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Abstract. Analysis of dynamic behavior of
cylindrical shells is essential in design
wherever it is used. Equations of shell
vibrations are partial differential equations of
order eight which their exact solution is
possible only in special cases with a few
known boundary conditions and with a lot of
simplified assumptions. On the other hand
finite element method does not yield a lumped
model or a general solution for natural
frequencies of cylindrical shells. In this paper
natural frequencies of cylindrical shells in a
wide range of dimensions are obtained with
either exact solution or finite element method
and they are applied to training of a Locally
Linear Neurofuzzy Network. Finally a general
model for calculation of natural frequencies of
cylindrical shells has been proposed. Then the
model has been applied for optimal design of a
Switched Reluctance motor with the
evolutionary algorithms as optimization
method.
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1. Introduction
Evaluation of structure vibrations is of great
concern in mechanical design. In this
approach, calculation of their natural
frequencies is the first step. Because they play
a great role in dynamic behavior of structure
in the case of forced vibrations. In addition, in
order to avoid breaking down as a result of
resonance, calculation of the structure natural
frequencies is essential. Furthermore, many
structures such as vessels, pipes, rackets,
electrical motors and generators, turbo
machineries, flues etc. can be modeled as
cylindrical shells. Therefore, calculation of
natural frequencies of cylindrical shells has
attracted much attention of designers. On the
other hand exact analytical solution of this
problem is not available except in a few
known boundary conditions and by a lot of
simplified assumptions like ignoring the
influence of shear forces and rotational inertia
as well as being thin-walled and long for the
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shell. Therefore, a lumped model in a wide
range of dimensions was never found. Many
works have been done in order to solve
dynamic behavior of cylindrical shells and
find natural frequencies of them. In [1] a
closed form solution is obtained for this
purpose for a few boundary conditions.
Experimental methods as well as analytical
approaches are applied to sound transmission
analysis of cylindrical shells. In [3] an
approximate frequency formula is proposed
for piezoelectric circular cylindrical shells. In
[4] effects of rotating on vibrations of
cylindrical shells are probed. Fluid filled
cylindrical shells are used widely in vessels
and pipes modeling. Their vibration is solved
in [5-7].Also, in [8, 9] the dynamic behavior
of anisotropic and composite shells is solved.
In this paper, the aforementioned problem is
going to be solved by means of a Locally
Linear Neuro Fuzzy Model which will be
trained by some results obtained from either
finite element method or exact solutions
depending on the dimensions of the annular
cylinder. Comparison between target and
network output shows acceptable errors in
fitness. The proposed model has been applied
to optimal design of a switched reluctance
motor by means of the evolutionary
algorithms which are optimization and search
procedures motivated by genetics and the
process of natural selection.
In section 2 vibrations of cylindrical shells
is described. Section 3 is dedicated to
description of Locally Linear Neuro Fuzzy
Models as a great approach to nonlinear
modeling. This approach is applied to
Modeling of natural frequencies of cylindrical
shells in section 4. In section 5 the results of
modeling are evaluated. In section 6
Vibrations of Switched Reluctance (SR)
motors are introduced and finally an
evolutionary algorithm is applied in section 7
to optimization of stator geometries of SR
motors in order to reduce their vibrations and
acoustic noises.

vibrations. General differential equations for
dynamic behavior of cylindrical shells with
the radius of R and the thickness of h and the
density of ρ are as below (Fig. 1)
displacement
in
axial,
radial
and
circumferential directions are shown by ux ,uz
& uθ, respectively.
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Fig. 1- Force distribution on the cylindrical
shell element
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2. Vibrations of cylindrical shells
Vibrations of cylindrical shells can be
divided into three parts: Axial vibrations,
circumferential vibrations and torsional
2

∂2u
∂Nxz 1 ∂Nθz Nθθ
−
+ qx = ρh 2x
+
∂t
R
∂x R ∂θ
∂ M xx
∂
M
1
θx
+
Q xz =
∂x
R ∂θ
∂ M xθ
1 ∂ M θθ
+
Q θz =
∂x
R ∂θ

