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ABSTRACT layouts is produced. These mask-layouts are checked to ensure
Initial results have been obtained for automatic synthesis of that they are geometrically valid (non-self intersectetg,). The
MEMS mask-layouts using a genetic algorithm. An initial ran- fabrication of each geometrically valid layout is simulated using
dom population of geometrically valid mask-layouts (hon-self a computationally efficient geometrically accurate 3-D simula-
intersecting 2D polygons) is produced. The fabrication of each tion of etching called Segs (Hubbard and Antonsson, 1996; Li,
layout is simulated using a 3-D simulation of etching. The 3-D Hubbard, and Antonsson, 1998), built on earlier geometric (Hub-
results of the fabrication simulation are compared to a desired bard and Antonsson, 1994) and cellular automata (Hubbard and
3-D shape specified by users. A genetic algorithm is applied to Antonsson, 1997) methods. The 3-D results of the fabrication
this initial population to iteratively search for a global optimum simulation are compared to the desired 3-D shape (by compar-
mask-layout whose fabricated 3-D shape is sufficiently close to ing individual contours using the turning functions of two poly-
the desired shape. During each iteration of the genetic algorithm, gons (Arkin, Chew, Huttenlocher, Kedem, and Mitchell, 1991)).
the mask-layouts with fabricated 3-D shapes close to the desiredResulting 3-D shapes that are determined to be sufficiently close
shape are more likely to survive. Random shape variations with to the desired shape are kept in the candidate population. A ge-
ensured geometrical validity are applied to the surviving mask- netic algorithm is applied to each member of the remaining popu-
layouts to produce the mask-layouts for the next iteration. The lation of mask-layouts to introduce random shape variations. The
procedure is then repeated until one or more simulated shape isprocedure is then repeated until one or more simulated shape is
sufficiently close to the desired shape to stop the iteration. Ini- sufficiently close to the desired shape to stop the iteration.
tial results demonstrate the feasibility of this approach to mask-

: Because reversing a fabrication process simulation (so that
layout synthesis.

a 2-D mask-layout might be produced) appears not to be possi-
ble, and because each fabrication process would require (if pos-
INTRODUCTION sible) a reverse simulator to be developed, an approach using
We have developed an evolutionary approach to synthesis gxisting simulations of fabrication processes in an iterative re-
of mask-layouts for MEMS. Figure 1 illustrates the overall ap- finement loop has been adopted, shown in Figure 1. One of the
proach. The process begins with a desired 3-D shape, represente@fimary benefits of this approach is trety fabrication process
by a series of planar contours, with each contour parallel to the ¢&n be utilized with the synthesis approach described here, as

surface of the wafer. An initial random population of mask- long as an efficient digital simulation of the process exists. Thus
synthesis can be performed on devices to be fabricated from de-

position, patterning and removal of surface layers by wet or dry

*corresponding author
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GAs starts from initial random seeded generation and then it-

eratively evolves the generations until some stopping criteria are
met. During each iteration, the individuals will go through fitness
evaluation and the genetic operations based on the fitness per-
formance. The typical genetic operations are selection scheme,
crossover and mutation (Goldberg, 1989).

We have developed a genetic algorithm package (GA) used
for MEMS mask-layout synthesis design. It provides a com-
plete set of hierarchic objects which can be used to build top-
level genotypes and phenotypes with a binary or real coding
scheme. One or more genetic operation functions such as rank-
based selection function;ary tournament selection scheme and
stochastic remainder without replacing selection function are ap-
plied to these objects (Goldberg, 1989). Both generational and
steady-state, with or without elitist selection, can be easily im-
plemented. The mask-layout synthesis method described here
is built upon an iterative genetic algorithm. Currently, a simple
sequential genetic algorithm has been used to iteratively synthe-
size mask-layouts with evolved 3D shapes closest to the target
3D shape.

Figure 1. A SCHEMATIC REPRESENTATION OF AN EVOLUTIONARY
MEMS SYNTHESIS TECHNIQUE.

etching, or by bulk-wet etching, or any other processes for which
an accurate digital simulator exists.

