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In reliability-based design optimization, the constraints consider the probability of the satisfaction/failure of
critical events. Lately, reliability-based design optimization has been applied to topology optimization, resulting in
the development of reliability-based topology optimization. And though reliability-based topology optimization can
be a useful and meaningful method, it requires excessive computational resources. Therefore, this research proposes
a parallel-computed reliability-based topology optimization using the response surface method. This paper
demonstrates that the proposed method greatly reduces the computation requirement of reliability-based topology
optimization. The proposed methodology is then applied to design microelectromechanical systems. Specifically, in
microelectromechanical systems, reliability-based topology optimization can be highly effective because of
randomness generated during the etching process and scaling effect. The proposed method successfully designs new

devices and verifies the designs via experiment.
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Young’s modulus

limit state function (performance function) (G > 0)
constraint function (g < 0)

translational stiffness

rotational stiffness

sum of the squares error of sensitivity

new least-squares function

sum of the squares error of function

probability of failure

target probability of failure

system probability for success

s target probability for success

weighting factor for the gradient

thickness

random variable (uncertain variable)
approximation position vector

deterministic design variable or mean value of random
variable

system reliability index for success

target reliability index for success

ith density function (design variable for topology)
mean value of ith uncertain variable

standard deviation of ith uncertain variable
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1. Introduction

LASSICAL optimization methodologies are based on
deterministic methods, although the systems necessitate
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probabilistic design methods due to randomness in loads, material
properties, etc. Consequently, probabilistic design has been the
source of extensive research. The objective of probabilistic design
optimization is to obtain a safe design by considering the uncertain
variables while also minimizing the cost function. One such
probabilistic design method is reliability-based design optimization
(RBDO). RBDO uses the same cost function as deterministic
optimization, however, constraints consider the probability of the
satisfaction/failure of critical response measures.

Most current research on RBDO uses the reliability index
approaches (RIA). However, convergence problems are associated
with the RIA even though a most probable point (MPP) exists.
Additionally the RIA requires complicated sensitivity derivations
and computations. Tu et al. [1,2] proposed the performance measure
approach (PMA) as an inverse reliability analysis consistent with
conventional RIA [3]. The convergence of PMA is better than RIA,
and PMA does not require complicated sensitivity computation.

The concept of RBDO was applied to topology optimization,
resulting in the so-called reliability-based topology optimization
(RBTO) [4,5]. RBTO determines an optimal topology that satisfies a
given probabilistic constraint given the uncertainties in multiphysics
systems such as structural, electromagnetic, thermal, and coupled
systems. As such, structural static [4], eigenvalue [4], magnetostatic
energy [6], thermal temperature [7], and electric-thermal actuator
problems [8] have all been solved using RBTO methodology. Maute
and Frangopol [5] apply the RBTO methodology to design
microelectromechanical systems (MEMS), and Jung and Cho [9] use
it to design geometrically nonlinear structures. The RBTO designs
are compared with the safety factor for a traditional design to
examine the effectiveness of the RBTO method.

A major disadvantage of RBTO is the excessive computational
time requirements. As such, this research proposes a parallel-
computed RBTO using the response surface method (RSM) and then
applies it to design MEMS. This paper sequentially explains the
RBTO method, discusses the development of an advanced response
surface method, provides details about the proposed method, designs
MEMS with the method, and then presents conclusions.

II. Reliability-Based Topology Optimization
A. Concept of Reliability-Based Design Optimization

The goal of the engineering design is to control elements of a
system such that the system performance satisfies various criteria for
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safety, serviceability, and durability under numerous conditions. For
example, a structure should be designed so that its strength or
resistance will withstand the application of the applied loads. In
reality, there are numerous sources of uncertainty when determining
system parameters. For example, the load may be random. The goal
of RBDO is to incorporate this uncertainty into the design.

RBDO uses the same cost function f(x) and design variable x as in
deterministic optimization, but it replaces the deterministic
constraints G(x)>0 with probabilistic constraints
P[G(X) <0] < Py.

