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The use of metamodeling techniques in the design @manalysis of computer experiments
has progressed remarkably in the past two decadelsut how far have we really come? This
is the question that we investigate in this papemamely, the extent to which the use of
metamodeling techniques in multidisciplinary designoptimization have evolved in the two
decades since the seminal paper on Design and Argily of Computer Experiments by Sacks
et al. As part of this review, we examine the motation for advancements in metamodeling
techniques from both a historical perspective andhe research itself. Based on current
thrusts in the field, we emphasize multi-level/multfidelity approximations and ensembles of
metamodels, as well as the availability of metamotewithin commercial software and for
design space exploration and visualization in thiseview. Our closing remarks offer insight
into future research directions — nearly the samermes that have motivated us in the past.

l. Introduction

ESIGN and analysis of computer experiments, or DAGH has become known, was introduced twentysyear

ago by Sacks et alto refer to the set of methodologies for genegatiretamodels for computer codes used for
analyses during multidisciplinary design optimipat{MDO). We consider metamodeling to be the ganaocess
of creating an abstraction (approximation or intdsion) of an underlying phenomena (i.e., a respdrover a
certain domain — creating a “model of the modeltianed by Kleijnerf. In the general scope of metamodeling, a
response may be evaluated via a physical experiaremicomputer simulation at a number of pointthandomain.
Our review will further focus on work dealing prinig with DACE, which is different from traditionaDesign of
Experiments — developed primarily for performingypical experimenfs— in that data generated from computer
experiments is deterministic in nature, i.e., ftg same set of inputs, one gets the same setmitsutin our review
we consider metamodels that can either interpttegevalues of the response at certain points origeeca “best fit”
based on some metric (e.g., sum of squares ofseatca number of points). Common types of metafsddelude
spline, polynomial (e.g., response surface), kggiradial basis functions, neural networks, etche Tommon
feature of all these approaches is that the aotsalonse is known at a finite number of points,tbatmetamodel is
created for a certain domain and is then usedsasragate for the original model, i.e., it providesubstitute for
and is used in lieu of the original computer modelthis work, surrogate model is synonymous wiistamodel.

" Professor of Mechanical and Industrial EngineerfBenior Member AIAA, tws8@psu.edu

T Professor of Aerospace and Structural Engineefsgociate Fellow AIAA, V.V.Toropov@leeds.ac.uk
* Structural Analysis Engineer, Senior Member, \atabanov@gmail.com
§ Research Assistant, Student Member AIAA fcheguifi@du

1
American Institute of Aeronautics and Astronautics



Our goal in this review is to investigate how faetamodeling techniques have come — or not — sihee t
introduction of DACE nearly two decades ago. Oaalgis not to provide a comprehensive review gitiea
extensive literature reviews that have appeareehtbc™ Instead, we first take a historical perspectiv&éction 11
to explore how the research, and more importardly the motivation for the research, has evolves plaist twenty
years. We then discuss four research areas thatdenefited from metamodeling while also driviegearch in the
area: (1) multi-level and multi-fidelity approxiniams (Section IlI), (2) the use of multiple surreem and
metamodel ensembles (Section V), (3) metamodateqgabilities in commercial software packages (8act),
and (4) metamodel-based design space exploratidvianalization (Section VI). Section VII providesr closing
remarks and highlights future work — much the sasmehat has been motivating us for the past twadkx

Il. History of Development

A. Origins and Early Uses

Approximation methods in MDO have their originsstiuctural synthesig and have been applied to a wide
variety of structural design problefisApproximation methods are often classified aspeiither global or loc&l:
global approximations are valid throughout the entireigtesspace (or a large portion of it) whilecal
approximations are only valid in the vicinity oparticular point. Mid-range approximations alsasefor creating
local approximations with global qualiti@sApproximations are also used to facilitate thtegnation of discipline-
specific computer analyses and can provide bettgght into the relationships between design (inhpatiables and
system performance (output) responses. An addeefibeof some approximation methods is smoothing
numerically “noisy” data, which can hinder the cergence of many optimization algorithmis*2

Prior to 1990, polynomial response surface modek, introduced by Box and Wilsdhand later detailed in
Ref. 14, and neural networRswere among the most popular approximation meth&dsly contributors to
approximation method development for MDO includse@ch groups at the Virginia Institute of Techgglothe
University of Notre Dame, Rensselaer Polytechnistitute, Old Dominion University, and the NASA Ldeyg
Research Center. A review of applications of resposurface models, neural networks, and otherstyfe
approximations in MDO during this time can be foundRefs. 8,16.

B. Developments in the 1980’s and 1990's

The prohibitive computational cost of the directmimnation of FEM with methods of mathematical
programming stimulated the idea of approximationogpts based on the information from the first ormdiesign
sensitivity analysig. Since then this concept of sequential approximatb the initial optimization problem by
explicit sub-problems has proven to be very effitie As examples the methods can be named sucheas t
Sequential Linear Programming (SLP) used for stmadtoptimization problems by Pedersérthe CONvex
LINearization method (CONLIN) by Fleury and Braibdhand Fleury®*° the Method of Moving Asymptotes
(MMA) by Svanberdg® All of these methods use the information obtaifredn response analysis and first-order
design sensitivity analysis (i.e., values of fuort and their derivatives) at a current point & tlesign variable
space and hence can be classified as single ppprbdimation methods. Note that all the informatifsom
previous design points is discarded. Later ongmdvirst-order approximation techniques have bdeweloped
based upon the function value and its derivativegha current and the previous design points (teiHp
approximations): Haftka et & Fadel et af® The main purpose is to improve the quality of ragjmations and
thus reduce the number of iterations needed toestile optimization problem and the total optimizattime.
Rasmusséfi developed this idea further, his Accumulated Apjpmation technique (ACAP) used function values
and derivatives at a current design point and tectfon values obtained at all previous points. Gpor/°
introduced a technique that used function valueimeghin each iteration at several previous desigmtp
(multipoint approximations). The aim was to contbthe benefits of the two basic approaches, hdreceethnique
can be classified as a mid-range approximationterLthis technique was expanded to incorporatedémsgn
sensitivities (when available) into the approxiraatbuilding

A different approach to structural optimizatforis to create approximate explicit expressions bglysing a
chosen set of design points and using responsacsurhethodology. This approach is based on theipieul
regression analysis which can use information benoge or less inaccurate. They are global in eatund allow
designers to construct explicit approximations drafi the entire design space; however, they artices] by
relatively small optimization problems (up to teesijn variable). This approach was used for solving various
structural optimization problems by Schotts/anderplaatd’ Rikards®

