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Abstract— Cloud based design optimization (CBDO) is an affulness in capturing and modeling incomplete, unformalize
proach to significantly improve robustness and optimalitsolu- knowledge. Current research is focussed on improving both
tions sought in engineering design. One of the main featisrése  optimization and uncertainty modeling phase, and on captur
possibility to capture and model high-dimensional undeisainfor- ing more types of information virtually, e.g., linguistiegres-
mation, even in the case that the information available éeinplete ¢ins Of course. we are constantly looking for possiblé rea
or unformalized. _ _ _life applications of the methods. CBDO has already been suc-

Continuing our past studies we present the graphical ustrin cessfully used in space system design applications, c£0J9
facetforfCBDo ';1 ﬂ;'s paper. Ab‘?nwet mt_em'on thellaLeSt MBYOV" This paper is organized as follows. We introduce the formal
hmen S‘; our T,“ed?( s V‘l’edg've an 'bus e lve Zxamz € eh',mm,@h background of CBDO in Section 2 also giving an illustrative

ow unformalized knowledge can be captured, and we highlegh o, o 16 how we capture unformalized knowledge. In Section
lations to different uncertainty models, suchaboxes, Dempster- 3 we summarize relations of the potential clouds formalism t
Shafer structures, and-level optimization for fuzzy sets. different uncertainty models. Finally, we present ourwafe

Keywords— confidence regions, design optimization, higher dffnplementation a MTLAB package for CBDO, in Section 4.
mensions, incomplete information, potential clouds ' '

1 Introduction 2 Cloudsand robust optimization

Design optimization is frequently affected by uncertaisti Let< be ann-dimensional random vector. potential clouds
originating from several different sources. Being alreadyan interval-valued mapping — [a(V (z)), @(V (z))], where
complicated task in absence of uncertainties, design agim the potential functio” : R" — R is bounded below, and
tion under uncertainty imposes an additional class of diffic o, @ : V(R™) — [0, 1] are functions constructed to be a lower
ties. We have developed a framework dividing design op@ind upper bound, respectively, for the cumulative distiu
mization under uncertainty in its two inherent componenfynction (CDF) F" of V (¢), a continuous from the left and
i.e., uncertainty modeling and optimization. monotone,a continuous from the right and monotone. We

The most critical problems in real-life uncertainty modefiefineC,, := {z € R" [ V(z) <V, }if V., := min{V,, €
ing are caused by the well-known curse of dimensionality (&R | @(Va) = a} exists, and’,, := () otherwise; analogously
e.g., [1]), and by lack of information. While in lower dimenCs = {z € R" | V(z) < V,}if V, := max{V, € R |
sions, lack of information can be handled with several toa¢V.) = o} exists, and’, := R" otherwise. Thus we find a
(e.g.,p-boxes [2], Dempster-Shafer structures [3]), in higheested collection of lower and upper confidence regionsdn th
dimensions (say, greater than 10) there exist only very feense thabr(c € C,,) < o, Pr(e € Co) > o, C,, C C.

Often simulation techniques are used which, however, dail t Note thatlower and upper confidence regiéhs C, —also
be reliable in many cases, see, e.g., [4]. The clouds forneaeda-cuts of the cloud — are level sets Bf By choosing
ism [5] is one possibility to deal with both incomplete anthe potential functiori” reasonably one gets an uncertainty
higher dimensional information in a reliable and compotati representation of high-dimensional, incomplete, andidoi
ally tractable fashion. malized knowledge, cf. [11].

The design optimization phase (cf., e.g., [6]) is the secondOur framework of cloud based design optimization consists
major subject in our framework, loosely linked with the unceof three essential parts, described in the following sestio
tainty modeling. One typically faces problems like strgnglncertainty elicitation, uncertainty modeling, and ratmysti-
nonlinear, discontinuous, or black box objective funcsioor mization.
mixed integer design variables. We have developed hetgisti . L i
to solve these problems, e.g., using separable undergistime-L ~ Uncertainty elicitation and modeling
[7], or convex relaxation based splitting [8]. We assume that the initially available uncertainty infotiora

