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Multifidelity surrogates are essential in cases where it is not affordable to have more than a few high-fidelity

samples, but it is affordable to have as many low-fidelity samples as needed. In these cases, given a good correlation

between themodels, the performance of multifidelity models can be outstanding. The first objective of this paper is to

discuss progress in creating accurate multifidelity surrogates when they are essential. A more ambiguous situation

existswhen itmay be possible to afford enough high-fidelity samples to construct an accurate surrogatemodel. In that

case, the question is whether a multifidelity surrogate will afford a substantial cost reduction for comparable

accuracy.Our the second objective is to see if there are any indications underwhat circumstances this substantial cost

reduction is realized. From the literature, it appears that it is hard to get an idea, in terms of cost savings, of when it is

useful to invest the additional effort of creating and usingmultifidelity surrogates. It is observed that in some cases the

inclusion of low-fidelity samples along with the high-fidelity samples in building multifidelity surrogates led to less

accurate surrogates than just using the available high-fidelity samples.

Nomenclature

yHF�x� = high-fidelity model
ŷHF�x� = high-fidelity surrogate
yLF�x� = low-fidelity model
ŷLF�x� = low-fidelity surrogate
ŷMF�x� = multifidelity surrogate
δ�x� = discrepancy function
δ̂�x� = discrepancy function surrogate, also known as additive

correction
μ�x� = multiplicative function
μ̂�x� = multiplicative function surrogate, also known as

multiplicative correction
ρ = constant scaling factor

I. Introduction

S URROGATES are approximations often built to reduce compu-
tational cost when a large number of expensive simulations

are needed for such processes as optimization (e.g., [1] or [2]) and
uncertainty quantification (e.g., [3]). The data used to construct
surrogates come from models. To refer to the value of the design
variables and the corresponding response obtained from a model, in
this work, we use data, data points, and samples interchangeably.
Models refer to physical models used to describe the physics of the
studied phenomenon as in the case of computational fluid dynamics
(CFD), direct numerical simulation (DNS), large-eddy simulation
(LES), Timoshenko beam theory, established algebraic models,
experiments, and so on. However, when it comes to surrogates, no
matter how complex the physics are, the quantity of interest is
approximated using algebraic functions of the variables of interest.
Therefore, the complexity of the physics is involved in the function
evaluation, but the quantity of interest is assumed to be a smooth
function of the design variables. For example, in the case of turbulent

flows, the response is chaotic, but the average flow velocity over a
channel can be approximated as a smooth function of the channel size.
High-fidelity (HF) models usually represent the behavior of a

system to acceptable accuracy for the application intended. These
models are usually expensive, and their multiple realizations often
cannot be afforded, for example, in fluid mechanics a highly refined
grid Reynolds-averaged Navier–Stokes (RANS) (e.g., [4]) or DNS
(e.g., [5]). On the other hand, low-fidelity (LF) models are cheaper
but less accurate. Examples of LF models in the context of
multifidelity (MF) are dimensionality reduction (e.g., [6]), simpler
physics models (e.g., [7]), coarser discretization (e.g., [8,9]), and
partially converged results (e.g., [10]). Whether a model is LF or HF
is problem dependent, and it can be decided based on the cost and
accuracy against other fidelities available, which depend on the
accuracy being sought. The surrogate model constructed using data
from the chosen LF model is called LF surrogate. Similarly, a
surrogate built using HF data is called HF surrogate. While a single-
fidelity surrogate is an approximation built using data coming from a
singlemodel (experimental data canbe also considered),MFsurrogates
combine the information of multiple models, with different cost and
accuracy (fidelity).MFsurrogates have drawnmuch attention in the last
two decades because they hold the promise of achieving the desired
accuracy at a lower cost.
In this paper, we will mainly focus on MF surrogates, that is,

surrogates built with data from both LF and HF models. However,
MF hierarchical methods can also be found in the literature. MF
hierarchical methods are approaches that use LF and HF models/
surrogates following a criterion (e.g., in optimization, using LF
model/surrogate for computation until finding the optimum, then the
HF model/surrogate is used to increase the accuracy in finding the
extrema). In this work, we refer to MF methods and MF approaches
interchangeably. MF methods encompass both MF surrogates and
MF hierarchical methods.
In this paper, we investigate the usefulness of MF surrogates in

the perspective of cost savings and accuracy improvement. We first
consider the case when MF surrogates are essential, because we
cannot afford the cost of enough HF simulations to construct an HF
surrogate of acceptable accuracy. Here our objective is to discuss
recent progress in MF construction for improving MF surrogate
accuracy. Then we consider the case when we may be able to afford
enough HF simulations for an acceptably accurate HF surrogate, but
anMF surrogate may offer superior accuracy at comparable cost. MF
surrogates often require an investment of time and effort for
implementation. Here our objective is to probe the literature as to
when the payoff justifies the effort. There is the additional question of
whether MF surrogates should be constructed even if no effort is
required. As [11] and [12] have shown, at times using the LF samples
leads to a surrogate that is less accurate than the one using only HF
samples. We look for indications as to when this may happen.
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This paper is organized as follows. In Sec. IIwe briefly describe the
surrogates most used in the context of MF. There are multiple
surrogates available and the best choice will strongly depend on the
characteristics of the problem. In Sec. III we show that substantial
progress has been achieved in the past few years in the accuracy of
MF surrogates by combining additive and multiplicative corrections.
Earlier MF surrogates typically used only one or the other. Recent
work combines both corrections and we attempt to clarify the benefit
of this combination. In Sec. IV we summarize the findings in some
recent papers, discussing the following issues:
1) How can we decide when to use only the HF samples to

construct a surrogate rather than fusing together the HF and the LF
samples in an MF surrogate?
2) If we decided to build an MF surrogate, how can we choose

between multiple LF models?
3) How to use both additive and multiplicative factors in MF for

surrogates other than the ones that use Gaussian process?
Section V discusses cost-savings issues in MF surrogates, and it is

divided in two sections. In Sec. V.A we survey papers that provide
the cost of an optimization done using an HF surrogate and an
optimization done using an MF surrogate for optimizing the same
physical problem. We hypothesized that the cost savings resulting
from using MF surrogates might be related to the cost ratio between
the HF models and the LF models. If the LF model is very cheap
compared with the HF model but they are well correlated, we can
expect for theMF surrogate to do a good job at a lower cost.¶ We plot
the relative optimization cost as a function of the relative fidelities
cost and we discuss our findings. Based on the extensive review of
papers employing MF surrogates, it was found that usually the
literature reports the success of using MF surrogates but rarely
discusses the cause of the success. This is in spite of substantial
progress in the accuracy of MF approaches. In Sec. V.B we suggest
guidelines for reporting computational cost-effectiveness by using
MF surrogates. Because cost saving is of great interest to many
different fields, reporting it would help other researchers in deciding
whether or not to use MF surrogates in their applications. In Sec. VI
we include recommendations based on our experience that can help
users to get themost out ofMF surrogates under certain conditions. In
addition, we included two appendices. Appendix A discusses
different techniques for design of experiment in MF surrogates
context. Appendix B shows statistics extracted from reviewing
extensive literature in MF approaches.

II. Surrogates

Most surrogates are algebraic models that approximate the
response of a system based on fitting a limited set of computationally
expensive simulations in order to predict a quantity of interest.
Surrogates are widely used while constructing MF methods. The
information of different types of fidelities can be included in a single
surrogate through an MF surrogate (e.g., in [13–15]). Alternatively,
surrogates can be constructed for each fidelity separately and never
combined explicitly in an MF surrogate. These are called MF
hierarchical methods (e.g., in [16,17]). Here the MF method is the
efficient way that these surrogates are constructed and/or applied in
order to obtain significant savings.
The accuracy of a surrogate is determined by the complexity of the

function, by the design of experiment used to select the data points,
the size of the domain of interest, the simulation accuracy at the data
points, and the number of samples available [18]. Reference [19]
included a complete section of projection-based models and data-fit
models where the reader can extend the information included in this
section.
Response surface surrogates are the oldest and theymay still be the

mostwidely used formof surrogates in engineering design. Response

surface surrogates are fitted by linear regression combining
simplicity and low cost as it only requires the solution of a set of linear
algebraic equations. Response surface usually assumes that the
functional behavior (e.g., a second-order polynomial) is correct, but
the response has noise. In the MF context, response surface can be
found in a large number of papers—to cite some of them, [20–36].
Polynomial chaos expansion became popular in this century for

the analysis of aleatory uncertainties using probabilistic methods in
uncertainty quantification [37–39]. In polynomial chaos expansion,
the statistics of the outputs is approximated by constructing a poly-
nomial function that maps the uncertain inputs to the outputs of
interest. The chaos coefficients are estimated by projecting the
system onto a set of basis functions (Hermite, Legendre, Jacobi, etc.).
In MF context, polynomial chaos expansion applications can be
found, for example, in [3,15,40–42].
With increasing computer power, more expensive surrogates

became popular. These include kriging, artificial neural networks,
moving least squares, and support vector regression. These usually
work better for highly nonlinear, multimodal functions.
Kriging surrogate estimates the value of a function as the sum of a

trend function (e.g., polynomial) representing low-frequencyvariation,
and a systematic departure representing high-frequency variation
components [43]. Unlike response surface, most kriging approaches
assume that the response is correct but the functional behavior is
uncertain. Kriging has become a very popular surrogate in general, but
evenmore so forMFapplications.Thismay reflect the fact that it has an
uncertainty structure that lends itself to nondeterministicMFmethods.
Applications of kriging surrogates in the MF context can be found in
[1,44–47].
Co-kriging [48,49] is commonly known as the extension of kriging

to include multiple levels of fidelities in the surrogate construction.
Applications of co-kriging can be found in [50–53]. Reference [54]
compared kriging and co-kriging performance.
Artificial neural networks consist of artificial neurons that

compute a weighted sum of inputs and pass it through a saturation
function to compute the output of the artificial neuron. An example of
artificial neural networks application inMF approaches can be found
in [7], where it is used during the optimization process to correct the
aerodynamic forces in the simplified LF model using a CFD HF
model. The LF model is used to generate samples globally over the
range of the design parameters, whereas the HF model is used to
locally refine the artificial neural networks surrogate in later stages of
the optimization.
Another well-known surrogate is moving least squares, which was

introduced by [55] and was extensively discussed in [56]. Moving
least squares is an improvement of weighted least-squares (proposed
by [57]). Weighted least-squares recognizes that all design points may
not be equally important in estimating the polynomial coefficients. A
weighted least-squares surrogate is still a straightforward polynomial,
but with the fit biased toward points with a higher weighting. In a
moving least squares surrogate, the weightings are varied depending
upon the distance between the point to be predicted and each observed
data point. Examples of its implementation in MF can be seen in
[58–62].
Traditional surrogates predict scalar responses. Some nontradi-

tional ones, such as proper orthogonal decomposition, are used to
obtain the entire solution field to a partial differential equation.
References [63–65] explore the MF proper orthogonal decomposition
method in fluid mechanics.

III. Progress in Fitting Surrogates to Given Data

We first consider the casewhereMF surrogates are a must because
we cannot afford enough simulations to obtain an HF surrogate of
acceptable accuracy. Here great progress was achieved in this century
in improving the accuracy of MF surrogates using only a small
number of HF simulations.
MF surrogates are built using more than one fidelity. Early MF

surrogates mostly used additive or multiplicative corrections (e.g.,
[10,23,66]). Given an LF model, yLF�x�, and an HF model, yHF�x�,
we denote their surrogates as ŷLF�x� and ŷHF�x�, respectively.

¶Optimization usually needs a large number of iterations. In each optimi-
zation iteration, a single analysis is performed. This analysismight come from
the actual model (RANS, DNS, Euler, etc.) or from the surrogate approxi-
mation of thesemodels. On top of this, the surrogates can be constructed using
HF data points, LF data points, or both (MF surrogates).
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In general, we use ⋅̂ to denote a surrogate model. The additive
correction approach assumes that the relation between yLF�x� and
yHF�x� is additive; therefore, we can write

ŷMF�x� � ŷLF�x� � δ̂�x� (1)

where δ̂�x� is the surrogate constructed using the difference between
the yHF�x� and yLF�x� models at nested data points (i.e., data points
where we have both LF and HF model computations) and ŷLF�x�
is the LF surrogate constructed with samples from the LF model,
yLF�x�. If the LF model is cheap enough (e.g., an algebraic approxi-
mation), we can use the simulations directly without constructing the
LF surrogate ŷLF. In this case, Eq. (1) becomes

ŷMF�x� � yLF�x� � δ̂�x� (2)

The decision whether to use directly the LF function or replace it
with a surrogate depends on its cost, complexity, and the number of
needed surrogate evaluations. In some applications (e.g., [26]) the LF
function is very cheap, and so replacing it with a surrogate leads to
unnecessary loss of accuracy. In others, the number of simulations
needed for constructing an accurate surrogate to the LF function is
very high. For example, in [67] even thousands of LF simulations did
not suffice for an accurate LF surrogate. If the number of LF data
available is higher than the number of needed evaluations of the
surrogate (e.g., for optimization), then it may be better not to replace
the LF function by a surrogate.
The multiplicative approach is

ŷMF�x� � μ̂�x�ŷLF�x� (3)

where μ̂�x� is the surrogate constructed using the quotient between
yHF�x� and yLF�x� models at the nested data points. Similarly if the
LFmodel is very cheap enough, there is no need to construct ŷMF�x�;
therefore, Eq. (4) becomes

ŷMF�x� � μ̂�x�yLF�x� (4)

A substantial improvement in accuracy was achieved by the
introduction of a scalar multiplier to the LF function (e.g., [68,69]).
The following form of MF surrogates is called the comprehensive
approach. For the comprehensive approach, additive and multipli-
cative corrections are combined

ŷMF�x� � ρŷLF�x� � δ̂�x� (5)

where ρ is a constant. In this formulation, δ̂�x� is usually called the
discrepancy function. Again, if the LF model is cheap enough, we
might consider the use of LF simulations instead of the LF surrogate.
In this case, Eq. (5) becomes

ŷMF�x� � ρyLF�x� � δ̂�x� (6)

MF surrogates are called for when we have a complicated function,
and 1) we cannot afford enough samples to construct a surrogate that
would capture the complexity of the function, and2)wehavea cheapLF
functionwith a similar behavior. The ideal situation for anMF surrogate
iswhen the difference between theHF function and a scaledLF function
has a simple behavior that can be captured by a surrogate fitted to small
number of samples. Consider, for example, an HF model, yHF,

yHF�x� � sin�20x� � x; 0 ≤ x ≤ 1 (7)

and an LF model, yLF�x�,

yLF�x� � sin�20x� � 0.5x� 0.5; 0 ≤ x ≤ 1 (8)

where x ∈ R.
If we cannot afford more than two or three HF samples but we can

afford a very large LF number of samples, the MF surrogate with

additive correction will give as a perfect fit because the discrepancy
function can be calculated exactly as follows:

δ̂�x� � −0.5x − 0.5 (9)

Often, however, the complex part requires some scaling. For
example, consider that instead of Eq. (8) we have an LF model,
yLF�x�, as follows

yLF�x� � 0.8 sin�20x� � 0.5x� 0.5; 0 ≤ x ≤ 1 (10)

where x ∈ R. Then an additive correction will not do the job, because
the difference between the two functions is 0.2 sin�20x� − 0.5x − 0.5,
and this cannot be fitted by an accurate surrogatewith only two or three
samples of the difference. However, a comprehensive MF surrogate
will do the trick, by using ρ � 1.25 and δ̂�x� � 0.375x − 0.625. Let
assume that we can afford 3 HF samples at x1 � 0.2, x2 � 0.6,
x3 � 1.0. Using linear regressionwithmonomial basis functions up to
second order, we obtain the results shown in Fig. 1 and Table 1.
Table 1 shows that this is a clear examplewhereMF surrogateswill

work very well. Note that even the MF additive correction does a
decent job and greatly improves on the HF surrogate performance.
References [70,71] looked at the success of the combination of

Gaussian process or kriging surrogates with a Bayesian identification
of ρ and δ̂�x� by using the maximum likelihood estimation. They
concluded that the Bayesian approach tends to minimize the
bumpiness of δ̂�x� so that it can be fitted accurately with a small
number of available HF samples. In other words, we improve the
correlation between HF and LFmodels byminimizing the bumpiness.
In one dimension the bumpiness b of a function f�x� is defined as the
integral of the square of the second derivative as

b �
Z

jf 0 0�x�j2 dx (11)

Table 1 Correction functions and RMSE errors obtained for
each surrogate constructed

Surrogate ρ δ̂�x� RMSE

HF — — −0.406 − 1.523x − 3.482x2 0.9565
MF additive — — −0.581 − 0.005x� 0.768x2 0.1913
MF comprehensive 1.25 −0.625� 0.375x 0

Fig. 1 The HF and LF functions [Eqs. (7) and (10), continuous lines]
along with the three approximations constructed (dashed lines). TheMF

comprehensive surrogate predicts the HF function exactly.
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In higher dimensions, Ref. [71] averaged the bumpiness over a large
number of lines in random directions. For the examples that they
examined, the minimum error was very close in value to the one that
minimizes bumpiness.

IV. Challenges in Fitting Multifidelity Surrogates

Sometimes we do not have any choice, and MF surrogates are the
only option, for example, if we can afford only one or two samples
of the HF model. However, sometimes we do have the option of
choosing between building a surrogate using just the HF samples or
combining HF and LF samples. We found that it is not clear when to
do this and the following sections illustrate this fact.