Interest in approximation methods and metamodef@nipniques grew substantially in the 1990s, pddity
within the MDO community. During the first half tie decade, heavy emphasis was placed on resporfaee
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methods, which primarily resulted from NASA-fundessearch related to the High Speed Civil Trans@&CT).
Researchers at the Virginia Institute of Technoldgwiversity of Notre Dame, Georgia Institute ofchaology,
Rice University, and Old Dominion University conigd to advance the state-of-the-art by developiogein
methods and uses for response surface models. Mahgse efforts were chronicled at 185 MDO Workshop
sponsored by ICASE/NASA Langel§?*2%33 For instance, the Variable Complexity Responséae Modeling
(VCRSM) method developed predominantly at Virgifiach® uses analyses of varying fidelity to reduce the
design space to the region of interest and buipparse surface models of increasing accuracy. Cdreurrent
SubSpace Optimization procedure from Notre Dams daé generated during concurrent subspace optiorizto
develop response surface approximations of thegdesgpace which form the basis of the subspace twioh
procedure during MDG’*#% Robust Design Simulati6hand the Robust Concept Exploration Methd@were
developed at Georgia Tech to facilitate quick eaiin of different design alternatives and generatmust top-
level design specifications. Hafkta et*ahnd Simpsonet &f. provide extensive reviews of response surface and
approximation methods in mechanical and aerospagi@eering during this timeframe.

As response surface modeling became more widelgt age better understood, its limitations becameemor
apparent, e.g., the “curse of dimensionafity® and the inability to create accurate global apjmetions in highly
non-linear design spacés.As a result, some researchers started exploigtieh order response surface motfels
and mixed polynomial modéfswhile others investigated more efficient experitaéresigns for sampling the
design space using computer analy$85°® Other researchers also started investigatinguse of gradient
information to facilitate metamodel constructiBfi**®> Sequential approaches to sampling, building, @ptiimizing
approximation models were also being investigatgdniany researchers, and the use of move Hfniad trust
region approaché%>’ were being advocated by many researchers for atiguenetamodeling. This led to the
development of mathematically rigorous techniquesnanage the use of approximation models in opétitn
such as the Surrogate Management Framew®odieveloped collaboratively by researchers at BqeiB§l, and
Rice University. During this time frame, many caanfes also started to develop software to faadlithe use of
approximation methods in design and optimizatid®GHT*® by Engineous Software, Inc.; Visual D&y
Vanderplaats R&D, Inc.; Optimbls by LMS International; ModelCent& by Phoenix Integration; Design
Explorer® by The Boeing Company; and DAKOTAby Sandia National Laboratories. Section VI gigesore
detailed review of the metamodeling capabilitiethimi each of these software packages.

C. 2000 to Today

In the latter part of the 1990s, the emphasis stiaided to shift away from response surface mddeddternative
approximation methods such as radial basis funsfibt®*Multivariate Adaptive Regression Splin€«riging,**®
which was the focus in many dissertati6h® >’ and more recently, support vector regres$idh. The
availability of alternative methods led to many qmrative studies to determine the advantages dérdiit
metamodeling techniqués’®’’ The merits of various metamodeling techniquesevescussed extensively at the
Approximation Methods Paneheld at the 9" AIAA/ISSMO Symposium on Multidisciplinary Analysis
Optimization®> As discussed in the panel, metamodels are findingriety of new uses, including optimization
under uncertainty, which is receiving consideradieention as of laté& and robust design and reliability-based
design since they provided inexpensive surrogateMbnte Carlo simulation and uncertainty analysis.

This evolution is summarized well in Figure 1, whghows the number of DACE-related publicationsr dkie
past twenty years. This data was obtained usiadtiblish or Perish software systemnd Google Schol&rwhere
we searched for occurrences of the phrase: “desigranalysis of computer experiment.” While thecsfic results
may vary slightly as the Google database is updatedsee a steady growth in the number of pape®AGE,
especially in the last decade (see Figure 1a)Fidmre 1b, publications are sorted according to riheber of
citations to complement the information in Figuee 1n each year, at least one paper is likelyet®ive more than
100 citations; in fact, 24 papers have more thah ditations and 11 more than 200 citations. klé&ar that the
focus on DACE rewards authors with citations.

Figure 2 (adapted from Viana and Haff§allustrates the number of publications reportthg use of some of
the major surrogate techniques. Data was alsdarggtausing the Publish or Perish software systeth@aogle
Scholar (in the period of June 10-25, 2008). FRmhetechnique, Viana and HaftRaearched for occurrences with
any of the following words: interpolation, approxtion, metamodel, regression, classification, mtésh. In
practice, for example for “response surface”, tl@rsh in Google Scholar is fed with: interpolati@R
approximation OR metamodel OR regression OR claasibn OR prediction AND “response surface”. Tdes

™ http://www.harzing.com/pop.htmccessed on June 24, 2008
™ http://scholar.google.comccessed on June 24, 2008
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results may also vary due to the update on the [Bodgtabase. Figure 2a shows an impressive growing
publications on neural networks when there is rstriction on the research field (the same for suppector since
the beginning of this decade). Figure 2b illugtsalvhat happens in the optimization community, whbe 1990’s
trigged the popularity of surrogate techniquesgufé 2c narrows even further the numbers to thpesad the
structural optimization community; where responsdaxe still seems to be the favorite techniquee Hssons that
we can take from these pictures are:

In terms of the large spectrum of regression apfibos: different surrogates are equally compefiiv

In terms of history: the popularity of DACE is intennected to the developments on individual swati®g

techniques.
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To identify the motivation for metamodeling resdgrconsider Table 1, which summarizes frequentigeci
review papers published in the past two decades.tfing that is immediately evident is the commioente in all
of these papers is the high cost of computer sitiomls, e.g., “despite growing in computing poweurregate
models are still cheaper alternatives to actuatkition models in engineering design.” This statahis still weak
in the sense that one could argue that with thepotational resources that we have today, insteadsofg
surrogate models for approximation purposes, wédcaly on low-fidelity codes (or alternatively, @es that used
to be high-fidelity models in the past but that Wdorun much faster in today’s computers). The Bewdvocate
would say that both surrogate and the cheap loelifidmodels would bring a level of uncertainty geared with
the current high-fidelity simulations); howeveretlatter would have the advantage of being alreeelirknow and
used (besides, it would save one to go to the sag@isues on surrogate modeling).

To be fair, let us start by asking: what have ttheasces in computational throughput been usednfdifferent
segments of the engineering design? Figure 3 hep® see that if it is true that the advanceshaalped the
development of numerical optimization; they alsemeto favor an increase in complexity of the stHtéhe-art
simulation® In general, we can see that the computationaluress were used to add complexity; so, it is jikel
that one could not use old high-fidelity modeltiiain the output of some of the today’s codese(thie example
of the transient analysis). On the other handcare say that the cost of fitting a given surrogadmpared to the
cost of simulations has reduced over time, whidpdwto make more sophisticated surrogates to begmopular.
On top of that, surrogates such as kriging modets even the traditional polynomial response surtdse offer
information about the prediction error (obvioushyt fiound in old high-fidelity codes). More tharsfuan estimator
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of the point-wise error in prediction, these stunes can be used for rational allocation of the matational
resources in the optimization process itself. &wammple, they can guide refinement of the desigitespoward
regions of high uncertainty or regions where thénogation is mostly likely to improve the objeativfunction.
This is the case of algorithms such as the Effici8lobal Optimization (EGOY¥ The bottom line is that the
repertoire of design tools has substantially grawer the years and DACE methods helps tailoringblero-
oriented approaches during the design process. n€kesection reviews advancements in mutli-level anulti-
fidelity approximations, a topic in metamodelingttis still receiving considerable attention.