Since our approach can be considered as design optimamsists of both formalized and unformalized knowledges Th
tion based on uncertainty modeling with clouds, we call tfiermalized knowledge can be given as marginal CDFs, inter-
softwarecloud based design optimizatig@BDO). We have val bounds on single variables, or real sample data. Inlifeal-
implemented an interface for our methods that will be prsituations there is often only interval information, soimets
sented later in this paper. The implementation was motivatearginal CDFs without any correlation information, avhi&
by the need of expert engineers of an easy-to-use tool, &frafor the uncertain variables. Moreover, there is typicalkigr
work respecting their working habits, and demonstratirey usiificant amount of unformalized knowledge available based



on expert experience, e.g., knowledge about the depende g g g g g
of variables. N : : : : :
Potential clouds enable to capture and formally repres: |
this kind of information. We illustrate this by a simple exan
ple: First, we generate a data set fromMé(0, ) distribution
1 06 1
06 1

Assume that this data belongs to 2 random variables w
a physical meaning, and that the data was given to an exp °[
without any information about the actual probability distr
tion of the random variables. Still, the expert may be ak |
to provide vague, unformalized information about the depe
dence of the variables (opposed to formal knowledge, e
correlation information) from his knowledge about the ghys-2
cal relationship between the variables. We model this kno\
edge by polyhedral constraints on the variables, see Féqy., : : , ,
3. We choose the potential functiéhaccording to these con- "% -2 -1 0 1 2 1
straints, i.e., the lower and upper confidence regidpsC., 90%
constructed with clouds become polyhedra. The polyhec
reasonably approximate confidence regions of the true rbu?
known distribution linearly, as shown in Fig. 1, althougle th
information was vague and unformalized. 2

In more than 2 dimensions the polyhedral constraints ¢
provided for projections to 1-dimensional or 2-dimension |
subspaces.

It should also be highlighted that this approach for provi
ing unformalized knowledge also allows for information ug o
dating, simply by adding further polyhedral constraints.

On the basis of the given information we use the confider
regions constructed by clouds in order to search for wasec ™[
scenarios of certain design points via optimization teghes.
The construction of the confidence regions is possible e\,|
in case of scarce, high-dimensional data, incomplete inéer
tion, unformalized knowledge. ; ; ; ; ;

For further details on the construction of potential cloucs; - - . . . -
the interested reader is referred to [11]. A comparison®fd. 95% €

ferent existing uncertainty models can be found in [12], and
Section 3 gives a short summary. Figure 1: Approximation of confidence regions by 90% and

95%a-cuts, respectively: The polyhedral cloud results in con-
2.2 Robust optimization fidence regions that reasonably approximate confidence re-
Assume that we wish to find the design poiit = gions of the trueV(0,X) distribution although the informa-
(6%,02,...,6m) with the minimal design objective functiontion was given unformalized.
valueg under uncertainty of the-dimensional random vector
e. LetT be the set of possible selections for the design gbint ) ) _
Assume that the functio models the functional relationshipSubject to the functional constraints which are represebye
between different design components and the objective- fuHfte underlying system modél.
tion. Also assume that the uncertaintyeois described by a  The main difficulties arising from (1) are imposed by the
convex SeC’ in our case a po|yhedra|.cut from the cloud. bilevel structure in the ObjeCtive fUnCtion, by the mixetein
We embed the confidence regions constructed above ifie4 formulation (sincé® can be either a discrete or continuous
problem formulation for robust design optimization as fokariable), and by the fact that may comprise strong nonlin-
lows: earities, or discontinuities, or may be given as a black box.
We have developed multiple techniques to tackle these diffi-
culties and find a solution of (1). For details on approaches t
s.t. x=G(b,e), solve such problems of design optimization under uncestain
1) ) . :
cec, the interested reader is referred to [7]. The latest improve
heT ments of the methods can be found in [8].

