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1. Abstract

Simulation-based design has become an inherent part of multidisciplinary design as smulation tools provide designers
with a flexible and computationally cheaper means to explore the interrdlationships among various disciplines.
Complications arise when the simulation programs may have deviations associated with input parameters (external
uncertainties) aswell asinternal uncertainties due to the inaccuracies of the smulation tools or system models. These
uncertainties will have a great influence on design negotiations between various disciplines and may force designers to
make conservative decisions. In this paper, an integrated methodology for the propagation and management
(mitigation) of uncertainty is proposed. Two approaches, namely, the extreme condition approach and the statistical
approach, are developed to propagate the uncertainties. Using the extreme condition approach, an interval of the
output from a chain of smulations is obtained, while the statistical approach provides a statistical distribution of the
output. An uncertainty mitigation strategy based on the principles of robust design is developed. The methodology is
successfully verified using the case study of afour bar linkage design.
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3. Introduction

The advancements in Computer Aided Engineering (CAE) have resulted in the development of simulation tools that
model the behavior of real world systems. These tools provide designers with flexible and cheap means to deal with
complicated systems analysis and design under a multidisciplinary collaborative design environment. Collaborative
systems design ** usually involves the interaction of various systems connected by linking variables. In collaborative
system design, each subsystem (subdiscipline) may have two types of uncertainty as follows:

external uncertainty

External uncertainty comes from the variability in mode prediction arising from plausible alternatives for
input values x (including both design parameters and design variables) °. It is also called "input parameter
uncertainty”. Examples include of the variability associated with loading, material properties, physical
dimensions of parts, and operating conditions.

internal uncertainty

This type of uncertainty has two sources™®. One is due to the limited information in estimating the
characteristics of model parameters for a given, fixed mode structure called "model parameter uncertainty”,
and another type is in the mode structure itsdf, including uncertainty in the validity of the assumptions
underlying the modd, referred to as "mode structure uncertainty”.

A critical issue is that the uncertainties of one discipline may propagate to another through linking variables and the
final system output will have a culmination of the uncertainties of the individual disciplines. The presence of various
uncertainties will have a great influence on design negotiations between various disciplines and may force designers to
make conservative decisions. The primary issues that arise are - How should the uncertainties be propagated across the
disciplines? How should we manage (mitigate) the uncertainties and make reliable decisions?

In this paper, an integrated methodology for the propagation and management of uncertainties is proposed. Two
approaches, namely, the extreme condition approach and the statistical approach, are developed to propagate the
uncertainties. An uncertainty mitigation strategy based on the principles of robust design is developed. The proposed
method isillustrated by the design of afour bar linkage.

4. Propagation of Uncertainties
In this section, a smplified systems design modd asillustrated in Fig. 1 is used to explain the proposed methodol ogy.
This smplified model has been selected to facilitate the discussions of the proposed methodology in a more explicit



manner. It should be noted that the principles of the methodology are generic and valid for other categories of
rel ationships between the system models. The simulation-based systems design modd illustrated in Fig. 1 consists of a
chain of two smulation models (from two different disciplines) connected to each other through linking variables
represented by the vector y. The input to the smulation modd | is the vector of the design varisbles — x; with

uncertainty (external uncertainties, Dx, or described by distributions). Due to the external uncertainty and the internal
uncertainty, modeled as e,(x;) , of smulation model I, the output vector y=F, (x,)+e; (X;) will have deviations

(Dy or described by distributions). For simulation model 11, the inputs are the linking variable vector (y) and the
design variable vector x,. Because of the deviations existing in X,, y, and the internal uncertainty e, (X,,Y)

associated with simulation 11, the final output vector z=F, (x,,y) +e,(X,,y) aso deviates (Dz or described by
distributions).
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Figure 1 Smulation model chain

The Extreme Condition Approach for Uncertainty Propagation

The goal of the extreme condition approach is to obtain an interval of the extremes of the final output from a chain of
simulation models. The term extreme is defined as the minimum or maximum value of the end performance (final
output) corresponding to the given ranges of internal and external uncertainties. With this approach, the externa
uncertainties are characterized by the intervals [x; - Dxq, x; +Dx;] and [x, - Dx,, X, + Dx,]. Optimizations are used
to find the maximum and minimum (extremes) of the outputs from simulation modd | and smulation model 11. The

flow chat of the proposed procedure is illustrated in Figure 2. The steps to obtain the range of output z, [z™", 2™]
are developed as:

a) Minimize(Maximize) F,(x) and e;(x) by

picking values from [x; - Dxq,%; + Dx;] to obtain Given
min max min max Range Dxy and Dxo of
F (k) (F™ (%)) and e (%) (el (x)); input varlablexland X2
b) Obtaintheinterval [y™", y™*] with
y min _ Fm'”(X) +emln(x) and [ Minimizey Maximizey ]

from [Xamin Xumed  from [Xumin Ximax]

ymx = Flmax (%) +el X ; to obtain y™" to obtain y™
¢) Minimize (Maximize) F,(x,y) and e,(X,,y) by ¢

picking values from [X, - Dx,,X, + Dx,] and Y™ ™

[y™,y™] toobtain F’“'”(xz,y) (F™ (%, ) T

and em'”(xz,y) (ez (X2, ¥)); Minimizez Maxmize z
d) Obtalntheinterval [zM", z™*] with frg;r:j[[x;ﬂn”;?{a"x]”] frg;':j[[x;;’#n”;?{a"x]”]

2" = M (%, y) +eM(x,,y) and to obtain zmin to obtain 2™

2" = F (%, y) €57 (%, Y) - - v

(2™, 7]

Based on the computed interval [z™",z™], the nominal

valueof z can be calculated as Figure 2 Procedure of the extreme condition approach

Z:%(Zmin + ZmaX) (1)



The deviation of z can be calculated as
Dz:zmax_ 2min (2)

This approach identifiestheinterval of a system output based on the given intervals of the system inputs.

The Statistical Approach for Uncertainty Propagation

The goal of the statistical approach is to obtain the complete probabilistic information of the final output from a chain
of smulation models. The probabilistic information could be the cumulative distribution function (c.d.f) of the whole
system output.

Assume the didtributions of x;, andx, follow probability density functions (p.d.f.) f,(x) and f,(x,), and the
internal uncertainties e;(x;) and e,(x,,y) ae normaly distributed. The mean values of these uncertainty
distributions are m;(x;) and mr.,(x,,y) respectively, and the standard deviations of these uncertainties are s, (%;)

and s ,,(X,,y) respectively. Monte Carlo smulation methods °

are used to propagate the uncertainties through the ssmulation
chain. The procedure to propagate the uncertainties is developed
as.

Generate samples of x;
and X2

»
»

A

a) Generatethe samplesof vectors x;, and x, assimulation Generate samples of &,(x)

inputs based on p.d.f. f;(x;) and f,(x,)
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f)  Repeat stepsa) ~€) Htimes
g) Calculatethemean value rr,, the standard deviation s ,,

orthep.df.of zby H” M" N samples z; . Figure 3 The process of Monte Carlo simulation

Figure 3 depicts the process of this smulation-based approach.

This approach identifies the distribution of the system output. based on the given p.d.f. of the inputs. Because it is
based on the concept of Monte Carlo smulation, it often requires alarge number of smulations.

5. Management of Uncertainties

To assist designers to make reliable design decisions under uncertainties, we integrate the proposed techniques of
uncertainty propagation with the multidisciplinary optimization approach based on the principles of robust design, i.e.
to extend the quality engineering concept to the mitigation of both external and internal uncertainties. From the
viewpoint of robust design’®*, the goal of a design is to make the system (or product) least sensitive to the uncertainty
without eliminating the sources of uncertainty. The robust optimization objective is achieved by smultaneously
"optimizing the mean performance” and "reducing the performance variation", subject to the robust constraints™*. For
the gtatistical approach, the robust design model can be formulated as:



Given: Parameter and model uncertainties (distributions)
Find: Robust design decisions (X)

Subject to: System Congtraints: P[g(X) £0]3 By
Objectives: a. Optimize the mean of system attributes m

b. Minimize the standard deviation of system attributess,

In the above modd, g(x) is the constraint function of system. The mean and variance of the system outputs (both
objectives and constraints) could be obtained by the statistical approach for uncertainty propagation. Note that we have
multiple objectives, i.e., both the mean value and variance of the system are expected to be minimized (here we assume
optimizing the mean of a system attribute can be transformed into a minimization problem). The general form of the
objective can be expressed as

min [, (X),s , (X)]

Many existing multicriteria programming approach can be used to solve the above multiobjective optimization
problem™Y. Note that the above constraints are expressed by the probabilistic formulation. P[g(x) £ 0] is the

probability of constraint satisfaction and it should be bigger than or equal to the defined probability B, . . Other
dternative forms can be used to express the constraints, such as the worst case analysis™*3, the moment matching
method™* etc.

For the extreme condition approach, the robust design model can be formulated as:

Given: Parameter and model uncertainties (ranges)
Find: Robust design decisions (X)
Subject to: System Congtraints. g(x) - kNg(x)Dx 3 0
Objectives: a. Optimize the mean of system attributes 2
b. Minimize the deviation of system attributes D,

The above constraints are base on the worst case analysis where k is a constant which stands for the probability of
constraint satisfaction * and Ng(x) isthe gradient of g(x).