(1)
(2)
(3)

(4)
(5)

in which M is the bending moments per
length, N is axial and circumferential forces
per length and Q is shear forces per length.
However, influences of shear forces and
rotational inertia are ignored [10, 11]. By
substitution stress-strain relations and
deformation-strain relations into Eqs. (1-5),
some new relations will be obtained:
∂ 2u x
L x ( u x , uθ , u z ) + q x = ρ h
(6)
∂t 2
∂ 2 uθ
Lθ (u x , uθ , u z ) + qθ = ρ h
(7)
∂t 2
∂ 2u z
L z ( u x , uθ , u z ) + q z = ρ h
(8)
∂t 2
in which L is a partial differential operator
.Donnell [10] has shown that Eqs.(6-8) with
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some assumptions such as being thin-walled
can be simplified to:
∂ 2 u x 1 − ν ∂ 2 u x 1 + ν ∂ 2 uθ
+
+
+
2 R ∂x∂θ
∂x 2
2 R 2 ∂θ 2
ν ∂u z 1 −ν 2 ∂ 2u x
−
ρ 2 =0
(9)
R ∂x
∂t
E
1 + ν ∂ 2 u x 1 − ν ∂ 2 uθ
1 ∂ 2 uθ
+
+
+
2 R ∂x∂θ
2 ∂x 2
R 2 ∂θ 2
1 ∂u z 1 − ν 2 ∂ 2u z
−
ρ 2 =0
R 2 ∂θ
E
∂t

ν ∂u x

1 ∂uθ u z h 2 4
+
+ ∇ uz
R ∂x R 2 ∂θ R 2 12
1 −ν 2 ∂ 2 u z
+
ρ 2 =0
∂t
E

Previous equations might be converted into
a set of Ordinary Differential Equations by
means of separations of variables. The
determinant of ODEs coefficients leads to a
characteristic equation which roots are natural
frequencies. This exact solution might be
obtain only by some simplified assumptions
such as being long and thin-walled with a few
known boundary conditions and ignoring the
influences of shear forces and rotational
inertia. Therefore, universal closed form
solutions by means of analytical tools are not
available for natural frequencies

(10)
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Solution of Eqs. (9-11) in the case of simply
supported boundary conditions are as follows:

mπx
u x = A cos
cos n(θ − φ )eiωt
L
mπx
sin n(θ − φ )eiωt
uθ = B sin
L
mπx
cos n(θ − φ )eiωt
uz = C sin
L

o
e

(12)
(13)

v
i
h
(14)

in which m is the number of axial modes
and n is the number of circumferential modes
(Fig.2,3)

3. Locally linear model tree identification of
nonlinear systems
Neural networks have been useful
mathematical tools for identification and
estimation of nonlinear functions [12]. It is
proved mathematically that some of neural
networks and fuzzy models are General
Function Approximators [12]. Especially
Locally Linear Neurofuzzy Models can
identify complicated nonlinear functions very
rapidly and precisely. In this kind of
neurofuzzy networks each neuron consists of
locally linear model and an associated validity
function.
In the following, the modeling of nonlinear
dynamic
processes
using
LOLIMOT
algorithm is described. The network structure
of a local linear neurofuzzy model [13] is
depicted in Fig. 4. Each neuron realizes a local
linear model (LLM) and an associated validity
function that determines the region of validity
of the LLM. The validity functions form a
partition of unity, i.e., they are normalized
such that

c
r
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Fig. 2- Second, third and fourth
circumferential modes in cylindrical shells

M

∑ ϕ i ( z) = 1

(15)

i =1

for any model input z . The output of the
model is calculated as
M

yˆ = ∑ ( wi ,o + wi ,1 x1 + ... + wi ,nx x nx )ϕ i ( z )
i =1

(16)

where the local linear models depend on
x = [ x1 ,..., x nx ]T and the validity functions