whereg : R™ — R, G : R™ xR* - R™. 3 Reationsto different uncertainty models
The optimization phase minimizes a certain objective func-

tion g (e.g., cost, mass of the design) subject to safety cdrhis section illustrates relations and differences of theep-
straintss € C to account for the robustness of the design, atidl clouds formalism to three other existing uncertaintydn

with covariance matri =

min max g(x)
0 €



els: p-boxes, Dempster-Shafer structures, antkvel opti- for B € 2. The fuzzy measurd3el andP1 have the property

mization for fuzzy sets. Bel < Pr < P1 by construction, wher®r is the probability
] measure that is unknown due to lack of information.
3.1 Relation tg-boxes DS structures can be obtained from expert knowledge or

A p-box — orp-bound, or probability bound — is a rigorousn lower dimensions from histograms, or from the Chebyshev

enclosure of the CDF of a univariate random variabl&, inequality given expectation valyeand variance? of a uni-

F, < F < F,,in case of partial ignorance about specificationgriate random variabl&, see, e.g., [18].

of F. Such an enclosure enables, e.g., to compute lower an@io combine different, possibly conflicting DS structures

upper bounds on expectation values or failure probatslitie (mi,.A4;), (ms, As) (in case of multiple bodies of evidence,
There are different ways to construcpdoox depending on e.g., several different expert opinions) to a new basic @ndb

the available information about, cf. [13]. Moreover, it is ity assignmentn,,.,, one uses Dempster’s rule of combination

possible to construgt-boxes from different uncertainty mod{19].

els like Dempster-Shafer structures (cf. Section 3.2). TheThe complexity of the rule is strongly increasing in higher

studies onp-boxes have already lead to successful softwatgnensions, and in many cases requires independence as-

implementations, cf. [14, 2]. sumptions for simplicity reasons avoiding problems with in
Higher order moment information oX (e.g., correlation teracting variables. It is not yet understood how the dimen-

bounds) cannot be handled or processed yet. This is a cursémtality issue can be solved. Working towards more efficien

research field, cf., e.g., [15]. In higher dimensions, thigndle computational implementations of evidence theory it can be

tion of p-boxes can be generalized similar to the definition aftempted to decompose the high-dimensional case in lower

higher dimensional CDFs, cf. [16]. dimensional components which leads to so-called composi-
The problem of rigorously quantifying probabilities givetional models, cf., e.g., [20].

incomplete information — as done wititboxes — is highly  The extension of a functio6'(¢) is based on the joint DS

complex, even for simple problems, e.g., [17]. Applicasiorstructure(m, .A) for e. The new focal sets of the extension are

of the methods are rather restricted to lower dimensions aBd= G(A4;), 4; € A, the new basic probability assignment

non-complex system modefs. Black box functionss can- is myew(B;) = Z{AieA|G(Ai):Bi} m(A;).

not be handled as one requires knowledge about the involvedo embed DS theory in design optimization one formulates

arithmetic operations. All in all, the methods often app®@r a constraint on the upper bound of the failure probability

to be reasonably applicable in many real-life situations.  which should be smaller than an admissible failure proligbil
The relation to potential clouds becomes obvious, reggrdip,, i.e., P1(F) < p,, for a failure seff. This is similar to the

V (e) as a 1-dimensional random variable and the functignssafety constraintin (1). It can be studied in more detaiRit] [

@ as ap-box for V(). Thus the potential clouds approachs evidence based design optimization (EBDO).

extends the-box concept to the case of multidimensional It is possible to generate a DS structure that approximates

without the exponential growth of work in the conventiona given potential cloud discretely. Fix some confidencelfeve

p-box approach. a1 < as < --- < ay = 1 of the potential cloud, then gener-

ate focal sets and the associated basic probability assiginm

by

Dempster-Shafer theof@] enables to process incomplete and .

even conflicting uncertainty information. Let Q@ — R” be Ai = 0o, \C,,, (5)

ann-dimensional random vector. One formalizes the available  m(A4;) = a;,m(4;) = oy —;_1,i =2,...,N. (6)

information by a so-calletdasic probability assignment. :

22 — [0, 1] on a finite setd C 2% of non-empty subsetd of Thus the focal sets are determined by the level set¥ of