At present, we are using a polygonal representation for the
mask-layout (derived from CIF). We re-encode this polygon into
a form that can be modified with evolutionary methods of genetic
algorithms utilizing the turning functions of polygons (Arkin
et al., 1991) (each side of the polygon is represented as a length
followed by an angle to turn to the next side). This has provided
us with a representation that can be directly modified by stochas-
tic optimization methods, such as genetic algorithms.

THE GENETIC ALGORITHM

Genetic algorithms (GAs) (one of the evolutionary tech-
niques) adopt the idea of “survival-of-the-fittest” Darwinian prin-
ciple to search the global optimum through selecting the ob- Coding Scheme
served best-suited individual. Typically, GAs encode each in- The solution space in our problemis all simple 2D polygons
dividual into a string of characters or digits along with some ge- which serve as mask candidates. The mask polygons are pheno-
netic operators. The original solution space is thus converted into types in the GA (Goldberg, 1989). There are many ways to de-
an encoded space which becomes easier to search the global opscribe a 2D polygon. Here we choose edge length and edge direc-
timum. By analogy with genetics, the individuals in the original tional angle (turning angle) to describe each edge of a polygon.
search space are referred as phenotypes and those in the encodédmask polygon is encoded into two real strings. One string con-
space are referred as genotypes. One feature of GAs compared tdains edge directional angles and the other contains edge lengths.
some other evolutionary techniques is that GAs maintain a popu- The size of each string is equal to the number of polygon sides.
lation of individuals called a generation. A GAs’ generation not Two elements from each string with the same element position
only provides search robustness but also forms schemata whichdescribe an edge of the polygon. These two real strings are geno-
empower the search ability as illustrated through Holland’s im- typesin our GA (Goldberg, 1989). A schematic illustration of the
plicit parallelism (Holland, 1975). It has been found that GAs coding scheme is shown in Figure 2.
are particularly effective and powerful in exploring poorly un- This coding scheme directly captures the shape of mask the
derstood spaces for optimization. A typical implementation of polygons, and can be directly used to measure the shape differ-
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ence between any two mask polygons. When considering the In this way, the single bias variable can be used to control
fitness of candidate shapes, a shape difference (such as the turnthe selection pressure. Currently, the bias value is gradually in-
ing functions (Arkin et al., 1991), Frechet or Hausdorff distances creased as the genetic iteration proceeds to control the rate of
between polygons (Alt and Godau, 1995)) is a meaningful metric convergence.

distance between the two candidate samples (mask polygons) in Stochastic universal sampling is chosen as the sampling al-
the search space. Such metric distances can be used to define thgorithm to eliminate the sampling bias and reduce the sampling
neighborhood of a point in search space as well as calculate thespread (Baker, 1987).

correlation length of the search space, which can further be used
to tune different components of the GA (Manderick, de Weger,

and Spiessens, 1991). Fitness Evaluation

In each generation, the fitness value of each individual is
evaluated in the following steps:
Crossover and Mutation

The genetic operators are applied to genotypes in the GA.
As stated above, the genotypes in our problem are the two real
strings of edge directional angles and edge lengths. Two geno-
types are randomly paired. Simple crossover is separately ap-
plied to the pair of edge directional angle strings and the pair of
edge length strings. For each string pair, a random site is cho-
sen among the string bits and string elements right to the random
site are exchanged. The two new children are generated and be-
come the members of the next generation. Mutation is applied
on a string element basis. If mutation is applied to a string ele-
ment, the element value will be set as a real random number uni-
formly generated between a specified lower and upper bounds.
Typically, crossover serves as the major genetic operator and the
crossover rate is set 0.6. The usage of mutation is highly re-
stricted by setting the mutation rate 0.005 and each time only
one element (at most) of a string is allowed to be mutated. 1

Fitnessi) =
$ ) pure shape mismatéh size mismatch)
Average pure shape mismatch Average size mismatc

1. The 3D etching simulation (Segs (Hubbard and Antonsson,
1996)) is run on each candidate mask polygon. Each etch-
ing result is an evolved 3D shape represented by a stack of
polygonal layers.

2. The pure shape mismatch value (explained below) and size
mismatch value between each of the etching evolved 3D
shapes and the specified target shape are calculated. The
target shape is also represented as a stack of polygonal lay-
ers. The calculated pure shape mismatch value and size mis-
match value are stored as the objective function values of
each individual in the generation.