Fig. 3-Third circumferential and fourth
axial node in cylindrical shells

depend on

3
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Fig. 4- Network structure of a local linear
neurofuzzy model with M neurons for nx LLM
inputs x and nz validity function inputs z.
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z = [ z1 ,..., z nz ]T . Thus, the network output is

calculated as a weighted sum of the outputs of
the local linear models where the ϕ i are
interpreted as the operating point dependent
weighting factors. The network interpolates
between different Locally Linear Models
(LLMs) with the validity functions. The
weights wij are linear network parameters.
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The validity functions are typically chosen as
normalized Gaussians. If these Gaussians are
furthermore axis- orthogonal the validity
functions are
µ ( z)
ϕ i ( z) = M i
(17)
∑ µ j ( z)
2

(17). One of the major strengths of local linear
neuro-fuzzy models is that premises and
consequents do not have to depend on
identical variables, i.e. z and x can be chosen
independently.
The LOLIMOT algorithm consists of an
outer loop in which the rule premise structure
is determined and a nested inner loop in which
the rule consequent parameters are optimized
by local estimation.
1. Start with an initial model: Construct the
validity functions for the initially given input
space partitioning and estimate the LLM
parameters by the local weighted least squares
algorithm. Set M to the initial number of
LLMs. If no input space partitioning is
available a-priori then set M = 1 and start with
a single LLM which in fact is a global linear
model since its validity function covers the
whole input space with ϕ i ( z ) = 1 .
2. Find worst LLM: Calculate a local loss
function for each of the i=1,…,M LLMs. The
local loss functions can be computed by
weighting the squared model errors with the
degree of validity of the corresponding local
model. Find the worst performing LLM.
3. Check all divisions: The LLM l is
considered for further refinement. The hyperrectangle of this LLM is split into two halves
with an axis-orthogonal split. Divisions in
each dimension are tried. For each division

dim = 1,..., n z the following steps are carried
out:
(a) Construction of the multi-dimensional
MSEs for both hyper-rectangles.
(b) Construction of all validity functions.
(c) Local estimation of the rule consequent
parameters for both newly generated LLMs.
(d) Calculation of the loss function for the
current overall model.
4. Find best division: The best of the n z
alternatives checked in Step 3 is selected. The
validity functions constructed in Step 3(a) and
the LLMs optimized in Step 3(c) are adopted
for the model. The number of LLMs is
incremented M → M + 1 .
5. Test for convergence: If the termination
criterion is met then stop, else go to Step 2.

2

(18)

The centers and standard deviations are
nonlinear network parameters. In the fuzzy
system interpretation each neuron represents
one rule. The validity functions represent the
rule premise and the LLMs represent the rule
consequents.
One-dimensional
Gaussian
membership functions
2
1 ( z j − ci , j )
))
µ i , j ( z j ) = exp(− (
(19)
2
σ i2, j
can be combined by a t-norm (conjunction)
realized with the product operator to form the
multidimensional membership functions in
4
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obtained from several random values of
n , L , R as necessary input-output data in

For the termination criterion various options
exist, e.g., a maximal model complexity, that
is a maximal number of LLMs, statistical
validation tests, or information criteria. Note
that the effective number of parameters must
be inserted in these termination criteria.
Fig. 5 illustrates the operation of the
LOLIMOT algorithm in the first four
iterations for a two-dimensional input space
and clarifies the reason for the term ”tree” in
the acronym LOLIMOT. Especially two

mR

h

order to train the network as well as validity
test of this training. Some of these values can
be obtained from exact solution in thin-walled
shells and others, specially where L ,
mR