3.2 Relation to Dempster-Shafer structures

Q, such that An analogous recipe works for approximatipdpoxes by DS
structures, cf. [13]. Note that focal seds in this construction
A >0 ifAeA, ) are not nested, so the fuzzy measuBes and P1 belonging
m(4) =0 otherwise 2) to (m,.A) are not equivalent to possibility and necessity mea-
sures.
and the normalization condition’ , . , m(A) = 1 holds. Conversely, assume that one has a DS structure and the as-

The basic probability assignmentis interpreted as the ex-sociated fuzzy measurézl andP1 for the random variable
act belief focussed oA, and not in any strict subset df The X :=V/(¢). Then
setsA € A are calledfocal sets The structuregm, A), i.e.,

a basic probability assignment together with the relat¢dfse a(t) == Bel({X < t}), ()
focal sets, is called ®empster-Shafer structu®S struc- a(t) :=PI{X <t}) (8)
ture). _ .
Given a DS structurén, .4) one constructs two fuzzy mea9ive bounds on the CDF 6f (¢) and thus construct a potential
suresBel andPl1 by cloud.
Bel(B) — Z m(A), 3) 3.3 Relation to fuzzy sets andevel optimization

To see an interpretation of potential clouds in terms of yuzz

sets one may considér C,, asa-cuts of a multidimen-

PI(B) = Z m(A), (4) sional interval valued membership function definednbgnd
{Ac A|ANB#£0} @. The major difference is given by the fact that clouds allow

{A€A|ACB}



for probabilistic statements, i.e., one cannot go back @ th 4 Cloud based design optimization GUI
other direction and construct a cloud from a multidimenalon _ ) )
interval valued membership function because of the lackef V& have realized the methods for CBDO igraphical user
probabilistic properties mentioned in Section 2. If theeint interface(GUI). To install the software go to the CBDO web-
val valued membership function does have these probabili§tte [25] and download the CBDO package. A quickstart guide
properties, it corresponds to consistent possibility agces- heIp_s through the flrst.steps qf the simple installation. Aeno
sity measures [22] which are related to interval probaedit detailed user manual is also included. How to set upat-M
[23]. LAB file containing a user defined model is illustrated by an
However, the interpretation of a potential cloud as a fuz&@mple included in the package. o
set with such a membership function shows strong linksto e have developed the GUI using a sequential, iterative
level optimization for fuzzy sets [24]. structure. The first and second step represent the undgrtain
The a-level optimization method combines the extensidiicitation. In the first step, the user provides an undedyi
principle and thex-cut representation of a membership fundystem model and all formal uncertainty information on the

tion 12 of an uncertain variable, i.e., input variables of the model available at the current design
stage. In the second step, polyhedral dependence cottstrain
p(z) = supmin(a, 1o, (), (9) between the variables can be added, cf. Section 2.1. In the

o third step, the initially available information is procesdsto

where 1,4 denotes the characteristic function of the skt generate a cloud that pr(_)wdes a nested_ collection of confi-
Co = {z | p(x) > a} denotes thew-cut of the fuzzy set dence regions parameterized by the confidence tevalhus
> pT) = Y SEL e produce safety constraints for the optimization (cf. -Sec

in order to determine the membership functjonof a func- . o .
tion f(c), f : R" — R. This is achieved by constructing thet'on 2.2) which is the next step in the GUI. The results of the

. =~ “optimization, i.e., the optimal design point found and tke a
a-cutsCy  belonging tous from thea-cutsC,,, belonging . .
@i Co : sociated worst-case analysis, are returned to the usem In a
to u. To this end one solves the optimization problems . . ) . . .
iterative step the user is eventually given an interactive-p

min f(e), (10) sibility _of adaptively reﬁnmglthe gnceryamty informatiand
e€Ca, rerunning the procedure until satisfaction.

11
sglgf 1), (11) 4.1 Uncertainty elicitation

for different discrete values;. Finally from the solutionf;, After starting_the GUl wittchdogui from the CBDO folder
of (10) andf; of (11) one constructs the-cuts belonging to in MATLAB it ask_s _Whether to Iqad Fhe last state to the
pp by Cr = [fi, 1] workspace unless it is run for the first time. In the latterecas

To simplify the optimization step one assumes sufﬁcientye should first configure the options to set up the model file

nice behaving functiong and computationally nice fuzzy nd inputs declaration file names, and other user-defined pa-

sets, i.e., convex fuzzy sets, typically triangular shafoedy rameters after chckmg)ptlo.nsiEdlt th|or_1$ The notation
numbers. — if not self-explanatory — is described in the user manual.