3. After obtaining the objective function values of all the in-
dividuals in the generation, the fithess values are calculated
according to the following:

Selection Scheme
In our genetic algorithm, the selection scheme is separated
into the selection algorithm and the sampling algorithm (Grefen-
stette and Baker, 1989). The selection algorithm assigns a sam-
pling rate to each individual in the generation. The sampling
algorithm samples individuals from the current generation based
on the assigned sampling rate of each individual. Different selec-
tion algorithms and sampling algorithms are provided. A selec-
tion scheme is the coupling of the chosen selection algorithm and
chosen sampling algorithm. In our application, rank-based se- By taking the reciprocal of the combined normalized mis-
lection algorithm is chosen to assign the sampling rates based on match value, the good individuals with small mismatch val-
individual's rank (Baker, 1985) through the following formula: ues are spread by a larger degree according to fitness values.
This can be helpful to increase the selection pressure during
Sampling raté) = 1.0+ bias— 2 bias«i/size the final stage if a selection scheme sensitive to the magni-
tude of relative fitness values is chosen.

i = individuali
Average pure shape mismatch = average pure shape
mismatch value of
the generation
Average size mismatch = average size
mismatch value of
the generation

i = individuali In the above fitness evaluation cycle, the mismatch between
size = population size the evolved 3D shape and the specified target shape of each in-
bias = extrafitness awarded to dividual needs to be calculated. Both shapes are represented by

the top-ranked individual a stack of polygonal layers. The etching simulation will ensure
compared to the average-ranked that the polygon layers of both shapes vertically match. There-
individual whose fitness is.Q fore, the mismatch of the two shapes becomes the weighted sum
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Figure 4. GENETIC ALGORITHM SYNTHESIS RESULTS FOR PYRA-
MIDAL TARGET SHAPE.

EXAMPLES
of the mismatch between the two polygon layers in each verti- Our initial interest was to test the feasibility of using a
cal level. The weights are introduced to concentrate the major genetic algorithm to iteratively synthesize the mask-layout for
effort of the genetic algorithm on certain polygon layers of the some simple desired MEMS devices. The current goal is to find

target shape which may carry the major function of that shape. a mask which produces a bulk-etched 3D shape which matches a
The mismatch between two polygon layers can further be decom- specified target shape as closely as possible.

posed into the pure shape mismatch and the size mismatch of two Our first test was a target shape with a 3D pit with four
polygons. The size mismatch is simply the length difference of gjanted sidewalls whose normals oriented aléi) crystal di-
the two polygons. The pure shape mismatch are obtained by the ygctions (shown in Figure 3) in 4.00) wafer. For anisotropic
method introduced in (Arkin et al., 1991). wet-etching of a pit shape d00) wafer (.g, using EDP type S
The method calculates the minimum difference between the at 100C (Seidel, Csepregi, Heuberger, and Baumgartel, 1990)),
accumulated turning angles of each edge weighted by the scaledit is known that{111} crystal planes are the dominant planes
length of that edge. Arkin’s method, however, is both transla- because of their slowest etching rates. So by choosing long
tion and rotation invariant. Here in our problem, the rotation enough etching times, we can expect a large set of 2D masks
invariance needs to be removed because the etching mechanisnto be evolved to our target shape. This means the solution space
is sensitive to the absolute mask edge orientation. So a smallis large enough for the genetic algorithm to easily find global op-
adjustment was made to obtain translation invariance only. timum. We ran several tests with population sizes varies from 20
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to 100. The crossover rate was set as 0.6 and mutation rate is(e.g, mask misalignment, process variatioas;). By doing so

0.033. All of them found global optimum within 50 iterations.

the stochastic optimization will produce mask-layouts and pro-

Example results, showing the closest simulated 3-D shape at cess sequences that are least sensitive to these variations. In this
six different times during the synthesis, is shown in an oblique way, robust designs will be synthesized.

view in Figure 4. The dark polygon, on the left-hand pair of

shapes at each iteration, is the candidate mask-layout shape. The

nested polygons, on the left at each iteration, are contours at threeREFERENCES

depths of the simulated 3-D shape. The stacked square polygons,

on the right at each iteration, are contours at three depths of the
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above except the four sidewalls are vertical (shown in Figure 5).
The sidewalls aré 110} crystal planes. Note in this case, there
is a conflict between the lateral polygon shape and the vertical
wall formation. If the edge normals of lateral polygons are per-
fectly aligned with(111) directions, the sidewalls are dominated
by {111} planes and th¢110} sidewalls can never be reached.
We ran the genetic algorithm to see how it evolves an optimum
mask that compromises the lateral polygon shape with the verti-
cal sidewall formation.

