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Optimization Shape of Variable-Capacitance Micromotor Using
Seeker Optimization Algorithm
Abbas Ketabi† and Mohammad Javad Navardi*
Abstract – In the current paper, the optimization shape of a polysilicon variable-capacitance
micromotor (VCM) was determined using the seeker optimization algorithm (SOA). The optimum
goal of the algorithm was to find the maximum torque value and minimum ripple torque by varying the
geometrical parameters. The optimization process was performed using a combination of SOA and the
finite-element method (FEM). The fitness value was calculated via FEM analysis using COMSOL3.4,
and SOA was realized by MATLAB7.4. The proposed method was applied to a VCM with eight and
six poles at the stator and rotor, respectively. For comparison, this optimization was also performed
using the genetic algorithm. The results show that the optimized micromotor using SOA had a higher
torque value and lower torque ripple, indicating the validity of this methodology for VCM design.
Keywords: Variable-capacitance micromotor (VCM), Finite-element method (FEM), Seeker optimization
algorithm (SOA), Micromotor optimization, MEMS

1. Introduction
The variable-capacitance micromotor (VCM) is an
important MEMS actuator [1] for several applications,
such as medical implants, optical systems, microrobotics,
and aeronautics and space applications [2]. The
electrostatic field of a VCM is analyzed using FEM
because of the difficulties in calculating the electric field at
the edges [3].
However, less attention has been given to the
optimization of the VCM design geometry. An exhaust
algorithm based on 5% steps of each design parameter has
been used in VCM optimization [4], for which every
combination of different variables was analyzed using
FEM. However, the results were inaccurate, and the
calculation time was reported to be long [5].
The current paper proposes a new method for VCM
optimization based on the seeker optimization algorithm
(SOA). SOA is a relatively new intelligent algorithm that
may be used to find optimal (or near-optimal) solutions to
numerical and qualitative problems. This algorithm
simulates the human searching behavior originally
proposed in [6], which regards the optimization process as
a search for the optimal solution using a seeker population.
Each individual or candidate solution is a vector that
contains as many parameters as those of the problem
dimensions. This technique is a robust optimization tool [7].
Thus, its application in VCM optimization is proposed in
the current paper. A combination of the improved SOA and
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FEM analysis is performed to get the optimization shape of
the micromotor. The fitness value is calculated using
COMSOL3.4, and the genetic algorithm is realized using
MATLAB7.4.
The current paper is organized as follows. Section 2
describes the torque calculation and excitation sequence of
the VCM. Section 3 proposes a cost function and its
control parameters to define the optimization problem. A
detailed description of SOA and its associated parameter
tuning are presented in Section 4. The implementation of
SOA in geometrical optimization and the comparison of its
performance with that of GA, as well as the comparison
between the optimized and typical micromotors, are
discussed in Section 5. Finally, the conclusions are drawn
in Section 6.

2. VCM
The cross section of the micromotor investigated in the
current study is shown in Fig. 1. The rotor and stator are
made from polysilicon films, and the medium between
them is air. The modeled VCM has eight stator electrodes
grouped in four phases and six rotor poles, and it is excited
with 100 V. The stator and rotor have outer radii (Ros and
Ror) of 100 and 50 µm, respectively. The gap between an
aligned rotor and a stator pole is 1.5 µm. The angular width
of both stator and rotor electrodes (φs and φr) is 18°, and
the slot radius of the micromotor Rir is 30 µm. The axial
thickness of the rotor and stator is 2.2 µm [1].

†

2.1 Mathematical model of VCM
An electrostatic motor works based on the action of the
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to the capacitance between the stator and rotor [13]. The
stored energy in the electric field within the micromotor is
obtained using the following:
W′ =

1
C (θ ).V 2
2

(4)

where C is the capacitance between the stator and rotor
with respect to the angular rotor position θ and V is the
applied potential at the electrodes. The tangential
component of the electrostatic force is calculated by
differentiating the total co-energy with respect to the
position of the rotor for single-phase excitation as follows
[13]:
Fig. 1. Micromotor configuration and geometrical parameters
columbic forces in the gap between the stator and rotor [8].
When voltage is applied between the rotor and stator
electrodes, the resulting electrostatic force aligns the
electrodes. This type of micromotor demonstrates the
concept of storing electrical energy within a variable
stator–rotor capacitance [9]. Modeling the operation of the
micromotor involves solving the electrostatic component
of Maxwell’s equation for force and, therefore, torque.
Using the finite-element method (FEM), the second-order
partial differential equation is solved for the electric scalar
potential V surrounding the stator and rotor poles of the
micromotor [10]
−ε ∇ 2 V = ρ

(1)

where ε is the electrical permittivity of the surrounding
region and ρ is the charge density distribution on the rotor
and stator. The electric field intensity E and electric flux
density D can then be calculated from the following [10]:
E = − ∇V
D = ε .E .

