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Abstract—A method for automated mask-layout and pro-
cess synthesis for MEMS is presented. The synthesis prob-
lem is approached by use of a genetic algorithm. For a

Initial Population of
Mask-Layouts & Process Flows

given desired device shape, and several fabrication process ¢
choices, this synthesis method will produce one or more Fabrication
mask-layouts and associated fabrication process sequences Simulation

(which when used can generate shapes close to the desired
one). Given complicated device shapes and wide range of
fabrication process possibilities, the designer may encounter —
difficulty producing the right mask-layout and fabrication
procedure by experience and trial and error. An automated R
synthesis tool like this will be helpful to the designer by in-

creasing the efficiency and accuracy of the design of MEMS F— Not Modify Masks and
devices. 3D Shape Close Process Flows with
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. INTRODUCTION

While the past decades have seen many remarkable _ _ _ _
advances in microelectromechanical systems desigh 1. A schematic representation of a genetic algorithm
. . . MEMS synthesis technique.
and fabrication, as the complexity of MEMS devices
and the scope of MEMS applications increases, the

need for structured design methods also increases [lsg [18]. Here an approach to realize mask-layout
Many of the most interesting and useful mechanlc&d fabrication process synthesis through a genetic

devices intrinsically rely on 3-dimensional behaviot|yorithm is introduced. A summary of this approach
and 3-dimensional shapes. Complex 3-dimensionak; s presented in [2].

shapes can be generated using fabrication procedure|§ h bl ¢ K and thesi
such as multiple process wet etching [11], [16], [27], or the problém Of mask and process syntnesis,
but the mapping from the mask-layout to the fin genetic algorlthm iteration loop is constructed to
shape is usually non-intuitive and complicated. For’ olve Fherpt'mil m:sk ‘%[r.]dl procelzs? seq;;enfe as
given 3-D device shape, it is difficult for the design own n Figure 1. - An initial popuiation ot Solu-
ign candidates (mask-layouts and process parame-

to produce a proper mask-layout as well as corret .
fabrication procedures by experience and trial and g?_rs) are randor_nly generated_. The fabrication of each
ask-layout using the associated process parameters

ror. An automatic design tool which can automaf® ‘mulated b ifiod fabricafi imulat
the shape-to-mask-and-fabrication-process synthé§i@en simulated by a Specified tabrication simuiator

will be helpful to the development of new MEMStO produce a 3-dimensional shape. The performance
devices, since with its help the designer can be f each solution candidate is measured through the

lieved from considering the details of fabrication an ape comparison between the produced shapg and
instead can focus on the functional design of the e user defined final shape. During each evolution-

vices. Previously reported work utilized a genetic ary loop, genetic operations are applied to control the

gorithm to synthesize mask-layouts for a single pré'gochastlc segrchlng pehawor such that_ the best per-
orming solution candidates are more likely to sur-

EgceiVEd Mé'l_fCh i' 2:1301? Fée‘ll_ifsed_'\/'?fch 30, 22012_- o M _lvive and evolve even better offspring for the next gen-
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FAX: 626/583-4963erik@design.caltech.edu solution is found.



Il. THE GENETIC ALGORITHM PHENOTYPE v

Genetic algorithms (GAs) are a global stochastic Side3
optimization technique which are based on the adap- !
tive mechanics of natural selection evolution. They
were invented by John Holland [14] in 1975, and
subsequently made widely popular by David Gold-
berg [12]. GAs use two basic processes from evolu-
tion: inheritance or the passing of features from one
generation to the next, and competition,swrvival CENOTYPE
of the fittestwhich results in weeding out individuals - Sdel Sde2  Sded  Sided
with bad features from the population. The algorithm s o o
maintains a population of solution candidates. Each
individual in the population is encoded into a string of Fig. 2. A schematic illustration of the GA coding scheme.
characters or digits, through which the original solu-
tion space is converted to an encoded space, whic

h . I
is easier for the algorithm to search for the globgpmprlses a mask-layout space and a fabrication pro-

optimum. The genetic algorithm works as an 1oCESS space. Mask-layouts are treated geometrically as

ation loop. First, an initial population is generate%'d'mensIonal polygons. In the initial test stage, the

randomly. Then all the individuals in the initial pop-proc.eSS space s relatlvely S|mple.. qu example, for a
: S : multiple process wet etching application, the process
ulation are evaluated by an objective function mea- . S
LA - Space will be all the fabrication procedures that can be

surement program (which is problem specific), an o . . :
, used, and each individual solution candidate includes
a performance value (called a fitness value or FV) i
o\ parameters such as the etchant number(s) to be used,
calculated for each individual. Then the whole popy-