The general RBDO problem reads

minf(x) subject to  P¢(X) = P[G(X) < 0] < Py
! M
U

<x; < x; i=1,...,n

xk
where Py is the target probability of failure of the constraint
G(X) = 0, and xF and xY are the lower and upper limits of design
variable x;, respectively. The probabilistic constraint P,(X) is
defined such that if the limit state function value G(x) is smaller than

0, the system fails. The probability of failure in Eq. (1) is defined as
Py(X) = F5(0)

:/ fxX, X, ..., X,)dX;dX,---dX, <Py, (2)
G<0

where F;(0) is the probability that the limit stage function is smaller
than 0 (G < 0), and f, is the probability density function.

Additionally, the failure probability limit Py, can be approximated
by the target reliability index S, as

B =—¢"'(Pr) 3)

where ¢(-) is the standard normal cumulative distribution function.
Hence, the probabilistic constraint in Eq. (2) can be rewritten as

Fg(0) = (=B, 4

Through inverse transformations, the above equation can be
expressed in two ways [1,2] such that

By =—¢""[Fc(0)] = B, ®)

or
G* = Fg'[p(=B)1 = 0 (©)

where f; is traditionally called the system reliability index [3], and
G* is the probabilistic performance measure.

In conventional RBDO methodology, probabilistic constraints are
evaluated using Eq. (5), commonly known as RIA. Recently, Eq. (6)
has been used to prescribe probabilistic constraints, the basis of a
method referred to as the performance measure approach [1,2].

Therefore, the different formulations of RBDO can be described as
follows:

For RIA,
mxinf(x) subject to  B,(X) > B,
xb<x <aV i=1,...,n ”
For PMA,
Irgnf(x) subject to G*(X) >0
Xf‘fxifxu i=1,...,n ®

i

B. Formulations of Reliability-Based Topology Optimization
Because conventional topology optimization [10] uses determin-
istic constraints, the RBDO method is applied to topology
optimization to consider probabilistic constraints. And therefore,
RBTO [3] can be interpreted as an approach used for finding an

optimum topology under probabilistic constraints such that the
topology becomes reliable for these uncertainties.

The general form of an RBTO problem is described in the
following equation:

Find the design variable vector n = (1,15, . .., 7,) such that

min /max  f(1;)

subject to P (X) = P[G(n;, X;) > 0] > P, 0<n =<1 9

i=1,...,ndv and j=1,...,no. of uncertain variables

where X; is the jth uncertain variable, P, is the system probability of
success, P, is the target probability of success, G is the limit state
function (performance function), and ndv is the number of design
variables.

Here, the design variables are the density functions 7;, in each
finite element, and the performance functions depend on the physics
in each system.

Thus, using RIA and PMA, Eq. (9) can be formulated in the
following ways:

For RIA,

min/max f(1;)
subjectto B,(n;,X;) > B,

when G(X) =0 for each evaluation

0<n; =1

i=1,...,ndv and j=1,...,no.of uncertain variables
For PMA, (19)
min/max f(n;)
subjectto G*(n;,X;) >0

when 8, = B, for each evaluation

0=<n; =1

i=1,...,ndv and j=1,...,no.of uncertain variables

an

where B, is the system reliability index for success and f, is the target
reliability index for success.

PMA has a number of advantages [1,2] compared to RIA: the
convergence of the solution and overall computational efficiency.
For these reasons, PMA is the primary approach used for RBDO and
RBTO in this research.

To solve an RBTO problem, the performance (or limit state)
function should first be defined, and a sensitivity analysis should be
performed with respect to each uncertain variable [4].

For a static problem, the performance function can be defined by

G=_U+Umax 20 (12)

where U is the displacement at a target point.
Note that the limit state in Eq. (12) implies that if the displacement
U is larger than the limit value U,,,,, the system fails.

III. Advanced Response Surface Method

The RSM [11] is a well-known meta-modeling technique.
However, the approximation error inherent in this method has placed
a number of restrictions on designers due to the fact that classical
RSM uses the least-squares method (LSM) to find the best-fit
approximation models from among all the given data. In previous
research, the authors have suggested how to construct a response
surface (RS) model more efficiently and accurately using the moving
least-squares method (MLSM) with sensitivity information [12].

The MLSM can be explained as a weighted LSM that has various
weights with respect to the position of approximation. And therefore,
MLSM can represent local responses. For sampled data, only one
global approximation curve can be obtained from LSM. On the other
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hand, in MLSM, there exists one approximation function at each
calculation point. Therefore, the coefficients of the RS model vary
with the calculation location. This locally weighted approximation
can be performed based on the consideration of effective data near
the calculation location, and the data are weighted according to the
distance from the calculation location.