The integrated uncertainty mitigation strategy is shown in the Figure 4.
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Figure 4 Integrated uncertainty mitigation strategy

6. Example—Mechanism Synthesis
The design of a crank-rocker four-bar linkage (See Fig. 5d) is used as a case study to illustrate the tangible effects of
the proposed approach. The functional requirements are that when the input angles (crank angles relative to its initial

position) are j =10°and j =30°, the output angles (rocker angles) y are desired to be 123° and 125°, respectively.
The length of link b, the length of rocket c, and the length of frame d are given as b=1.2mm, ¢=1.0mm, and d =



10mm. The minimum transmission angle must be bigger than 36°. The design variables arex =[x, %,],

wherex; =j , = theinitial angle of crank and x, = a = thelength of crank.

A(XA,yA) B
b
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Figure 5a. Four-bar linkage Figure 5b. Crank subsystem Figure 5c. Link-Rocker subsystem

According to the theory of mechanism analysis analysis®®, the original four-bar system can be divided into two
subsystems (1. crank subsystem, see Fig. 5b and 2. link-rocker subsystem, see Fig. 5c¢). For subsystem 1, the inputs are
X, X, and the outputs are the coordinates of point A(X,,Yy,). For sub-system 2, the inputs are x,, and the

coordinates of point A(X,,Y,), and the outputs are the angles of Rocker y ,, y ,, and the minimum transmission

anglea ™",

Response surface models are created based on the analytical models for both subsystems. These models can be
consdered as the smulation models in the Figure 1. For sub-sysem 1, the response surface modes are

X = Fom (%05 %0) s Y = Ty (X %0) s Xap = Fran(Xg5%,) and y,, = funa (X1, %) - FoOr sub-system 2, the response
surface models are j ; = f,  (Xa1, Yar) s § 2 = fy ,(Xa2, Vo) and a™" = f_min (X2) . The meen values and standard
deviations of the errors for each response surface model m ., S 4, Mgy S yats Meazs Sxazs M2y Syazs M1,
M2, Sy1:Sy2, Mmin and S min are estimated using 100 random samples of the input variables. We will use these

simplified models to design the mechanism with the consideration of uncertainties. In order to show the effect of the
presented method, the result will be compared with those from the response surface models without consideration of
uncertainties (conventional optimization).

For the statistical approach, the optimization model based on robust design concept can be stated as

2 2
Min F(X;,X, ) =le‘§1(rr}i - 202w, élsy iz
i= i=

subject to m ., - KS  pin 3 36°
a a
where w; and w, are weighting factors and k =2 (This means with 97.72% probability, the constraint will be

satisfied under the assumption that a™" is normally distributed). For the extreme condition approach, we have the
similar optimization formulation. The results obtained from the proposed integrated uncertainty propagation and
management approach are shown in Table 1. These results (listed under extreme condition approach and atistical
approach) are compared to those from conventional optimization without consideration of uncertainties.

Table 1 Comparison of Design Results

hod - Deviation from targets(°)
Met Xz (° X, (mm ° ° a °

1 (%) 2(mm) |y (%) y2(°) ) Position L | Position 2
Extreme Condition | 57 6376 | 0289810 | 121.796 | 114.299 | 36.2434 | -1.204 -0.701
Approach
Statistical 35.3050 | 0.291867 | 122.685 | 114.934 | 36.1254 | -0.315 -0.066
Approach
Conventional 36.0457 | 0.295998 | 122.269 | 114.488 | 35.8886 | -0.731 -0.512
Optimization

Note that the result from the statistical approach is better than the one from the conventional optimization approach,
bath in the achieved objective and the constraint. Even through the achieved objective based on the extreme condition



approach is not as good as the one from the conventional optimization, the former generates a feasible solution while
the later isinfeasible since the minimum transmission angle is less than 36°.

7. Conclusions

An integrated methodology for the propagation and management of uncertainties in Simulation-Based Collaborative
Systems Design is proposed in this paper. The extreme condition approach and the statistical approach are devel oped
to propagate the uncertainties and they are integrated with the proposed uncertainty mitigation strategy based on the
principles of robust design. It is shown through the example that the propagation and management of both external and
internal uncertainties involved in smulation-based design can enable designers to make reliable decisons under
uncertainties and risks. The proposed methodology is flexible and comprehensive with ample potential for its
application in the area of multidisciplinary collaborative systems design. The concepts and principles presented in this
paper can be expanded to more complicated systems.