Table 1. Motivation for previous review papers abot“Design and Analysis of Computer Experiments.”
Paper Year | Statement

Sacks et at. 1989 | Abstract: Many scientific phenomena are now investigated dgpdex
computer models or codes... Often, the codes are watignally
expensive to run, and common objective of an expet is to fit a
cheaper predictor of the output to the data”

Barthelemy and Haftka 1993 | Introduction®... applications of nonlinear programming methods |to
large structural design problems could prove coSedative, provided
that suitable approximation concepts were introdlice
Sobieszczanski-Sobieski and Haffka| 1997 | Abstract“The primary challenges in MDO are computationaberse
and organizational complexity.”

Simpson et af? 2001 | Abstract‘The use of statistical techniques to build approations of
expensive computer analysis codes pervades muchtoddy’'s
engineering design.”

Simpson et al. 2004 | Introduction: “Computer-based simulation and analysis is used
extensively in engineering for a variety of tadBespite the steady and
continuing growth of computing power and speed, dbmputational
cost of complex high-fidelity engineering analysesd simulations|
maintains pace... Consequently, approximation ntshsuch as desig
of experiments combined with response surface mattel commonly
used in engineering design to minimize the comjmnat expense of
running such analyses and simulations.”
Wang and Shdn 2007 | Abstract: “Computation-intensive design problems are beconfing
increasingly common in manufacturing industries.e Ttomputation
burden is often caused by expensive analysis andl&iion processes
in order to reach a comparable level of accuracy peysical testing
data. To address such a challenge, approximatiormeta-modeling
techniques are often used.”
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Figure 3. Bi-level summary of the evolution in thaise of computational resource!

M. Multi-level and Multi-fidelity Approximations

In the past two decades, we have observed a shegaise in the number of papers on metamodelingapipes
based on the interaction of high- and low fidetitymerical models. In such approaches there issumnaption that,
apart from the high fidelity numerical model thatsufficiently accurate but requires a large commguéffort for an
evaluation, there is another one that is not asrate but is considerably less computationally dedirey. Such a
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model can be obtained by simplifying the analystglel (e.g., by using a coarser finite element nuistretization,
a reduced number of the natural modes of the mad#ynamic analysis, etc.) or a modeling concep.{(esimpler
geometry, boundary conditions, two-dimensionaldadtof a three-dimensional model, etc.). A loveliig model

can provide a basis for a high quality metamodelding resulting in solving an optimization probleta the

accuracy of the high fidelity model at a considérabduced computational cost. In the metamoddding, a low-

fidelity model is corrected (or tuned) using thedabresponse values from a relatively small nundiezalls for

both high fidelity and low fidelity models accordito a suitable design of experiments. Such tunargbe refined
in an adaptive way as optimization progresses.oMeeall objective of this approach is to attemptitrcumvent the
curse of dimensionality associated with black-batamodeling by exploiting domain-specific knowledge

In some cases there can be a hierarchy of numeariodkls, e.g., based on Navier-Stokes equatioghébt
fidelity and most expensive), on Euler equatiorsv@r fidelity and less expensive), linear panel huodt (lover
fidelity and cheaper), etc. down to analytical orpérical formulae (e.g., obtained from the wind iehtest data).
These can be exploited to in an optimization sgpateith hierarchic metamodel building and refinemnen

Originally, the idea of improving quality of appiimxation by endowing the metamodel with some disc@l
related properties of the numerical model respdusetion stems from the empirical model-buildingdny. Box
and Drapé¥ showed that a mechanistic model, i.e., the oneighhuilt upon some knowledge about the system
under investigation, can provide better approxioregi than general ones, e.g., polynomials. An exanusl
application of such a model to a problem of matepa@rameter identification (formulated as an optiation
problem) was given by Toropov and van der GieSsshere the structure of the metamodels of respqnaetities
(torque and elongation) for a solid bar specimetoigion, obtained by a nonlinear FE simulationsarived from
a simpler functional dependence on material pararséor a tubular specimen. The simplified (thiaked tubular)
model analyzed by solving an ODE, was the basishlermetamodel describing the behavior of a solidieh that
was analyzed by much more complex numerical sinanatThe radii of the artificial tube specimen wéreated as
metamodel parameters used to match the two motisésrepling points.

A different route to introducing approximations edson the interaction of high and low fidelity mtxdevas
taken by Haftk& while aiming at extending the range of applicapitif a local derivative-based approximation of
the high fidelity responsé&(x) at a current design point. A global approximatis also introduced that is
considered to be a simple-model approximation ,(i.e. low fidelity model) f(x). A scaling factor
C (%)= F(x)/ f(x) can be calculated at a current design pejrind its approximation built using Taylor series

expansion. This allows creation of an extended easgproximation to the high fidelity response byrecting

(scaling) the low fidelity responsg(x) = f(x) C(x) ensuring thathe values and the derivatives of the high fidelity

response coincide with those of the scaled lowlifidaesponse. This approach was termed Global-Loca
Approximation® (GLA) method and demonstrated onearb example with a crude and more refined FE models
Later, this approach was termed Variable CompleMtydeling (VCM) technique and used by Unger ef’al.
alternating calls for the low and high fidelity nes to update the correction applied to the lovelft§ model
during the optimization. The same approach wasiegpd optimization problems with response funcioelated to
aircraft structural performan®and aerodynamids.

A rigorous implementation of an approximation mavagnt framework (AMF) based on the scaling of the |
fidelity response and incorporating a trust regitnategy is presented in Alexandrov et’alhe term approximation
is used to define any model that is less expendiae a high fidelity model, including low fidelityumerical
models, response surfaces, kriging metamodels,Seteeral examples are given including optimizatddra 3D
wing parameterized with 15 design variables wheth bigh and low fidelity (8 times less expensiv@dels were
based on Euler simulation (incorporating an autangifferentiation tool) of different grid refinemeachieving a
threefold saving in computing effort. An applicatiof this framework, renamed approximation and rhode
management framework (AMMF), to optimization of tetement airfoil utilizing a Reynolds-averaged Navi
Stokes (RANS) code and an Euler code as high- @anditielity simulation tools, respectively resulted in the run
time ratio of 55:1 (excluding sensitivity analygierformed by an adjoint approach) and achievededdid saving
in computing effort. Second order correction methtitht require second derivatives of the high- lamdfidelity
response were introduced by Eldred et?amplemented in the DAKOTA softwafeand compared to other
metamodeling techniqués.