A. Deciding Whether to Use the Low-Fidelity Data

It is not given that MF surrogates will always lead to better
accuracy than a surrogate using only the HF data. As recently
reported by [11], in a strength prediction problem, unexpectedly the
surrogate built using only 3 or more HF samples was found to have
better accuracy than anMF surrogate with the same 3 samples, aided
by 12 LF samples in a two-dimensional problem. This means that,
given HF and LF samples, we need a criterion to decide whether to
use the LF samples with an MF surrogate or to fit a surrogate to the
given HF data only.
Using the comprehensive correction with ρ in Eq. (5), it appears as

if the maximum-likelihood estimation could select ρ � 0, which
would correspond to disregarding the LF data. However, Ref. [12]
tested the maximum-likelihood estimation for a two-design-variable
turbine problem with a single HF model and two alternative LF
models. Here, two unsteady RANS equation solvers were used: a full
transient model (HF model), a transient rotor blade model with time
transformation (LF model 1, LF1), and a steady RANS solver (LF
model 2, LF2). Themain difference between steady-state and transient
models was their settings of the interface between stator and rotor. The
difference between the two transientmodelswas the turbulencemodel.
The shear stress transportation coupled by transition is not available in
the LF1 model; therefore its accuracy would be poorer than the HF
model. They varied the number of HF samples ranging from 4 to 12
with 20 different designs of experiments for each number of even
samples. Therefore, a total of 100 sets of design of experiments were
conducted. For each case, 36 LF samples were used. The LF samples
were available at a 6 × 6 grid, which precluded using themore common
MFsurrogate designs of experiments described inAppendixA.TheMF
surrogatewasmore accurate than the HF surrogate for 59 of the 100 for
thebetterLFmodel (LF1), and for 18out of 100 for thepoorerLFmodel
(LF2). However, the maximum-likelihood correctly selected ρ � 0 for
only 3 of the 123 cases (41 cases when using LF1 and 82 when using
LF2)where theHFmodelwasmore accurate.Reference [12] also tested
cross-validation for the same purpose. Cross-validation was able to
identify 67 of these 123 cases.
An analysis of the failures discussed in the previous paragraph

indicated that the bumpiness of the correctionwas substantially lower
than that of the HF function, because of its lower range of variation.
This predisposed both the maximum-likelihood and cross-validation
estimation in favor of the MF surrogate. Therefore, the maximum-
likelihood and cross-validation estimations were not accurate to
determine whether LF data were useful or not.
Thus, it appears that wemay still lack a dependable criterion to tell

whetherwegain by using the LFdata.Of course, there aremany cases
where the MF surrogate should be clearly more accurate, as, for
example, most of the cases when we have only a single HF sample.
However, more research into the choice between HF-alone surrogate
and MF surrogate is clearly called for.

B. Choosing Between Multiple Low-Fidelity Datasets

When there are multiple LF models available, several options are
possible: using all LF models, using only a subset of LF models,
using the best LFmodel, or not using anyLFmodel. This challenge is
related to the previous challenge of deciding whether to use the LF
data points available. The study by Ref. [12] indicated a possible

problem in choosing between twoLF surrogates for anMF surrogate.
In their study, LF1 was more useful than LF2 because it had a better
correlation with the HF data so that the discrepancy function had a
significantly lower range of variation (Sec. III). Out of 100 sets of
designs of experiments, the MF surrogates based on LF1 surrogate
were more accurate than the MF surrogates based on LF2 85 times.
Cross-validation identified 71 of these cases, whereas maximum-
likelihood 81. In addition, the maximum-likelihood estimation could
not identify a single case of the 15 exceptional cases, and the cross-
validation estimation only 6 out of the 15. This study indicated
that the performance of MF surrogate depends on the design of
experiments in addition to the quality of LF models. Moreover,
maximum-likelihood and cross-validation estimations were not good
at choosing a better LFmodel for a given design of experiments. This
one example is not necessarily a proof that the difficulty is common.
However, it is an indication that the choice between multiple LF
models may be a challenge deserving of more research. Another
option is to use all available LF models in a single MF surrogate as
in [72,73]).

C. Selecting ρ for Other Surrogates

In Sec. III, it was shown that introducing the scaling factor ρ
significantly improved the performance of MF surrogates, by
reducing the bumpiness in the additive correction. The constant
scaling factor ρ can be found by minimizing the bumpiness of the
additive correction or by minimizing the error between the scaled LF
predictions with that of HF samples. Reference [70] showed that the
former performs better than the latter because it is efficient to fit a
simple additive correction with a small number of HF samples. They
also observed that maximizing the likelihood function in Gaussian
process surrogates is similar to reducing the bumpiness in the additive
correction. However, the MF surrogates using Gaussian process
surrogates require uncertaintymodel for prediction—not all surrogates
provide one.
While kriging or Gaussian process surrogates are often the most

accurate or at least close to the most accurate, there are cases when
other surrogates are more accurate (e.g., [74]). In particular, kriging
does not work well with a very noisy response or with a very large
number of samples, especially when some of them are tightly
clustered. When nonkriging surrogates are used for constructing
the LF surrogate and the additive correction, it is unclear how the
bumpiness can be reduced effectively. One may use a kriging model
for obtaining ρ but then switch to a different surrogate for fitting the
MF surrogate. This approach may deserve further study. In addition,
it is possible to treat the LF model as a basis with the scaling factor ρ
as an unknown coefficient in linear regression. Thiswas suggested by
[69], and implemented successfully in [67].

V. Cost Ratio Versus Savings

A. Evidence from Literature

We examined the efficacy of MF surrogates for cost and time
savings while maintaining the desired accuracy. Because cost and
time savings are the main goal of using MF, it would be appropriate
for researchers to report in their publications the cost savings by using
MF surrogates. We were able to collect, from some publications that
usedMFsurrogates for optimization, the cost ratio betweenperforming
a single analysis of LF and HF, and the cost ratio between performing
optimization using MF surrogates and using HF surrogates.
Optimization processes such as genetic algorithms or gradient-

based methods consist in multiple iterations until converging to the
predicted optimum. In each of these iterations, there is a computation
of themodel used or their surrogate. Usually, using themodels directly
is prohibitively expensive; therefore, surrogates are constructed to
reduce costs. If the optimization is performed using MF surrogates,
it will be called MF optimization. Similarly, if the optimization is
performed using HF surrogates, it will be called HF optimization.
Given a set of input variables, an HF analysis refers to a single
computation of the HF model. Similarly, an LF analysis is a single
computation of theLFmodel. The reported cost in timeassociatedwith
the entire optimizationprocess ifMFsurrogates areuseddividedby the
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same cost but using HF models is called MF/HF optimization cost
ratio. The reported cost in time for a single analysis of the LF divided
by the same cost but for the HF is called LF/HF analysis cost ratio. In
Fig. 2wepresent theMF/HFoptimization cost ratio as a function of the
LF/HF analysis cost ratio. The information presented in Fig. 2 was
extracted from 17 papers out of the 102 reviewed that perform
optimization in which both the MF/HF optimization cost ratio and the
cost and LF/HF analysis cost ratio can be calculated.
One would expect that computational savings would be enhanced

when the LF costs are a small fraction of the HF. However, the figure
shows that there is no clear relationship between LF/HF analysis cost
ratio andMF/HF optimization cost ratio. Becausewe could not find a
clear relationship, we speculate that the relationship between cost and
accuracy of the LFmodel involvedmight play a big role. That is, very
inexpensive models tend to be less accurate and the optimization
convergence can be delayed due to this fact. Meanwhile, a more
accurate LF model can make the optimizer converge faster, making
this a better option even if the LF model is more expensive. Also,
having a high correlation between the HF and LF models might lead
to better MF surrogate. A high correlation between HF and LF
models will usually result in a highly accurate MF surrogate. A high
correlation between LF and HF leads to an easy prediction of the
discrepancy function between models and therefore a more accurate
prediction of the HF model. In addition, the complexity of the
resulting model may also influence the cost of the optimization.
To understand the relationship between LF/HF analysis cost ratio

andMF/HF optimization cost ratio better, Fig. 3 shows the same data
as in Fig. 2 but highlighting field, approach to combine the fidelities,
approach to obtain single or MF surrogates coefficients, and type of
surrogate used.Overall, there does not seem to be any straightforward
relationship between the data.
Figure 3a marks up the different application fields where the

optimization was performed. Optimization in fluid mechanics seems
to be the most common among the ones that use MF surrogates, but
we also have found solid mechanics and electronics. From the figure,
it does not appear that the application field determines the usefulness
of MF surrogates for optimization.
Figure 3b highlights which of the papers use an optimization

approach where the surrogate models are updated in each iteration
and which of them are constructed a priori and maintained fixed
throughout of the optimization process. The figure does not seem to
show any clear trend that suggests more savings to one or another.
Figure 3c distinguishes between deterministic and nondeter-

ministic approaches. Deterministic approaches minimize the differ-
ence between the data and the fit. In nondeterministic approaches, the
likelihood that the data are consistentwith the fit ismaximized.There is

noobvious relationship between thegains obtained using deterministic
approaches, nondeterministic approaches, or both.
Figure 3d identifies papers by the approach used to combine

fidelities. Additive or multiplicative approaches refer to the ones that
predict the HF model correcting the LF model response using a
discrepancy function or a multiplicative factor, respectively. Compre-
hensive approaches are the ones that combine additive and multipli-
cative corrections. Hierarchical models do not explicitly build a
surrogate combining LF and HF but use both independently. These
models use an algorithmor criterion todecidewhen touse each fidelity.
Space mapping corrects the input variables in space, instead of the
output, to predict the HFmodel. No obvious trends associated with the
cases that use the same approach to combine fidelities is observed.
Figure 3e highlights in different colors the surrogates used,

showing that there is no clear relationship between the cases that use
the same surrogate. Response surface models explore the relation-
ships between independent variables and one or more responses
using a design of experiments. These were initially developed to
model experimental responses ([75]) and later expanded to numerical
responses [76–78]. Kriging ([79] based on Krige’s work [80]) is an
interpolation method where the data points are interpolated by a
Gaussian process model obtained by maximizing the likelihood
function of the model for the given data. Co-kriging is the generali-
zation of kriging for multiple sets of data (MF). Support vector
regression, developed by Vapnik et al. mainly at AT&T laboratories
in the nineties [81,82], allows to introduce error bounds along with
the data and it finds a prediction that has an associated error
estimation. If interested, the reader can refer to the overview of these
surrogate applications in optimization in [1]. Polynomial chaos is a
way of representing an arbitrary random variable of interest as a
function of another random variable with a given distribution, and of
representing that function as a polynomial expansion. It was first
introduced by [83] in 1938 and generalized by [84] in 2010.
Polynomial chaos expansion is often used in optimization under
uncertainty.
Because the literature does not show a clear relationship between

LF/HF analysis cost ratio and MF/HF optimization cost ratio, we
cannot make a conclusion when to use MF surrogates to save cost.
The savings related to MF surrogates, however, can be highly
problemdependent. Unlesswe are dealingwith a class of problems of
similar structure, the savings that an author reports for one problem
could be very different from that for other problems, even if the same
methodology is used. This issue is more severe when the savings
are not just due to the surrogate construction but for an entire
optimization process. For instance, some algorithms can guarantee
convergence, meaning that an algorithm will converge to a local
critical point of an HF problem regardless of the initial guess.
However, the rate of convergence will depend on the relative
properties of the LF and HF models.

B. Proposed Guidelines for Reporting on Cost Savings

Time savings while maintaining the desired accuracy is enough of
an incentive for applying MF approaches. Unfortunately, we found
that it is often difficult to tell from a paper how useful the MF
implementation was to accomplish this goal. Among the literature
reviewed to build this paper we found one paper, [15], that we
consider a good example of an exhaustive savings report. Here, cost,
savings, and accuracy were stated. Reporting the cost, savings, and
accuracy of the resultingMFmethodwill allow future users to decide
whether or not to use MF methods to build approximations of their
own problem.
Table 2 presents the savings report extracted from [15] where an

airfoil shapewas optimized using sequential quadratic programming.
Their goal was to minimize the average and standard deviation of the
airfoil drag coefficient while maintaining the desired lift coefficient.
CFDRANSwith Spalart–Allmaras turbulencemodel was used as the
HFmodel andCFDEuler as the LFmodel. The RANSHFmodel had
a 23,315 points mesh where 256 were on the airfoil. On the other
hand, the Euler LFmodel had a 6983 points mesh where 128 were on
the airfoil. The surrogate used was a stochastic polynomial chaos

Fig. 2 Cost ratio between a single analysis of the LF surrogate and a
single analysis of the HF surrogate vs cost ratio between the optimization
process using anMF surrogate and the optimization process using anHF
surrogate. The dotted line separates the region where performing the

optimization using MF surrogates results in cost savings (upper octant)
and the region where there are no cost savings (lower octant).
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expansion and the models were combined through an additive
correction. The cost of a single LF analysis is 15 times lower than that
of a single HF analysis. The error in the LFmodel was 18% of the HF
model. Two MF surrogates were built: MF0 was built using the
information of 1 HF analysis and 17 LF analyses, whereas MF1 was

built with 5HF and 17LF analyses. Thesewere comparedwith anHF
build using 17 HF analyses. The cost of the optimization using MF0
was 13% and using MF1 was 36% of the cost of the optimization
using the HF surrogate. The objective function was increased (i.e.,
made poorer) by 5.47%and 0.37% in performance forMF0 andMF1,
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a) Effect of the field of study. There is no evident
relationship if we compare only cases applied to the same
field

c) Effect of the approach used. The correlation between
deterministic approaches does not seem strong. Same
happens with non-deterministic approaches

d) Effect of the combination method used. No obvious
trends associated to cases that use the same approach
to combine fidelities is observed

b) Effect of the optimization method. To update the
surrogate in each iteration does not seem to have more
savings over a fixed surrogate

e) Effect of the surrogates used. There is no clear relationship
between the cases that use the same surrogate

Fig. 3 Same data shown in Fig. 2 but highlighting field, optimization approach, approach to combine the fidelities, approach to obtain single- or

multifidelity surrogates coefficients, and type of surrogate used. The dotted line separates the region where performing the optimization using MF
surrogates results in cost savings (upper octant) and the region where there are no cost savings (lower octant). Overall, there does not seem to be any
straightforward relationship between the data.
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respectively, compared with the objective of the HF optimization.
Each method ran for 7–10 optimization iterations. The overall airfoil
design was improved by 30% for the MF0 and by 33% for the MF1
and HF with respect to the baseline geometry.
In addition, it would be informative to include the accuracy of LF,

HF, and MF surrogates obtained at the same computational cost and
the cost of the HF andMF surrogates obtained for the same accuracy,
if possible. This is done, for example, by [85], where in order to
account for accuracy in the calculation of the quantity of interest, a
plot is presented giving the root mean square error as a function of the
number of samples used. This answers the question of howaccurate is
the MF method compared with LF and HF models at the same
computational cost. In addition, a second plot may report time
savings for multiple numbers of samples options. This answers the
question of what are the savings associated with the implementation
of MF methods compared with the HF surrogate for the same
accuracy.

VI. Recommendations on Using MF Surrogates

Between them, the authors have been applying MF surrogates to
diverse problems in solid and fluidmechanics formore than 25 years.
Even if we cannot make recommendations that apply to all cases we
believe that we are able to give some advice about themanner thatMF
methods should be used that reflect our own experience. Throughout
our research, we faced some problems of particular characteristics,
which led us to the recommendations summarized below, which the
authors would like to give to MF surrogate users.
1) Creating an MF surrogate usually involves substantial

investment of time and effort. So it should be undertaken mainly in
cases when using an HF surrogate is not an option, because one
cannot afford enough samples for an adequately accurate HF
surrogate.
2) Adding the scaling parameter ρ that transforms the additive

correction to the comprehensive one often results in substantial
improvement in accuracy.
3)When the number of HF simulations is severely limited, there is

an advantage of using the LF simulations for identifying the most
important variables and having the discrepancy function δ include
only these variables. The dependence on the other variables may be
still adequately captured through the scaled LF function or surrogate
(e.g., [67]).
4) When there are multiple candidates for LF simulations, yester-

year simulations, that is, simulations that were considered adequate
in the past, have been the most promising candidates for our
applications.
5) In choosing between candidates for LF simulations, high

correlation between LF and HF data is the most important
consideration.
6) Selecting an LF simulation that is cheap enough to avoid the

need for LF surrogate has two important advantages: a) it often
substantially reduces the implementation effort; b) it often avoids a
substantial loss of accuracy.

VII. Conclusions

MFsurrogates have been a popular topic of research in the past two
decades, and substantial progress in accuracy has been achieved. This
paper notes that the use of a scaling parameter for the LF data in
addition to an additive correction may account for some of this
progress. However, based on our survey of a large number of papers,
it appears that research is still needed to provide guidelines as towhen
it is worthwhile to invest the effort in using them. Further research is
needed to determine whether applying MF surrogates is worthwhile
for a given problem and to select a proper MF surrogate framework
for the problem. This effort entails running two or more sets of
simulations of different fidelities and selecting surrogates and a
method for combining them. There are some indications that the
answer may be associated with the bumpiness of the LF function or
the bumpiness of the difference between the LF and HF functions. It
is also recommended that a quantitative comparison data betweenLF,
HF, and MF models should be reported in future publications. The
authors also include some recommendations based on their own
experience in the field.