R
was not large enough have to be obtained
h

from Finite Element Analysis.(Figure 6) Here
natural frequencies in a lot of cases are
calculated by means of Finite Element
Analysis with the assumption of simply
supported constraint where exact solution in
analytical method is not accurate. Then some
of these data can be used in training of the
neurofuzzy network and the others in
validation of this training. The best number of
neurons and the best values for network
weights and other parameters are those which
cause minimum error of validation data.
features make LOLIMOT extremely fast.
First, at each iteration not all possible LLMs
are considered for division. Rather, Step 2
selects only the worst LLM whose division
most likely yields the highest performance
gain. For example, in iteration 3 in Fig. 5 only
LLM 3-2 is considered for further refinement.
All other LLMs are kept fixed. Second, in
Step 3 the local estimation approach allows to
estimate only the parameters of those two
LLMs which are newly generated by the
division. For example, when in iteration 3 in
Fig. 5 the LLM 3-2 is divided into LLM 4-2
and 4-3 the LLMs 3-1 and 3-3 can be directly
passed to the LLMs 4-1 and 4-3 in the next
iteration without any estimation.
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Fig. 5- Operation of the LOLIMOT structure
search algorithm in the first four iterations for a
two-dimensional input space (p = 2).
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4. Modeling of natural frequencies of
cylindrical shells using neurofuzzy network
Natural frequencies of cylindrical shells in
the case of combined axial and circumferential
vibrations are as follows [11]:

f =k

c
& c=
R

A

E

ρ

(20)

where k is a nonlinear function of
dimensionless geometrical parameters n ,
R
L
,
[11].Therefore:
mR h
f =

E
ρR

2

L
⎛ R
⎞
k⎜
,
,n⎟
h
mR
⎝
⎠

(21)

In order to find a lumped model for natural
frequencies one can estimate k as a function of
n , L , R . Thus, some values of k should be

Fig. 6 – Finite Element Analysis of mode shape:
m=1, n=2 in a cylindrical shell

mR h

5
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k in the other points and this estimation is very
close to Finite Element results.

5. Simulation results
First the network was trained by some data
in the range of
1 ≤ n ≤ 20 , 0.6 ≤ L ≤ 20
mR

, 5 ≤ R ≤ 5000
h

obtained in both ways of

0.08

Analytical and Finite Element Method for
different values of dimensions. In order to find
a structure for the function k, it can be
compared with a well- known structure such
as natural frequencies of beams which consists
of power product of dimensions. So one can
ρ
guess that k = fR
is a function as power

test data
train data

errors

0.06

0.04

0.02

0
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production of n , L , R . On the other hand,

Fig. 7-Identification normalized error on
training and testing data

h

the structure of network is based on locally
linear models. Thus, if the structure of the
function which is going to be identified is
closer to a linear structure, identification will
be expected to be more accurate and it will
need fewer neurons. Therefore, once the
network is trained using the primary data and
then it is trained using the logarithms of the
same data. In Figure (7,8) it is shown that the
error in the second training is much less than
the first one and with the second strategy the
identification is done successfully using fewer
neurons than the first one. These results
confirm the primary guess on the structure of
function k. Then the optimal numbers of
neurons can be determined by training the
network using logarithms of data as training
data. The optimal number of neurons is that
the estimation error of validation data is
minimum. According to Figure (8), optimal
number of neurons is M=30. Figures (9,10)
show a comparison between outputs of
network and target obtained by Finite Element
and Analytical Methods as training and testing
data. According to previous results, the errors
of network on testing data are negligible and
the operation of network is desirable. Figure
(11) shows k as a function of L , R .In this
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Fig. 8-Identification normalized error on the
logarithms of training and testing data
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Fig. 9- Fitness of network output and the
logarithm of coefficient (k) in testing data

graph numerical results are available only at a
few points of graph where the neurofuzzy
network could estimate a precise function for