If the sensitivity (gradient) of each sampling point can be
calculated efficiently [13], then the sensitivity and function
(response) data can be used to construct an RS model. Because the
sensitivities have higher order information than the function values,
accurate sensitivities can effectively increase the accuracy of RS. The
main idea of a sensitivity-based RS is to minimize the function errors
and sensitivity using MLSM. This concept is explained by the
following equation:

Find a function s.t.

13)

minimize Lyey, (¥) = (1 — sw,)L,(x) + sw,L,(x)

where L, is a new least-squares function, L, is the sum of the
squares error of the function, L, is the sum of the squares error of
sensitivity, x is an approximation position vector, and sw, is a
weighting factor for the gradient [12].

IV. Parallel-Computed Reliability-Based Topology
Optimization Using the Response Surface Method
A. Concept of the Proposed Method

Although RBDO and RBTO can be applied to many fields, they
both require expensive computational time. Because recent
engineering processes demand faster development and manufactur-
ing of products, long computational time requirements can be a
serious problem. Thus, in this research the method proposed for
reducing the design time is parallel computed RBTO using RSM.
The basis of this method is that parallel computing can reduce
analysis time by using several analyzers, and the RSM approach can
further reduce the time demand by approximating multiple
responses.

Figure 1 illustrates the overall system. In the figure, RBTO is a
bilevel optimization problem, as it has two loops of optimization.
The outer loop is related to the determination of the optimal topology,
and the inner loop is related to the analysis of the system reliability.
The results from each of the parallel machines are gathered and used

to construct an RS model for the reliability analysis at each iteration
of optimization. Therefore, no additional sampling or computation is
required for the sensitivity of the reliability analysis because RS is
used for the reliability analysis. (The computational time for RS can
be ignored because RS is just a calculated mathematical function.)

RBTO adopts an adjoint variable method [4,13] for the design
sensitivity for topology optimization and therefore only one
additional adjoint analysis is required under the unit load for a linear
static problem. Note that this adjoint analysis is automatically
distributed to the parallel computers. Eventually, the proposed
method does not require a large amount of computation for the
sensitivity analysis and this is an advantage of the proposed method.

Though this process can save computational time, the reliability
calculated using RS has approximation errors, and to compensate for
these errors, this research adopts the previously introduced MLSM.

Whereas this process can save computational time, the reliability
calculated using RS has approximation errors. Therefore, to
compensate for these approximation errors, this research adopts the
previously introduced MLSM.

In Fig. 1, conventional RBDO using RSM is illustrated using
dotted lines, and RBDO proceeds using the initially constructed RS.
However, in RBTO, RS is reconstructed at each iteration due to the
change in topology at each iteration. In the figure, the inner loop
represents a reliability analysis (precisely, an inverse reliability
analysis because the research used PMA), which is a suboptimization
loop.

DOT, commercial optimization software [14], is used for the outer
loop optimization.

In this research, the proposed RBTO technology is applied to
MEMS. Specifically, the consideration of uncertainties is important
in MEMS due to the presence of inherent problematic characteristics
found in the etching process and the scaling effect.

B. Parallel Computing System

The primary purpose of the parallel computing system is to
construct an inexpensive system using PCs (personal computers),
and to distribute jobs to the computers on the network. Therefore,
PC-based TCP/IP socket programming is adopted, and C/C++ using
Microsoft foundation class (MFC) in Visual C++ is used. The main
tasks of the system are as follows: 1) socket programming—server/
client, 2) multithread control, 3) analysis job management, and
4) data loss (packet loss) checking.

RETO

C_ RETOstat )_____—
;

Design Of Experiment ‘

Distrihute Joh

----------------------- gl
Reliability *
Analysis | I RSM

Converge ?

T

C End )

Fig. 1 Flowchart of parallel-computed RBTO using RSM.
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Fig. 2 Scanning electron microscope (SEM) image of a double-folded-
spring (DFS) structure.

This research used a classical data communication method
between server and client in the socket programming. A sever is an
analysis server in a remote machine and the server program should be
installed on each parallel machine.

In this research, the client can ask for file uploading, remote
execution, and file downloading. If a main computer commands a
client to do remote works, each multithreaded client asks each server
for input file uploading, remote analysis, and result file downloading.