T (θ ) =

∂W ′ 1 ∂C (θ ) 2
= .
.V .
∂θ
2 ∂θ

(5)

This method provides a relatively straightforward
solution. In the current study, the 2-D FEM is used to
analyze the electrostatic field in the micromotor.
Considering that the electrostatic micromotor is an
electrically linear system [14], the driving torque is
calculated per meter of axial thickness and then multiplied
by the actual axial thickness. The voltage distribution at the
rotor position of 15° is illustrated in Fig. 2. At all points,
the electric fields are perpendicular to the equipotential
lines. For the energy calculation, one pair of stator
electrodes is supplied with a constant voltage, whereas the
other stator electrodes, as well as the rotor, are grounded.
The angular distance that the rotor must travel to move
from the alignment with one stator phase to the next is 60°.
Once the electrodes are aligned, the excitation to that pair
of stator electrodes is switched off, and the subsequent pair
is excited. At each rotor position, the stored energy in the
electric field can be evaluated as a function of the rotor
position. The rotor moves through an angle of 1° between

(2)
(3)

Various methods can be used to compute the
electrostatic forces in an electromechanical energy
conversion device. The most commonly methods are [11]
the following:
(1) stress tensor method
(2) co-energy method.
The electrostatic force densities at every point on a
closed contour located in the air gap of the machine can be
calculated using the Maxwell stress tensor method.
However, the torque computed by this method does not
consider the torque ripples [12].
For the co-energy method, the electrostatic energy must
first be calculated to obtain the electrostatic torque as a
function of the rotor position. This energy is proportional

Fig. 2. Micromotor geometry showing the equipotential
lines at θ = 15°
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the active stator electrodes. Hence, within each rotor pole
pitch, 60 positions are obtained. In the current work, a
continuous curve is fitted to energy–angle points using the
spline interpolation technique, which is considered to be an
effective tool for such data fitting [15].
The function of energy versus angle is then obtained,
from which the torque can be calculated as the partial
derivative of energy versus the angular displacement. Fig.
3 demonstrates the torque profile versus the rotor position
for different phase excitations. Therefore, the torque
obtained from the co-energy method is a function of the
rotor position and has average and ripple components. As
aforementioned, in a 2-D FEM, the driving torque is
calculated per meter of axial thickness. Considering that
the electrostatic micromotor is a linear system, the torque
has to be multiplied by the actual axial thickness.

Fig. 3. Torque–angle curves during one electric period for
the excitation schemes from phase A to D

2.2 Excitation sequence
A detailed knowledge of the force distribution in a
micromechanical system such as a micromotor is very
important in the analysis of such devices [16]. The forces
exerted on the rotor act in three major orientations: axial,
radial, and rotational. High tangential forces are necessary
in torque maximization. However, axial and radial
components should be minimized [16]. Therefore, the
excitation should be applied symmetrically. Fig. 4
illustrates the symmetrically excited sequence (excitation
schemes from phases A to D) for the micromotor used in
the current work. The black electrodes in the figure are
excited with 100 V, whereas the rotor and other stator
electrodes are grounded as stated previously.
The torque–angle curves are obtained for each excitation
scheme using this excitation sequence. A smooth generated
torque is achieved at the crossover by switching from one
excitation scheme to another (Fig. 3). Fig. 5 shows the
generated torque during one electric period for the optimal
excitation sequence. As shown, the torque ripple has been
minimized in the resulting sequence.

Fig. 4. Symmetric excitations of a micromotor with eight
stator electrodes

Fig. 5. Output torque distribution

3. Fitness Function and Control Geometric
Variables of the Micromotor
The choice of an appropriate objective function is crucial
for any procedure regardless of the optimization method
used. The current paper aims to determine the optimum
geometrical structure for the VCM with the maximum
torque value and minimum ripple factor [5]. Therefore, the
proposed objective function must satisfy these conditions.
In the current work, we have investigated two terms for the
objective function. The first (6) corresponds to the
maximum torque component, for which the effective value
of the torque in one electrical period is considered

Trms =

1

τ

τ

∫ T (θ ) .dθ
2

.