. . : he etch time duration value for each applied etchant,
lation goes through genetic operations such as sel

ec- ) o . :
tion, crossoveretc, to form individuals of the next Ste The process space is application specific, and is

generation. Because of the strong convergence chsallrrr-]IOIerthan the mask-layout space. The mask-layout

L e . Space is more complex and therefore requires more
acteristics of GAs, the new individuals will generall b b q

have better performance than the ones in the previéﬁtsentlon during encoding and manipulation, which

generation. Such iteration continues until an individ- © described below.
ual is found whose performance is good enough, and _
this individual will be taken as the solution. A. Coding Scheme

In general, genetic algorithms are a non-problem ap appropriate coding scheme is needed to encode
specific technique which can be applied to virtually 2-p polygon to a string which can be easily manip-
any optimization problem if its objective functionyjated by genetic operations. There are many ways
measurement is available. What makes genetic gf-describe a 2-D polygon. Here the edge length and
gorithms distinct from other stochastic optimizatiogdge directional angle (turning angle) are chosen to
techniques is the involvement of a generation of intiescribe each edge of a polygon [3], [18]. A mask
viduals. Such participation provides efficient solutiopolygon is encoded into two real strings. One string
information which can be used by genetic operatioggntains edge directional angles and the other con-
to control the bias for the searching region as well ggins edge lengths. The size of each string is equal to
increase the robustness to overcome deception trggSnumber of polygon sides. Two elements, one from
during the searching. Genetic algorithms have beghch string with the same element position, describe
shown to successfully solve problems in various comgn edge of the polygon. In GAs, the physical objects
plex domains [12]. The main advantages of Genefj¢ the solution space which are encoded are called

,,,,,,,,,,,,

Side4

Side 1

A Rectangular Mask Polygon With Side Length 100 and 200

algorithms include that they are: phenotypes, and the encoded strings are called geno-
- adaptive, and learn from experience; types. The searching and manipulation are conducted
« implicitly parallel; on genotypes. The two real strings are genotypes for
. efficient for complex problems. the mask-layouts in the GA. A schematic illustration

In the problem addressed here, the solution spaxfehe coding scheme is shown in Figure 2.



There are generally two kinds of coding schemes, Genotype
binary coding, and real coding. A real coding scheme Parent 1: 101011010100
is used because it provides adequate precision with a . j‘l

) . Parent 2: 00110101011
short string length. The edge length and turning angle
representation of 2-D polygon provides a convenient Offspring: 1010i1101011
way to design the associated crossover and mutation , _ _ ,
schemes. Fig. 3. One-point crossover of binary strings

B. Selection Scheme first parent up to the crossing point and identical to

The core of a selection scheme is the method to &3¢ second parent after the crossing poinuriform
sign a sampling rate to each individual in the genergossovey each gene position is crossed with some
tion [13]. The sampling rates decide the possibilitigobability, typically one-half. Crossover combines
for each individual to be selected for crossover, afid€ building blocks, or schemata, from different solu-
the individual with a larger sampling rate has moféons in various combinations. Smaller good building
chance to survive and evolve. In the application afilocks are converted into progressively larger good
dressed here, a rank-based selection algorithm is chRgilding blocks over time until an entire good solu-
sen to assign the sampling rates based on an indiign is found. Crossover is a random process, and
ual’s rank among the whole population [4] througfhe same process results in the combination of bad

the following formula: building blocks to result in bad offspring, but these
For an individual whose rank is are eliminated by the selection operator in the next
generation.

Sampling rate = 1.0 + bias — 2 % bias * i/(size — 1) Mutation is an incremental change made to each
member of the population, with a very small proba-

4 = individual's rank, from0 to size-1 bility. Mutation enables new features to be introduced
size = population size into a population so that premature convergence can
bias = extrafithess awarded to be avoided.

the top-ranked individual

compared to the average-ranked D. Crossover of Polygons

individual whose fithess 5.0 )
The crossover method used here has two impor-

The bias value is in general betwee and 1.0, tant aspects. First, as mentioned above, real coding is
and it can be used to control the selection pressure yked for the mask-layout and fabrication process syn-
this application, the bias value is gradually increas@gksis problem. Two real strings are used to represent
as the genetic iteration proceeds to control the rat€nask-layout polygon. The crossover scheme used
of convergence. During the initial stage the selectigga real crossover called BLX-[8], which produces
pressure is light so that premature convergence &g offspring by uniformly picking a value for each
be prevented, and during the final stage the selectigghe from the range formed by the values of two cor-
pressure is heavy so that the population will effegesponding parent genes with some extension on each
tively converge to the final result. side. If the distance between the two parent genes is
[, the length of the extension on each sidelisanda
is a user specified parameter. Second, when the real