Appendix A: Strategies for Design of Experiment
in Multifidelity Surrogates

Building surrogates requires a sampling strategy for the generation
of a representative group of sample points. Sampling strategies are
also related to the accuracy that the surrogate will achieve (see [86]).
The simplest sampling methods are grid-based, such as full factorial
design, where each variable (factor) is sampled at a fixed number of
levels. This method is used for low-dimensional problems (usually
less than three variables) (see Fig. A1a). Its application can be seen in
[87]. The central composite design method takes the two-level full
factorial design and adds to it the minimum number of points needed
to provide three levels of each variable so that a quadratic polynomial
can be fitted. It is often used when the number of design variables is
between three and six (see Fig. A1b). For higher-dimension problems,
only a subset of the vertices of the central composite design is used,
which is called the small composite design [88]). Full factorial design,
central composite design, and small composite design are not flexible
in the number of sampling points and domain shape.
Designs of experiments that allow an arbitrary number of samples

are usually based on an optimality criterion. For example, in the
D-optimal design [89] a subset of a grid in any domain shape is
selected by minimizing the determinant of the Fisher information
matrix [90]. This reduces the effect of noise on the fitted polynomial,
leading to most of the points being at the boundary of the domain.
Figure A2 shows the application of D-optimal criterion in a nested
sampling design for multifidelity models.
Space-fillingmethods that spread the points more uniformly in the

domain are more popular when the noise in the data is not an issue.
When there is substantial noise, the best method is to sample near the
domain boundaries using an optimality criterion method. Space-
filling methods include Monte Carlo and Latin hypercube sampling.
The most common flavor of Latin hypercube sampling attempts to
maximize the minimum distance between points, also known as
maximin [91] criterion, in order to promote uniformity.
When it comes to MF models, there is the additional issue of the

relation between the LF models and HF models sampling points.
Nested design sampling strategy generates HF data points as a subset
of LF data points or LF points as a superset of HF data points. It was
initially developed as a space-fillingmethod for generating additional
data sets to complement the existing one using a criterion. For
example, Ref. [92] used three optimality criteria: maximin distance
criterion, entropy criterion, and centered L2 discrepancy criterion.
The union of the original sampling points and the additional ones

becomes the sampling points for a surrogate built using LF samples,
while the additional subset is used for the construction of a surrogate
using HF samples [70]. Reference [93] proposes nested design
sampling for categorical andmixed factors. Reference [94] compared
nested and nonnested design sampling to explore their respective
effects on modeling accuracy.

Table 2 Optimization cost, savings, and accuracy report given in [15]
as a model for authors

Property Value Comments

Cost LF/cost HF 0.07 LF � Euler,
HF � RANS

Error LF 0.18 HF � 23315 points,
LF � 6982 points

Cost MF Opt./cost HF
Opt.

MF0 � 0.13,
MF1 � 0.36

MF0 � 1HF� 17LF,
MF1 � 5HF� 17LF

Objective function
increase

MF0 � 5.47%,
MF1 � 0.37%

w.r.t. the HF Opt.

It was reported that a single HF analysis costs 15 times the cost of an LF analysis. The LF
model error is about 18% compared with the HF model. The optimization time was
reduced by 87%with a performance of 95.5% for MF0, and by 64% with a performance
of 99.6% for MF1. The overall design was improved by 30%.
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Having theHFdata points as a subset of theLFdata pointsmakes the
parameter estimation easier for methods that build a discrepancy
function. A discrepancy function is an additive correction constructed
using the relationship between LF and HF data points to estimate the
HF response. If they are not a subset, the parameter estimation of the
discrepancy function becomes dependent on the parameter deter-
mination of the LF surrogate. For instance, co-kriging method models
uncertainties using a Gaussian process for both the LF surrogate and
the discrepancy function. If the design of experiments satisfies the
nested sampling condition, parameters of each Gaussian process
model can be estimated separately. Nevertheless, this is not valid for
every MF surrogate and, for example, sampling points for Bayesian
calibration cannot satisfy the nested condition. However, if we
consider only the use of MF surrogate for combining computer

simulation results, we can control the input settings of simulations and
therefore satisfy the nested condition.
There are multiple nested designs choices; one possibility is to

first generate the design of experiments for the LF model and then
select a subset using some criterion. This method is used in [23],
where they generated 2107 points in 29-dimensional space using a
small composite design for the LF sampling points and then they
selected 101 HF sampling points using D-optimality criterion. It is
also possible to take the opposite method and generate LF points as
a superset of the HF data points.
Reference [95] generated independently the LF and HF

sampling points, and then the LF nearest point to each HF point
was moved on top of their corresponding nearest neighbor, as
illustrated in Fig. A3. This method is usually called nearest

Fig. A2 Nested sampling design. LF data points (blue bubbles) are placed first and then, using D-optimal design, the HF ones (orange bubbles) are
selected.

Fig. A1 Full factorial design and central composite design sampling strategies.

Fig. A3 Nearest neighbor sampling. HF data points (blue bubbles) and low-fidelity model LF data points (orange bubbles) are sampled independently,
and then the LF nearest neighbor data point to each HF data point is moved on top of it (black bubbles).
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neighbor sampling. Other MF sampling technique inspired in [95]
is the one proposed by [96].
Adaptive sampling methods are strategies used to reduce the

number of simulations required to construct a model with a specified
accuracy using effective interpolation and sampling methods. These
methods are widely applied nowadays, and different ones can be
found in the literature. In particular [97] compared two adaptive
sampling strategies for generating kriging and radial basis surrogates.
They found that both perform better than traditional space filling
methods.
It has recently become popular to use LFmodels and reduced order

methods in local searches of parameter space for optimal placement
of new design points as we can see in [98,99].

Appendix B: Some Statistics About Multifidelity
Model Papers

A large variety of papers that implement MF surrogates were
reviewed; we classified them based on six attributes. The attributes
are the application, the fidelity type, the method used to construct the
MF surrogate, the year published, the paper field, and the surrogate
used. Figure B1 gives the reader a sense of how the literature
reviewed is distributed throughout the attributes. The six attributes
are described as follows:

1) Application refers to the kind of problem solved using
MF surrogates. We found three main applications: optimization,
uncertainty quantification (UQ), and optimization under uncertainty.
None refers to the papers that describe a generic procedure without
any application.
2) Types of fidelity refers to the nature of the fidelity. Discussed

further in Sec. B.1.
3) Method refers to the criterion used to fit the data in the MF

surrogate construction (deterministic method, DM, and non-
deterministic method, NDM). None refers to papers that use an MF
hierarchical method where no MF surrogate is constructed.
4) Year published refers to the year when the paper was released.
5) Field refers to the area of the problem solved in the paper. We

found that the most common fields are fluid mechanics and solid
mechanics.
6) Surrogate refers to the surrogate used to construct the MF

surrogate. None represents the papers that use an MF hierarchical
method without constructing an MF surrogate.

B.1. Types of fidelity

In the literature reviewed, we found that the different types of
fidelities are commonly associated with four principal categories:

None

14%

UQ

18%

Optimization
under Uncertainty

9%

Optimization

59%

HFM vs.
Surrogate

4%

Sim + Exp 
6%

Others

11%

Numerical
Models

12%
Numerical
Solution
Accuracy

28%

Physics

39%

DM

39%

NDM

34%

None

27%

1999-1993
2%

1994-1998
10%

1999-2003

8%

2004-2008

18%

2009-2013
29%

2014-2018

33%

Fluid
Mechanics

50%

Solid
Mechanics

25%

Other

13%

None12%

Response
Surface

31%

Kriging
Co-Kriging

GP

30%

None

26%

Others
13%

a) Application

c) Method

e) Field f) Surrogate

d) Year published

b) Types of fidelity

Fig. B1 Proportion of different attributes considered in the MF model papers reviewed; the charts are based on 178 papers.
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1) Physics: Simplifying the mathematical model of the physical
reality, typically changing the differential equations being solved.
For example, modeling a flow using Euler inviscid equations
corresponds to a lower-fidelity model, and modeling the flow
using RANS equations corresponds to a higher-fidelity model
and by introducing turbulent effects. Alternatively, the lower
fidelity can represent a simplification of the numerical model.
Examples include linearization by simplifying the geometry
so that the dimensionality of the problem can be reduced,
and simplifying the boundary conditions to allow a simpler
solution.
2) Numerical Solution Accuracy: Changing the discretization

model, such as using lower grid discretization or partially converged
results as the LF model.
3) Numerical Models: Same physical model and assumptions are

used but something in the way that the results are computed changes
(e.g., 2DRANS simulations as LFmodel vs 3DRANS simulations as
HF model).
4) Simulation and Experiments: Using experimental results. In this

case, experiments are considered the highest fidelity.
In fluid mechanics the main models found were analytical

expressions, empirical relations, linear approximations, poten-
tial flow, Euler, RANS, and direct numerical simulations.
Table B1 shows papers that use these models as LF models and
HF models.
Table B2 includes extra categories found in fluid mechanics:

dimensionality (e.g., 2D/3D), coarse vs refined analysis, simulations
vs experiments, transient vs steady, and semiconverged vs converged
solutions.
Other models that are not included in Table B1 or

Table B2 are:
1) Simplifying physics found in [152], where an earth penetrator

problem is simplified by assuming a rigid penetrator.
2) In [153], where the physics are simplified by assuming constant

instead of variable material properties.
3) In [147] where the LF model is a RANS simulation with

simplified geometry and the HF model is a RANS simulation with
full geometry.
4) In [154], where the fidelity distinction is based on the number of

Monte Carlo samples to be combined.
In solid mechanics the main models found were analytical

expressions, empirical relations, numerical linear approximations,
numerical nonlinear approximations, and coarse vs refined
analysis.
Table B3 shows papers that use thesemodels as LFmodels and HF

models. Other models not included in Table B3 are found in [155],
where LF models and HF models are isothermal and nonisothermal
analysis, respectively.
Table B4 includes additional models found in solid mechanics,

including dimensionality (e.g., 2D/3D), coarse vs refined, simulations
vs experiments, and boundary condition simplification (e.g., infinite
plate vs finite plate).

We also reviewed some papers whose field was not fluid or solid
mechanics; these papers are listed below:
1) In electronics the most common method is coarse vs refined

analysis [173–175], although [42] used steady vs transient models.
Reference [176] used as HF an electromagnetic simulation model,
while the LF is an analytical expression.
2) In robotics, in [177], the fidelities corresponded to complexity

determined by resources available to the robot.
3) Some of the papers test their methods using mathematical

functions, and there is not an application to a particular field. For
example, analytical function vs analytical approximations of the
function are shown in [3,45,95,98,99,178–180].

Table B1 Fluid mechanics–oriented papers per LF model and HF
model used

Reference Fidelity type

An Em Li PF Eu RANS DNS

[100,101] LF/HF — — —— — — — — ——

[29,35] LF — — HF —— — — — — ——

[1,10,102–105] —— LF HF —— — — ——

[7,106–108] —— LF —— —— — — HF ——

[21,27,41,109–114] —— — — LF —— HF — — ——

[94,115–118] LF HF ——

[4,16,119,120] —— — — —— LF — — HF ——

[15,46,121–125] —— — — —— LF HF ——

[5,126] —— LF —— — — — — HF

An, analytical; DNS, direct numerical simulations; Em, empirical; Eu, Euler; Li, linear;
PF, potential flow; RANS, Reynolds-averaged Navier–Stokes.

Table B2 Fluid mechanics–oriented papers by LF model and HF
model used

Fidelity type Reference

Dimensionality [10] 2D/3D Eu, [127] 1D/3D RANS+TM, [4] 2D/3D
URANS, [128] 2D/3D, [14] 1D/2D RANS, [129]
1D/2D Li, [130] 1D/3D RANS, [131] 1D/3D RANS,
[6] 1D,2D/3D RANS

Coarse/refined [66] Eu, [132] RANS, [133] Eu, [115] Eu, [31] Li/Eu,
[134] Li, [8] RANS, [135] MFF, [136] MHD, [137] Eu,
[17], Eu[138] Eu, [139] Eu, [140] RANS, [141] OB,
[142] RANS, [143] RANS, [144] RANS, [145]
Eu/RANS, [146] RSM

Exp./Sim. [47] Euler/MHD, [147] PF/Em, [148] RANS, [149]
RANS

Semiconverged/
converged

[8] RANS, [17] Eu, [150] Eu

Steady/transient [61] AE, [151] Eu, [12] RANS, [144] TM

The categories are dimensionality (e.g., 2D/3D), coarse vs refined analysis, simulations vs
experiments, transient vs steady, and semiconverged vs converged solutions. The physical
model used by each paper was also assigned where AE, aeroelastic equations; Em,
empirical; Eu, Euler; Li, linear; MFF, multiphase flow; MHD, magnetohydrodynamics;
OB, Oberbeck–Boussinesq equations; PF, potential flow; RANS, Reynolds-averaged
Navier–Stokes; RSM, Reynolds stress model; TM, thermomechanical equations; TM,
turbulence method; URANS, unsteady RANS.

Table B3 Solid mechanics–oriented papers
per type of analysis used to determine fidelity

Reference Fidelity type

An Em Li NL

[32] LF —— HF ——

[22,30] —— LF HF ——

[22] —— LF — — HF
[114,156–162] —— —— LF HF

An, analytical; Em, empirical; Li, linear; NL: nonlinear.

Table B4 Solid mechanics–oriented papers per type of fidelity used

besides analysis type

Fidelity type Reference

Dimensionality [163] 1D/2D Li, [164] 1D/3D, [165] 2D/3D, [25] 2D/3D
Li, [33] 2D/3D Li, [166] 2D/3D NL

Coarse/refined [23] Li, [9] NL, [167] Li, [168] NL, [20] Li, [44] Li, [169]
Li, [34] NL, [62] NL, [170] Li, [59] Li, [60] Li

Exp./Sim. [171] Li
Boundary
conditions

[26] Li, [172] Li

The categories are dimensionality (e.g., 2D/3D), coarse vs refined and boundary
condition simplification (e.g., infinite plate vs finite plate). Themodel used by each paper
was also assigned, where Li, linear; NL, nonlinear.
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4) In the category of methods for uncertainty analyses with no
application to a field in particular, we found [40,85,181–183]. In
[15,182] the types of fidelity were less and more accurate uncertainty
analysis. In [85] LFmodels were used to aid in the construction of the
biasing distribution for importance sampling, and a small number of
HF samples are used to get an unbiased estimate. Reference [183]
employed an iterative method that used LF surrogates for
approximating coupling variables and adaptive sampling of the HF
system to refine the surrogates in order to maintain a similar level of
accuracy as uncertainty propagation using the coupled HF multi-
disciplinary system.

Acknowledgments

This work was supported by the Center for Compressible
Multiphase Turbulence, the U.S. Department of Energy, National
Nuclear SecurityAdministration,AdvancedSimulation andComputing
Program, as a Cooperative Agreement under the Predictive Science
Academic Alliance Program, under Contract No. DE-NA0002378. The
authors of this work would like to thank all the cited authors who
contributed to ensure that their papers are correctly included in this
review.Wewould also like to thank our colleague Frederick Ouellet for
his valuable suggestions and assistance in the final stages of the setting
up of this paper.

References

[1] Forrester, A. I., Sóbester, A., and Keane, A. J., “Multi-Fidelity
Optimization via Surrogate Modelling,” Proceedings of the Royal
Society of London A: Mathematical, Physical and Engineering
Sciences, Vol. 463, No. 2088, 2007, pp. 3251–3269.
doi:10.1098/rspa.2007.1900

[2] Viana, F. A., Simpson, T. W., Balabanov, V., and Toropov, V., “Special
Section on Multidisciplinary Design Optimization: Metamodeling in
Multidisciplinary Design Optimization: How Far Have We Really
Come?” AIAA Journal, Vol. 52, No. 4, 2014, pp. 670–690.
doi:10.2514/1.J052375

[3] Ng, L. W.-T., and Eldred, M., “Multifidelity Uncertainty Quantifi-
cation Using Non-Intrusive Polynomial Chaos and Stochastic
Collocation,” 53rd AIAA/ASME/ASCE/AHS/ASC Structures, Struc-
tural Dynamics and Materials Conference, Structures, Structural
Dynamics, and Materials and Co-Located Conferences, AIAA Paper
2012-1852, 2012.
doi:10.2514/6.2012-1852

[4] Kandasamy,M.,Peri,D.,Ooi, S.K.,Carrica,P.,Stern, F.,Campana,E.F.,
Osborne, P., Cote, J., Macdonald, N., and de Waal, N., “Multi-Fidelity
Optimization of a High-Speed Foil-Assisted Semi-Planing Catamaran
for Low Wake,” Journal of Marine Science and Technology, Vol. 16,
No. 2, 2011, pp. 143–156.
doi:10.1007/s00773-011-0119-0

[5] Perdikaris, P., Raissi, M., Damianou, A., Lawrence, N. D., and
Karniadakis, G. E., “Nonlinear Information Fusion Algorithms for
Data-Efficient Multi-Fidelity Modelling,” Proceedings of the Royal
Society of London A: Mathematical, Physical and Engineering
Sciences, Vol. 473, No. 2198, 2017.
doi:10.1098/rspa.2016.0751

[6] Zou, Z., Liu, J., Zhang, W., and Wang, P., “Shroud Leakage Flow
Models and aMulti-DimensionalCouplingCFD (Computational Fluid
Dynamics) Method for Shrouded Turbines,” Energy, Vol. 103, May
2016, pp. 410–429.
doi:10.1016/j.energy.2016.02.070

[7] Minisci, E., and Vasile, M., “Robust Design of a Reentry Unmanned
Space Vehicle by Multifidelity Evolution Control,” AIAA Journal,
Vol. 51, No. 6, 2013, pp. 1284–1295.
doi:10.2514/1.J051573

[8] Jonsson, I. M., Leifsson, L., Koziel, S., Tesfahunegn, Y. A., and
Bekasiewicz,A., “ShapeOptimization of Trawl-DoorsUsingVariable-
fidelity Models and Space Mapping,” Procedia Computer Science,
Vol. 51, Jan. 2015, pp. 905–913.
doi:10.1016/j.procs.2015.05.223

[9] Biehler, J., Gee,M.W., andWall,W.A., “Towards Efficient Uncertainty
Quantification in Complex and Large-Scale Biomechanical Problems
Based on a Bayesian Multi-Fidelity Scheme,” Biomechanics and
Modeling in Mechanobiology, Vol. 14, No. 3, 2015, pp. 489–513.
doi:10.1007/s10237-014-0618-0