Knill et al.** stated that the gradient-based low fidelity maz®tection procedure was effective in reducing the
computational cost but it was adversely affectedheypresence of numerical noise in aerodynamicsamnatural
response values. To circumvent this, Giunta et auggested to initially perform a thorough desigrace
exploration utilizing a low fidelity model, and idéfy and exclude “non-sense” regions arriving ahach reduced
ribbon-like domain in the design space. This addvbuilding a polynomial response surface of ttgh Hidelity
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response utilizing a much reduced number of sampbioints in the aerodynamic design of a High Spéadl
Transport (HSCT) aircraft wing. This number coblel further reduced by performing an ANOVA studyalow
fidelity response surface in order to identify lesgnificant terms in a polynomial regression modetl remove
them from the polynomial response surface for thgh Hidelity responsé? Another benefit of performing a
preliminary response surface building on a low Ifigemodel is that it allowed to identify a set oftervening
functions that are easier to approximate by a motyial response surface separately and use thosensiruct a
response or the original complex function, suckvimg) bending material weight of a HSTE Later, this approach
was further enhanced by establishing a polynongiaponse surface for the correction function fromelatively
small number of calls for te high fidelity models(aompared to the sampling size used to run thefidelity
model), that is then utilized to correct the lowdefity model by applying correction to its polynahi
approximatiofl’ or to the data used for its creation. Balabanmil.Btcompared these two approaches and found the
difference in the quality of the obtained approxima rather small. Venkataraman and Haltkdemonstrated the
effectiveness of correcting inexpensive analysisetaon low fidelity models by results from more exgive and
accurate models in the design of shell structuebdickling. Vitali et al® used a coarse low fidelity finite element
model to predict the stress intensity factor, amtected it with high fidelity model results basmula detailed finite
element model for optimizing a blade-stiffened cosife panel. In the optimization of flow in a difr,
parameterized with 6 design variables, Madsen amythjem”* used Navier-Stokes CFD solution with a fine grid
as a high fidelity model and experimented with twodels of lower fidelity, an empirical formula aaccoarsened
CFD grid arriving at an acceptable solution withchls for the high fidelity model.

Toropov and Markinégeneralized the metamodeling approach based ontéraction of high and low fidelity
models by considering a metamodel as a tuned baliy model:

I‘-’/‘(X,a) 0 If/‘(f (x).a)» F(X) (1)

wheref(x) is the low fidelity response aralis a vector of tuning parameters used for miningzihe discrepancy
between the high fidelity and the low fidelity resises at sampling points. They suggested thress tgp low-
fidelity model tuning:
* Type 1: Linear and multiplicative metamodels witfottuning parameters
» Type 2: Correction functions
* Type 3: Use of low fidelity model inputs as tunipgrameters

The linear and multiplicative functions of Type daType 2 correction functions have been succdgdisked
for a variety of design optimization probleMs. The Type 3 metamodel, similarly to mechanistiadels, is based
on deeper understanding of a process being modetddh can be useful but is problem-dependent. opov et
al’* gave an illustrative example of a four-link mecisamoptimization where the cross-sectional areab®three
movable links are chosen as the design variablles. dptimization problem is to minimize the total spaf the
system subject to constraints on the maximum vadfitise bending stresses in the links over a fipedod of time.

The bending stresses are evaluated using the vafués bending momer; (x,t) = (4J7r/x3’2)M whereM,; is the
bending moment evaluated in theh link of circular cross-section. The followingxgdicit mechanistic
approximations of the constraint functions havenbseggested:F;(x) = a; (4%, + X3) X > Fo(X) = ax "4

I;3(x) = axs ¥ The dynamic analysis of a flexible mechanisngithfidelity model) is a time-consuming

procedure as it requires integration of a systemaoflinear differential equations of motion. A mbaeéth rigid
links for which the dynamic analysis is two ordefsmagnitude faster was then used as a lower fidatodel.
Since the stress distribution along the link degeol its inertia properties, the mass densitighefinks have been
chosen as the tuning parameters to construct th@@mations of the third type (5), namealy=p; ,i =1, 2, 3. The
results of optimization indicated that the quatifynechanistic approximations was the best. folldwg (from best
to worst) Type 2 in multiplicative form (4) with riiplicative correction function; Type 3 (5); Tyf&in linear form
(3) with linear correction function; Type 1 in miplicative form (2). The quality of the metamoddl Type 1 in
linear form (1) was unacceptably low.

Zadeh and Toropd?¥ implemented the multi-fidelity metamodeling appawithin the Collaborative
Optimization MDO framework defining the metamodéisthe whole range of design variables. Hino el
applied it to a metal forming problem where thersea (seven times faster) low fidelity FE model wadiised
resulting in the reduction of the total run timethg factor of 6.7 as compared to the use in opttion of the high
fidelity FE model only. The initial sampling was o according to a small scale optimum Latin hypeecDOE
(five points in the four design variable spaceg bhw fidelity metamodel tuned and used in optirticza At the
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obtained point the high fidelity model was callewldahe responses were compared to the ones frométamodel.
A constraint violation was deemed unacceptable éé¢he new point was added to the DOE and the Idelify
model tuned again. In the weighted least squaetamodel tuning (6) the weights depended on theegabf the
objective function and constraint functions resigtiin the allocation of higher weights to the samplpoints
located closer to the boundary of the feasiblearegind (from the second iteration) closer to thelpadded point.
After the second optimization run the obtained giesivas evaluated again by the high fidelity modebpcing only
a small difference from that from the metamodek thas taken as the solution.

An alternative approaclis to use the tuned low fidelity model as a midga metamodel within a trust region
framework of the Multipoint Approximation Methdd?® This was applied to multibody optimization
problems®%®and design of the embedded rail structure wittDaF& high fidelity model and 2D FE low fidelity
model*®” Goldfeld et af’® considered optimization of laminated conical shér buckling where the high fidelity
analysis model (based on accurately predicted mbf@operties) was combined with the low fidelityodel (based
on nominal material properties) by a correctionpogse surfaces that approximate the discrepancyebet
buckling loads determined from different fidelityodels.

Rodriguez et at”® showed that metamodels constructed from varidabidify data generated in the concurrent
subspace optimization (CSSO) MDO strategy can Fectdfely managed by the trust region model managem
strategy and gave a proof of convergence for theamedel based optimization algorithm that has keggglied to
MDO test problems. Rodriguez et'&l.extended this work to present a comparative safdgifferent response
sampling strategies within the disciplines to gatethe metamodel building data.

Several researchers applied advanced metamodetingepts to build a high quality approximation for a
correction factor. Kean® described an aircraft wing optimization systemeliaen the use of kriging response
surface of the differences between the two dradiptien tools of different levels of fidelity. Garet al*'? built
kriging-based scaling functions combined with astrtegion-managed scheme and proved it to converdbe
solution of the higher fidelity model. Gano et"&lenhanced this approach by introducing a metamopehte
management scheme based on the trust region catedtice the cost of rebuilding kriging models Ipgating the
kriging model parameters only when they produceoar @pproximation. It was found that the krigingdel
parameters can be updated by local methods thusiuing the overall performance of the algorithm.