V. Application Examples
A. System and the Overall Design Process

In MEMS, many types of actuators are employed to achieve the
desired motions of a device, which include comb actuators and
parallel actuators, among others. When an electrical input is applied
to the actuators, flexible parts of the system connected to the
actuators experience deflections and store the potential energy in
their structures. Subsequently, when the electrical inputs are turned
off, the deflected flexible parts return to their initial positions and
release their stored potential energy.

As representative designs of flexible structures in MEMS, simple-
beam-spring or double-folded-spring (DFS) structures are widely
employed [15]. In a simple-beam-spring structure, the spring
stiffness increases with the amount of beam deflection and requires a
greater force than the theoretical value for the displacement of the
shuttle mass connected to the springs. However, in the DFS structure
shown in Fig. 2, a couple of simple beams are serially connected such
that each simple beam shares the total deflection. As a result, a lesser
amount of spring stiffness can be expected for the same displacement
of shuttle mass. Therefore, for structures experiencing large
displacements, DFS structures are superior in terms of their linearity
of control and motion.

\ Target

Node

Fig. 3 Design variables for RBDO.

Table 1 Design domain for RBDO

Design variable, ©m Lower limit Upper limit
X1 (inner length) 100 250

X2 (outer length ratio) 0.5 2.0
X3 (spring length) 100 150

X4 (spring thickness) 2 4

Nevertheless, even though DFS structures are effective in
achieving high linearity, rotational stability has not yet been
thoroughly investigated. Rotational instability may be evident in
situations where the shuttle mass is displaced by comb or parallel
actuators, and as a result the spring structures do not provide
sufficient rotationwise stability; the two electrodes of the actuators
might contact each other and cause a short in the electrical system.
Hence, DFS structures should have maximum spring stiffness in the
rotation direction, with the required spring stiffness in the actuation
direction parallel to the shuttle mass. For spring stiffness in the
actuation direction, the main design parameters include the length,
width, and height of the spring structure. However, for the spring
stiffness in the rotation direction, the position of each spring beam
can be another primary design parameter.

Thus, if these design parameters can be optimized so that the
spring structures have maximum spring stiffness in the rotation
direction for the required spring stiffness in the actuation direction,
DEFS structures can attain optimum stability.

To determine the optimum stability, RBDO is first performed
based on the sizing point of view of the system, and then the proposed
RBTO is performed to determine a new type of structure. Next, the
results of RBTO are transformed to a reanalysis model, and finally,
real devices are fabricated and tested based on the designed model.

B. RBDO of a Double-Folded-Spring System

The structure of the system is shown in Fig. 3. As illustrated, there
are nine variables, X1-X9, that determine the shape of the system,
with four variables, X1-X4, selected from a screening test. The
selected variables are dominant to the rotational stiffness k, and
translational stiffness k.. The variables are defined in Fig. 3, and their
lower and upper design limits are given in Table 1.

To calculate stiffnesses, k, and k,, two different force sets, are
applied to the system, as shown in Fig. 4. Force set 1 is applied to
calculate k,, and Fig. 4a shows that a single force is applied to the
center of the shuttle. The X-directional displacement of the target
node (the circled node in Figs. 3 and 4) is inversely proportional to k,.
Force set 2 is applied to calculate ky, and Fig. 4b shows that the two
applied forces impose a torsion effect. The Y-directional
displacement of the target node is inversely proportional to k.

Optimization problems are then set up to maximize ky (uN - um),
which is equal to minimize the Y-directional displacement at the
target node. Here, k, (uN/um) is considered as a constraint to satisfy
the given actuation stiffness. The problem definition is given in
Eq. (14), ANSYS, commercial finite element software, is used as an

Force Set 1

a) Force set 1 (Translation) b) Force set 2 (Torsion)
Fig. 4 Cases of applied force.
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Table 2 Comparison of RS accuracy

CRSM kg, uN - pm ky, UN/pum gl <0 g2<0
RSM prediction 1.268E + 100 2.316E + 002 —14.898 —0.002999
True value 1.290E + 010 2.453E + 002 —29.374 12.312
Error, % —1.715 —5.594 e (Violated)
MLSM kg k, gl <0 g2<0
RSM prediction 1.275E + 100 2.339E + 002 —19.489 —0.002999
True value 1.279E + 010 2.349E + 002 —19.758 1.102
Error, % —0.2738 —0.3852 —_— (Acceptable)

analyzer, and DOT, commercial optimization software, is used as an
optimizer.