[10] Forrester, A. I., Bressloff, N.W., and Keane, A. J., “Optimization Using
Surrogate Models and Partially Converged Computational Fluid
Dynamics Simulations,” Proceedings of the Royal Society of London A:
Mathematical, Physical and Engineering Sciences, Vol. 462, No. 2071,
2006, pp. 2177–2204.
doi:10.1098/rspa.2006.1679

[11] Zhang,Y., Schutte, J. F., Seneviratne,W.P.,Kim,N.H., andHaftka,R.T.,
“Sampling by Exploration and Replication for Estimating Experimental
Strength of Composite Structures,”AIAA Journal, Vol. 55, No. 10, 2017,
pp. 3594–3602.
doi:10.2514/1.J055862

[12] Guo, Z., Song, L., Park, C., Li, J., and Haftka, R. T., “Analysis of
Dataset Selection forMulti-Fidelity Surrogates for a TurbineProblem,”
Structural and Multidisciplinary Optimization, Vol. 57, No. 6, 2018,
pp. 2127–2142.
doi:10.1007/s00158-018-2001-8

[13] Giunta, A. A., Narducci, R., Burgee, S., Grossman, B., Mason, W. H.,
Watson, L. T., and Haftka, R. T., “Variable-Complexity Response
Surface Aerodynamic Design of an HSCT Wing,” 13th AIAA Applied
Aerodynamics Conference, AIAA Paper 1995-1886, 1995.
doi:10.2514/6.1995-1886

[14] Qian, P. Z., and Wu, C. J., “Bayesian Hierarchical Modeling for
Integrating Low-Accuracy and High-Accuracy Experiments,” Techno-
metrics, Vol. 50, No. 2, 2008, pp. 192–204.
doi:10.1198/004017008000000082

[15] Padron,A. S., Alonso, J. J., andEldred,M. S., “Multi-FidelityMethods
in Aerodynamic Robust Optimization,” 18th AIAA Non-Deterministic
Approaches Conference, AIAA Paper 2016-0680, 2016.
doi:10.2514/6.2016-0680

[16] Nelson, A., Alonso, J., and Pulliam, T., “Multi-Fidelity Aerodynamic
Optimization Using Treed Meta-Models,” 25th AIAA Applied Aero-
dynamics Conference, AIAA Paper 2007-4057, 2007.
doi:10.2514/6.2007-4057

[17] Koziel, S., and Leifsson, L., “Multi-Level CFD-Based Airfoil Shape
OptimizationwithAutomatedLow-FidelityModel Selection,”Procedia
Computer Science, Vol. 18, Jan. 2013, pp. 889–898.
doi:10.1016/j.procs.2013.05.254

[18] Simpson, T.W., Poplinski, J.,Koch, P.N., andAllen, J.K., “Metamodels
for Computer-Based Engineering Design: Survey and Recommenda-
tions,” Engineering with Computers, Vol. 17, No. 2, 2001, pp. 129–150.
doi:10.1007/PL00007198

[19] Peherstorfer, B., Willcox, K., and Gunzburger, M., “Survey of
Multifidelity Methods in Uncertainty Propagation, Inference, and
Optimization,” SIAM Review, Vol. 60, No. 3, 2018, pp. 550–591.
doi:10.1137/16M1082469

[20] Chang, K. J., Haftka, R. T., Giles, G. L., and Kao, I.-J., “Sensitivity-
Based Scaling for Approximating Structural Response,” Journal of
Aircraft, Vol. 30, No. 2, 1993, pp. 283–288.
doi:10.2514/3.48278

[21] Burgee, S. L., Watson, L. T., Giunta, A., Grossman, B., Haftka, R. T.,
and Mason, W. H., “Parallel Multipoint Variable-Complexity
Approximations for Multidisciplinary Optimization,” Scalable High-
Performance Computing Conference, IEEE Publ., Piscataway, NJ,
1994, pp. 734–740.
doi:10.1109/SHPCC.1994.296714

[22] Venkataraman,S.,Haftka,R., and Johnson,T., “DesignofShell Structures
for Buckling Using Correction Response Surface Approximations,” 7th
AIAA/USAF/NASA/ISSMO Symposium on Multidisciplinary Analysis
and Optimization, AIAA Paper 1998-4855, 1998.
doi:10.2514/6.1998-4855

[23] Balabanov,V.,Haftka, R. T., Grossman,B.,Mason,W.H., andWatson,
L. T., “Multifidelity Response SurfaceModel for HSCTWingBending
Material Weight,” Proceedings of 7th AIAA/USAF/NASA/ISSMO
Symposium on Multidisiplinary Analysis and Optimization, AIAA
Paper 1998-4804, 1998.
doi:10.2514/6.1998-4804

[24] Balabanov, V. O., Giunta, A. A., Golovidov, O., Grossman, B., Mason,
W. H., Watson, L. T., and Haftka, R. T., “Reasonable Design Space
Approach to Response Surface Approximation,” Journal of Aircraft,
Vol. 36, No. 1, 1999, pp. 308–315.
doi:10.2514/2.2438

[25] Mason,B.H.,Haftka, R. T., Johnson, E. R., and Farley,G. L., “Variable
Complexity Design of Composite Fuselage Frames by Response
Surface Techniques,” Thin-Walled Structures, Vol. 32, No. 4, 1998,
pp. 235–261.
doi:10.1016/S0263-8231(98)00016-0

[26] Vitali, R.,Haftka,R.T., andSankar, B.V., “CorrectionResponseSurface
Approximations for Stress Intensity Factors of a Composite Stiffened
Plate,” 39th AIAA/ASME/ASCE/AHS/ASC Structural Dynamics, and

FERNÁNDEZ-GODINO ETAL. 2049

D
ow

nl
oa

de
d 

by
 L

O
S 

A
L

A
M

O
S 

N
A

T
IO

N
A

L
 L

A
B

O
R

A
T

O
R

Y
 o

n 
M

ay
 2

, 2
01

9 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/1
.J

05
77

50
 

http://dx.doi.org/10.1098/rspa.2007.1900
http://dx.doi.org/10.1098/rspa.2007.1900
http://dx.doi.org/10.1098/rspa.2007.1900
http://dx.doi.org/10.1098/rspa.2007.1900
http://dx.doi.org/10.2514/1.J052375
http://dx.doi.org/10.2514/1.J052375
http://dx.doi.org/10.2514/1.J052375
http://dx.doi.org/10.2514/6.2012-1852
http://dx.doi.org/10.2514/6.2012-1852
http://dx.doi.org/10.2514/6.2012-1852
http://dx.doi.org/10.1007/s00773-011-0119-0
http://dx.doi.org/10.1007/s00773-011-0119-0
http://dx.doi.org/10.1098/rspa.2016.0751
http://dx.doi.org/10.1098/rspa.2016.0751
http://dx.doi.org/10.1098/rspa.2016.0751
http://dx.doi.org/10.1098/rspa.2016.0751
http://dx.doi.org/10.1016/j.energy.2016.02.070
http://dx.doi.org/10.1016/j.energy.2016.02.070
http://dx.doi.org/10.1016/j.energy.2016.02.070
http://dx.doi.org/10.1016/j.energy.2016.02.070
http://dx.doi.org/10.1016/j.energy.2016.02.070
http://dx.doi.org/10.1016/j.energy.2016.02.070
http://dx.doi.org/10.2514/1.J051573
http://dx.doi.org/10.2514/1.J051573
http://dx.doi.org/10.2514/1.J051573
http://dx.doi.org/10.1016/j.procs.2015.05.223
http://dx.doi.org/10.1016/j.procs.2015.05.223
http://dx.doi.org/10.1016/j.procs.2015.05.223
http://dx.doi.org/10.1016/j.procs.2015.05.223
http://dx.doi.org/10.1016/j.procs.2015.05.223
http://dx.doi.org/10.1016/j.procs.2015.05.223
http://dx.doi.org/10.1007/s10237-014-0618-0
http://dx.doi.org/10.1007/s10237-014-0618-0
http://dx.doi.org/10.1098/rspa.2006.1679
http://dx.doi.org/10.1098/rspa.2006.1679
http://dx.doi.org/10.1098/rspa.2006.1679
http://dx.doi.org/10.1098/rspa.2006.1679
http://dx.doi.org/10.2514/1.J055862
http://dx.doi.org/10.2514/1.J055862
http://dx.doi.org/10.2514/1.J055862
http://dx.doi.org/10.1007/s00158-018-2001-8
http://dx.doi.org/10.1007/s00158-018-2001-8
http://dx.doi.org/10.2514/6.1995-1886
http://dx.doi.org/10.2514/6.1995-1886
http://dx.doi.org/10.2514/6.1995-1886
http://dx.doi.org/10.1198/004017008000000082
http://dx.doi.org/10.1198/004017008000000082
http://dx.doi.org/10.2514/6.2016-0680
http://dx.doi.org/10.2514/6.2016-0680
http://dx.doi.org/10.2514/6.2016-0680
http://dx.doi.org/10.2514/6.2007-4057
http://dx.doi.org/10.2514/6.2007-4057
http://dx.doi.org/10.2514/6.2007-4057
http://dx.doi.org/10.1016/j.procs.2013.05.254
http://dx.doi.org/10.1016/j.procs.2013.05.254
http://dx.doi.org/10.1016/j.procs.2013.05.254
http://dx.doi.org/10.1016/j.procs.2013.05.254
http://dx.doi.org/10.1016/j.procs.2013.05.254
http://dx.doi.org/10.1016/j.procs.2013.05.254
http://dx.doi.org/10.1007/PL00007198
http://dx.doi.org/10.1007/PL00007198
http://dx.doi.org/10.1137/16M1082469
http://dx.doi.org/10.1137/16M1082469
http://dx.doi.org/10.2514/3.48278
http://dx.doi.org/10.2514/3.48278
http://dx.doi.org/10.2514/3.48278
http://dx.doi.org/10.1109/SHPCC.1994.296714
http://dx.doi.org/10.1109/SHPCC.1994.296714
http://dx.doi.org/10.1109/SHPCC.1994.296714
http://dx.doi.org/10.1109/SHPCC.1994.296714
http://dx.doi.org/10.2514/6.1998-4855
http://dx.doi.org/10.2514/6.1998-4855
http://dx.doi.org/10.2514/6.1998-4855
http://dx.doi.org/10.2514/6.1998-4804
http://dx.doi.org/10.2514/6.1998-4804
http://dx.doi.org/10.2514/6.1998-4804
http://dx.doi.org/10.2514/2.2438
http://dx.doi.org/10.2514/2.2438
http://dx.doi.org/10.2514/2.2438
http://dx.doi.org/10.1016/S0263-8231(98)00016-0
http://dx.doi.org/10.1016/S0263-8231(98)00016-0


Materials Conference, AIAA Paper 1998-2047, 1998.
doi:10.2514/6.1998-2047

[27] Knill, D. L., Giunta, A. A., Baker, C. A., Grossman, B., Mason,
W. H., Haftka, R. T., and Watson, L. T., “Response Surface Models
Combining Linear and Euler Aerodynamics for Supersonic
Transport Design,” Journal of Aircraft, Vol. 36, No. 1, 1999,
pp. 75–86.
doi:10.2514/2.2415

[28] Vitali, R., Haftka, R. T., and Sankar, B. V., “Multi-Fidelity Design of
Stiffened Composite Panel with a Crack,” Structural and Multi-
disciplinary Optimization, Vol. 23, No. 5, 2002, pp. 347–356.
doi:10.1007/s00158-002-0195-1

[29] Umakant, J., Sudhakar, K., Mujumdar, P., and Rao, C. R., “Ranking
Based Uncertainty Quantification for aMultifidelity Design Approach,”
Journal of Aircraft, Vol. 44, No. 2, 2007, pp. 410–419.
doi:10.2514/1.22424

[30] Venkataraman, S., “Reliability Optimization Using Probabilistic
Sufficiency Factor and Correction Response Surface,” Engineering
Optimization, Vol. 38, No. 6, 2006, pp. 671–685.
doi:10.1080/03052150600711190

[31] Choi, S., Alonso, J. J., Kroo, I. M., and Wintzer, M., “Multifidelity
Design Optimization of Low-Boom Supersonic Jets,” Journal of
Aircraft, Vol. 45, No. 1, 2008, pp. 106–118.
doi:10.2514/1.28948

[32] Sharma,A., Gogu,C.,Martinez,O.A., Sankar, B.V., andHaftka, R. T.,
“Multi-Fidelity Design of an Integrated Thermal Protection System for
Spacecraft Reentry,” 49th AIAA/ASME/ASCE/AHS/ASC Structures,
Structural Dynamics, and Materials Conference, AIAA Paper 2008-
2062, 2008.
doi:10.2514/6.2008-2062

[33] Sharma, A., Sankar, B. V., and Haftka, R. T., “Multi-Fidelity Analysis
of Corrugated-Core Sandwich Panels for Integrated Thermal
Protection Systems,” 50th AIAA/ASME/ASCE/AHS/ASC Structures,
Structural Dynamics, and Materials Conference, AIAA Paper 2009-
2201, 2009.
doi:10.2514/6.2009-2201

[34] Sun, G., Li, G., Stone, M., and Li, Q., “A Two-Stage Multi-Fidelity
Optimization Procedure for Honeycomb-Type Cellular Materials,”
Computational Materials Science, Vol. 49, No. 3, 2010, pp. 500–511.
doi:10.1016/j.commatsci.2010.05.041

[35] Goldsmith, M., Sankar, B., Haftka, R., and Goldberg, R., “Effects of
Microstructural Variability on the Mechanical Properties of Ceramic
Matrix Composites,” American Society for Composites 26th Technical
Conference, 2011.
doi:10.1177/0021998313519151

[36] Chen, R., Xu, J., Zhang, S., Chen, C.-H., and Lee, L. H., “An Effective
Learning Procedure for Multi-Fidelity Simulation Optimization with
Ordinal Transformation,”Automation Science andEngineering (CASE),
2015 IEEE International Conference on, IEEE Publ., Piscataway, NJ,
2015, pp. 702–707.
doi:10.1109/CoASE.2015.7294163

[37] Ghanem,R., and Spanos, P. D., “PolynomialChaos in Stochastic Finite
Elements,” Journal of Applied Mechanics, Vol. 57, No. 1, 1990,
pp. 197–202.
doi:10.1115/1.2888303

[38] Sakamoto, S., and Ghanem, R., “Polynomial Chaos Decomposition
for the Simulation of Non-Gaussian Nonstationary Stochastic
Processes,” Journal of Engineering Mechanics, Vol. 128, No. 2,
2002, pp. 190–201.
doi:10.1061/(ASCE)0733-9399(2002)128:2(190)

[39] Xiu,D., andKarniadakis, G. E., “TheWiener–Askey Polynomial Chaos
for Stochastic Differential Equations,” SIAM Journal on Scientific
Computing, Vol. 24, No. 2, 2002, pp. 619–644.
doi:10.1137/S1064827501387826

[40] Eldred,M., “Recent Advances inNon-Intrusive Polynomial Chaos and
Stochastic CollocationMethods forUncertaintyAnalysis andDesign,”
50th AIAA/ASME/ASCE/AHS/ASC Structures, Structural Dynamics,
and Materials Conference, AIAA Paper 2009-2274, 2009.
doi:10.2514/6.2009-2274

[41] Padrón, A. S., Alonso, J. J., Palacios, F., Barone,M., and Eldred,M. S.,
“Multi-Fidelity Uncertainty Quantification: Application to a Vertical
Axis Wind Turbine Under an Extreme Gust,” 15th AIAA/ISSMO
Multidisciplinary Analysis andOptimization Conference, AIAAPaper
2014-3013, 2014.
doi:10.2514/6.2014-3013

[42] Absi, G. N., andMahadevan, S., “Multi-Fidelity Approach to Dynamics
Model Calibration,” Mechanical Systems and Signal Processing,
Vol. 68, Feb. 2016, pp. 189–206.
doi:10.1016/j.ymssp.2015.07.019

[43] Queipo, N. V., Haftka, R. T., Shyy,W., Goel, T., Vaidyanathan, R., and
Tucker, P. K., “Surrogate-BasedAnalysis andOptimization,”Progress
in Aerospace Sciences, Vol. 41, No. 1, 2005, pp. 1–28.
doi:10.1016/j.paerosci.2005.02.001

[44] Leary, S., Bhaskar, A., and Keane, A., “Method of Generating a
Multifidelity Model of a System,” U.S. Patent App. 10/608,042,
June 2003.

[45] Goh, J., Bingham, D., Holloway, J. P., Grosskopf, M. J., Kuranz, C. C.,
and Rutter, E., “Prediction and Computer Model Calibration Using
Outputs fromMultifidelity Simulators,” Technometrics, Vol. 55, No. 4,
2013, pp. 501–512.
doi:10.1080/00401706.2013.838910

[46] Huang, L., Gao, Z., and Zhang, D., “Research on Multi-Fidelity
Aerodynamic OptimizationMethods,” Chinese Journal of Aeronautics,
Vol. 26, No. 2, 2013, pp. 279–286.
doi:10.1016/j.cja.2013.02.004

[47] Fidkowski, K., “Quantifying Uncertainties in Radiation Hydro-
dynamics Models,” Tech. Rept. STO-AVT-235, University of
Michigan, Ann Arbor, Michigan, 2014.