The future work is targeted toward developing computationally efficient methods for uncertainty propagation and
mitigation in a coupled multidisciplinary design environment where the performance prediction of one discipline may
be the inputs of another discipline and vice versa. To decrease the computational effort in propagation of uncertainties
by Monte Carlo simulations, we are developing methodology for fast and direct probabilistic evaluations of system
performance based on the concepts of senditivity analysis and reliability analysis.

8. Acknowledgement
The supports from the NSF/DMI1 9896300 and U.S. Tank Army Command are gratefully acknowl edged.

9. References

[1] Bloebaum, C. L., Hajela, P. and Sobieski, J, 1992, Non-Hierarchic System Decomposition in Structural
Optimization. Engineering Optimization, Val. 19, pp. 171-186.

[2] Renaud, J. E., and Tappeta, R. V., 1997, Multiobjective Collaborative Optimization. ASVIE Journal of Mechanical
Design, Val. 119, No. 3, pp. 403-411.

[3] Baling, R. J. and Sobieski, J, 1994, An Algorithm for Solving the System-Level Problem in Multilevel
Optimization. 5th AIAA/USAF/NASA/ISSMO Symposium on Recent Advances in Multidisciplinary Analysis and
Optimization, Panama City, Florida, pp. 794-809.

[4 Kroo, I., Altus, S, Braun, R., Gage, P., and Sobieski, I., 1994, Multidisciplinary Optimization Methods for
Aircraft Preliminary Design, 5th AIAAJUSAF/NASA/ISSMO Symposium on Multidisciplinary Analysis and
Optimization, September 7-9, Panama City, Florida, paper no. AIAA 94-4325.

[5] Manners W., 1990, Classification and Analysis of Uncertainty in Structural System, Proceedings of the 3rd IFIP
WG 7.5 Conference on Rdiability and Optimization of Sructural Systems, March 26-28, Berkeley, California,
pp-251-260

[6] Ayyub, B.M. and Chao R.U., 1997, Uncertainty Modeling in Civil Engineering with Structural and Reliability
Applications, Uncertainty Modeling and Analysisin Civil Engineering, editor: Ayyub, B.M., CRC Press.

[7] Apostolakis, G., 1994, A Commentary on Model Uncertainty, Model Uncertainty: Its Characterization and
Quantification, editors: Modeh, A, Sy, N, Smidts, C. and Lui, C, NUREG/CP-0138, U.S. Nuclear Regulatory
Commission.

[8] Laskey, K. B., 1996, Model Uncertainty: Theory and Practical Implications, |EEE Transactions on System, Man,
and Cybernetics — Part A: System and Human, Vol 26, No. 3, pp 340-348

[9] Law, A. M., and Keton, W. D., 1982, Smulation Modding and Analysis, McGraw-Hill Company, New Y ork.

[120] Taguchi, G., 1993, Taguchi on Robust Technology Devel opment: Bringing Quality Engineering Upstream, ASME
Press, New York.

[12] Phadke, M.S., 1989, Quality Engineering using Robust Design. Prentice Hall, Englewood Cliffs, NJ.

[12] Chen, W., Allen, J. K., Tsui, K-L, and Mistree, F., 1996, A Procedure for Robust Design. Transaction of the
ASME Journal, Journal of Mechanical Design, Vol. 118, pp. 478-485.

[13] Parkinson, A., Sorensen, C. and Pourhassan, N., 1993, A General Approach for Robust Optimal Design,
Transactions of the ASVE, Val. 115, pp.74-80.

[14] Sundaresan, S., Ishii, K. and Houser, D.R., 1993, A Robust Optimization Procedure with Variations on Design
Variables and Congtraints, Advances in Design Automation, ASME DE-Val. 69-1, pp. 379-386.

[15] Eggert, RJ. and Mayne, RW., 1993, Probahilistic Optimal Design Using Successive Surrogate Probability
Density Functions, Journal of Mechanical Design, Val. 115, pp. 385-391.

[16] Chen W., Wiecek M. M. and Zhang J. K., 1998, Quality Utility — A Compromis Programming Approach to
Robust Design, 1998 ASME Design Engineering Technical Conferences, September, 13-16, Atlanta, Georgia,
paper no. DETC98/DAC-5601.

[17] Chen W. and Yuan C. 1999, A Probabilisitic-Based Design Mode for Achieving Flexibility in Design,
Transaction of the ASVIE Journal, Journal of Mechanical Design, Vol. 121, No.1, pp77-83.

[18] Suh, C. H. and Radcliffe C. W., 1978, Kinematics and Mechanisms Design, Wiley.