Leary et al' developed a knowledge-based kriging model thaexbibits a performance similar to the
knowledge-based ANN approach, but is preferredeasgbsimpler to train. Forrester at"8l.combined co-kriging
(extension of kriging for the case of several reses) with a Bayesian model update criterion basedn error
estimate that reflects the amount of noise in thseoved data, and demonstrated the approach byng wi
aerodynamic design problem. Balabanov and Vé&fitarsed gradient-based optimization where the one-
dimensional search points are evaluated using fiiigiity analysis and the gradients are evaluatsithgi low-
fidelity analysis resulting in a multi-modeling apfzation scheme that does not require correlalietween the
results of the high- and low-fidelity analyses.

An alternative approach termed Space Mapping dlineas high- and low fidelity models but aims tstablish a
mapping of one model's parameter space on the attoetel’'s space such that the low fidelity modelhwihe
mapped parameters accurately reflects the behafite high fidelity model. Both linear and nondar mappings
have been considered in the literature (see, Bapdler et al*'’ Bakr et al}*® and Koziel et at*® for details) and a
trust region methodology was incorporatéd. The main difference between the previously disedsapproaches
where the results of the low fidelity models aresime way tuned to match those of the high fidelitdel, and the
space mapping approach is that in the latter agdesiriable space distortion is applied to the glesiariables of
the low fidelity model to cause its optimum poiot match that of the high fidelity model. A simm@&alogy,
offered by Keane and Ndit,is that the space mapping approach is similarasvihg the low fidelity model on a
rubberized sheet that can be then distorted toeagmologically with the high fidelity results. iBhseems to be a
natural approach for solving inverse problems whieeemain objective is to find parameters of thedelavhereas a
design optimization problem primarily aims at aeftig the best performance characteristics (res@nsethe
system. This technique has been used extensivetyigrowave circuit design, see the review by Banet al***
with fewer applications in other engineering fielddeary et at?> demonstrated the use of space mapping in
structural optimization on a simple beam problelignatovich and DiaZ> used space mapping in crashworthiness
applications using a specially developed trusscaire as a low fidelity model. Redhe and Nils$bmised a
multipoint version of space mapping where a higlelfty response evaluation is done in each itematiioimprove
the mapping function and combined it with the resm@surface methodology. The technique is compiarede
correction surface-based approach and applied/éhigle crashworthiness structural optimizationipeo.

Until now, relatively little attention was paid o case when the number of design variables in afidality
model differs from that in a high fidelity modelagicularly when a different modeling concept i®dise.g., a 3D
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model is considered instead of a 2D model. In stades some form of mapping between the spaceg afetsign
variables is required. Robinson et&ldeveloped two new mapping methods, corrected spepping and proper
orthogonal decomposition (POD) mapping that arel iseconjunction with trust region model manageménis
reported that on a wing design problem the use@id Pnapping achieved 53% savings in high fidelitpdiion
calls over optimization directly in the high fidglispace. In Robinsolf® a hybrid between POD mapping and space
mapping has been also developed and comparedheithréviously implemented techniques.

V. Multiple Surrogates and Metamodel Ensembles

As outlined by Viana and Haftl4 the diversity of surrogate techniques is basechamily on a combination of
three components:

1. The statistical model and its assumptions: for gdamwhile response surface techniques assuméhhatata
is noisy and the model obtained with the basistions is exact, Kriging usually assumes that tha daexact
but the function is a realization of a Gaussiarcpss.

2. The basis functions: for response surfaces, this li@sctions are usually monomials, but other fiort have
been occasionally used. Kriging allows differemnl functions that are also usually monomials. uppsrt
vector regression, the basis functions are spédifie¢erms of a kernel.

3. The loss function: while most surrogates are basedminimizing the root-mean-square error (RMSE),
minimizing the average absolute error (L1 normp&eto surrogates that are less sensitive to ositliggure 4
shows surrogates fitted to five data points. Fduhem lie on a straight line and the fifth repmgtseerroneous
data. It is seen that while the erroneous poinhgha substantially the Kriging surrogate and aagesg surface
based on RMSE, it has no effect on the fit basetheri1 norm.

w A~ O
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Figure 4. Differences of fitting due to different sirrogate approaches (adopted from Ref. 81). Among points
sampled from a straight line, one presents a sigmifant amount of error (x = 2 and y = 3.5). It carbe seen
that only L1 norm is not affected by this.

From the historical perspective discussed in Sedtiothe response surface and neural networkalitee has
shown us that there are two issues when multipleletsoare to be considered: (i) selectiid?®**and (ii)
combining™***! In both cases, everything starts with rankingséeaccording to a common criterion, which most
of the time is an estimator of the RMSE known a&BR (prediction sum of squares). PRESS is the regaare
of the cross-validation errors. A cross-validatamor is the error at a data point when the sateds fitted to a
subset of the data points not including that poishen the surrogate is fitted to all the other 1 points, (so-called
leave-one-out strategy), this process has to beatedp times to obtain the vector of cross-validation esyd@«.
Alternatively, thek-fold strategy can also be used for computatiothefPRESS vector. According to the classical
k-fold strategy;* after dividing the available data points) intop/k clusters, each fold is constructed using a point
randomly selected (without replacement) from eaicthe clusters. Of th& folds, a single fold is retained as the
validation data for testing the model, and the liemg k — 1 folds are used as training data. The crobdatan
process is then repeatkdimes with each of thk folds used exactly once as validation data. Nudék-fold turns
out to be the leave-one-out whier p.

Selection based on PRESS is as simple as the Wfaaigard use of the surrogate with the lowest PRES
Exemplified by Roeckel?’ the literature on response surface shows the agijplh of such approach for the
selection of the coefficients of the polynomialheTsame can be found in the neural network liteeatutans and
Moody*?® applied the same concept for selecting neural owtarchitectures.
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Linear combination of different surrogates with gigs defined according to the individual PRESSrsri® also
something that has been explored since long"#gddowever, the advantages of combination over setedhas
never been clarifie®® Viana and Haftk&® recently pointed out that (i) the potential gafrem using weighted
surrogates diminish substantially in high dimensjamnd (ii) the poor quality of the information givby the cross-
validation errors in low dimensions makes the gany difficult in practice. Having said that, avdise set of
surrogates can be obtained in practice by generatin
» Single instances of different metamodeling techegrhis is the more intuitive and straight forwapproach,

which often motivated by practical consideratiof®r instance, Mack et &* employed polynomial response

surfaces and radial basis neural networks to parffiobal sensitivity analysis and shape optimizatid bluff
body devices to facilitate mixing while minimizirthe total pressure loss. They showed that duemialls
islands in the design space where mixing is vefgcéiffe compared to the rest of the design spaég difficult