[48] Myers, D. E., “Matrix Formulation of Co-Kriging,” Mathematical
Geology, Vol. 14, No. 3, 1982, pp. 249–257.
doi:10.1007/BF01032887

[49] Cressie, N., Statistics for Spatial Data:Wiley Series in Probability and
Statistics, Wiley, New York, 1993, pp. 138–142.
doi:10.1002/9781119115151

[50] Chung, H. S., and Alonso, J., “Design of a Low-Boom Supersonic
Business Jet Using Cokriging Approximation Models,” 9th AIAA/
ISSMO Symposium on Multidisciplinary Analysis and Optimization,
AIAA Paper 2002-5598, 2002.
doi:10.2514/6.2004-1758

[51] Forrester, A., Sobester, A., and Keane, A., Engineering Design via
SurrogateModelling: A PracticalGuide,Wiley, TheAtrium, Southern
Gate, Chichester, 2008, Chap. 8.

[52] Yamazaki,W., Rumpfkeil, M., andMavriplis, D., “DesignOptimization
Utilizing Gradient/Hessian Enhanced Surrogate Model,” 28th AIAA
Applied Aerodynamics Conference, AIAA Paper 2010-4363, 2010.
doi:10.2514/6.2010-4363

[53] Han, Z.-H., Zhang, Y., Song, C.-X., and Zhang, K.-S., “Weighted
Gradient-Enhanced Kriging for High-Dimensional Surrogate Modeling
and Design Optimization,” AIAA Journal, Vol. 55, No. 12, 2017,
pp. 4330–4346.
doi:10.2514/1.J055842

[54] Laurenceau, J., and Sagaut, P., “Building Efficient Response Surfaces
of Aerodynamic Functions with Kriging and Cokriging,” AIAA
Journal, Vol. 46, No. 2, 2008, pp. 498–507.
doi:10.2514/1.32308

[55] Lancaster, P., and Salkauskas, K., “SurfacesGenerated byMoving Least
Squares Methods,” Mathematics of Computation, Vol. 37, No. 155,
1981, pp. 141–158.
doi:10.1090/S0025-5718-1981-0616367-1

[56] Levin, D., “The Approximation Power of Moving Least-Squares,”
Mathematics of Computation of the American Mathematical Society,
Vol. 67, No. 224, 1998, pp. 1517–1531.
doi:10.1090/S0025-5718-98-00974-0

[57] Aitken, A. C., “On Least Squares and Linear Combination of
Observations,”Proceedings of theRoyal Society of Edinburgh, Vol. 55,
1936, pp. 42–48.
doi:10.1017/S0370164600014346

[58] Toropov, V. V., Van Keulen, F., Markine, V. L., and Alvarez, L. F.,
“Multipoint Approximations Based on Response Surface Fitting: A
Summary of Recent Developments,” 1st ASMO UK/ISSMO Conference
onEngineeringDesignOptimization, Ilkley,WestYorkshire,U.K., 1999,
pp. 371–381.

[59] Zadeh, P. M., and Toropov, V. V., “Multi-Fidelity Multidisciplinary
Design Optimization Based on Collaborative Optimization Frame-
work,” 9th AIAA/ISSMO Symposium Multidisciplinary Analysis and
Optimization, AIAA Paper 2002-5504, 2002.
doi:10.2514/6.2002-5504

[60] Zadeh, P. M., Toropov, V. V., and Wood, A. S., “Use of Moving Least
Squares Method in Collaborative Optimization,” 6th World Congresses
of Structural and Multidisciplinary Optimization, 2005, https://pdfs.
semanticscholar.org/1cce/fe151224a27de7c000da1b34e2f6c086f031.
pdf.

[61] Berci, M., Gaskell, P., Hewson, R., and Toropov, V., “Multifidelity
Metamodel Building as a Route to Aeroelastic Optimization of Flexible
Wings,”Proceedings of the Institution ofMechanical Engineers, PartC:
Journal of Mechanical Engineering Science, Vol. 225, No. 9, 2011,
pp. 2115–2137.
doi:10.1177/0954406211403549

2050 FERNÁNDEZ-GODINO ETAL.

D
ow

nl
oa

de
d 

by
 L

O
S 

A
L

A
M

O
S 

N
A

T
IO

N
A

L
 L

A
B

O
R

A
T

O
R

Y
 o

n 
M

ay
 2

, 2
01

9 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/1
.J

05
77

50
 

http://dx.doi.org/10.2514/6.1998-2047
http://dx.doi.org/10.2514/6.1998-2047
http://dx.doi.org/10.2514/6.1998-2047
http://dx.doi.org/10.2514/2.2415
http://dx.doi.org/10.2514/2.2415
http://dx.doi.org/10.2514/2.2415
http://dx.doi.org/10.1007/s00158-002-0195-1
http://dx.doi.org/10.1007/s00158-002-0195-1
http://dx.doi.org/10.2514/1.22424
http://dx.doi.org/10.2514/1.22424
http://dx.doi.org/10.2514/1.22424
http://dx.doi.org/10.1080/03052150600711190
http://dx.doi.org/10.1080/03052150600711190
http://dx.doi.org/10.2514/1.28948
http://dx.doi.org/10.2514/1.28948
http://dx.doi.org/10.2514/1.28948
http://dx.doi.org/10.2514/6.2008-2062
http://dx.doi.org/10.2514/6.2008-2062
http://dx.doi.org/10.2514/6.2008-2062
http://dx.doi.org/10.2514/6.2009-2201
http://dx.doi.org/10.2514/6.2009-2201
http://dx.doi.org/10.2514/6.2009-2201
http://dx.doi.org/10.1016/j.commatsci.2010.05.041
http://dx.doi.org/10.1016/j.commatsci.2010.05.041
http://dx.doi.org/10.1016/j.commatsci.2010.05.041
http://dx.doi.org/10.1016/j.commatsci.2010.05.041
http://dx.doi.org/10.1016/j.commatsci.2010.05.041
http://dx.doi.org/10.1016/j.commatsci.2010.05.041
http://dx.doi.org/10.1177/0021998313519151
http://dx.doi.org/10.1177/0021998313519151
http://dx.doi.org/10.1109/CoASE.2015.7294163
http://dx.doi.org/10.1109/CoASE.2015.7294163
http://dx.doi.org/10.1109/CoASE.2015.7294163
http://dx.doi.org/10.1109/CoASE.2015.7294163
http://dx.doi.org/10.1115/1.2888303
http://dx.doi.org/10.1115/1.2888303
http://dx.doi.org/10.1115/1.2888303
http://dx.doi.org/10.1061/(ASCE)0733-9399(2002)128:2(190)
http://dx.doi.org/10.1061/(ASCE)0733-9399(2002)128:2(190)
http://dx.doi.org/10.1137/S1064827501387826
http://dx.doi.org/10.1137/S1064827501387826
http://dx.doi.org/10.2514/6.2009-2274
http://dx.doi.org/10.2514/6.2009-2274
http://dx.doi.org/10.2514/6.2009-2274
http://dx.doi.org/10.2514/6.2014-3013
http://dx.doi.org/10.2514/6.2014-3013
http://dx.doi.org/10.2514/6.2014-3013
http://dx.doi.org/10.1016/j.ymssp.2015.07.019
http://dx.doi.org/10.1016/j.ymssp.2015.07.019
http://dx.doi.org/10.1016/j.ymssp.2015.07.019
http://dx.doi.org/10.1016/j.ymssp.2015.07.019
http://dx.doi.org/10.1016/j.ymssp.2015.07.019
http://dx.doi.org/10.1016/j.ymssp.2015.07.019
http://dx.doi.org/10.1016/j.paerosci.2005.02.001
http://dx.doi.org/10.1016/j.paerosci.2005.02.001
http://dx.doi.org/10.1016/j.paerosci.2005.02.001
http://dx.doi.org/10.1016/j.paerosci.2005.02.001
http://dx.doi.org/10.1016/j.paerosci.2005.02.001
http://dx.doi.org/10.1016/j.paerosci.2005.02.001
http://dx.doi.org/10.1080/00401706.2013.838910
http://dx.doi.org/10.1080/00401706.2013.838910
http://dx.doi.org/10.1080/00401706.2013.838910
http://dx.doi.org/10.1080/00401706.2013.838910
http://dx.doi.org/10.1016/j.cja.2013.02.004
http://dx.doi.org/10.1016/j.cja.2013.02.004
http://dx.doi.org/10.1016/j.cja.2013.02.004
http://dx.doi.org/10.1016/j.cja.2013.02.004
http://dx.doi.org/10.1016/j.cja.2013.02.004
http://dx.doi.org/10.1016/j.cja.2013.02.004
http://dx.doi.org/10.1007/BF01032887
http://dx.doi.org/10.1007/BF01032887
http://dx.doi.org/10.1002/9781119115151
http://dx.doi.org/10.1002/9781119115151
http://dx.doi.org/10.2514/6.2004-1758
http://dx.doi.org/10.2514/6.2004-1758
http://dx.doi.org/10.2514/6.2004-1758
http://dx.doi.org/10.2514/6.2010-4363
http://dx.doi.org/10.2514/6.2010-4363
http://dx.doi.org/10.2514/6.2010-4363
http://dx.doi.org/10.2514/1.J055842
http://dx.doi.org/10.2514/1.J055842
http://dx.doi.org/10.2514/1.J055842
http://dx.doi.org/10.2514/1.32308
http://dx.doi.org/10.2514/1.32308
http://dx.doi.org/10.2514/1.32308
http://dx.doi.org/10.1090/S0025-5718-1981-0616367-1
http://dx.doi.org/10.1090/S0025-5718-1981-0616367-1
http://dx.doi.org/10.1090/S0025-5718-98-00974-0
http://dx.doi.org/10.1090/S0025-5718-98-00974-0
http://dx.doi.org/10.1017/S0370164600014346
http://dx.doi.org/10.1017/S0370164600014346
http://dx.doi.org/10.2514/6.2002-5504
http://dx.doi.org/10.2514/6.2002-5504
http://dx.doi.org/10.2514/6.2002-5504
https://pdfs.semanticscholar.org/1cce/fe151224a27de7c000da1b34e2f6c086f031.pdf
https://pdfs.semanticscholar.org/1cce/fe151224a27de7c000da1b34e2f6c086f031.pdf
https://pdfs.semanticscholar.org/1cce/fe151224a27de7c000da1b34e2f6c086f031.pdf
https://pdfs.semanticscholar.org/1cce/fe151224a27de7c000da1b34e2f6c086f031.pdf
https://pdfs.semanticscholar.org/1cce/fe151224a27de7c000da1b34e2f6c086f031.pdf
https://pdfs.semanticscholar.org/1cce/fe151224a27de7c000da1b34e2f6c086f031.pdf
http://dx.doi.org/10.1177/0954406211403549
http://dx.doi.org/10.1177/0954406211403549


[62] Sun, G., Li, G., Zhou, S., Xu,W., Yang, X., and Li, Q., “Multi-Fidelity
Optimization for Sheet Metal Forming Process,” Structural and
Multidisciplinary Optimization, Vol. 44, No. 1, 2011, pp. 111–124.
doi:10.1007/s00158-010-0596-5

[63] Toal, D. J., “On the Potential of a Multi-Fidelity G-POD Based
Approach for Optimization and Uncertainty Quantification,” ASME
Turbo Expo 2014: Turbine Technical Conference and Exposition,
ASME Paper GT2014-25184, 2014, p. V02BT45A002.
doi:10.1115/GT2014-25184

[64] Roderick, O., Anitescu, M., and Peet, Y., “Proper Orthogonal
Decompositions inMultifidelityUncertaintyQuantification ofComplex
Simulation Models,” International Journal of Computer Mathematics,
Vol. 91, No. 4, 2014, pp. 748–769.
doi:10.1080/00207160.2013.844431

[65] Mifsud, M., MacManus, D., and Shaw, S., “A Variable-Fidelity
Aerodynamic Model Using Proper Orthogonal Decomposition,”
International Journal for Numerical Methods in Fluids, Vol. 82,
No. 10, 2016, pp. 646–663.
doi:10.1002/fld.v82.10

[66] Alexandrov, N. M., Lewis, R. M., Gumbert, C. R., Green, L. L., and
Newman, P. A., “Approximation and Model Management in
Aerodynamic Optimization with Variable-Fidelity Models,” Journal
of Aircraft, Vol. 38, No. 6, 2001, pp. 1093–1101.
doi:10.2514/2.2877

[67] Fernández-Godino, M. G., “Quantifying Particle Departure from
Axisymmetry in Multiphase Cylindrical Detonation,” Ph.D. Thesis,
University of Florida, Gainesville, FL, 2018.

[68] Han, Z.-H., Görtz, S., and Zimmermann, R., “Improving Variable-
Fidelity Surrogate Modeling via Gradient-Enhanced Kriging and a
Generalized Hybrid Bridge Function,” Aerospace Science and
Technology, Vol. 25, No. 1, 2013, pp. 177–189.
doi:10.1016/j.ast.2012.01.006

[69] Zhang, Y., Kim, N. H., Park, C., and Haftka, R. T., “Multifidelity
Surrogate Based on Single Linear Regression,” AIAA Journal, Vol. 56,
No. 12, 2018, pp. 4944–4952.
doi:10.2514/1.J057299

[70] Park, C., Haftka, R. T., and Kim, N. H., “Remarks on Multi-Fidelity
Surrogates,” Structural and Multidisciplinary Optimization, Vol. 55,
No. 3, 2017, pp. 1029–1050.
doi:10.1007/s00158-016-1550-y

[71] Park, C., Haftka, R. T., and Kim, N. H., “Low-Fidelity Scale Factor
ImprovesBayesianMulti-FidelityPrediction byReducingBumpiness of
Discrepancy Function,” Structural and Multidisciplinary Optimization,
Vol. 58, No. 2, 2018, pp. 399–414.
doi:10.1007/s00158-018-2031-2

[72] Chaudhuri, A., Jasa, J., Martins, J., and Willcox, K. E., “Multifidelity
Optimization Under Uncertainty for a Tailless Aircraft,” 2018 AIAA
Non-Deterministic Approaches Conference, AIAA Paper 2018-1658,
2018.
doi:10.2514/6.2018-1658

[73] Peherstorfer, B., Beran, P. S., andWillcox, K. E., “Multifidelity Monte
Carlo Estimation for Large-Scale Uncertainty Propagation,” 2018
AIAA Non-Deterministic Approaches Conference, AIAA Paper 2018-
1660, 2018.
doi:10.2514/6.2018-1660

[74] Viana, F. A., Haftka, R. T., and Steffen, V., “Multiple Surrogates: How
Cross-Validation Errors Can Help Us to Obtain the Best Predictor,”
Structural and Multidisciplinary Optimization, Vol. 39, No. 4, 2009,
pp. 439–457.
doi:10.1007/s00158-008-0338-0

[75] Box,G.E., andDraper,N.R.,EmpiricalModel-Building andResponse
Surfaces, Wiley, New York, 1987.

[76] Van Campen, D., Nagtegaal, R., and Schoofs, A., “Approximation
Methods in Structural Optimization Using Experimental Designs for for
Multiple Responses,” Multicriteria Design Optimization—Procedures
and Applications, Springer–Verlarg, Berlin, 1990, pp. 205–228.
doi:10.1007/BF01742746

[77] Toropov, V., va, F., Markine, V., and de Boer, H., “Refinements in the
Multi-Point Approximation Method to Reduce the Effects of Noisy
Structural Responses,” 6th Symposium on Multidisciplinary Analysis
and Optimization, AIAA Paper 1996-4087, 1996, pp. 941–951.
doi:10.2514/6.1996-4087

[78] Giunta, A. A., “Aircraft Multidisciplinary Design Optimization Using
Design of Experiments Theory and Response Surface Modeling
Methods,” Ph.D. Thesis, Virginia Tech, Blacksburg, VA, 1997, http://
hdl.handle.net/10919/30613.

[79] Matheron, G., “Principles of Geostatistics,” Economic Geology, Vol. 58,
No. 8, 1963, pp. 1246–1266.
doi:10.2113/gsecongeo.58.8.1246

[80] Krige, D. G., “A Statistical Approach to Some BasicMine Valuation
Problems on the Witwatersrand,” Journal of the Southern African
Institute of Mining and Metallurgy, Vol. 52, No. 6, 1951,
pp. 119–139.

[81] Cortes, C., and Vapnik, V., “Support-Vector Networks,” Machine
Learning, Vol. 20, No. 3, 1995, pp. 273–297.
doi:10.1007/BF00994018

[82] Vapnik, V., Statistical Learning Theory. 1998,Wiley, NewYork, 1998,
Chap. 5.
doi:10.1007/978-1-4757-3264-1

[83] Wiener, N., “The Homogeneous Chaos,” American Journal of
Mathematics, Vol. 60, No. 4, 1938, pp. 897–936.
doi:10.2307/2371268

[84] Xiu, D., Numerical Methods for Stochastic Computations: A Spectral
Method Approach, Princeton Univ. Press, Princeton, NJ, 2010.

[85] Peherstorfer, B., Cui, T., Marzouk, Y., and Willcox, K., “Multifidelity
Importance Sampling,” Computer Methods in Applied Mechanics and
Engineering, Vol. 300, March 2016, pp. 490–509.
doi:10.1016/j.cma.2015.12.002

[86] Dribusch, C.,Missoum, S., and Beran, P., “AMultifidelity Approach for
the Construction of Explicit Decision Boundaries: Application to
Aeroelasticity,” Structural and Multidisciplinary Optimization, Vol. 42,
No. 5, 2010, pp. 693–705.
doi:10.1007/s00158-010-0516-8

[87] Fernandez-Godino,M.G., Diggs,A., Park,C., Kim,N.H., andHaftka,
R. T., “Anomaly Detection Using Groups of Simulations,” 18th AIAA
Non-Deterministic Approaches Conference, AIAA Paper 2016-1195,
2016.
doi:10.2514/6.2016-1195

[88] Montgomery, D. C., Anderson-Cook, C. M., and Myers, R. H.,
Response Surface Methodology: Process and Product Optimization
Using Designed Experiments, 4th ed., edited by Raymond H. Meyers,
and Douglas C. Montgomery, AWiley–Interscience Publ., NJ, 2016,
pp. 458–462.