Crossover is the main operator used for reprodwgisings are crossed over, the real strings are represen-
tion. It combines portions of two parents to creatations of 2-D simple polygons. If every pair of genes
two new individuals, calledffspring which inherit a of the parents is crossed using BlaX-the offspring
combination of the features of the parents. There sate not guaranteed to represent a simple polygon be-
several popular crossover schemesome-andtwo- cause the geometric constraint may not be satisfied.
point crossoverone or two gene positions are rank order to make sure the offspring from the crossover
domly selected, and the two parents are crossed ogesimple (closed) polygon, some care must be taken
at those points. An example of one-point crossovertizsatisfy the geometric constraint.
shown in Figure 3. The offspring is identical to the The scheme used here is shown in Figure 4. The

C. Crossover and Mutation
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Parents: . Es _ Es able gene length GA was developed so that polygons

elﬁﬁ with different numbers of sides are explored by the al-
e E1 Ea4 gorithm and the chance to find the optimum is greatly
er £ increased.
€s > Es The most difficult part developing a GA with vari-

471 541 000 157 314 255 «— g  able gene length is crossover: how to crossover
471 590 000 157 314 331 «— E;  two individuals with different gene lengths. In the
i i ir 174 17.0 |15.2| 21.7 13.0 157 <«— i
Distance String Pair 174 1.0 |72 2.7 130 8T 4 g problem addressed here, the entities that need to be
crossed over are 2-D polygons with different numbers
a3 =0.00 6 = 14.4 of sides, and the only crossover scheme previously
available works on polygons with the same number of
sides. An add-then-remove scheme is applied to ex-

AnglesSiring 471 567 000 157 314 tend the fixed gene length crossover to work on vari-
DistanceString ~ 17.7 21.6 223 131 144
able gene length cases.

Figure 5 shows the add-then-remove scheme intro-
duced here. Two polygons to be crossed over, are

Angle String Pair

Child:

!
I
1
\

Reconstruction . shown at the top of the figure: one with 4 sides, the
other with 6 sides. The basic idea of the add-then-
a3 remove scheme is to add two vertices into the poly-
r3=4.6, a6=287 gon with 4 sides so that this polygon can be viewed
as a 6-sided polygon and then crossover on these two
Fig. 4. Crossover of Two Polygons 6-sided polygons can be conducted. After crossover,

some vertices of the child polygon will be removed
crossover is done for angle strings and distangésually the most collinear ones) so that the final child
strings separately. In Figure 4, two parent polyof®lygon will have side number between the side num-
have 6 sides, and angle strings and distance strifgs$s of the parent polygons.
with gene length of 6 are paired up. For each stringFirst, a scheme to determine where to put the new
pair, the worst matched pair of genes is chosen firgertices on the polygon with fewer sides is needed.
For the angle string pair, the worst matched pair The positions of new vertices should be chosen in
genes is gene 6, and for the distance string pair, g&ueh a way that after insertion of new vertices and
3. Now every gene pair is crossed over except generossover, the offspring polygon combines common
on the angle string and gene 3 on the distance strifgatures of both parents. In other words, the insertion
and a child is generated, with gene 6 on angle string, new vertices should not break the already estab-
a6, and gene 3 on distance string, undetermined. lished common feature (edge) correspondence, and
These two undetermined values come from the gawew edge correspondence should also be established
metric constraint that the two strings should represast the insertion. To determine the insertion posi-
a closed, 2-D simple polygon. After the reconstrugions, two parent polygons are scaled to same perime-

tion, a6 andr3 are calculated. ter length (1.0 in the example). Using a line segment
from 0.0 to 1.0 to represent a polygon, each vertex of
Ill. VARIABLE GENE LENGTH GA the polygon corresponds to a point on the line seg-