Specifically, MEMS devices require probabilistic design
technology due to their inherent characteristics, fabrication errors
can cause probabilistic uncertainties, and scaling effects make small
dimensional uncertainties appear as large performance errors. In this
example, RBDO using RSM is adopted to handle these uncertainties.

Deterministic and RBDO problems are defined as the following:

Deterministic optimization:

maximize kg, under force set 2

subject to 200 < k, < 250,

(14)
under force set 1

RBDO (PMA) case 1:

maximize kg, under force set 2
200 < k, <250,

when B8, =15, 0;=0.01 x y;,

subject to under force set 1

i=1,...,ndv
s)
RBDO (PMA) case 2:

maximize kg, under force set 2
subject to 200 < k, < 250,

when 8, = 1.5,

under force set 1

i=1,...,ndv
(16)

0; =0.02 x p;,

For RBDO problems, all four design variables are uncertain
variables that have 1-2% standard deviations under normal
distributions. The target reliability index is set to 1.5, meaning that
the probability of success should be greater than 93.3%.

For RS construction, 30 points are sampled by the Latin hypercube
design for the four design variables. Three defined optimization
problems are solved using RSM, and RS accuracies are compared.
Table 2 compares the difference between conventional RSM
(CRSM) and MLSM for the RBDO (PMA) case 1 problem.

As can be seen in Table 2, the error of the CRSM at optimum is
about 5.594% and can be considered a small error. However, the
constraint functions (g1, g2) at MPP, which should be less than zero,
have large errors. Specifically, the active constraint g2 is
significantly violated (12.312%), thus, the optimum obtained using
CRSM cannot be considered acceptable.

Conversely, the response errors using MLSM are less than 0.4%,
and the active constraint g2 at MPP has a small error. Therefore, the
optimum obtained using MLSM is deemed a reasonable solution.

For this problem, RS methodology is quite necessary because the
total number of RS function calls is 3229; there are two probabilistic
constraints requiring separate reliability analyses, resulting in a large
number of RS function calls. Because an efficient sensitivity analysis
is difficult for this problem, the finite difference method (FDM) is
applied [13]. The constructed RS models can be reused for different
optimization problems, and, as such, RSM is very efficient for this
case. Because of the demand for accuracy, conventional RSM using
LSM cannot be used, although MLSM gives an accurate solution.

The initial, deterministic, and probabilistic optimization results
are given in Fig. 5 and Table 3. Table 3 shows that X1 converged to
its upper limit because X1 significantly increases the ky. The
deterministic optimum satisfies the constraint value (k, is 250.9) at
the mean values of X. However, RBDO optimums show safer
constraint values (k, are 234.9 and 223.3) at the mean values because
these optimal designs satisfy the constraints at the MPP points.

C. Parallel-Computed RBTO of the Double-Folded-Spring System

The conventional DFS system given in the previous example was
optimized using RBDO and RS methodologies. Now, with the
design initially obtained by RBDO, RBTO methodology is applied
to find a new type of device that has increased performance.

In this system, the spring is the most important part with respect to
the overall system performance (k, and k, ). Therefore, the spring is
selected as a design domain of the topology optimization, as shown
in Fig. 6.

The basis model for topology optimization is obtained from the
results of RBDO case 2 in the previous example. However, because
the RBDO result is too large with respect to length x, an
approximately half-sized model is created from the original RBDO
model to fabricate more devices from one wafer. This reduced model
is given in Fig. 7b, and the design domain from that reduced model is
shown in Fig. 7c.

Three topology optimization problems are solved: 1) deterministic
topology optimization (DTO), 2) RBTO with 8, = 1.0,and 3) RBTO
with 8, = 1.5. Here, the number of design variables is 3400. The
system should be symmetric and, as such, the symmetric condition is
internally imposed. The uncertain variables are Young’s modulus E,
thickness ¢, and loading F, and the uncertain variables have 5%
standard deviation of the mean values with normal distributions.