(6)

0

Here, T(θ) is the electrostatic torque at rotor position θ
and τ is the electrical period that is equal to 60°.
The second term corresponds to the minimum torque
ripple factor R.F defined as follows:
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Tac
Tave

(7)

∫ T (θ ).dθ

(8)

R.F =

where
Tave =

1

τ

τ

0

Tac = Trms 2 − Tave 2 .

(9)

Tave, Tac, and R.F are the average torque, the AC
component of the torque curve, and the ripple factor of the
output torque, respectively. In the FEM analysis, the torque
is computed from the obtained nonlinear solution of the
voltage using (1) to (5). The closed contour in the middle
of the air gap is used as the path of integration. The
objective function which will satisfy both conditions of
maximum torque and minimum ripple is a weighted sum of
both objective functions f(x) defined as
f ( x) = m.

Trms 0 R.F
+
Trms R.F0

(10)

where Trms0 and R.F0 are the effective torque and the ripple
factor for a typical micromotor, respectively. m is the
weight factor for the torque term and is assumed to be 2.
With the above presentation of f(x), the optimization
procedure takes place by simply minimizing f(x).
The dependency of the objective function f(x) on its
parameters x is unknown, whereas the value of the
objective function can be computed using FEM for each
generated set of parameters x. The optimization therefore
aims to find the set of parameters x for which the value of
the objective function is minimum.
For the optimization parameters, several geometrical
parameters could be used as variables. Some of these are
independent variables, whereas others are dependent on
other geometric parameters. Letting all parameters vary
independently would make the optimization procedure too
complex. A good convergence can be achieved if the
optimization function parameters are independent [17]. The
independent design parameters considered in the current
work are the stator and rotor pole widths and the rotor
inner radius (Fig. 1). However, some physical constraints
need to be considered. In a real VCM, the rotor cannot
overlap the stator, and the stator poles cannot overlap each
other. Table 1 shows the boundary constraints for these
design parameters to avoid the violation of physical laws.
Table 1. Control geometric variables and their limits.
Symbol

Control parameters

ϕs
ϕr

Stator pole width
Rotor pole width
Rotor inner radius

Rir

Limits of control
parameters
15° < x1 < 44°
15° < x2 < 59°
20 µm < x3 < 50 µm
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4. SOA
Evolutionary algorithms such as SOA are a good choice
for the optimization of the electromagnetic device
parameters [18]. In SOA, the next position of each seeker
is obtained from its current position based on its historical
and social experience. This method searches the optimal
solutions around the current positions until it converges to
the optimum. Then, it does not easily get lost and is able to
locate the region where the global optimum exists,
subsequently converging to the optimum.
In SOA, the position of each seeker, which is updated on
each dimension, is given by the following:
xij (t + 1) = xij (t ) + α ij ( t ) dij (t )

(11)

where αij(t) and dij(t) are the search direction and step
length of each seeker i, respectively, on each dimension j
for time step t, where αij(t) ≥ 0 and dij(t) ∈ {-1,0,1}. In (11),
if dij(t) = 1, the ith seeker goes to the positive orientation of
the coordinate axis on dimension j. If dij(t) = -1, the seeker
goes to the negative orientation, and if dij(t) = 0, the seeker
stays at the current position. The convergence of the
subpopulations to local minima is avoided by combining
the position of the worst k-1 seeker of each subpopulation
with the best in each of the other k-1 subpopulations using
the following binomial crossover operator:
⎧⎪ xlj ,best
xkn j , worst = ⎨
⎪⎩ xkn j , worst

if R j ≤ 0.5
else

(12)

where Rj is a uniformly random real number within [0, 1]
and xknj,worst denotes the jth dimension of the nth worst
position in the lth subpopulation.
In SOA, the search direction of each seeker is
determined based on several empirical gradients (EGs) by
comparing the current or epochal positions of itself or its
neighbors. The corresponding EG can be involved
G
G
G
di ,ego (t ) = sign( pi ,best (t ) − xi (t ))
G
G
G
di , alt1 (t ) = sign( gi ,best (t ) − xi (t ))
G
G
G
di , alt2 (t ) = sign(li ,best (t ) − xi (t ))

(13)
(14)
(15)

where di,ego(t) is the egotistic direction and di,alt1(t) and
di,alt2(t) are the altruistic directions of seeker i. pi,best(t),
gi,best(t), and li,best(t) are the personal historical best position,
the historical best position of the neighbors, and the current
best position of the neighbors, respectively. sign(·) is a
signum function on each dimension of the input vector, and
xi(t) = [xi1, xi2, …, xiD] is the position of the ith seeker at
time step t. In this algorithm, each seeker i can earn an EG
by appraising his latest positions
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xij (t + 1) = xij (t ) + α ij (t ) dij (t )