Figure 6 shows a result from the genetic algorithm. The
tradeoff is clearly shown through iteration 40 and 43. In it-
eration 40, the shapes of all etched lateral polygon layers are
very close to those of target shape but the sidewall is slanted off
heavily. In iteration 43, the bottom lateral polygon size is in-
creased and the top lateral polygon size is decreased with more
nearly vertical sidewalls while the top lateral polygon corners are
chopped off. This example points out that some desired shapes
can only be approximated, with a single fabrication process.

CONCLUSIONS

Thus far we have completed the iterative mask-layout syn-
thesis loop by combining the genetic algorithm and forward etch-
ing simulation. We have also completed the initial testing stage,
which gave us reasonable and promising results. During the ini-
tial testing stage, we found that the genetic algorithm does not
work well in cases where the target geometric shapes are com-
plicated. This s likely caused by the weak power of the crossover
operator (simple crossover) that we are using at current stage. A
more intuitive encoding combined with heuristic crossover op-
erator as well as efficient valid mask polygon random generator
is being developed now to increase the search capability of the
genetic algorithm. We also plan to develop an approach to more
optimally balance the exploration and exploitation effort of the
genetic algorithm to raise the efficiency of the searching.

Current work is extending this genetic algorithm approach
to multiple processes, thus significantly expanding the range of
shapes that can be synthesized exactly, or with a close approx-
imation. As an additional extension of these methods, we plan
to introduce expected variations into the fabrication simulation

5

and Mitchell, J. S. B., 1991, “An Efficiently Computable Met-
ric for Comparing Polygonal ShapeslEEE Transactions on
Pattern Analysis and Machine Intelligenceol. 13, pp. 209—
215.

Baker, J. E., 1985, “Adaptive Selection Methods for Genetic
Algorithm,” In Grefenstette, J. edRroceedings of the Inter-
national Conference on Genetic Algorithms and Their Applica-
tions pp. 101-111.

Baker, J. E., 1987, “Reducing Bias and Inefficiency in the
Selection Algorithm,” InThe Second International Conference
on Genetic Algorithms

Goldberg, D. E., 1989Genetic Algorithms in Search, Opti-
mization, and Machine Learningddison-Wesley.

Grefenstette, J. J., and Baker, J. E., 1989, “How Genetic
Algorithms Work: A Critical Look at Implicit Parallelism,” In
The Third International Conference on Genetic Algorithms

Holland, J. H., 1975,Adaptation in Natural and Atrtificial
Systemd he University of Michigan Press.

Hubbard, T. J., and Antonsson, E. K., 1994, “Emergent Faces
in Crystal Etching,'Journal of Microelectomechanical Systems
Vol. 3, (No. 1), pp. 19-28.

Hubbard, T. J., and Antonsson, E. K., 1996, “Design of
MEMS via Efficient Simulation of Fabrication,” IBDesign for
Manufacturing ConferencASME.

Hubbard, T. J., and Antonsson, E. K., 1997, “Cellular Au-
tomata in MEMS Design,Sensors and Material&/l. 9, (No.

7), pp. 437-448.

Li, G., Hubbard, T., and Antonsson, E. K., 1998, “SEGS:
On-line Etch Simulator,” IMSM’98, Modeling and Simulation
of Microsystems, Semiconductors, Sensors and Actuaors
Clara, CA. IEEE.

Manderick, B., de Weger, M., and Spiessens, P., 1991, “The
Genetic Algorithm and the Structure of the Fitness Landscape,”
In The Fourth International Conference on Genetic Algorithms

Seidel, H., Csepregqi, L., Heuberger, A., and Baumgartel, H.,
1990, “Anisotropic etching of crystaline silicon in alkaline so-
lutions,” J. Electrochem. Socvol. 137, pp. 3613-3631.

Copyright 0 1998 by ASME