The Genetic Algorithm described above has a linfent. For the square, the vertices are 0.25, 0.5, 0.75,
itation. The crossover scheme presented here ofljd 1.0, and for the other polygon, the vertices are
works on two polygons with the same number &2, 0.35,0.5,0.7, 0.85, and 1.0.
sides. Users need to guess the appropriate numbdn order to determine where to put the new ver-
of sides for the mask-layout synthesis in advance, atices on the polygon with fewer sides (the square in
therefore only a subspace of the whole polygon spa€ggure 5), it must be established which pair of ver-
polygons with this pre-specified number of sides, atiees on both polygons correspond to each other. For
explored. The optimal mask-layout may not be fourehch vertex on the polygon with fewer sides, the ver-
just because it lays outside of this subspace. A vatéx closest to it on the line segment of the other poly-



gon (the polygon with more sides) is chosen to be the Parent Polygons
corresponding vertex. In the example shown in Fig-
ure 5, for vertex 0.25 of the square, the vertex 0.2 of
the other polygon is the corresponding vertex. Vertex
0.5 corresponds to vertex 0.5; vertex 0.75 to vertex
0.7, and vertex 1.0 to vertex 1.0. The two segments
of the two polygons with corresponding vertices as
end points are called corresponding segments. For | 0.25 05 075 10
example, segment 0.25 to 0.5 of the first polygon and ; | | | |
segment 0.2 to 0.5 of the second polygon are corre- ‘ ‘ ‘ ‘
sponding segments. Now two vertices do not have a
corresponding vertex on the polygon with more sides:

0.0 02 035 05 07 085 10

vertex 0.35, and vertex 0.85. Vertex 0.35 is on seg- 00 025 05 075 10
ment 0.2 to 0.5 which has corresponding segment | ! ! |
0.25 to 0.5 on the other polygon (the square in Fig- / f / f

L J

ure 5), and a new vertex is generated on this corre-
sponding segment of the square with its position rel-
ative to this corresponding segment exactly the same
as vertex 0.35 relative to its corresponding segment

0.0 02 035 05 07 08 10

on the other polygon. The corresponding vertex of Remove
vertex 0.85 is generated the same way. Thésym- Vertices
bols in Figure 5 show where the new vertices are in-

serted.

) ) ] Initial Child Polygon Final Child Polygon
After the insertion, the two polygons (now with the

same number of sides) are crossed over to genel'%@e5- Add—thep—remove scheme for polygons with different
the initial child polygon, and then a number between "umbers of sides
the side numbers of the two parents is randomly gen-
erated as the side number of the final child polygoef this anisotropic etch simulation are shown in [15].
Some vertices of the initial child polygon (usually the The synthesis problem is stated as follows. A
most collinear vertices) are then removed to produdesired device shape is given, and three different
the final polygon with the specified number of sidestchants can be chosen. The fabrication procedures
In the example, the parents have side numbers obwed here are two wet etching steps, which means
and 6, the initial child polygon has 6 sides. The ratwo etchants can be applied sequentially, each for
domly generated final polygon side number is 5, ardpredetermined time duration, to generate the final
one vertex of the child polygon (the one in the circleshape. The goal is to find a mask-layout, and the or-
is removed to get the final polygon with 5 sides.  der and time duration of the two etchants to use to
produce a desired 3-D shape. A multi-process wet
IV. APPLICATION etching procedure can generate highly geometrically
complicated shapes and will require automated de-

A specific application of this GA method on multisig to0ls. The two-process example shown here il-

ple process wet etching synthesis has been conducigbyates the feasibility of this approach.
The bulk wet etching mask-layout and process syn-

thesis was chos_en as an e_xample because of it_s m\g%hape Comparison
level of geometric complexity. For bulk wet etching,
there is no simple geometrical correlation (in general) A way to calculate the closeness between the
between the masks and process sequences andetlidved 3-D shape and the specified target shape is
evolved 3-D structures. A multiple process wet etchheeded. The shapes are represented by a stack of
ing simulator called SEGS [15] was used as the fapelygonal layers. The etching simulation program
rication simulation and performance evaluation prensures that the polygon layers of both shapes verti-