(16)

where t1 and t2 ∈ {t, t-1, t-2} and xi(t1) is better than xi(t2).
Every dimension j of the search direction of the ith seeker,
denoted as di(t), is selected using the following
proportional selection rule:
⎧0
⎪⎪
⎨+1
⎪
⎪⎩−1

if rj ≤ p j (0)
if p j (0) < rj ≤ p j (0) + p j ( +1)
if p j

(0)

+ pj

( +1)

The flowchart of the VCM optimization based on SOA
is shown in Fig. 6. The population is randomly categorized
into K = 3 subpopulations to search over several different
domains of the search domain. The upper and lower
bounds of the state variables are required to initialize the
seeker’s position. The upper and lower bounds for the SOA
used in this problem are listed in Table 1. The other
parameters of SOA are ω=0.9, μmin=0.0111, and μmax=0.97.

(17)

< rj ≤ 1

where rj is a uniform random number in [0,1] and pj(m)
(m∈{0,1,-1}) is the percentage of the number of m from
the set {dij,ego(t), dij,alt1(t), dij,alt2(t), dij,pro(t)} on each
dimension j of all the four empirical directions, that is
p jm =

the number of m
.
4

In SOA, a fuzzy system is used to simulate the human
searching behavior. In this algorithm, the fitness values of
all the seekers are sorted in descending order and converted
into sequence numbers from 1 to s as the fuzzy
reasoning inputs. The current work prepares a fuzzy system
to a wide range of optimization problems to earn the first
step length
μ i = μ max −

s − Ii
( μ max − μ min )
s −1

(18)

where Ii is the sequence number of xi(t) after sorting the
fitness values and µmax is the maximum membership degree
value equal to or slightly less than 1. Then, the Bell
membership function μ ( x) = e − x / 2δ is used in the action
part of the fuzzy reasoning. δ is the parameter of the Bell
membership function, which is determined by the
following:
2

r

r

2

r

δ = ω.abs( xbest − x rand )

(19)

where abs(·) produces an output vector. ω is used to
decrease the step length as the time step increases. Thus,
the search accuracy is gradually improved. xbest and xrand
are the best seeker and a randomly selected seeker from the
same subpopulation to which the ith seeker belongs,
respectively [6-7, 19]. The step length is determined as
follows:
α ij = δ j − ln( μ ij )

(20)

μ ij = RAND( μ i ,1)

(21)

where

Fig. 6. Illustration of the micromotor optimization

4. Simulation Results
In the current work, three optimization processes were
performed: the maximization of the torque, minimization
of the ripple factor, and simultaneous optimization of both.
The characteristics of the optimized and typical
micromotors are compared using the following parameters:

Trms − Trms 0
× 100
Trms 0
R.F − R.F0
% ΔR.F =
× 100
R.F0
% ΔTrms =

(22)
(23)

where %ΔTrms and %ΔR.F are the percentage changes of
the torque and ripple factor, respectively. The parameters of
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the typical micromotor shown in Fig. 1 are given in Table 2.
The performance of the proposed SOA was investigated
by performing the VCM optimization using GA with a
large population size of 80 and rather large generation
number of 100, with a crossover probability of 0.5 and
mutation probability of 0.1.
Table 2. Parameters of a typical VCM.
Parameters
Stator pole width ϕs
Rotor pole width ϕr
Rotor inner radius Rir
Ripple factor R.F0
Torque Trms

Nonoptimized VCM
18°
18°
30 µm
0.00393
5.6658 pN·m

As shown in the flowchart in Fig. 6, in optimizing a
VCM with SOA (or GA) and FEM, both must be adjusted
for them to function in a coordinated manner. This
condition indicates that, in evaluating the objective
function of a design parameter set (individual), the FEM
package must be able to accept the parameters generated
by SOA (or GA) for it to perform the FEM computation
automatically. Moreover, it must be able to return the value
of the objective function to the optimization algorithm. All
algorithms are run in MATLAB7.4.0 where COMSOL 3.4
is used for the FEM analysis. This computation is
performed using a PC with Pentium 4 quad-core CPU
(2.83 GHz) and 4 GB RAM.

