a structured background mesh
is constructed so that it covers the target geometry. The boundaries of the background mesh are B-splines defined via 12 control
points as shown in Fig. 3. The 4 control points indicated in red
are perturbed and thus there are four design parameters.

FIGURE 4.

Computational mesh

FIGURE 3. Parameterization of first stage rotor blade; the red control
points are perturbed

FIGURE 5.
ing edge

Only the first stage was considered and the flow solution was
computed by an in-house RANS code. The computational mesh
is shown in Figs. 4 and 5. The RANS solver is a multiblock
structured mesh solver which solves the compressible NavierStokes equations with the Wilcox (1988) k − ω turbulence model
(Wilcox [16]). In order to reduce the computational cost, the solution domain was simplified as a quasi-3D problem by ignoring
the spanwise flow. Thus three blade-to-blade layers of the mesh
is generated at the midspan position and slip-wall boundary condition is applied on the hub and casing boundaries. The nozzlerotor interface is modeled as a frozen-rotor interface in which the
conservative variables are passed as-is across the interface while
the rotational domain around the rotor blade is fixed in space.
As in Kato et al. [15], we consider the total-to-total efficiency and the circumferential component of the aerodynamic
load exerted on the rotor blade as the function responses. The
total-to-total efficiency η was computed by

η=

1 − (T02 /T01 )
1 − (p02 /p01 )(γ−1)/γ

Computational mesh around rotor leading edge and trail-

the static pressure distribution on the rotor blade and numerically
integrating it along the blade surface by

Fθ =

X  pi + pi+1 
i

2

(zi+1 − zi )

(16)

where pi denotes static pressure at the i-th grid point on the blade
surface. zi is the axial position of the i-th grid point.
When using the error estimate given by Eq. 3, the density
solution from four structured mesh blocks around the rotor blade
as shown in Fig. 6 is chosen as flow solution sample.
A database of 20 sample points generated by Latin hypercube sampling was first computed. For each rotor blade geometry, the density solution from the four blocks in Fig. 6 was extracted and recorded as a flow field sample. The 20 singular values obtained in the SVD process are plotted in Fig. 7. After the
first 5 or so modes, the singular values rapidly decrease in magnitude, indicating that the first few modes captures the most of the
energy of the flow field variation. To illustrate the POD process,
five dominant modes are plotted in Fig. 8. The contour colors are
adjusted in each mode for ease of visualization, otherwise Mode
6 would not be visible compared to the most dominant Mode 1.

(15)

where T0 and p0 denote the total temperature and total pressure,
the second subscript 1 and 2 indicate the quantity is evaluated
at the nozzle inflow and rotor outflow planes, respectively. η
is the ratio of specific heats for nitrogen gas which is 1.4. The
circumferential aerodynamic load Fθ was evaluated by extracting
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FIGURE 6.

Grid blocks used as sample vectors
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FIGURE 7.
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FIGURE 8. Five dominant modes of density distribution, normalized
by singular values, after 20 LHS DoE

20

Distribution of POD singular values

improved with merely 6 inﬁll samples when using Eq. 3 (Method
B) as is seen in Fig. 10, reaching R > 0.9 comfortably beyond
10 inﬁll samples, whereas when using Eq. 2 (Method A) the surrogate model struggles to improve until at least 10 samples have
been added adaptively and then very slowly approaches R = 0.9
when almost 30 inﬁll samples have been added.

Adaptive sampling with error estimate obtained by either
Eq. 2 or Eq. 3 was carried out, by adding two inﬁll sample points
at each iteration. At each iteration, 1000 sample points are generated by Latin hypercube sampling, denoted as {p̃j } in order to
distinguish them from the existing sample points {pi } for which
CFD simulations were executed. For each p̃j the inﬁll potential function P (p̃j ) was computed using Eq. 1. Then the new
inﬁll samples with the largest value of P (p̃j ) are selected from
{p̃j }. The adaptive samples are added until total of 76 samples
are obtained.
Figures 9 and 10 show the history of improvement in surrogate model accuracy in terms of linear correlation coefﬁcient.
Method A refers to adaptive sampling based on error estimate
by Eq. 2, and Method B refers to that by Eq. 3. The quality
of total-to-total efﬁciency prediction does not show much difference between two methods, since it is a quantity which is already
predicted reasonably well by the initial LHS database.
On the other hand, the quality of aerodynamic force prediction shows rather distinctive behaviors. It has been shown in the
past study [15] that this quantity is very difﬁcult to accurately
approximate even with 330 LHS samples. The quality is rapidly

Linear correlation coefficient

0.98
0.96
0.94
0.92
0.9
0.88
Method A, Leave-One-Out
Method B, Leave-One-Out
Method B, A Posteori Validation

0.86
0.84
20

30

40
60
50
Infill sample count

70

80

FIGURE 9. Model quality History of adaptive sampling, total-to-total
efﬁciency. Model A: Eq. 2, Model B: Eq. 3
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that LHS+Method B explores far beyond the region explored
by LHS and LHS+Method A, for the similar reason described
above. Three outlying samples are seen, away from the cluster
of samples in the region with higher aerodynamic load. This is
an important result since the objective of DoE is to explore the
widest design space possible with the least number of samples.
If only the function response was used to guide where to put infill samples, a number of samples would be wasted as Fig. 10
showed.