gram. Examples illustrating the geometric accuracally match. The mismatch between two 3-D shapes
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(contours of the target shape and a candidate evolviee slope mismatch at a particular depth is the differ-
shape at the same vertical position) is decomposatte between the side wall slopes at this depth calcu-
into pure shape mismatch and size mismatch. Hated as shown above. Then the average of the slope
these two polygons, the size mismatch is calculatedsmatches at all depths is considered as the overall
as the length ratio of the two polygons. The purdope mismatch between these two shapes.
shape mismatch between two polygons is obtained _
using the method introduced by Arket al. [3]. The B. Fitness Evaluation
pure shape mismatch of the two shapes is calcu-The fitness value of each individual is evaluated in
lated as thaveightedsum of the mismatch betweenhe following steps:
the two polygon layers in each vertical level. The, The 3-D etching simulation (SEGS [15]) is run
weights need to be carefully chosen such that the igh each candidate solution. Each candidate solution
portant shape information describing the overall vefonsists of a mask polygon and process parameters
tical characteristics of the shape which can not hcluding two etchants and two etch time duration
found from the shape mismatch of two polygon layralues. The simulation is run using the mask, two
ers is conserved. The foIIowing formulas are used gdchants for those two etch time durations, and as a
calculate the pure shape mismatch and size mismatgbult an evolved 3-D shape represented by a stack of
between the two 3-D shapes: polygonal layers is produced.
nSiM() 2. The pure shape mismatch value, size mismatch
SizeMismatch = Z — value, and slope mismatch value between each of the
=1 B evolved 3-D shapes and the specified target shape are
calculated. These values are stored as the objective
PureShapeMismatch = > function values of each individual in the generation.
= n 3. After obtaining the objective function values of

wheren is the total number of layers, arfhM and all the individuals in the generation, the fitness val-

SiM are pure shape mismatch value and size miES are calculated from the objective function values.

match value of two polygon layers in the same |evé[,his is a typical multiple objective optimization prob-

and ASiM is average size mismatch value of all lay¢M: in which an overall performance value is con-
ers. structed from three different objectives. Several dif-
Using shape mismatch and size mismatch to refﬁ_rent ways to construct_the fitne_ss value were tried,
resent the closeness between two 3-D shapes h&¥'d the non-compensating maximum-of-all scheme
disadvantage: the difference between the side wARP€ars to work best:
slopes of the two shapes is not taken into considera- ASKM  ASIM ASIM
tion. For some devices with smaHdirection dimen- Fitness(i) = Max < — - )
sion compared withry-plane dimensions, two shapes ShM(i)” SiM(1)" SIM(D)

with similar zy-plane cross section, but different sidghereShM, SiM andSIM are shape, size, and slope
wall slopes, may be considered very close using thsmatch values of individual and AShM, ASiM,

shape and size mismatches criteria described abqygy ASIM are the respective average values of the
but the difference in the side wall angles of thesganeration.

two shapes may make one device an unacceptable re-
placement for the other. C. Result

Due to the preceding consideration, a scheme t0rpg gy nthesis task was conducted on a Sun Ultra10

represent side wall slope using contours of a shapg j§yystation, and took 38 minutes. Some parameters
constructed. For two contours with a vertical distangpsed in the iterative synthesis are listed below:

of h,

« population size: 60;
h * 27 ) « maximum number of edges in the mask-layouts:
16;

« maximum number of iterations: 60.
whereL,, e andLi.ye, are perimeter lengths of theThe results of synthesis using the approach described
upper layer and lower layer contours. For two shapé®re are shown in Figure 6 and Table I. In Figure 6,

SideWallSlope = ArgTan <

Lupper - Llower



the lower-right frame shows the target shape, and the
other frames show the best candidate mask-layou
(the black polygons) at five different iterations dur-
ing the synthesis loop, and the simulated 3-D shape
The convergence of the evolved shapes to the targ
shape can be easily observed. Detailed informati
about these five iterations is shown in Table I. The
shape, size and slope mismatch values between t
simulated shape and the target shape for each iter
tion are getting smaller as the synthesis proceeds, and iteration: 1
the selection and order of etchants is converging to
followed by A, with the durations of the two etchants
converging to 3 units of time for each etchant. By iter
ation 32, though the mask shape is nonintuitive (actu
ally the mask shape shows corner compensation), t
resulting shape closely approaches the target shape
During the synthesis, mask-layout polygons with dif
ferent numbers of sides are explored and the fing
mask-layout has 16 sides. Figure 7 shows the conve iteration: 8
gence curves of the shape, size, and slope mismatct
values. Figure 8 shows the convergence of the side
numbers of the mask-layout polygons to 16. The con
vergence of the first and second etchants to B and 4
and the convergence of the first etch time to 3 timg
units are shown in Figure 9 and Figure 10.