[89] de Aguiar, P. F., Bourguignon, B., Khots, M., Massart, D., and
Phan-Than-Luu, R., “D-Optimal Designs,” Chemometrics and
Intelligent Laboratory Systems, Vol. 30, No. 2, 1995, pp. 199–210.
doi:10.1016/0169-7439(94)00076-X

[90] Mentre, F., Mallet, A., and Baccar, D., “Optimal Design in Random-
Effects Regression Models,” Biometrika, Vol. 84, No. 2, 1997,
pp. 429–442.
doi:10.1093/biomet/84.2.429

[91] Johnson, M. E., Moore, L. M., and Ylvisaker, D., “Minimax and
Maximin Distance Designs,” Journal of Statistical Planning and
Inference, Vol. 26, No. 2, 1990, pp. 131–148.
doi:10.1016/0378-3758(90)90122-B

[92] Jin, R., Chen, W., and Sudjianto, A., “An Efficient Algorithm for
Constructing Optimal Design of Computer Experiments,” Journal of
Statistical Planning and Inference, Vol. 134,No. 1, 2005, pp. 268–287.
doi:10.1016/j.jspi.2004.02.014

[93] Haaland, B., and Qian, P. Z., “An Approach to Constructing Nested
Space-Filling Designs for Multi-Fidelity Computer Experiments,”
Statistica Sinica, Vol. 20, No. 3, 2010, pp. 1063–1075.

[94] Zheng, J., Shao, X., Gao, L., Jiang, P., and Qiu, H., “Difference
Mapping Method Using Least Square Support Vector Regression for
Variable-FidelityMetamodelling,” Engineering Optimization, Vol. 47,
No. 6, 2015, pp. 719–736.
doi:10.1080/0305215X.2014.918114

[95] Le Gratiet, L., “Multi-Fidelity Gaussian Process Regression for
Computer Experiments,” Theses, Université Paris-Diderot-Paris VII,
Paris, France, Oct. 2013, https://tel.archives-ouvertes.fr/tel-00866770.

[96] Vauclin, R., “Développement de modèles réduits multifidélité en vue de
l’ optimisation de structures aéronautiques,” Rapport Institut Supérieur
de l’Aéronautique et de l’Espace–ÉcoleNationale Supérieure desMines
de Saint-Étienne, 2014.

[97] Mackman, T., Allen, C., Ghoreyshi, M., and Badcock, K.,
“Comparison of Adaptive Sampling Methods for Generation of
Surrogate Aerodynamic Models,” AIAA Journal, Vol. 51, No. 4,
2013, pp. 797–808.
doi:10.2514/1.J051607

[98] Robinson, T., Eldred, M., Willcox, K., and Haimes, R., “Strategies for
Multifidelity Optimization with Variable Dimensional Hierarchical
Models,” 47th AIAA/ASME/ASCE/AHS/ASC Structures, Structural
Dynamics, and Materials Conference, AIAA Paper 2006-1819,
2006.
doi:10.2514/6.2006-1819

[99] Raissi, M., and Seshaiyer, P., “AMulti-Fidelity Stochastic Collocation
Method for Parabolic PartialDifferential EquationswithRandom Input
Data,” International Journal for Uncertainty Quantification, Vol. 4,

FERNÁNDEZ-GODINO ETAL. 2051

D
ow

nl
oa

de
d 

by
 L

O
S 

A
L

A
M

O
S 

N
A

T
IO

N
A

L
 L

A
B

O
R

A
T

O
R

Y
 o

n 
M

ay
 2

, 2
01

9 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/1
.J

05
77

50
 

http://dx.doi.org/10.1007/s00158-010-0596-5
http://dx.doi.org/10.1007/s00158-010-0596-5
http://dx.doi.org/10.1115/GT2014-25184
http://dx.doi.org/10.1115/GT2014-25184
http://dx.doi.org/10.1080/00207160.2013.844431
http://dx.doi.org/10.1080/00207160.2013.844431
http://dx.doi.org/10.1080/00207160.2013.844431
http://dx.doi.org/10.1080/00207160.2013.844431
http://dx.doi.org/10.1002/fld.v82.10
http://dx.doi.org/10.1002/fld.v82.10
http://dx.doi.org/10.1002/fld.v82.10
http://dx.doi.org/10.1002/fld.v82.10
http://dx.doi.org/10.2514/2.2877
http://dx.doi.org/10.2514/2.2877
http://dx.doi.org/10.2514/2.2877
http://dx.doi.org/10.1016/j.ast.2012.01.006
http://dx.doi.org/10.1016/j.ast.2012.01.006
http://dx.doi.org/10.1016/j.ast.2012.01.006
http://dx.doi.org/10.1016/j.ast.2012.01.006
http://dx.doi.org/10.1016/j.ast.2012.01.006
http://dx.doi.org/10.1016/j.ast.2012.01.006
http://dx.doi.org/10.2514/1.J057299
http://dx.doi.org/10.2514/1.J057299
http://dx.doi.org/10.2514/1.J057299
http://dx.doi.org/10.1007/s00158-016-1550-y
http://dx.doi.org/10.1007/s00158-016-1550-y
http://dx.doi.org/10.1007/s00158-018-2031-2
http://dx.doi.org/10.1007/s00158-018-2031-2
http://dx.doi.org/10.2514/6.2018-1658
http://dx.doi.org/10.2514/6.2018-1658
http://dx.doi.org/10.2514/6.2018-1658
http://dx.doi.org/10.2514/6.2018-1660
http://dx.doi.org/10.2514/6.2018-1660
http://dx.doi.org/10.2514/6.2018-1660
http://dx.doi.org/10.1007/s00158-008-0338-0
http://dx.doi.org/10.1007/s00158-008-0338-0
http://dx.doi.org/10.1007/BF01742746
http://dx.doi.org/10.1007/BF01742746
http://dx.doi.org/10.2514/6.1996-4087
http://dx.doi.org/10.2514/6.1996-4087
http://dx.doi.org/10.2514/6.1996-4087
http://hdl.handle.net/10919/30613
http://hdl.handle.net/10919/30613
http://hdl.handle.net/10919/30613
http://hdl.handle.net/10919/30613
http://dx.doi.org/10.2113/gsecongeo.58.8.1246
http://dx.doi.org/10.2113/gsecongeo.58.8.1246
http://dx.doi.org/10.2113/gsecongeo.58.8.1246
http://dx.doi.org/10.2113/gsecongeo.58.8.1246
http://dx.doi.org/10.2113/gsecongeo.58.8.1246
http://dx.doi.org/10.1007/BF00994018
http://dx.doi.org/10.1007/BF00994018
http://dx.doi.org/10.1007/978-1-4757-3264-1
http://dx.doi.org/10.1007/978-1-4757-3264-1
http://dx.doi.org/10.2307/2371268
http://dx.doi.org/10.2307/2371268
http://dx.doi.org/10.1016/j.cma.2015.12.002
http://dx.doi.org/10.1016/j.cma.2015.12.002
http://dx.doi.org/10.1016/j.cma.2015.12.002
http://dx.doi.org/10.1016/j.cma.2015.12.002
http://dx.doi.org/10.1016/j.cma.2015.12.002
http://dx.doi.org/10.1016/j.cma.2015.12.002
http://dx.doi.org/10.1007/s00158-010-0516-8
http://dx.doi.org/10.1007/s00158-010-0516-8
http://dx.doi.org/10.2514/6.2016-1195
http://dx.doi.org/10.2514/6.2016-1195
http://dx.doi.org/10.2514/6.2016-1195
http://dx.doi.org/10.1016/0169-7439(94)00076-X
http://dx.doi.org/10.1016/0169-7439(94)00076-X
http://dx.doi.org/10.1093/biomet/84.2.429
http://dx.doi.org/10.1093/biomet/84.2.429
http://dx.doi.org/10.1093/biomet/84.2.429
http://dx.doi.org/10.1093/biomet/84.2.429
http://dx.doi.org/10.1016/0378-3758(90)90122-B
http://dx.doi.org/10.1016/0378-3758(90)90122-B
http://dx.doi.org/10.1016/j.jspi.2004.02.014
http://dx.doi.org/10.1016/j.jspi.2004.02.014
http://dx.doi.org/10.1016/j.jspi.2004.02.014
http://dx.doi.org/10.1016/j.jspi.2004.02.014
http://dx.doi.org/10.1016/j.jspi.2004.02.014
http://dx.doi.org/10.1016/j.jspi.2004.02.014
http://dx.doi.org/10.1080/0305215X.2014.918114
http://dx.doi.org/10.1080/0305215X.2014.918114
http://dx.doi.org/10.1080/0305215X.2014.918114
http://dx.doi.org/10.1080/0305215X.2014.918114
https://tel.archives-ouvertes.fr/tel-00866770
https://tel.archives-ouvertes.fr/tel-00866770
https://tel.archives-ouvertes.fr/tel-00866770
http://dx.doi.org/10.2514/1.J051607
http://dx.doi.org/10.2514/1.J051607
http://dx.doi.org/10.2514/1.J051607
http://dx.doi.org/10.2514/6.2006-1819
http://dx.doi.org/10.2514/6.2006-1819
http://dx.doi.org/10.2514/6.2006-1819


No. 3, 2014, pp. 225–242.
doi:10.1615/Int.J.UncertaintyQuantification.v4.i3

[100] Chakraborty, S., Chatterjee, T., Chowdhury, R., and Adhikari, S.,
“A Surrogate Based Multi-Fidelity Approach for Robust Design
Optimization,” Applied Mathematical Modelling, Vol. 47, July 2017,
pp. 726–744.
doi:10.1016/j.apm.2017.03.040

[101] Xiao, M., Zhang, G., Breitkopf, P., Villon, P., and Zhang, W.,
“Extended Co-Kriging Interpolation Method Based on Multi-Fidelity
Data,” Applied Mathematics and Computation, Vol. 323, April 2018,
pp. 120–131.
doi:10.1016/j.amc.2017.10.055

[102] Allaire, D., and Willcox, K., “A Mathematical and Computational
Framework for Multifidelity Design and Analysis with Computer
Models,” International Journal for Uncertainty Quantification, Vol. 4,
No. 1, 2014, pp. 1–20.
doi:10.1615/Int.J.UncertaintyQuantification.v4.i1

[103] Böhnke, D., Jepsen, J., Pfeiffer, T., Nagel, B., Gollnick, V., and
Liersch, C., “An Integrated Method for Determination of the Oswald
Factor in a Multi-Fidelity Design Environment,” 3rd CEAS Air & Space
Conference, 2011.

[104] Burgee, S., Giunta, A. A., Balabanov, V., Grossman, B., Mason, W. H.,
Narducci, R., Haftka, R. T., and Watson, L. T., “A Coarse-Grained
Parallel Variable-Complexity Multidisciplinary Optimization Para-
digm,” International Journal of High Performance Computing
Applications, Vol. 10, No. 4, 1996, pp. 269–299.
doi:10.1177/109434209601000402

[105] Christensen, D. E., “Multifidelity Methods for Multidisciplinary
Design Under Uncertainty,” Ph.D. Thesis, Massachusetts Institute of
Technology, Cambridge, Massachusetts, 2012.

[106] Minisci, E., Vasile,M., andLiqiang,H., “RobustMulti-FidelityDesign
of a Micro Re-Entry Unmanned Space Vehicle,” Proceedings of the
Institution of Mechanical Engineers, Part G: Journal of Aerospace
Engineering, Vol. 225, No. 11, 2011, pp. 1195–1209.
doi:10.1177/0954410011410124

[107] Nguyen,N.-V.,Choi, S.-M.,Kim,W.-S.,Lee, J.-W.,Kim,S.,Neufeld,D.,
and Byun, Y.-H., “Multidisciplinary Unmanned Combat Air Vehicle
System Design Using Multi-Fidelity Model,” Aerospace Science and
Technology, Vol. 26, No. 1, 2013, pp. 200–210.
doi:10.1016/j.ast.2012.04.004

[108] Variyar, A., Economon, T. D., and Alonso, J. J., “Multifidelity
Conceptual Design and Optimization of Strut-Braced Wing Aircraft
Using Physics Based Methods,” 54th AIAA Aerospace Sciences
Meeting, AIAA Paper 2016-2000, 2016.
doi:10.2514/6.2016-2000

[109] Dufresne, S., Johnson, C., and Mavris, D. N., “Variable Fidelity
Conceptual Design Environment for Revolutionary Unmanned Aerial
Vehicles,” Journal of Aircraft, Vol. 45, No. 4, 2008, pp. 1405–1418.
doi:10.2514/1.35567

[110] Geiselhart, K., Ozoroski, L., Fenbert, J., Shields, E., and Li, W.,
“Integration of Multifidelity Multidisciplinary Computer Codes for
Design and Analysis of Supersonic Aircraft,” 49th AIAA Aerospace
Sciences Meeting Including the New Horizons Forum and Aerospace
Exposition, AIAA Paper 2011-0465, 2011.
doi:10.2514/6.2011-465

[111] Kroo, I.,Willcox,K.,March,A.,Haas,A.,Rajnarayan,D., andKays,C.,
“Multifidelity Analysis and Optimization for Supersonic Design,”
NASA CR-2010-216874, 2010.

[112] March, A., and Willcox, K., “Constrained Multifidelity Optimization
UsingModelCalibration,”StructuralandMultidisciplinaryOptimization,
Vol. 46, No. 1, 2012, pp. 93–109.
doi:10.1007/s00158-011-0749-1

[113] March, A., and Willcox, K., “Provably Convergent Multifidelity
Optimization Algorithm Not Requiring High-Fidelity Derivatives,”
AIAA Journal, Vol. 50, No. 5, 2012, pp. 1079–1089.
doi:10.2514/1.J051125

[114] Rajnarayan, D., Haas, A., and Kroo, I., “A Multifidelity Gradient-Free
Optimization Method and Application to Aerodynamic Design,” 12th
AIAA/ISSMOMultidisciplinary Analysis and Optimization Conference,
AIAA Paper 2008-6020, 2008.
doi:10.2514/6.2008-6020

[115] Choi, S., Alonso, J. J., Kroo, I. M., and Wintzer, M., “Multi-Fidelity
Design Optimization of Low-Boom Supersonic Business Multi-
Fidelity Design Optimization of Low-Boom Supersonic Business
Jets,” 10th AIAA/ISSMO Multidisciplinary Analysis and Optimization
Conference, AIAA Paper 2004-4371, 2004.
doi:10.2514/6.2004-4371

[116] DeBlois, A., and Abdo, M., “Multi-Fidelity Multidisciplinary Design
Optimization of Metallic and Composite Regional and Business Jets,”

13thAIAA/ISSMOMultidisciplinary Analysis OptimizationConference,
AIAA Paper 2010-9191, 2011.
doi:10.2514/6.2010-9191

[117] Toal, D. J., Keane, A. J., Benito, D., Dixon, J. A., Yang, J., Price, M.,
Robinson, T., Remouchamps, A., and Kill, N., “Multifidelity
Multidisciplinary Whole-Engine Thermomechanical Design Optimi-
zation,” Journal of Propulsion and Power, Vol. 30, No. 6, 2014,
pp. 1654–1666.
doi:10.2514/1.B35128

[118] Zheng, L., Hedrick, T. L., and Mittal, R., “A Multi-Fidelity Modelling
Approach forEvaluation andOptimizationofWingStrokeAerodynamics
in Flapping Flight,” Journal of Fluid Mechanics, Vol. 721, April 2013,
pp. 118–154.
doi:10.1017/jfm.2013.46

[119] Bahrami, S., Tribes, C., Devals, C., Vu, T., and Guibault, F., “Multi-
Fidelity Shape Optimization of Hydraulic Turbine Runner Blades
Using a Multi-Objective Mesh Adaptive Direct Search Algorithm,”
Applied Mathematical Modelling, Vol. 40, No. 2, 2016, pp. 1650–
1668.
doi:10.1016/j.apm.2015.09.008

[120] Willis,D.,Persson, P.O., Israeli, E.,Peraire, J., Swartz, S., andBreuer,K.,
“MultifidelityApproaches for theComputationalAnalysis andDesignof
Effective Flapping Wing Vehicles,” 46th AIAA Aerospace Sciences
Meeting and Exhibit, AIAA Paper 2008-0518, 2008.
doi:10.2514/6.2008-518

[121] Alexandrov, N.,Nielsen, E., Lewis, R., andAnderson,W., “First-Order
Model Management with Variable-Fidelity Physics Applied to Multi-
Element Airfoil Optimization,” 8th Symposium on Multidisciplinary
Analysis and Optimization, AIAA Paper 2000-4886, 2000.
doi:10.2514/6.2000-4886

[122] Ghoreyshi,M., Badcock, K., andWoodgate,M., “Integration ofMulti-
Fidelity Methods for Generating an Aerodynamic Model for Flight
Simulation,” 46th AIAA Aerospace Sciences Meeting and Exhibit,
AIAA Paper 2008-0197, 2008.
doi:10.2514/6.2008-197

[123] Han, Z., Zimmerman, R., and Görtz, S., “Alternative Cokriging
Method for Variable-Fidelity Surrogate Modeling,” AIAA Journal,
Vol. 50, No. 5, 2012, pp. 1205–1210.
doi:10.2514/1.J051243

[124] Rumpfkeil, M. P., and Beran, P., “Construction of Dynamic
Multifidelity Locally Optimized Surrogate Models,” AIAA Journal,
Vol. 55, No. 9, 2017, pp. 3169–3179.
doi:10.2514/1.J055834