to use a single surrogate model to capture suchl loat critical features. Glaz et &f. used polynomial

response surfaces, kriging, radial basis neuralavis, and weighted average surrogate for helicoptor
blade vibration reduction. Their results indicathdt multiple surrogates can be used to locatevination
designs which would be overlooked if only a singfgroximation method was employed. Samad Ef aked

polynomial response surface, kriging, radial basiural network, and weighted average surrogate in a

compressor blade shape optimization of the NASAr8¥. It was found that the most accurate suteodal

not always lead to the best design. This demamestithat using multiple surrogates can improverixeistness
of the optimization at a minimal computational cost
« Multiple instances of same or different techniqubs is a less intuitive approach. Sanchez &t'alresented a

approach toward the optimal use of multiple kefreded approximations (support vector regressiohgy T

reported that in their set of analytical functi@sswell as in the engineering example of surrogaideling of a

field scale alkali-surfactant-polymer enhanced reitovery process, the ensemble of surrogates, rierge

outperformed the best individual surrogate and idiex among the best predictions throughout the dwsmat

interest. Viana and Hafk¥ studied whether to use the best PRESS solutianweighted surrogate when a

single surrogate is needed. They used a largeosapaund by 6 instances of kriging, 1 polynomialpasse

surface, 1 radial basis neural network, and 1&irsts of support vector regression. They found(thRESS
is good for ranking surrogates; and (ii) the lirdigains (if any) of the weighted average surrogaaées it to
act as an insurance against bad fitted surrogates.

As it turns out, the use of multiple surrogate.(iseset of surrogates and possibly a weightedageesurrogate)
is very appealing in design optimization due to féet that the best surrogate may not lead to #s tesult; and
complementary because fitting many surrogates apkating optimizations is cheap compared to cost of
simulation. Consider an optimization problem witllesign variables and a single response. Thisdvypically
require 30 points for surrogate modeling. Say #wth simulation runs in 30 minutes which impliesrhs and
30min for sampling the design space. Let us coepap scenarios, one where we use a traditionaginpohial
response surface and another where in additiomettowte also use 4 other more elaborated and exgesgirogates
(such as kriging, neural networks or support veptgression). Let us consider the cost for PRES&ukation for
all surrogates is 30 min. Table 2 shows the coatjmnal costs associated with running single pewaiuation and
optimization. It shows that the use of multipleregates for optimization is affordable when conaghio the actual
simulations. The total cost of using multiple sgates involving sampling (most of the budget), BRE
computation and global optimization is an overnigpération. In this example, at the end of thénaigation:

» If we use just the polynomial response surfaceen@ up with a single candidate solution that waelguire
other extra 30min.

« If we use all 5 surrogate models, we end up witlaldidate solutions that if we can not resumegmaller set,
it would require at most 2hs and 30min (in casdiféérent solutions).

Table 2. Comparison of different exercises using agal and surrogate models.

L Number of Actual_model Single surrogate 5 surrogate
Application h (4 variables,
evaluations model models
1 response)
Extra point 1 30 min 0.05 sec 0.25 sec
evaluation
S'F‘g!e'“%” 500 10 days 10 hours 25 sec 2min 5 sec
optimization
Global optimization 10,000 208 days 8 hours 8mirs80 42 min 30 sec
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V.  Metamodeling Capabilities in Commercial Software

Developments in commercial software come from twicmary sources: (1) academic research and (2) tnidus
needs. Academic research offers great flexibditg ability to explore different directions, wheseéadustrial needs
are dictated by practical problems required to dleesl in a short period of time. Software companém to
accommodate current industry needs first (as fir@ncing depends mostly on industry), but at thee time they
try to anticipate any future needs in the industfis necessity to anticipate future needs mahkestconduct their
own research and also requires them to pay attetdiovhat is going on in academic research. Kegfiie balance
between efficient research for future needs andediate day-to-day important industry requests tsamoeasy task,
especially accounting for the need to sell thevgmie. An essential part of this balance is effitiand robust
implementation of the methods and algorithms. h&t $ame time, although many methods in commerofaare
have similar names, the implementation is quitéedéit due to different customer demands and nasdsell as
due to practical experience of software developers.

Currently there exists a number of commercial safemthat implements a variety of metamodeling tepkes.
However, one has to take into account that for n@mgmercial software systems metamodeling is natltimate
goal. Instead, in many cases metamodeling is a aniop to optimization and design exploration calitéds, when
identifying the best possible system for given dtads in an automatic fashion remains the maik.tas

The advances in computer technology and graphisat interface (GUI) development as well as confegen
presentations of competing software vendors leal sduation when quite a few commercial softwargtesys offer
similar capabilities regarding integration with thleird party analysis/simulation codes as well as-/post-
processing and even underlying algorithms. Eveming on remote CPU’s as well as parallel compaoitati
capabilities became a common feature of most osdlfevare. As a result, on one hand the GUI aspafctarious
software products become resembling, on the othedhsimilar algorithms may be called different eanin
different software. Learning curves for users maydbiferent depending on the software environmeBscause of
all these factors, a potential user is stronglyoemnaged to talk to specific company regarding kisglspecific needs
and personally evaluate several candidate softveaeording to his/hers preferences: ease of usacatyp
computational cost for his/hers specific type ofimjzation problems, visualization capabilities, tamaodeling and
optimization algorithms, etc. to make sure thatdbfware offers what is needed.

The same factors that force the user to spend timeeevaluating each software (GUI similarity, damity in
post-processing and integration features, someirfegg in the actual software capabilities, differeames for
similar algorithms, etc.) also make it harder tofgen unbiased comparison of the software. The stamdardized
terminology may be partially blamed for that (foaenple, from a user’s prospective is there a difiee between a
“metamodel” and an “approximation”?). But the madéason being that for majority of software comparselling
software became a necessity with all its pluses (teed to develop fast and robust algorithms alweitly nice
companion capabilities) and minuses (the need tisalig sell the product, rather than to just peigatly present
papers with detailed description of all its capiéib#, updates, and new applications.)

Table 3 lists some of the popular commercial saftwaroducts and their capabilities related to metdating
methods and general-purpose optimization. The softyoroducts are presented in alphabetical oriée. present
neither a complete list of all available softwam@ducts, nor the complete list of capabilities, bather, a brief
introduction to software available specifically fiaretamodeling and optimization tasks. The tabloliswed by
some remarks regarding each of the software. Wendt include popular software (e.g., MATLAB Excel®®
JMP.” Minitab™) that do not specialize in optimization into theble; however, we do provide some remarks
regarding their capabilities.

* BOSS/Quattro: It is an application manager thagrsffan easily customizable environment with natikieer
files for major CAD/CAE, FEA, MBS and CFD softwaiacluding managing sensitivities. BOSS/Quattro:may
also use XML formalism.