iteration: 17

P>

<

V. ROBUST DESIGN

Target Shape

Robust design is an important method for improv+ iteration: 58
ing product or manufacturing process design by mak-
ing the device insensitive (robust) to uncontrolled
variations (noise). Robustness refers to the ability of
products or processes to perform consistently under
varying operational and manufacturing conditions. gg
The primary goal of robust design is to develop stable
products and processes that exhibit minimum sensi-
tivity to uncontrollable operational and manufactur- o 1

. . —— Shape Mismatch
ing fluctuations. -~ Size Mismatch

— - — Slope Mismatch

Fig. 6. Mask-layouts and evolved shapes

matches

A. Background 04 |

During robust design, a designer seeks to detef
mine the control parameter settings that produce de-
sirable values of the performance mean, while at
the same time minimizing the variance of the per-
formance. Robust design, then, is a multiobjec- 4, ‘ ‘ ‘ ‘ -
tive and nondeterministic approach, and is concerned °° 200 terations 400 600
with both the performance mean and the variabil-
ity that result from uncertainty (represented through, - Convergence curves of shape, size, and slope mis-
noise variables). In this setting, sensitivity analy-" matches
sis is concerned with both the mean and variance of




TABLE |

SYNTHESIS DATA SHOWING CONVERGENCE

0.0

0.0 20.0
Iterations

40.0

60.0

Itera- | Etchant| Etch | No. of | Shape| Size | Slope
tion ID’s Times| Sides | Match | Match | Match
1 B, B 4,2 24 0.261| 0.109| 0.211
4 B, A 51 16 0.220| 0.238 | 0.245
13 B, A 4,2 28 0.107 | 0.046 | 0.123
20 B, A 3,3 16 0.090 | 0.099 | 0.046
32 B, A 3,3 16 0.021| 0.018| 0.014
c g 1.0
g 2
E 153 0.6 - B
g % 0.4 - B
b 5
% o
° 0.0 : : ‘ :
S_’ 0.0 20.0 40.0 60.0

Iterations

Fig. 10. The percentage of individuals having 3 as first etch
time converges to 100%

Fig. 8. The percentage of individuals having 16 as the side
number of mask-layout polygon converges to 100%

the performance. The performance variation is often
minimized at the cost of sacrificing the best perfor-
mance, and therefore the tradeoff between the afore-

1.0

0.8

0.6

0.4 as first etchant

0.2 -

Percentage of individuals in the polulation

0.0

—— Percentage of individuals having B |

- - -~ Percentage of individuals having A |
as second etchant 1

0.0 20.0
Iterations

Fig. 9. The percentage of individuals having B as the fir
etchant and A as the second etchant converges to 100%

40.0

mentioned two aspects cannot be avoided.

Many different robust design approaches have been
| developed, including the Taguchi method and exten-
] sions [21], [23], [24]; Response Surface Method-
1 ology and Compromise Programming approach [5],
. [6]; Simulated Variance Optimization [22]; and Ge-
netic Algorithms for robust design [9], [10], [20],
[25].

Most optimization methods for robust design in-
volve optimization of a statistical estimate of a per-
formance parameter obtained by experiments or com-

60.0 puter simulation. In this approach, the design param-
eters are treated as random variables with assigned
probability distributions. The design in question is

tlefined by one or more equations giving a perfor-
mance parameter as a function of all or some of the

design parameters €., a given design point); a large
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sample of values of the performance parameter m@Q], [25]. GAs with noisy fitness functions and
be obtained by repeated sampling of the design gaAs exploring hyper-rectangle design regions in-
rameters from their assigned distributions by use stiead of design points in traditional GAs have been
random number generators. The resulting data cstodied. For our mask-layout and process synthesis
then be used to obtain the expected value and variapceblem, we applied a robust design scheme simi-
of the performance parameter and therefore the valaeto the one introduced by Tsutsui, called Genetic
for the statistical estimate at the given design poirlgorithms with Robust Solution Searching Scheme
The optimum design parameter is then obtained (&A/RS?) [25], which is outlined below.
those corresponding to a minimum of the computedin a GA, if G = (g1, 9»,...,9m) IS @ genotypic
estimate, determined by means of some particuktring for an individual and® = (py, ps, ..., p) is the
non-linear optimization algorithm in the presence @orresponding phenotypic parameter vecfor?) the
constraints. evaluation function for fitness, instead of calculating
In the Taguchi method Signal-to-Noise ratio (S/khe fitness value of the individual g§ P), we use
ratio) is used as the performance measure (perfan evaluation function of the forri(P + A), where
mance statistic), and it usually takes a form of logx\ = (4,65, ...,4,,) is a random noise vector. The
arithmic function based on the mean square deviatisolutions thus determined are expected to be more