0.9
0.8
0.7
0.6
0.5
Method A, Leave-One-Out
Method B, Leave-One-Out
Method B, A Posteori Validation

0.4
0.3
20

30

40
60
50
Infill sample count

70

Circumferential aerodynamic load (predicted)

Linear correlation coefficient

1

80

FIGURE 10. Model quality History of adaptive sampling, circumferential aerodynamic force. Model A: Eq. 2, Model B: Eq. 3

2000

1500
20 samples (LHS)
26 samples (LHS + Method A)
26 samples (LHS + Method B)

1000

1000
2000
1500
Circumferential aerodynamic load (exact)

2500

FIGURE 12. Leave-One-Out cross validation of circumferential aerodynamic force

With enough numbers of samples, both adaptive sampling
methods have been verified to attain reasonable accuracy with
R > 0.9, for both function responses, as can be seen in Figs. 13
and 14. The initial LHS database with 20 samples have been
enriched with 56 infill samples chosen using either Eq. 2 or Eq. 3.

0.65
0.6

Total-to-total efficiency (predicted)

Total-to-total efficiency (predicted)

Figures 11 and 12 show the scattered plots comparing the
exact and predicted values obtained in the LOO process, where 3
sets of samples are shown in each figure. The results for adaptive
sampling are shown when 6 infill samples are added to the initial
LHS database. This instance was chosen because it is where
the two adaptive sampling methods are expected to show visible
difference as inferred from Fig. 10.
The total-to-total efficiency shows very similar scattering
among three cases, although Method B has added an outlying
infill sample at about ηT T = 0.42. This is interesting because
the LHS and LHS+Method A did not explore this region, and it
indicates that LOO based on Eq. 2 didn’t report large error estimate there most likely because the function response happened
to result in a similar value to the closest adjacent sample, even
though the flow field can be quite different.

2500

0.55
0.5
20 samples (LHS)
26 samples (LHS + Method A)
26 samples (LHS + Method B)

0.45
0.4
0.4

FIGURE 11.
ciency

0.45

0.6
0.5
0.55
0.65
Total-to-total efficiency (exact)

Leave-One-Out cross validation of total-to-total effi-

0.65
0.6
0.55
0.5
LHS (20) + Method A (56)
LHS (20) + Method B (56)

0.45
0.4
0.4

0.45

0.6
0.5
0.55
0.65
Total-to-total efficiency (exact)

FIGURE 13. Leave-One-Out cross validation of total-to-total efficiency after 28 adaptive sampling iterations.

In terms of circumferential aerodynamic load, Fig. 12 shows
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Circumferential aerodynamic load (predicted)

A constraint was imposed on the mass-averaged circumferential flow angle evaluated at the rotor outflow plane to be within
±2◦ of the reference case which was 65.6◦ .

2500

2000

Design of Experiment
The initial DoE samples included 20 sample points chosen
by the Latin hypercube sampling. Following the initial DoE evaluation, a campaign of adaptive DoE using the POD-RBFN surrogate modeling was carried out, where 30 iterations of adaptive
sampling with 2 infill sample points added at each iteration were
carried out, resulting in the total sample set of 80 samples. Figures 15, 16, and 17 show the leave-one-out cross-validation of
the initial DoE set of 20 samples and the adaptively-enriched
set of 80 samples. The adaptive sampling was continued until
the correlation coefficient higher than 0.85 were achieved consistently among the three function responses used in the optimization problem.

1500
LHS (20) + Method A (56)
LHS (20) + Method B (56)

1000
1000

2000
1500
2500
Circumferential aerodynamic load (exact)

FIGURE 14. Leave-One-Out cross validation of circumferential aerodynamic force after 28 adaptive sampling iterations.