217

Table 3. VCM parameters for the torque optimization.
Parameter
Stator pole width ϕs
Rotor pole width ϕr
Rotor inner radius Rir
Ripple factor R.F0
Torque Trms
Objective function f(x)
Population size Np
Number of iterations G
Run time

SOA
30.3910°
16.5357°
20.4267 µm
0.1317
6.0357 pN·m
0.9394
30
50
30 h

GA
30.1449°
16.4162°
20.738 µm
0.1360
6.033 pN·m
0.9399
80
100
160 h

Fig. 7. Convergence curves of SOA for the torque optimization

4.1 Maximization of the torque value
Considering (6), the objective function for this
optimization process is
f ( x) =

Trms 0
.
Trms

(24)

As shown in the optimization results in Table 3, SOA
offers both shorter run-time and higher torque values than
those of GA.
Fig. 7 demonstrates the convergence curve of the
objective function against the iteration number for the SOA.
It reached a minimum of about 0.9394 after 20 iterations in
almost 30 h of run time. Fig. 8 shows the graphs of torque
versus angle for the typical and SOA-optimized
micromotors. Despite the increase in ripple factor, the
optimization increased the torque value of the VCM by
more than 6.5%.

4.2 Minimization of the torque ripple
Considering (7), the objective function for the ripple
factor minimization can be defined by

f ( x) =

Trms 0
Trms

(25)

Fig. 8. Torque profile after torque optimization compared
with that of the nonoptimized torque

The geometric parameters for the SOA- and GAoptimized micromotors are listed in Table 4.
SOA yields improved results in terms of both the
optimization elapsed time (due to the smaller population
size and lesser number of iterations) and the ripple factor.
The convergence process for the SOA is illustrated in
Fig. 9. The torque–angle curves of the typical and
optimized VCMs are compared in Fig. 10, which indicates
a substantial decrease in the ripple factor (almost 95%).
The value of the torque was also decreased.

218

Optimization Shape of Variable-Capacitance Micromotor Using Seeker Optimization Algorithm

Table 4. VCM parameters for the ripple minimization.
Parameter
Stator pole width ϕs
Rotor pole width ϕr
Rotor inner radius Rir
Ripple factor R.F0
Torque Trms
Objective function f(x)
Population size Np
Number of iterations G
Run time

SOA
21.6849°
23.2280°
45.9868 µm
0.00015
4.7219 pN·m
0.0040
30
100
60 h

GA
25.7853°
28.4421°
47.897 µm
0.0019
3.869 pN·m
0.0480
80
100
160 h

Table 5. VCM parameters for the torque and ripple
optimization.
Parameter
Stator pole width ϕs
Rotor pole width ϕr
Rotor inner radius Rir
Ripple factor R.F0
Torque Trms
Objective function f(x)
Population size Np
Number of iterations G
Run time

SOA
27.9317°
23.9762°
23.1135 µm
0.0061
5.801 pN·m
2.1087
30
50
30 h

GA
28.369°
22.864°
25.504 µm
0.0075
5.863 pN·m
2.1259
80
100
160 h

Fig. 9. Convergence curves of SOA for the ripple optimization

Fig. 11. Convergence curves of SOA for the simultaneous
torque and ripple optimization

Fig. 10. Torque profile after ripple optimization compared
with that of the nonoptimized torque

Fig. 12. Torque profile after the torque and ripple
optimization compared with that of the
nonoptimized torque.

4.3 Simultaneous maximization of the torque and
minimization of the ripple

5. Conclusion

The objective function for the simultaneous torque
maximization and ripple minimization is defined in (10).
The geometric parameters for this aim using SOA and GA
are shown in Table 5. Again, the optimization results in
Table 5 indicate that SOA offers both shorter run-time and
higher torque values than those of GA.
Fig. 11 shows the convergence process using SOA after
40 iterations. The corresponding torque–angle curve
indicating a 2.5% increase in the torque value and 82%
decrease in the ripple factor is shown in Fig. 12.

In the current paper, following the description of the
operation principles of a VCM, a combined application of
SOA (or GA) with FEM analysis for the torque
calculations was presented. Using spline interpolation, a
continuous curve was fitted to the energy–angle points,
from which the torque was then calculated via
differentiation. After the appropriate independent
geometrical parameters for the micromotor optimization
were selected, a suitable objective function was presented.
Using SOA, which is a powerful evolutionary computation
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technique, a typical VCM is optimized in conjunction with
FEM. All algorithms were implemented in the MATLAB
environment. The proposed method was verified using a
VCM with eight and six stator and rotor poles, respectively.
The comparison of the results with the values of a
typical micromotor shows the enhanced torque value and
decreased torque ripple, indicating improved efficiency in
the VCM performance. Compared with GA, SOA reaches
the optimal solutions faster with lesser objective functions.
Hence, this approach could well be applied in the
optimization of the performances of other MEMS devices.
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