In the following equations, UX (um) is the x-directional
displacement of the target node and is inversely proportional to k,.
This property is associated with the actuation of the device. In

a) Initial b) Deterministic

¢) RBDO1 (PMA, o; = 0.01x11,)

d) RBDO2 (PMA, o, = 0.02xL1,)

Fig. 5 RBDO results (geometry).
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Table 3 RBDO results [design variables (DV) and performances]

DV/performances Initial Deterministic RBDO 1 (0; =0.01 x ;) RBDO 2 (0; = 0.02 x ;)
X1 (inner length) 20 249.9 249.9 250.0

X2 (outer length ratio) 1 0.5770 0.5856 0.7206

X3 (spring length) 100 126.1 127.9 135.8

X4 (spring thickness) 2 2.707 2.686 2805

kg 1.162E + 08 1.304E + 10 1.279E + 10 1.260E + 10

k, at Xjean value 202.9 250.9 234.9 223.3

addition, UY (um) is the y-directional displacement of the target
node and is inversely proportional to k,, associated with the
stability of the device. The target value of the constraint is selected
from the analysis result of the reduced model, as represented by
Fig. 7b. Note that UY of the reduced model under force set 2 is
8.428E-06 (um).

Deterministic topology optimization:

max UX
s.t. UY <80E—6

(under force set 1: translation)

(under force set 2: torsion) (17)

RBTO using PMA:
max UX
st. UY<8O0E-6
when 8=, (1.0 and 1.5)
i=1,23 (18)

(under force set 1: translation)

(under force set 2: torsion)

g, = 0.05 x Mis

In actuality, this problem requires a number of computations
because the objective and constraints have different force sets, which
need different analyses. Additionally, each response requires
sensitivities for the reliability analysis and optimization. As time
increases, the total number of computations can become very
expensive requiring a significant amount of time, but the proposed
method can be used to overcome this problem. Therefore, the
proposed method, parallel-computed RBTO using RSM, is applied.

To construct RS, the D-optimal design of experiment (DOE) [11]
determines five samplings for three uncertain variables. These five

Fig. 6 Design domain for topology optimization.

a) RBDO result

b) Reduced model

Table 4 Time and efficiency of parallel computing

No. of computers 1 2 3
Elapsed time, s 572 307 221
Machine efficiency 1.00 0.932 0.863

Table 5 Error of RS for RBTO

RSM (MLSM) True Error, %
Obj(UX) - 3.601E — 02 -

Con(UY), Xpean 7316E—06  7323E—06  —9.157E—02
Con(UY), MPP 7990E—06  7.983E—06 9.355E — 02

analyses are obtained from three parallel computers using parallel
computing at each iteration.

Table 4 shows the time and efficiency of the parallel computing
system for one iteration of optimization. The machine efficiency in
the table is computed as

efficiency = time for one computer case/(no. of computers

x elapsed time) 19)

As can be seen in the table, if the number of computers increases,
the machine efficiency decreases; this is a common characteristic of
parallel computing. However, the parallel computing system is
computationally useful because the elapsed time is reduced from 572
to 221 s. As such, this research adopts a parallel computing system
for the purpose of reducing computational time.

The approximation error of RS is a problem in the proposed
method; if RS has large errors, RBTO cannot be successfully
completed. Here, MLSM is applied and the approximation error of
RS is examined, as shown in Table 5. The table shows the error of RS
at the mean point X and at MPP. Note that both errors are less than
0.1%, implying that the constructed RS is very accurate. Therefore,
the RBTO result can be successfully obtained using MLSM.

Table 6 and Fig. § summarize the obtained results. In the table and
Fig. 8, RBDO' refers to the reduced RBDO model shown in Fig. 7b.
Figure 8, presenting the DTO results, shows a slightly declined inner
spring. In addition, RBTO B, = 1.0 shows an additional spring
between the two vertical springs, and RBTO g, = 1.5 shows the two
separated springs of the inner spring.

¢) Design domain

Fig. 7 Basis model and design domain for topology optimization.
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Table 6 Comparison of topology designs (values)

Initial RBDO/ DTO RBTO B, = 1.0 RBTO B, = 1.5
Ux 0.2463 0.02209 0.1473 0.03601 0.02270
UY  0.8600E — 04 8.428E — 06 7.974E — 06 7.323E — 06 6.951E — 06
k, 202.9 226.3 33.95 138.85 220.3
ke 1.162E + 08 4.878E + 09 5.157E + 09 5.615E + 09 5.910E + 09

Because topology optimization results commonly contain a gray
area, it is not appropriate to commence fabrication at this time. To
remedy this situation, a reanalysis model is constructed to fabricate a
real model from the results of RBTO B, = 1.5. The reanalysis model
and analysis results are given in Fig. 9.