[125] Ren, J., Leifsson, L. T., Koziel, S., and Tesfahunegn, Y., “Multi-
Fidelity Aerodynamic Shape Optimization UsingManifoldMapping,”
57th AIAA/ASCE/AHS/ASC Structures, Structural Dynamics, and
Materials Conference, AIAA Paper 2016-0419, 2016.
doi:10.2514/6.2016-0419

[126] Babaee, H., Perdikaris, P., Chryssostomidis, C., and Karniadakis, G.,
“Multi-FidelityModelling ofMixedConvectionBased onExperimental
Correlations and Numerical Simulations,” Journal of Fluid Mechanics,
Vol. 809, Dec. 2016, pp. 895–917.
doi:10.1017/jfm.2016.718

[127] Joly, M.M., Verstraete, T., and Paniagua, G., “IntegratedMultifidelity,
Multidisciplinary Evolutionary Design Optimization of Counter-
rotating Compressors,” Integrated Computer-Aided Engineering,
Vol. 21, No. 3, 2014, pp. 249–261.
doi:10.3233/ICA-140463

[128] Lazzara, D., Haimes, R., andWillcox, K., “Multifidelity Geometry and
Analysis in Aircraft Conceptual Design,” 19th AIAA Computational
Fluid Dynamics, AIAA Paper 2009-3806, 2009.
doi:10.2514/6.2009-3806

[129] Robinson, T., Eldred, M., Willcox, K., and Haimes, R., “Surrogate-
Based Optimization Using Multifidelity Models with Variable
Parameterization and Corrected Space Mapping,” AIAA Journal,
Vol. 46, No. 11, 2008, pp. 2814–2822.
doi:10.2514/1.36043

[130] Turner, M. G., Reed, J. A., Ryder, R., and Veres, J. P., “Multi-
Fidelity Simulation of a Turbofan Engine with Results Zoomed into
Mini-Maps for a Zero-D Cycle Simulation,” ASME Turbo Expo
2004: Power for Land, Sea, and Air, ASME Paper GT2004-53956,
2004, pp. 219–230.
doi:10.1115/GT2004-53956

[131] Wang, P., Zheng, Y., Zou, Z., Qi, L., and Zhou, Z., “A Novel Multi-
Fidelity Coupled Simulation Method for Flow Systems,” Chinese
Journal of Aeronautics, Vol. 26, No. 4, 2013, pp. 868–875.
doi:10.1016/j.cja.2013.04.022

[132] Brooks, C. J., Forrester, A., Keane, A., and Shahpar, S., “Multi-Fidelity
Design Optimisation of a Transonic Compressor Rotor,” 9th European

2052 FERNÁNDEZ-GODINO ETAL.

D
ow

nl
oa

de
d 

by
 L

O
S 

A
L

A
M

O
S 

N
A

T
IO

N
A

L
 L

A
B

O
R

A
T

O
R

Y
 o

n 
M

ay
 2

, 2
01

9 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/1
.J

05
77

50
 

http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i3
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i3
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i3
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i3
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i3
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i3
http://dx.doi.org/10.1016/j.apm.2017.03.040
http://dx.doi.org/10.1016/j.apm.2017.03.040
http://dx.doi.org/10.1016/j.apm.2017.03.040
http://dx.doi.org/10.1016/j.apm.2017.03.040
http://dx.doi.org/10.1016/j.apm.2017.03.040
http://dx.doi.org/10.1016/j.apm.2017.03.040
http://dx.doi.org/10.1016/j.amc.2017.10.055
http://dx.doi.org/10.1016/j.amc.2017.10.055
http://dx.doi.org/10.1016/j.amc.2017.10.055
http://dx.doi.org/10.1016/j.amc.2017.10.055
http://dx.doi.org/10.1016/j.amc.2017.10.055
http://dx.doi.org/10.1016/j.amc.2017.10.055
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i1
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i1
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i1
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i1
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i1
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.v4.i1
http://dx.doi.org/10.1177/109434209601000402
http://dx.doi.org/10.1177/109434209601000402
http://dx.doi.org/10.1177/0954410011410124
http://dx.doi.org/10.1177/0954410011410124
http://dx.doi.org/10.1016/j.ast.2012.04.004
http://dx.doi.org/10.1016/j.ast.2012.04.004
http://dx.doi.org/10.1016/j.ast.2012.04.004
http://dx.doi.org/10.1016/j.ast.2012.04.004
http://dx.doi.org/10.1016/j.ast.2012.04.004
http://dx.doi.org/10.1016/j.ast.2012.04.004
http://dx.doi.org/10.2514/6.2016-2000
http://dx.doi.org/10.2514/6.2016-2000
http://dx.doi.org/10.2514/6.2016-2000
http://dx.doi.org/10.2514/1.35567
http://dx.doi.org/10.2514/1.35567
http://dx.doi.org/10.2514/1.35567
http://dx.doi.org/10.2514/6.2011-465
http://dx.doi.org/10.2514/6.2011-465
http://dx.doi.org/10.2514/6.2011-465
http://dx.doi.org/10.1007/s00158-011-0749-1
http://dx.doi.org/10.1007/s00158-011-0749-1
http://dx.doi.org/10.2514/1.J051125
http://dx.doi.org/10.2514/1.J051125
http://dx.doi.org/10.2514/1.J051125
http://dx.doi.org/10.2514/6.2008-6020
http://dx.doi.org/10.2514/6.2008-6020
http://dx.doi.org/10.2514/6.2008-6020
http://dx.doi.org/10.2514/6.2004-4371
http://dx.doi.org/10.2514/6.2004-4371
http://dx.doi.org/10.2514/6.2004-4371
http://dx.doi.org/10.2514/6.2010-9191
http://dx.doi.org/10.2514/6.2010-9191
http://dx.doi.org/10.2514/6.2010-9191
http://dx.doi.org/10.2514/1.B35128
http://dx.doi.org/10.2514/1.B35128
http://dx.doi.org/10.2514/1.B35128
http://dx.doi.org/10.1017/jfm.2013.46
http://dx.doi.org/10.1017/jfm.2013.46
http://dx.doi.org/10.1017/jfm.2013.46
http://dx.doi.org/10.1017/jfm.2013.46
http://dx.doi.org/10.1016/j.apm.2015.09.008
http://dx.doi.org/10.1016/j.apm.2015.09.008
http://dx.doi.org/10.1016/j.apm.2015.09.008
http://dx.doi.org/10.1016/j.apm.2015.09.008
http://dx.doi.org/10.1016/j.apm.2015.09.008
http://dx.doi.org/10.1016/j.apm.2015.09.008
http://dx.doi.org/10.2514/6.2008-518
http://dx.doi.org/10.2514/6.2008-518
http://dx.doi.org/10.2514/6.2008-518
http://dx.doi.org/10.2514/6.2000-4886
http://dx.doi.org/10.2514/6.2000-4886
http://dx.doi.org/10.2514/6.2000-4886
http://dx.doi.org/10.2514/6.2008-197
http://dx.doi.org/10.2514/6.2008-197
http://dx.doi.org/10.2514/6.2008-197
http://dx.doi.org/10.2514/1.J051243
http://dx.doi.org/10.2514/1.J051243
http://dx.doi.org/10.2514/1.J051243
http://dx.doi.org/10.2514/1.J055834
http://dx.doi.org/10.2514/1.J055834
http://dx.doi.org/10.2514/1.J055834
http://dx.doi.org/10.2514/6.2016-0419
http://dx.doi.org/10.2514/6.2016-0419
http://dx.doi.org/10.2514/6.2016-0419
http://dx.doi.org/10.1017/jfm.2016.718
http://dx.doi.org/10.1017/jfm.2016.718
http://dx.doi.org/10.1017/jfm.2016.718
http://dx.doi.org/10.1017/jfm.2016.718
http://dx.doi.org/10.3233/ICA-140463
http://dx.doi.org/10.3233/ICA-140463
http://dx.doi.org/10.2514/6.2009-3806
http://dx.doi.org/10.2514/6.2009-3806
http://dx.doi.org/10.2514/6.2009-3806
http://dx.doi.org/10.2514/1.36043
http://dx.doi.org/10.2514/1.36043
http://dx.doi.org/10.2514/1.36043
http://dx.doi.org/10.1115/GT2004-53956
http://dx.doi.org/10.1115/GT2004-53956
http://dx.doi.org/10.1016/j.cja.2013.04.022
http://dx.doi.org/10.1016/j.cja.2013.04.022
http://dx.doi.org/10.1016/j.cja.2013.04.022
http://dx.doi.org/10.1016/j.cja.2013.04.022
http://dx.doi.org/10.1016/j.cja.2013.04.022
http://dx.doi.org/10.1016/j.cja.2013.04.022


Conference on Turbomachinery Fluid Dynamics and Thermodynamics,
2011, https://eprints.soton.ac.uk/id/eprint/198559.

[133] Choi, S., Alonso, J., and Kroo, I., “Multi-Fidelity Design Optimization
Studies for Supersonic Jets Using Surrogate Management Frame
Method,” 23rd AIAA Applied Aerodynamics Conference, AIAA Paper
2005-5077, 2005.
doi:10.2514/6.2005-5077

[134] Durantin, C., Rouxel, J., Desideri, J.-A., and Glière, A., “Multifidelity
Surrogate Modeling Based on Radial Basis Functions,” Structural and
Multidisciplinary Optimization, Vol. 56, No. 5, 2017, pp. 1061–1075.
doi:10.1007/s00158-017-1703-7

[135] Kennedy, M. C., and O'Hagan, A., “Predicting the Output from a
Complex Computer CodeWhen Fast Approximations Are Available,”
Biometrika, Vol. 87, No. 1, 2000, pp. 1–13.
doi:10.1093/biomet/87.1.1

[136] Kleiber,W., Sain, S.R., Heaton,M. J.,Wiltberger,M., Reese,C. S., and
Bingham, D., “Parameter Tuning for a Multi-Fidelity Dynamical
Model of theMagnetosphere,” The Annals of Applied Statistics, Vol. 7,
No. 3, 2013, pp. 1286–1310.
doi:10.1214/13-AOAS651

[137] Koziel, S., and Leifsson, L., “Knowledge-Based Airfoil Shape
OptimizationUsingSpaceMapping,” 30th AIAAApplied Aerodynamics
Conference, AIAA Paper 2012-3016, 2012.
doi:10.2514/6.2012-3016

[138] Koziel, S., Tesfahunegn, Y., Amrit, A., and Leifsson, L., “Rapid Multi-
ObjectiveAerodynamicDesignUsingCo-Kriging andSpaceMapping,”
57th AIAA/ASCE/AHS/ASC Structures, Structural Dynamics, and
Materials Conference, AIAA Paper 2016-0418, 2016.
doi:10.2514/6.2016-0418

[139] Lee, S., Kim, T., Jun, S. O., and Yee, K., “Efficiency Enhancement of
Reduced Order Model Using Variable Fidelity Modeling,” 57th AIAA/
ASCE/AHS/ASC Structures, Structural Dynamics, and Materials
Conference, AIAA Paper 2016-0465, 2016.
doi:10.2514/6.2016-0465

[140] Madsen, J. I., and Langthjem, M., “Multifidelity Response Surface
Approximations for the Optimum Design of Diffuser Flows,”
Optimization and Engineering, Vol. 2, No. 4, 2001, pp. 453–468.
doi:10.1023/A:1016046606831

[141] Parussini, L., Venturi, D., Perdikaris, P., and Karniadakis, G. E., “Multi-
Fidelity Gaussian Process Regression for Prediction of Random Fields,”
Journal of Computational Physics, Vol. 336, May 2017, pp. 36–50.
doi:10.1016/j.jcp.2017.01.047

[142] Réthoré, P.-E., Fuglsang, P., Larsen, G. C., Buhl, T., Larsen, T. J., and
Madsen, H. A., “TOPFARM: Multi-Fidelity Optimization of Wind
Farms,”Wind Energy, Vol. 17, No. 12, 2014, pp. 1797–1816.
doi:10.1002/we.1667

[143] Sen, O., Gaul, N. J., Choi, K., Jacobs, G., and Udaykumar, H.,
“Evaluation of Multifidelity Surrogate Modeling Techniques to
Construct Closure Laws for Drag in Shock-Particle Interactions,”
Journal of Computational Physics, Vol. 371, Oct. 2018, pp. 434–451.
doi:10.1016/j.jcp.2018.05.039

[144] Toal, D. J., “Some Considerations Regarding the Use ofMulti-Fidelity
Kriging in the Construction of Surrogate Models,” Structural and
Multidisciplinary Optimization, Vol. 51, No. 6, 2015, pp. 1223–1245.
doi:10.1007/s00158-014-1209-5

[145] Zahir,M.K., andGao, Z., “Variable-FidelityOptimizationwithDesign
Space Reduction,” Chinese Journal of Aeronautics, Vol. 26, No. 4,
2013, pp. 841–849.
doi:10.1016/j.cja.2013.06.002

[146] Zhou, Q., Jiang, P., Shao, X., Hu, J., Cao, L., and Wan, L., “AVariable
Fidelity Information FusionMethod Based on Radial Basis Function,”
Advanced Engineering Informatics, Vol. 32, April 2017, pp. 26–39.
doi:10.1016/j.aei.2016.12.005

[147] Forrester, A. I., “Black-Box Calibration for Complex-System
Simulation,”Philosophical Transactions of the Royal Society of London
A: Mathematical, Physical and Engineering Sciences, Vol. 368,
No. 1924, 2010, pp. 3567–3579.
doi:10.1098/rsta.2010.0051

[148] Kuya, Y., Takeda, K., Zhang, X., and Forrester, A. I. J., “Multifidelity
SurrogateModeling of Experimental andComputationalAerodynamic
Data Sets,” AIAA Journal, Vol. 49, No. 2, 2011, pp. 289–298.
doi:10.2514/1.J050384

[149] Toal, D. J., and Keane, A. J., “Efficient Multipoint Aerodynamic
Design Optimization via Cokriging,” Journal of Aircraft, Vol. 48,
No. 5, 2011, pp. 1685–1695.
doi:10.2514/1.C031342

[150] Palar, P. S., Zuhal, L. R., Shimoyama, K., and Tsuchiya, T., “Global
Sensitivity Analysis via Multi-Fidelity Polynomial Chaos Expansion,”
Reliability Engineering and System Safety, Vol. 170, Feb. 2018,

pp. 175–190.
doi:10.1016/j.ress.2017.10.013

[151] Ghoman, S. S., Kapania, R. K., Chen, P., Sarhaddi, D., and Lee, D.,
“Multifidelity,Multistrategy, andMultidisciplinaryDesignOptimization
Environment,” Journal of Aircraft, Vol. 49, No. 5, 2012, pp. 1255–1270.
doi:10.2514/1.C031507

[152] Castro, J. P. J., Gray, G. A., Hough, P. D., and Giunta, A. A.,
“Developing a Computationally Efficient Dynamic Multilevel Hybrid
Optimization Scheme Using Multifidelity Model Interactions,” Tech.
Rept. SAND2005-7498, Sandia National Laboratories, Albuquerque,
NM, 2005, https://cfwebprod.sandia.gov/cfdocs/CompResearch/docs/
MFO_SANDReport.pdf.

[153] Goldfeld, Y., Vervenne, K., Arbocz, J., and Van Keulen, F., “Multi-
Fidelity Optimization of Laminated Conical Shells for Buckling,”
Structural and Multidisciplinary Optimization, Vol. 30, No. 2, 2005,
pp. 128–141.
doi:10.1007/s00158-004-0506-9

[154] Keane, A. J., “Cokriging for Robust Design Optimization,” AIAA
Journal, Vol. 50, No. 11, 2012, pp. 2351–2364.
doi:10.2514/1.J051391

[155] Kim, H. S., Koc, M., and Ni, J., “A Hybrid Multi-Fidelity Approach
to the Optimal Design of Warm Forming Processes Using a
Knowledge-Based Artificial Neural Network,” International
Journal of Machine Tools and Manufacture, Vol. 47, No. 2, 2007,
pp. 211–222.
doi:10.1016/j.ijmachtools.2006.04.007

[156] Allaire, D., Kordonowy, D., Lecerf, M., Mainini, L., and Willcox, K.,
“Multifidelity DDDAS Methods with Application to a Self-Aware
Aerospace Vehicle,” Procedia Computer Science, Vol. 29, Jan. 2014,
pp. 1182–1192.
doi:10.1016/j.procs.2014.05.106

[157] Allaire, D. L., Willcox, K. E., and Toupet, O., “A Bayesian-Based
Approach to Multifidelity Multidisciplinary Design Optimization,”
13th AIAA/ISSMO Multidisciplinary Analysis and Optimization
Conference, AIAA Paper 2010-9183, 2010.
doi:10.2514/6.2010-9183

[158] Drissaoui, M. A., Lanteri, S., Lévêque, P., Musy, F., Nicolas, L.,
Perrussel, R., and Voyer, D., “A Stochastic Collocation Method
Combined with a Reduced Basis Method to Compute Uncertainties in
Numerical Dosimetry,” IEEE Transactions on Magnetics, Vol. 48,
No. 2, 2012, pp. 563–566.
doi:10.1109/TMAG.2011.2174347

[159] Hutchison, M., Unger, E., Mason, W., Grossman, B., and Haftka, R.,
“Variable-Complexity Aerodynamic Optimization of a High-Speed
Civil Transport Wing,” Journal of Aircraft, Vol. 31, No. 1, 1994,
pp. 110–116.
doi:10.2514/3.46462

[160] Rodriguez, J. F., Perez, V. M., Padmanabhan, D., and Renaud, J. E.,
“Sequential Approximate Optimization Using Variable Fidelity
Response Surface Approximations,” Structural and Multidisciplinary
Optimization, Vol. 22, No. 1, 2001, pp. 24–34.
doi:10.1007/s001580100122

[161] Viana, F. A., Steffen Jr, V., Butkewitsch, S., and de Freitas Leal, M.,
“Optimization of Aircraft Structural Components by Using Nature-
Inspired Algorithms and Multi-Fidelity Approximations,” Journal of
Global Optimization, Vol. 45, No. 3, 2009, pp. 427–449.
doi:10.1007/s10898-008-9383-x

[162] Vitali, R., Park, O., Haftka, R. T., and Sankar, B. V., “Structural
Optimization of aHatStiffenedPanel byResponseSurfaceTechniques,”
AIAA Paper 1997-1151, 1997.
doi:10.2514/6.1997-1151

[163] Le Gratiet, L., and Cannamela, C., “Kriging-Based Sequential Design
Strategies Using Fast Cross-Validation Techniques with Extensions to
Multi-Fidelity Computer Codes,” Mathematics, Statistics Theory,
arXiv preprint arXiv:1210.6187, 2012.