0.72
Total-to-total efficiency (predicted)

MULTIOBJECTIVE OPTIMIZATION
Having shown the effectiveness of the POD-RBFN surrogate modeling, a multiobjective optimization of the turbine rotor
was carried out. The optimization algorithm is a combination of
Strength Pareto Evolutionary Algorithm 2 by Zitzler, et al. [17]
and the RBFN surrogate model, detail of which can be found in
Kato, et al. [15].
Objectives and Constraints
Two objective functions are used in the multiobjective optimization. Give a perturbed rotor airfoil geometry, three frozenrotor RANS simulations are ran, each with a different nozzlerotor phase angle equally spaced in one rotor pitch. The three
RANS results then yield three values of total-to-total efficiency
and circumferential aerodynamic load, evaluated in the same
manner as the test case in the previous section. The first objective
is maximization of averaged total-to-total efficiency given by
η=

1
(η1 + η2 + η3 )
3

0.7

0.68

0.66

0.64
0.64

FIGURE 15.
ficiency

(17)

0.66
0.68
0.7
Total-to-total efficiency (exact)

0.72

Leave-one-out cross-validation of mean total-to-total ef-

Optimization Result
A total of 50 iterations of surrogate-assisted multiobjective
optimization were executed, with each iteration adding 3 sample points in the potentially Pareto-optimal region of the design
space. The final sample set explored by the DoE and the optimization phases containing 230 sample points are plotted in the
objective function space in Fig. 18. As a comparison, the result of the earlier optimization attempt [15] that does not use the
POD-RBFN approach is shown in Fig. 19 which contains a total of 371 samples. Note that the flow solvers used in the two
optimization campaigns are different as ANSYS CFX was used
in Ref. [15], and thus a direct comparison of the objective function values are not suitable. Nevertheless, the improvement of

where subscripts denote the three phase angles of the frozenrotor RANS simulations. The second objective is minimization
of the fluctuation of circumferential aerodynamic loads at three
different phase angles, which is evaluated as
∆Fθ = max (Fθ,1 , Fθ,2 , Fθ,3 ) − min (Fθ,1 , Fθ,2 , Fθ,3 )

LHS (20 samples)
LHS + Adaptive (80 samples)

(18)

where subscripts denote the phase angles. The max and min operations are expected to introduce more of nonlinearity in the
function response compared to the prediction of the force itself.
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LHS (20 samples)
LHS + Adaptive (80 samples)

1000
0.74
Total-to-total efficiency

Circum. aerodyn. load fluctuation (predicted), N/m

1500

η = 0.688 and ∆Fy = 342 N/m. One major difference is
the significantly weakened detached shock wave ahead of the rotor leading edge. On the other hand, the flow through the rotor
passage is more accelerated than the reference geometry and the
higher curvature on the rotor suction side results in a large separated region.

500
1000
500
1500
Circum. aerodyn. load fluctuation (exact), N/m

FIGURE 16.
fluctuation

Leave-one-out cross-validation of circumferential load

0.68
0.66

LHS (20 samples)
LHS + Adaptive (80 samples)

1000
500
Circum. aerodyn. load fluctuation, N/m

FIGURE 18.
tion space

68

1500

Distribution of evaluated samples in the objective func-

66
64
0.74

62
60
60

FIGURE 17.
gle

62

64
66
68
70
Outlet flow angle (exact), degrees

Total-to-total efficiency

Outlet flow angle (predicted), degrees

0.7

0.64

72
70

0.72

DoE, feasible
DoE, infeasible
Optimization, feasible
Optimization, infeasible
Pareto front
Reference

72

Leave-one-out cross-validation of rotor outlet flow an-

the surrogate model quality is manifested in the behavior of the
design space exploration by the optimizer. When the surrogate
model quality is not sufficient as is the case shown in Fig. 19, the
samples added by the optimizer inefficiently meander among the
region already explored by the DoE. On the other hand, Fig. 18
clearly shows that the optimizer explores very efficiently the nondominated region, as the optimization samples cover the region
not explored in the DoE phase, and this was achieved with much
fewer number of DoE samples (80 versus 300). The better surrogate model also allows the optimizer to sample the Pareto front
more uniformly, as the blue square symbols illustrate in Fig. 18,
which in turn gives the engineer a better perspective of the tradoff among the objective functions.
Figures 20 and 21 show relative Mach number contours
of the reference and one of the non-dominated solution with

0.72

DoE, feasible
DoE, infeasible
Optimization, feasible
Optimization, infeasible
Pareto front
Reference

0.7
0.68
0.66
0.64
0

1000
2000
500
1500
Circum. aerodyn. load fluctuation, N/m

2500

FIGURE 19. Distribution of evaluated samples in the objective function space from Kato, et al. [15].

CONCLUDING REMARKS
A new method for choosing infill sample points in adaptive sampling was developed and presented to show improvement over the method that rely on the integrated function responses. The fundamental idea is the reconstruction of flow field
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FIGURE 20.
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Relative Mach number contours of the reference geom-
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FIGURE 21.
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Relative Mach number contours of the geometry 201.

[11]
rather than function responses. Leave-One-Out cross-validation
and a posteriori validation demonstrated that the new method explores more efficiently the design space where flow field shows
the highest sensitivity to the perturbation in design parameters.
The higher quality of the surrogate model constructed in the DoE
phase has been shown to result in a more efficient exploration of
the design space yielding a more complete Pareto optimal solutions with fewer number of sample evaluations.
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