of product responses. robust against perturbations or noise having the ap-
. propriate tested distribution. It should be noted that
S/N = —10 lOg[(Z(yi — m)?)/n] 1) adding noise in the fornfi( P + A) may appear like a

mutation operation on a real-valued coding, but actu-
ally it is operationally different from mutation, since
wheren is the total number of the experiments, anghe noise is added only to the phenotype and it does
y; Is performance parameter for an experiment=not have any direct effect on individual genotypes.
PP(x;,p:), where PP is the performance parameThe perturbations are used only for judging the qual-
ter being considered is the design parameter, is ity of a solution and for selection.

noise parameter for an experiment, ands the de-

sired target value for performance parameter. Sincg_ Robust Design for Mask Misalignment

=1

- 2 o nm—1 We have developed a Genetic Algorithm approach
;@ﬁ —m)” = (p—m)°+ n C for MEMS mask-layout and process synthesis, where
- proper mask-layout and process flow can be automat-

wherey, ando? are the mean and the varianceyof ically generated for given target shape. Here our ap-

respectively, as computed by proach is extended to robust design, and Figure 11
schematically shows how noise factors can be inte-

woo= %Z?:l Yi grated into the design process using our Genetic Al-

(2) gorithm approach to design a solution which is robust

o? = ﬁ S (g — p)? to manufacturing variations. The implementation de-

tails and a robust design for mask misalignment are
the S/N increase signifies a decrease in the averg@cribed in the following.
results or improved consistency form one unit to an- For commercial silicon wafers, the alignment ac-
other, and a combined improvement in the mean Kgyracy (between the flat and the crystal orientation) is
sult and a reduction in the variability will result in thebsually aroundt1° [19], [26], additionally, the mask
greatest S/N increase. may not be perfectly aligned to the wafer flat. This
. . . misalignment can affect the precision of shapes fab-
B. Genetic Algorithms for Robust Design ricated. For example, the size of diaphragms formed
To extend the applications of GAs to domains thafter etching through 80.m thick silicon wafer can
have a noisy environment and require detection edry by 50.m if the accuracy of the alignment is of
robust solutions, schemes combining GAs and rie order of 1° [7], [17], [26]. For this application,
bustness evaluation techniques and robust soluttbe optimum mask-layout and process used to fab-
searching techniques have been introduced [9], [1@itate the target shape is synthesized assuming per-
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for each generation with populati@s;, Gs, ..., Gy

{
777777777777777 Decode each genotygg; to produce corresponding phenotyje,
| ! ¢ for(each phenotyp&’; (mask-layout))

1 o {
| Expected ; Fabrication —_
| ! Simulation S/N =0;
! | for(j = 0;5 <=n;j ++)

{

Initial Population of
Mask-Layouts & Process Flows

New Population of

Masks & Processes Randomly generate mask misalignment nalse

according to distribution;

3-D Shapes Y; = X; rotatedA ; degrees;
e Evaluatefitness; = f(Y;);
S/N+ = fitness;/n;

Desired Not Modify Masks and )
3-D Shape Compare  [~Fose | Process Flows with S/N = —10log(S/N);
Enough Genetic Algorithm fitness; = S/N;
Close enough }

Fig. 12. Schematic model of fitness evaluation

Fig. 11. A schematic representation of a genetic algorithn\jon-Robust Mask

MEMS synthesis technique for robust design.

fect alignment. However, in actual fabrication, the
misalignment of mask-layout, is a noise factor whigh
affects the quality of the fabricated device, and this
variation of mask-layout misalignment can be taken
as the uncontrolled variation when the robust design
is conducted. Misalignment:0° | Misalignment:3° | Misalignment:6°

When conducting the robust design synthesis for
mask misalignment, the S/N ratio in Taguchi methodRobust Mask

is used as the performance statistic, and the sampling
and searching scheme 64/ RS? is employed. For
this problem, the mask-layout misalignment is cop-
sidered to be uncontrollable noise with Gaussian djs-
tribution with 4 = 0 ando = 1°. For every indi-
vidual in a generation, a series of randomly generated