[164] LeGratiet, L., Cannamela, C., and Iooss, B., “ABayesianApproach for
Global Sensitivity Analysis of (Multifidelity) Computer Codes,”
SIAM/ASA Journal onUncertainty Quantification, Vol. 2, No. 1, 2014,
pp. 336–363.
doi:10.1137/130926869

[165] Mason, B. H., Haftka, R. T., and Johnson, E., “Analysis and Design of
CompositeCurvedChannel Frames,”Proceedings of 5th A1AA/USAF/
NASA/ISSMO Syrup on Multidisciplinary Analysis and Optimization,
AIAA Paper 1994-4364, 1994, pp. 1023–1040.
doi:10.2514/6.1994-4364

[166] Singh, G., and Grandhi, R. V., “Mixed-Variable Optimization Strategy
Employing Multifidelity Simulation and Surrogate Models,” AIAA
Journal, Vol. 48, No. 1, 2010, pp. 215–223.
doi:10.2514/1.43469

FERNÁNDEZ-GODINO ETAL. 2053

D
ow

nl
oa

de
d 

by
 L

O
S 

A
L

A
M

O
S 

N
A

T
IO

N
A

L
 L

A
B

O
R

A
T

O
R

Y
 o

n 
M

ay
 2

, 2
01

9 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/1
.J

05
77

50
 

https://eprints.soton.ac.uk/id/eprint/198559
https://eprints.soton.ac.uk/id/eprint/198559
https://eprints.soton.ac.uk/id/eprint/198559
https://eprints.soton.ac.uk/id/eprint/198559
http://dx.doi.org/10.2514/6.2005-5077
http://dx.doi.org/10.2514/6.2005-5077
http://dx.doi.org/10.2514/6.2005-5077
http://dx.doi.org/10.1007/s00158-017-1703-7
http://dx.doi.org/10.1007/s00158-017-1703-7
http://dx.doi.org/10.1093/biomet/87.1.1
http://dx.doi.org/10.1093/biomet/87.1.1
http://dx.doi.org/10.1093/biomet/87.1.1
http://dx.doi.org/10.1093/biomet/87.1.1
http://dx.doi.org/10.1214/13-AOAS651
http://dx.doi.org/10.1214/13-AOAS651
http://dx.doi.org/10.2514/6.2012-3016
http://dx.doi.org/10.2514/6.2012-3016
http://dx.doi.org/10.2514/6.2012-3016
http://dx.doi.org/10.2514/6.2016-0418
http://dx.doi.org/10.2514/6.2016-0418
http://dx.doi.org/10.2514/6.2016-0418
http://dx.doi.org/10.2514/6.2016-0465
http://dx.doi.org/10.2514/6.2016-0465
http://dx.doi.org/10.2514/6.2016-0465
http://dx.doi.org/10.1023/A:1016046606831
http://dx.doi.org/10.1023/A:1016046606831
http://dx.doi.org/10.1016/j.jcp.2017.01.047
http://dx.doi.org/10.1016/j.jcp.2017.01.047
http://dx.doi.org/10.1016/j.jcp.2017.01.047
http://dx.doi.org/10.1016/j.jcp.2017.01.047
http://dx.doi.org/10.1016/j.jcp.2017.01.047
http://dx.doi.org/10.1016/j.jcp.2017.01.047
http://dx.doi.org/10.1002/we.1667
http://dx.doi.org/10.1002/we.1667
http://dx.doi.org/10.1002/we.1667
http://dx.doi.org/10.1016/j.jcp.2018.05.039
http://dx.doi.org/10.1016/j.jcp.2018.05.039
http://dx.doi.org/10.1016/j.jcp.2018.05.039
http://dx.doi.org/10.1016/j.jcp.2018.05.039
http://dx.doi.org/10.1016/j.jcp.2018.05.039
http://dx.doi.org/10.1016/j.jcp.2018.05.039
http://dx.doi.org/10.1007/s00158-014-1209-5
http://dx.doi.org/10.1007/s00158-014-1209-5
http://dx.doi.org/10.1016/j.cja.2013.06.002
http://dx.doi.org/10.1016/j.cja.2013.06.002
http://dx.doi.org/10.1016/j.cja.2013.06.002
http://dx.doi.org/10.1016/j.cja.2013.06.002
http://dx.doi.org/10.1016/j.cja.2013.06.002
http://dx.doi.org/10.1016/j.cja.2013.06.002
http://dx.doi.org/10.1016/j.aei.2016.12.005
http://dx.doi.org/10.1016/j.aei.2016.12.005
http://dx.doi.org/10.1016/j.aei.2016.12.005
http://dx.doi.org/10.1016/j.aei.2016.12.005
http://dx.doi.org/10.1016/j.aei.2016.12.005
http://dx.doi.org/10.1016/j.aei.2016.12.005
http://dx.doi.org/10.1098/rsta.2010.0051
http://dx.doi.org/10.1098/rsta.2010.0051
http://dx.doi.org/10.1098/rsta.2010.0051
http://dx.doi.org/10.1098/rsta.2010.0051
http://dx.doi.org/10.2514/1.J050384
http://dx.doi.org/10.2514/1.J050384
http://dx.doi.org/10.2514/1.J050384
http://dx.doi.org/10.2514/1.C031342
http://dx.doi.org/10.2514/1.C031342
http://dx.doi.org/10.2514/1.C031342
http://dx.doi.org/10.1016/j.ress.2017.10.013
http://dx.doi.org/10.1016/j.ress.2017.10.013
http://dx.doi.org/10.1016/j.ress.2017.10.013
http://dx.doi.org/10.1016/j.ress.2017.10.013
http://dx.doi.org/10.1016/j.ress.2017.10.013
http://dx.doi.org/10.1016/j.ress.2017.10.013
http://dx.doi.org/10.2514/1.C031507
http://dx.doi.org/10.2514/1.C031507
http://dx.doi.org/10.2514/1.C031507
https://cfwebprod.sandia.gov/cfdocs/CompResearch/docs/MFO_SANDReport.pdf
https://cfwebprod.sandia.gov/cfdocs/CompResearch/docs/MFO_SANDReport.pdf
https://cfwebprod.sandia.gov/cfdocs/CompResearch/docs/MFO_SANDReport.pdf
https://cfwebprod.sandia.gov/cfdocs/CompResearch/docs/MFO_SANDReport.pdf
https://cfwebprod.sandia.gov/cfdocs/CompResearch/docs/MFO_SANDReport.pdf
http://dx.doi.org/10.1007/s00158-004-0506-9
http://dx.doi.org/10.1007/s00158-004-0506-9
http://dx.doi.org/10.2514/1.J051391
http://dx.doi.org/10.2514/1.J051391
http://dx.doi.org/10.2514/1.J051391
http://dx.doi.org/10.1016/j.ijmachtools.2006.04.007
http://dx.doi.org/10.1016/j.ijmachtools.2006.04.007
http://dx.doi.org/10.1016/j.ijmachtools.2006.04.007
http://dx.doi.org/10.1016/j.ijmachtools.2006.04.007
http://dx.doi.org/10.1016/j.ijmachtools.2006.04.007
http://dx.doi.org/10.1016/j.ijmachtools.2006.04.007
http://dx.doi.org/10.1016/j.procs.2014.05.106
http://dx.doi.org/10.1016/j.procs.2014.05.106
http://dx.doi.org/10.1016/j.procs.2014.05.106
http://dx.doi.org/10.1016/j.procs.2014.05.106
http://dx.doi.org/10.1016/j.procs.2014.05.106
http://dx.doi.org/10.1016/j.procs.2014.05.106
http://dx.doi.org/10.2514/6.2010-9183
http://dx.doi.org/10.2514/6.2010-9183
http://dx.doi.org/10.2514/6.2010-9183
http://dx.doi.org/10.1109/TMAG.2011.2174347
http://dx.doi.org/10.1109/TMAG.2011.2174347
http://dx.doi.org/10.1109/TMAG.2011.2174347
http://dx.doi.org/10.1109/TMAG.2011.2174347
http://dx.doi.org/10.2514/3.46462
http://dx.doi.org/10.2514/3.46462
http://dx.doi.org/10.2514/3.46462
http://dx.doi.org/10.1007/s001580100122
http://dx.doi.org/10.1007/s001580100122
http://dx.doi.org/10.1007/s10898-008-9383-x
http://dx.doi.org/10.1007/s10898-008-9383-x
http://dx.doi.org/10.2514/6.1997-1151
http://dx.doi.org/10.2514/6.1997-1151
http://dx.doi.org/10.2514/6.1997-1151
http://dx.doi.org/10.1137/130926869
http://dx.doi.org/10.1137/130926869
http://dx.doi.org/10.2514/6.1994-4364
http://dx.doi.org/10.2514/6.1994-4364
http://dx.doi.org/10.2514/6.1994-4364
http://dx.doi.org/10.2514/1.43469
http://dx.doi.org/10.2514/1.43469
http://dx.doi.org/10.2514/1.43469


[167] Böhnke, D., Nagel, B., and Gollnick, V., “An Approach to Multi-
Fidelity in Conceptual Aircraft Design in Distributed Design
Environments,” Aerospace Conference, 2011 IEEE, IEEE Publ.,
Piscataway, NJ, 2011, pp. 1–10.
doi:10.1109/AERO.2011.5747542

[168] Bradley, P. J., “AMulti-Fidelity Based Adaptive SamplingOptimisation
Approach for the Rapid Design of Double-Negative Metamaterials,”
Progress in Electromagnetics Research B, Vol. 55, 2013, pp. 87–114.
doi:10.2528/PIERB13071003

[169] March, A., Willcox, K., and Wang, Q., “Gradient-Based Multifidelity
Optimisation for Aircraft Design Using Bayesian Model Calibration,”
Aeronautical Journal, Vol. 115, No. 1174, 2011, pp. 729–738.
doi:10.1017/S0001924000006473

[170] Vitali, R., and Sankar, B. V., “Correction Response Surface Design of
Stiffened Composite Panel with a Crack,” AIAA/ASME/ASCE/AHS/
ASC Structures, Structural Dynamics and Materials Conference,
AIAA Paper 1999-1313, 1999.
doi:10.2514/6.1999-1313

[171] Zhou, Q., Yang, Y., Jiang, P., Shao, X., Cao, L., Hu, J., Gao, Z., and
Wang,C., “AMulti-Fidelity InformationFusionMetamodelingAssisted
Laser Beam Welding Process Parameter Optimization Approach,”
Advances in Engineering Software, Vol. 110, Aug. 2017, pp. 85–97.
doi:10.1016/j.advengsoft.2017.04.001

[172] Vitali, R., Park, O., Haftka, R. T., Sankar, B. V., and Rose, C. A.,
“Structural Optimization of a Hat-Stiffened Panel Using Response
Surfaces,” Journal of Aircraft, Vol. 39, No. 1, 2002, pp. 158–166.
doi:10.2514/2.2910

[173] Koziel, S., “Multi-Fidelity Multi-Grid Design Optimization of Planar
Microwave Structures with Sonnet,” International Review of Progress
in Applied Computational Electromagnetics, Vol. 4, April 2010,
pp. 26–29.

[174] Koziel, S., and Ogurtsov, S., “Robust Multi-Fidelity Simulation-
Driven Design Optimization of Microwave Structures,” Microwave
Symposium Digest (MTT), 2010 IEEE MTT-S International, IEEE
Publ., Piscataway, NJ, 2010, pp. 201–204.
doi:10.1109/MWSYM.2010.5515376

[175] Jacobs, J., Koziel, S., and Ogurtsov, S., “Computationally Efficient
Multi-Fidelity Bayesian Support Vector Regression Modeling of

Planar Antenna Input Characteristics,” Antennas and Propagation,
IEEE Transactions on, Vol. 61, No. 2, 2013, pp. 980–984.
doi:10.1109/TAP.2012.2220513

[176] Liu, B., Koziel, S., and Zhang, Q., “AMulti-Fidelity Surrogate-Model-
Assisted Evolutionary Algorithm for Computationally Expensive
Optimization Problems,” Journal of Computational Science, Vol. 12,
July 2016, pp. 28–37.
doi:10.1016/j.jocs.2015.11.004

[177] Winner, E., and Veloso, M., “Multi-Fidelity Robotic Behaviors:
Acting with Variable State Information,” AAAI/IAAI, Aug. 2000,
pp. 872–877.

[178] Robinson, T., Willcox, K., Eldred, M., and Haimes, R., “Multifidelity
Optimization for Variable-Complexity Design,” 11th AIAA/ISSMO
Multidisciplinary Analysis andOptimization Conference, AIAAPaper
2006-7114, 2006.
doi:10.2514/6.2006-7114

[179] Zimmermann, R., and Han, Z., “Simplified Cross-Correlation
Estimation for Multi-Fidelity Surrogate Cokriging Models,” Advances
and Applications in Mathematical Sciences, Vol. 7, No. 2, 2010,
pp. 181–202.

[180] Raissi, M., and Seshaiyer, P., “AMulti-Fidelity Stochastic Collocation
Method Using Locally Improved Reduced-Order Models,” Mathe-
matics, Numerical Analysis, arXiv preprint arXiv:1306.0132, 2013.

[181] Burton, S., and Hajela, P., “AVariable-Complexity Approach to Second-
Order Reliability-Based Optimization,” Structural and Multidisciplinary
Optimization, Vol. 25, No. 4, 2003, pp. 237–250.
doi:10.1007/s00158-003-0298-3

[182] Perdikaris, P., Venturi, D., Royset, J. O., and Karniadakis, G. E., “Multi-
Fidelity Modelling via Recursive Co-Kriging and Gaussian–Markov
Random Fields,” Proceedings of the Royal Society A: Mathematical,
Physical and Engineering Sciences, Vol. 471, No. 2179, 2015.

[183] Chaudhuri, A., Lam, R., and Willcox, K., “Multifidelity Uncertainty
Propagation via Adaptive Surrogates in Coupled Multidisciplinary
Systems,” AIAA Journal, 2017, pp. 1–15.
doi:10.2514/1.J055678

P. Givi
Associate Editor

2054 FERNÁNDEZ-GODINO ETAL.

D
ow

nl
oa

de
d 

by
 L

O
S 

A
L

A
M

O
S 

N
A

T
IO

N
A

L
 L

A
B

O
R

A
T

O
R

Y
 o

n 
M

ay
 2

, 2
01

9 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/1
.J

05
77

50
 

http://dx.doi.org/10.1109/AERO.2011.5747542
http://dx.doi.org/10.1109/AERO.2011.5747542
http://dx.doi.org/10.1109/AERO.2011.5747542
http://dx.doi.org/10.1109/AERO.2011.5747542
http://dx.doi.org/10.2528/PIERB13071003
http://dx.doi.org/10.2528/PIERB13071003
http://dx.doi.org/10.1017/S0001924000006473
http://dx.doi.org/10.1017/S0001924000006473
http://dx.doi.org/10.2514/6.1999-1313
http://dx.doi.org/10.2514/6.1999-1313
http://dx.doi.org/10.2514/6.1999-1313
http://dx.doi.org/10.1016/j.advengsoft.2017.04.001
http://dx.doi.org/10.1016/j.advengsoft.2017.04.001
http://dx.doi.org/10.1016/j.advengsoft.2017.04.001
http://dx.doi.org/10.1016/j.advengsoft.2017.04.001
http://dx.doi.org/10.1016/j.advengsoft.2017.04.001
http://dx.doi.org/10.1016/j.advengsoft.2017.04.001
http://dx.doi.org/10.2514/2.2910
http://dx.doi.org/10.2514/2.2910
http://dx.doi.org/10.2514/2.2910
http://dx.doi.org/10.1109/MWSYM.2010.5515376
http://dx.doi.org/10.1109/MWSYM.2010.5515376
http://dx.doi.org/10.1109/MWSYM.2010.5515376
http://dx.doi.org/10.1109/MWSYM.2010.5515376
http://dx.doi.org/10.1109/TAP.2012.2220513
http://dx.doi.org/10.1109/TAP.2012.2220513
http://dx.doi.org/10.1109/TAP.2012.2220513
http://dx.doi.org/10.1109/TAP.2012.2220513
http://dx.doi.org/10.1016/j.jocs.2015.11.004
http://dx.doi.org/10.1016/j.jocs.2015.11.004
http://dx.doi.org/10.1016/j.jocs.2015.11.004
http://dx.doi.org/10.1016/j.jocs.2015.11.004
http://dx.doi.org/10.1016/j.jocs.2015.11.004
http://dx.doi.org/10.1016/j.jocs.2015.11.004
http://dx.doi.org/10.2514/6.2006-7114
http://dx.doi.org/10.2514/6.2006-7114
http://dx.doi.org/10.2514/6.2006-7114
http://dx.doi.org/10.1007/s00158-003-0298-3
http://dx.doi.org/10.1007/s00158-003-0298-3
http://dx.doi.org/10.2514/1.J055678
http://dx.doi.org/10.2514/1.J055678
http://dx.doi.org/10.2514/1.J055678