In n dimensions one optimizes over a hypercube, obtain-%%omps are given for each option in the GUI to guide the user

by the Cartesian product of thecuts, i.e.,Co, = C x t roug_h the conflguratlgn. . .
C2 o xCn whereCd, == {e) | p(c7) > o}, pi (e o= Having set up the options one returns to the uncertainty elic

Sup.c iz 11(2), € = (1,€2,...,€™). Here one has to assumdtation C_|IF:kIn_g Ba<_:k The |n|t|aIIy_ava_|IabIe |r_1forma_t|_on can
non-interactivity of the uncertain variables, . . ., " be specified in an inputs declaration file and is modified choos

Using a discretization of the-levels by a finite choice af; ing a variable’'s name and specifying its associated malrgina

the computational effort for this methods becomes traetab?DF' or |pterval bound, respectively, in the first step of the
From (9) one gets a step function fef which is usually lin- GUI, cf. Fig. 2. L )
early approximated through the points and f; to generate ThelNext button leads to the next step which is scenario
a triangular fuzzy number. exclusion.

Now interpreto. anda from a potential cloud as a multidi- . .

. . . : 4.2 Scenario exclusion

mensional interval valued membership function and comsidée
a system modef (¢) := g(G(0, )) with fixed 6 (cf. Section From the information given in the first step the program gener
2.2). Similar to (10,11), optimization of overC,. for dis- ates a sample as described in [11]. The second step enables th
crete valuesy; would give a discretized version af, i.e., user to exclude scenarios by polyhedral constraints asrshow
the function belonging to the cloud fgi(c) given the cloud in Section 2.1, illustrating the great advantage of thisapph
for . Analogously, optimization of overC,,, would give a in modeling unformalized knowledge.
discretized version ak;. To this end the user selects a 1-dimensional or 2-

This idea leads to the calculation of functions of cloudBmensional projection of the generated sample using thk fie
which is a current research topic. Also note thatitevel op- Projectionon the right. To add a constraint one hits thad
timization one optimizes over box&s,,, that means one as-constraintbutton and defines a linear exclusion by two clicks
sumes that the uncertain variables do not interact. Hema-a sinto the sample projection on the left. All linear consttain
ilar idea like interactive polyhedral constraints as dibext in  can be selected from th@onstraint Selectiomox to revise
Section 2.1 could also apply to model unformalized knowdand possibly remove them via tliRemove constrairiutton.
edge about interaction of the variables. Fig. 3 shows a possible exclusion in two dimensions.
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Figure 2: Example for the uncertainty elicitation GUI. Figure 4: Example for the optimization phase.
Options  Save/Load ~ Options  Save/Load ~
Scenario Exclusion Uncertainty Elicitation
659 _Projection— T S =
. : xeaxis, Current variahle ’m Unit: [
* . [ 5
o b Full variable name [masimal cross-sectional area |
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Figure 3: Example for scenario exclusion. Figure 5: Example for uncertainty elicitation in the adegti
step.
After the exclusion th&lextbutton leads to the optimization
phase. information. For example, the user can consider the worst-
L case analysis (the worst-case scenario is highlightedanritial
4.3 Optimization dot) to be too pessimistic and exclude it, cf. Fig. 6. Noté tha

The Start button initiates two computations: potential clouthis approach is very much imitating real-life working habi
generation for (1), and optimization, cf. [7, 8]. As aresule of engineers! In early design phases little informationvaila
gets the optimal design point found by the program, and talele and safety margins are refined or coarsened iteratively
associated objective function value, cf. Fig. 4. It shoutd b The Nextbutton leads to the optimization phase again and
remarked that the workspace of the optimization includihg ¢he user can rerun the procedure until satisfaction.
results is stored as .mat files in tbbdo directory.

The user now has the possibility for the adaptive analysis of Acknowledgments

the results. Thus thextbutton leads back to the uncertainty ) _ )
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