» Dakota: It is a public domain software. Being mdrizen by research and publications, it tendseariore on
the leading edge of the algorithms than the comimesoftware. Dakota has more variety of optinmizatand
metamodeling methods than commercial software. dd@w because of the lack of demanding paying
customers the user-friendliness is less than innceroial software. Specifically, inexperienced sseray be
overwhelmed by a variety of algorithms and optioneach of them. Use of C++ as a core language/iges
plug-and-play capability of components and natyraths for extendability. Having several thousanéls

* www. mathworks.com

8 pffice.microsoft.com/en-us/excel

™ www.jmp.com
T \www. minitab.com
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download registrations from around the world, Dakeglies on community discussion forums to enable a

distributed support model. This is different fréine commercial model and requires some sophisticdtom
the user base to be able to function without corsrakquality support.

Table 3. Commercial software metamodeling and optiiration capabilities.

Software Product

Metamodeling Capabilities

Optimizdion Capabilities

BOSS/Quattro
(SAMTECH S.A)
www.samcef.com

Least Squares Regression for Polynom
and Posynomials, Radial-Basis Functio
Neural Networks, Kriging

afl'ssradient-based optimization, Surrogate-ba

1optimization, Genetic Algorithm,
?}Iultiobjective optimization, Probabilistic
optimization

sed

Dakota

(Sandia National
Laboratories)
www.cs.sandia.gov/DAKOTA

Taylor Series Approximation, Least
Squares Regression for Polynomials,
Moving Least Squares, Neural networks
Kriging, Radial-Basis Functions,
Multipoint Approximations, multifidelity
modeling, Multivariate Adaptive
Regression Splines (MARS)

Large variety of methods, including
'Surrogate-based optimization, Gradient-ba
optimization, Evolutionary optimization,
Multiobjective, Probabilistic optimization

sed

HyperStudy
(Altair Engineering)
www.altair.com

Least Squares Regression for
Polynomials, Moving Least Squares
Method for Polynomials, Kriging

Surrogate-based optimization, Gradient-ba
optimization, Genetic Algorithm, Probabilist
Optimization

sed

10SO
(Sigma Technology)
www.iosotech.com

Self-organizing optimization algorithms
specifically targeted for multiobjective and
probabilistic optimization

iSight

(Dassault Systemes, formerly
- Engineous Software)
WWW.engineous.com

Least Squares Regression for
Polynomials, Taylor Series
Approximation, Radial-Basis Functions,
Neural Networks, Kriging, variable-
complexity modeling

Surrogate-based optimization, Gradient-ba
optimization, Genetic Algorithm, Simulated
Annealing, Probabilistic Optimization,
Multiobjective optimization

sed

modeFRONTIER
(Esteco)
Www.esteco.it

Least Squares Regression for
Polynomials, K-Nearest interpolation,
Kriging, Bayesian Regression, Neural
networks

Surrogate-based optimization, Gradient-ba
optimization, Genetic Algorithm, Simulated
Annealing, Particle Swarm Optimization,
Evolution Strategies, Probabilistic
Optimization, Multiobjective optimization

sed

Model Center
(Phoenix Integration)
www.phoenix-int.com

Least Squares Regression for Polynom

a%radient-based optimization, Genetic
gorithm

OPTIMUS
(Noesis Solutions)
www.noesissolutions.com

Least Squares Regression for
Polynomials, Radial-Basis Functions,
Kriging, User-defined models, AIC
methodology to find model terms

Surrogate-based optimization, Gradient-ba
optimization, Differential Evolution, Self-
adaptive Evolution, Simulated Annealing,
Probabilistic Optimization, Multiobjective
optimization, User-defined optimzer

sed

VisualDOC
(Vanderplaats Research and
Development, Inc.)

www.vrand.com

Least Squares Regression for Polynom

Surrogate-based optimization, Gradient-ba
timization, Genetic Algorithm, Particle
warm Optimization, Probabilistic

sed

Optimization, Multiobjective optimization

Excel: Not widely known is the fact that Excel has optimization tool suitable for solving non-linea
problems. Although lagging behind specialized mjtation software in terms of the scale of probleha can
be solved, Excel Solver provides nice and easyséoaptimization capabilities. In addition to thaipst of the
commercial optimization/metamodeling software paelsahave specialized interfaces to Excel.

HyperStudy: One of the main advantages of the sofiws its close ties to the other products by iAlta
Engineering, especially to HyperMesh - a popula-post-processor for major CAD/CAE, FEA, and CFD
software. The integration with HyperMesh enabliesad parameterization of FEA/MBD/CFD solver inpl#ta
and one-step extraction of plot and animation auitpus making the solver integration to HyperStudy
efficient. Shape variables can be easily defirgdgithe morphing technology in HyperMesh withdw heed
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for CAD data. Advanced data mining techniques impéhptudy such as redundancy analysis and clustering
with principal component analysis simplifies thek&f studying, sorting and analyzing results.

» |0OSO: I0SO offers unique state of the art optim@atlgorithms that are based on self-organizatistrategy
and efficiently combine traditional response swfamethodology with gradient-based optimization and
evolutionary algorithms in a single run. The offgéralgorithms are equally efficient for the probtewf
complex and simple topology that may include mikgzkes of variables.

* iSight: iSight is one of the most widely used comeiad optimization packages. It supports dire¢egnation
to a large number of third party analysis/simulatiools and CAD programs. One of the unique iStgbts
offers using the physical dimensions of the paramseto create a smaller number of non-dimensional
parameters for easier and semi-automatic reducfidhe design variables and identifying underlytrends in
system designs. iSight is tightly coupled with fieg-and play-engineering workflow environment dd®n
the FIPER architecture, which allows workflow ardrponent sharing as well as web workflow execution.

e JMP: Although lacking the direct optimization capities, JMP and SAS software are definitely wotthbe
aware of, as this software is the leader and d@-facstandard in statistical analysis, design gfegxnents
technique, and response surface modeling.

» MATLAB: MATLAB’s main focus is not metamodeling arptimization. Rather, it is a humerical computing
environment and programming language. It is ailflexand wide spread tool with almost all specediz
metamodeling/optimization software having directeifaces to it. In addition, MATLAB itself has an
optimization/metamodeling tool box with a varietiyabgorithms and options available. As MATLAB pides
nice programming, pre- and post —processing cdpabilas well as links, methods, and tools from idew
variety of fields, it is in itself an attractivestgm for optimization and metamodleing.

e Minitab: Like JMP, Minitab lacks direct optimizatiocapabilities. However, being one of the mostytap
statistical packages, Minitab certainly is onehsf teaders in generating and performing statistcallysis on
various metamodels.