isalignment:0° | Misalignment:3° | Misalignment:6°

misalignments are assigned to the mask-layout beft M
the fitness values are calculated, and the_n the f'mesl%ig. 13. Comparison of robust and non-robust syntheses.
values are used to construct the S/N ratio. This ra-
tio is taken as the performance statistic to guide the
search for optimum design point, and the optimuthesis and the fabricated shapes when the mask mis-
mask-layout and process found will have high robustignments are)®, 1.5°, and 3°. The second row
ness relative to mask misalignment. The schemaiticfor robust synthesis. Both mask-layouts generate
model of the fitness evaluation in our robust synthehapes close to the target shape(mesa) when perfectly
sis is shown in Figure 12. aligned (° misalignment), but when the misalign-
Given a protruding peg (mesa) as the target shapent increases, the superiority of the mask-layout
robust design synthesis is conducted and the resulff@mn robust synthesis can be easily observed.
compared with the result from synthesis without con- To statistically demonstrate that the result from ro-
sidering mask misalignment (here called non-robustist synthesis does have higher robustness, both opti-
synthesis). Figure 13 compares the results from thum mask-layouts synthesized from the robust syn-
robust synthesis and the non-robust synthesis. Thesis and the non-robust synthesis are tested with
first row shows the mask-layout from non-robust sy series of 600 experiments consisting of randomly
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TABLE Il Frequency
STATISTICS DATA FOR NON-ROBUST AND ROBUST 400

SYNTHESIS RESULTS
Non-Robust SynthesisRobust Synthesis 300+
Result Result
1 0.0385 0.0107 200!
o 0.0157 0.00443
S/N 27.63 38.72 100!
0. 02 0.04 0. 06 0.08
Frequency Shape Mismatch
150
Fig. 15. Histogram of fithess distribution for a robust synthesis
125 result
100
75 VI. CONCLUSIONS
50 A mask-layout and fabrication process synthesis
technique combining a genetic algorithm and forward
25 . ; 2T IE i
fabrication simulation is introduced here. Its feasi-

0.02 0. 04 0. 06 0.08 bility is s_hown by an_applicati(_)r_l to multiple process
wet etching synthesis. Promising results have been
obtained for initial tests, and laboratory verification
Fig. 14. Histogram of fitness distribution for a non-robust s:yrll§ underwaY' A.S an e).(te.nSIOn of these meth(.)ds’. ex-
thesis result pected fabrication variation such as mask misalign-

ment and process variation., etch rate variation)

can be introduced into the fabrication simulation, and

by combining these variations into the synthesis iter-
generated misalignment noises according to Gaussigion loop, the stochastic optimization will produce
distribution with;, = 0 ando = 1°. The fitness val- mask-layouts and process sequences that are least
ues (in this application, the shape mismatch valugensitive to these variations. Initial tests of robust
between the simulated shape and the target shape)dasign on mask-layout misalignment have been con-
quired are used to construct the statistic megra(d ducted, and further development is underway. Such
deviation ¢) using equation (2), and also S/N ratiogobust designs will greatly benefit development of
for both cases using equation (1), and the values faicro devices that can be successfully fabricated un-
i, o. The S/N ratios are shown in Table II. der a variety of fabrication conditions.

Shape Mismatch

To visually show the superiority of the result from

robust synthesis over non-robust synthesis, the his- . . o
: s ot : ANTONSSON E. K., Ed. Structured Design Methods

tograms of the shape ml_sm.atch dlst_rlbgtlon for bofH for MEMS (Caltech, Pasadena, CA. Oct. 1996), Work-
masks under Gaussian distributed misalignment noise shop Report, National Science Foundation, Computer and
are shown in Figures 14 and 15. Figure 14 is for [Information Science and Engineering Directorate, Mi-
h K hesi . croelectronics  Information Processing Systems Division.
the mas produced by non"rObUSt synthesis, and Fig- pip:/www.design.caltech.edu/NSREMS_Workshop/.
ure 15 is for the mask obtained from the robust sy An~tonsson E. K. Microsystem Design Synthesis. For-

; o i ; mal Engineering Design Synthedis K. Antonsson and J. Cagan,
thesis. The_X _aXIS IS the shape mismatch value, Eds. Cambridge University Press, Cambridge, U.K., 2001, ch. 5,
and theY axis is the frequency of occurrence. The pp. 126-169.
smaller mean and smaller deviation for the shape migi- QRKIN, EM M., 04ij L'sp'é HLATTE#L_OCHIER. D.P, FEIEDEM. _

- . . . ., AND ITCHELL, J. S. B. Ane |C|entycomputa e metric
match distribution for th_e robust synthesis result can comparing polygonal shapesEEE Transactions on Pattern
be observed from the histograms. Analysis and Machine Intelligence {8991), 209-215.
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