The analysis results of Fig. 9b are k, =218.1 and
kg = 5.870E + 09, and these are very close to the results of RBTO.
Therefore, it was determined that the reanalysis model is suitable for
fabrication, and so several models were subsequently fabricated and
tested.

D. Fabrication and Experiments of the Designed Model

To evaluate the rotational stiffness of the devices, the designed
DEFS systems were fabricated using silicon-on-insulator wafers with
an 80 um silicon structure layer, and a 3 um silicon dioxide
sacrificial layer on a 500 um silicon substrate. Five types of DFS
systems (initial, deterministic, RBDO 2, RBDO', and the RBTO-
reanalysis model) were fabricated, and Fig. 10 presents three
representative models from among the five types. One photo mask
was used to make the etch mask on the silicon structure layer, and the
silicon structure layer was then etched using a deep reactive ion
etching (DRIE) process. The device was dry released using a gas
phase etching machine [16].

A pair of parallel plate actuators was connected to either end of the
shuttle mass to rotate the DFS system counterclockwise, by
generating an electrostatic force with the same magnitude in the
opposite direction. An optical fiber was inserted into the trench
perpendicular to the mirror. Then, from the wavelength shift of the
interference patterns between the sidewall of the mirror and the end
of the optical fiber before and after actuation, the lateral displacement
could be measured to evaluate the rotation angle [17].

Figure 1la shows the experimental results of the lateral
displacement with respect to the driving voltage for the parallel plate
actuators. It was determined that the lateral displacement increased
with the driving voltage by amounts corresponding to the different
rotational stiffness of each model. In addition, Fig. 11b shows the
rotational stiffness evaluated from the lateral displacement and the
magnitude of the electrostatic force. Each model showed little
variation in rotational stiffness with respect to the driving voltage,
and therefore the fabricated devices were deemed stable. Note that
the values of the rotational stiffness from the experiments were not
exactly the same as with a finite element analysis (FEA), though the
ratios of the rotational stiffness between the models were almost the
same for FEA and the experiments. In this study, the errors between
FEA and the experiments could potentially be attributed to several

factors: different conditions between FEA and the experiments,
assumption of rigid body parts for FEA, modeling errors, and
fabrication errors [18]. Nevertheless, the important fact here is that
the proposed method successfully designed new types of devices,
and their performance was verified by subsequent fabrication and
experimental analysis.

VI. Conclusions

In this research, the reliability-based design optimization (RBDO)
concept was applied to topology optimization, resulting in the
development of reliability-based topology optimization (RBTO).
RBTO was then used to determine an optimal topology that satisfies
the given probability of a case that considers uncertainties.

RBTO can be a useful and meaningful method, but it requires
expensive computational time. Therefore, this research proposes
parallel-computed RBTO using the response surface method due to
the fact that parallel computing can reduce the processing time in the
optimal design. RBTO is a bilevel optimization problem because it
has two loops of optimization; the outer loop is related to determining
the optimal topology, whereas the inner loop focuses on the analysis
of the system reliability. Here, the inner loop proceeds based on RS
approximation using the parallel-computed results. The separated
analysis results from the parallel machines are then gathered and used
to construct RS for the reliability analysis at each iteration. This
process can save time, but the reliability from RS has approximation
errors. And to compensate for these errors, this research adopts the
developed RSM technology using the moving least-squares method.

The proposed RBTO methodology was subsequently applied to
MEMS and structural systems. Specifically, in MEMS, RBTO was
found to be highly effective in overcoming problematic system
characteristics inherent in the etching process and the scaling effect.
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Fig. 9 Reanalysis model based on the RBTO results.

Fig. 8 Summary of topology designs.
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Fig. 10 SEM image of the fabricated double-folded springs with the aligned optical fiber for displacement measurement.
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Fig. 11 Experimental results of the double-folded springs with respect to the driving voltage.

Analysis of the results confirmed that the proposed method
determined new types of double-folded-spring systems while
reducing computational time. Furthermore, from the RBTO results, a
reanalysis model was constructed, and five types of models were
subsequently fabricated and tested. The experimental results were
shown to have the same trends as compared to the FEA results, even
though the stiffness values of FEA were slightly different from
experiment; thus, new types of devices were successfully designed
using the proposed method.
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