«  modeFRONTIER: modeFRONTIER is used in a wide raofj@pplications across all industry sectors, but
prides itself in advanced engineering fields the¢ €AE packages. modeFRONTIER provides a range of
intuitive yet impressive and powerful data visuafian and data filtering tools and charts. Alonighva range
of statistical data analysis tools, it also offersltidimensional analysis and clustering methodshsas Self
Organizing Maps, Hierarchical and Partitive cluistgr

* Model Center: The main focus of Phoenix Integrati®rntegration of various software into a singksign
environment, when software models can be locatedsadhe network or locally. Model Center has Hjgec
tight interfaces to many analysis/simulation sofevéfom various fields. Optimization is viewed jast one
part of this environment. Third party optimizerayrbe plugged into this environment.

e« OPTIMUS: In addition to offering optimization prabgres, and specialized interface to many CAD/CAE
packages and local “legacy” codes, OPTIMUS autosnatel monitors simulation processes as well asvallo
the users to automatically visualize and exploeedésign space. OPTIMUS automates simulation @asiksss
multiple engineering disciplines and offers moexibility for process integration by allowing muylte nested
workflows. One of the unique features of OPTIMWSimking user’'s own optimizer with OPTIMUS.

» VisualDOC: With development led by Dr. Garret N.ndarplaats, VisualDOC offers a simple and intuitivet
robust and flexible environment for interfacing lwiny analysis/simulation software to efficientylve any
general-purpose optimization problem. The mainimiton of VisualDOC is one of the most efficieamd
robust gradient-based optimization algorithms. usiBOC offers real-time “what-if” post-process spuol
and provides C/C++ API that allows embedding alc#pabilities inside of the third party program.

VI. Metamodel-Driven Design Space Exploration and Visu&ation

Metamodeling not only reduces the computationatsco$ optimization but also provides a means fgrida
design space exploration and, more importantlyjalization. Because metamodels are approximatitey, are
fast, virtually instantaneous, which enables penfamce analyses to be computed in real-time wheigrémput)
variables are changed within a graphical desigrnrenment. The importance of having fast responsgraphical
design interfaces has been corroborated by mamnljestu Nearly thirty years ago, Goodman and Spéhémund
that response delays as little as 1.5 secondseirsdftware can increase task completion time bycqimately
50%. Recent experimental studies have found siméaults: task completion times increased by 33berw
response delays were 1.5 secolidsThese recent studies have also found that emmouser performance — the
ability to locate the optimum within the designerface — can increase by 158%or nearly twice that amoufit
when response delays are 1.5 seconds are prespending on the size and complexity of the problédeedless
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to say, rapid analysis capability for effective idasspace exploration is paramount in today’s cammpmediated
design environment.

Within the MDO community, research in this area pexceeded primarily in two fronts: (1) improvingfisvare
and visualization tools that use metamodels forigtespace exploration, and (2) assessment of vistiin
strategies that employ metamodels. Examples ofatmer include Graph Morphingi***Cloud Visualizatiort:*?
Brick Viz,*** and the Advanced Systems Design Stfité?® which utilize metamodels of various types to allow
users to steer and visualize a simulation througdd-time interactions. Recent developments haveytgoto
improve methods for visualizing the resulting n-dimsional Pareto frontiet§”*® Meanwhile, aerospace
researchers at Georgia Tech have been extensitiityng the metamodeling and visualization capiiei in JIMP
to perform multi-dimensional trade studies and es@lthe design spaé&**® Ford Motor Company and SGI also
joined forces to investigate the use of surrogataleting and high performance computing to faciitaapid
visualization of design alternatives during the Mpf@cess™® Finally, researchers at Penn State and the Applie
Research Laboratory are investigating the use sdali steering commands that allow designers tooesphnd
navigate multi-dimensional trade spaces in reaétirsing the rapid analysis capabilities of metartsd&!*?

As for the second line of research, assessmenteobénefits of metamodel-based visualization iobeeg
more prevalent now that visual design environmeamésroutinely used by many engineering design teafsr
instance, Ligetti and Simpsbt studied the use of first-order, stepwise, and searder polynomial regression
models for approximating the system responses ohetailed manufacturing simulation and found thaihgs
stepwise regression models significantly reduce#t ttompletion time and decreased error compardatetdirst-
order and second-order polynomial regression modelfiese improvements in efficiency and effectisme
respectively, resulted primarily from having a mpasimonious regression model (i.e., the samd vaccuracy
with the fewest possible terms) during the oneefaat-a-time variations that were permitted witkiie graphical
design interface. Meanwhile, in a wing design fpeobthat used second-order response surface miodelsalysis,
Simpson et at* found that problem size significantly affected tieers’ average error, which doubled each time as
it increased from two to four and then to six dasigariables. These findings, in combination witke t
aforementioned importance of response delay, hageifisant implications on the use and development
metamodel-driven visual design environments — thtential benefits are great, but we must be venydfoi of the
human-computer interaction to avoid the pitfallattban likewise occur.

VII. Summary and Conclusions

In this paper, we examined the advancements inddsign and analysis of computer experiments (DACE)
within the MDO community in the past twenty yeand/e begin with a historical perspective to bettederstand
the extent to which the use of metamodeling tealesgn MDO have evolved in the two decades sineeséiminal
paper on Design and Analysis of Computer Experiméyt Sacks et dl. Based on current thrusts in the field, we
delve deeper into multi-level and multi-fidelity @pximations and ensembles of metamodels, as veelha
availability of metamodels within commercial soft@and for design space exploration and visuatinati

The goal in the paper has been to better understanddevelopments in DACE are being used todayewhil
providing a collection of relevant references ttiet complement existing literature reviews. Weas® happy to
see that books about DACE, written by engineersefwineers, are finally starting to app&4r.These and related
efforts (e.g., freely available surrogate toolbof@sthe widely-used Matldh) will continue to broaden the use of
DACE in MDO and non-MDO arenas while fosteringdteptance by an even larger community.

In closing, while DACE is becoming more mainstredme, majority of the research challenges remairséme:

» Curse of dimensionalitystill exists — the problems have just gottenéarg

» Computational complexitystill exists — problems have just gotten more plex and/or we are trying to do
more (e.g., robust design, OUU, RBDO)

* Issues with numerical noisstill exists and may have gotten worse due teceddzbmputational complexity of
many analyses

» Challenges with handling mixed discrete/continueasables still exits, and also may have gotten worse due
to the nature of problems now being investigated

» Validation of metamodel and the underlying modéll also critical as before but now incorponagtithe error
of the underlying model itself into the problemrfarlation is becoming more important.

** For instance, see the DACE Matlab Kriging Toolkih#p://Awww2.imm.dtu.dk/~hbn/dadeand the more general surrogate
modeling toolboxes (http://fchegury.110mb.com/sgatestoolbox.hti

14
American Institute of Aeronautics and Astronautics



The main learning from this paper is that althoubke big picture may mislead one to conclude tha th
computational budget is the main motivation betimel research on DACE, a closer look reveals thatdémand
for new and tougher capabilities is what reallyhmssthe developments. We hope that this work efmifoth new
and experienced researches to situate and togpted by the advances in the DACE research.
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