6

www.SID.ir

EVOLUTIONARY BASED OPTIMAL DESIGN OF SR MOTORS VIA NEUROFUZZY MODELING …

error

1383 -  ﺗﻬﺮان- ﻧﻮزدﻫﻤﻴﻦ ﻛﻨﻔﺮاﻧﺲ ﺑﻴﻦ اﻟﻤﻠﻠﻲ ﺑﺮق

0.3
0.2
0.1
0
-0.1
-0.2
-0.3
100

200

300

400

500 inputs

Fig. 10-Fitness error of network output and
the logarithm of coefficient (k) in some
training data
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disadvantage for industrial applications. It is
widely accepted that the radial force acting on
the stator of the motor is the dominant source
of vibration and acoustic noise in a wellmanufactured SRM [16]. The intensity of
acoustic noise is related to the circumferential
mode shapes and frequencies of the stator and
the magnitude of magnetic radial force
exciting the machine. The magnetic radial
force, mode frequencies, and generated noise
are all functions of machine geometry,
configuration, and material properties.
Therefore, an appropriate design can minimize
the acoustic-noise level of an SRM[16 ,17].In
this work the SR motor is supposed to operate
in a wide speed range from 300 to 5000 rpm
as a 4/6 SR motor. Having 4 rotor poles and 6
stator poles causes 12 exciting per period.
Therefore in order to avoid high amplitude
vibration the stator must be designed in the
way that its lowest natural frequency be higher
enough 12 as much of motor speed.
Considering the motor of maximum speed
equal to 4000 (rpm) the highest exciting
frequencies is 1000 (Hz). Another acceptable
estimation in the use of locally linear
neurofuzzy modeling of natural frequencies of
cylindrical shells in optimal design of SR
motors is that stator of SR motor consist of
stator yoke and stator teeth which is deferent
from cylindrical shell. However the yoke
alone might easily be considered as a
cylindrical shell. In order to use the obtained
model in this optimization purpose, one could
find some similarities in relations for natural
frequencies of bars and lumped masses and
generalize them to cylindrical shells. It might
be found out that in any structure:
Stiffnesspropertie
NaturalFrequency∝
(22)
Inertiaproperties
The relation (20) which was used before
confirms this idea. Thus it might be assumed
that stator teeth have not significant role in the
stiffness of whole stator in circumferential
vibrations so this role can be ignored. Also the
inertia property of stator teeth is considered by
modifying the model of natural frequencies
using the following inequality:

c
r

Fig. 11 - The coefficient (k) obtained from
FEM analytical methods and coefficient (k)
obtained from output of the Locally Linear
Neurofuzzy Model versus dimensions and
mode numbers

A

6. Optimal design of switched reluctance
motor
Among all different kinds of electric motors,
Switched Reluctance Motors (SRMs) have
found many applications because of their
special advantages such as their simple and
rugged construction, hazard-free operation and
their very low cost [14-18]. According to Fig.
12 in these motors, the rotor doesn’t have any
permanent magnet or windings in contrary
with other motors [15]. The acoustic noise
produced by stator vibrations in switched
reluctance motors (SRMs) is a serious

7
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NaturalFrequency
of Stator≤
Massof StatorYoke
NaturalFrequency
of StatorYoke×
Massof TotalStator

(22)

Here the goal is to find the stator shape with
the least weight and the least consumed
material while its first natural frequency is
much higher than the upper bound of exciting
frequencies of the stator by magnetic field.
This bound was considered to be 3000 (Hz) in
the case of assuming 1000 (Hz) as the highest
exciting frequency. This constraint will
guarantee avoiding resonance phenomena and
high amplitude vibrations of motor (Stator and
Frame are assumed to be an unique part with
the same material and length as in [16-18]).
Achieving this goal will done by means of
Evolutionary programming.

7. Evolutionary algorithms
Evolutionary algorithms are optimization and
search procedures inspired by genetics and the
process of natural selection. This form of
search evolves throughout generations
improving the features of potential solutions
by means of biologically inspired operations.
Among the evolutionary algorithms, genetic
algorithms behave much like biological
genetics [19]. The genetic algorithms are an
attractive class of computational models that
mimic natural evaluation to solve problems in
a wide variety of domains [19]. A genetic
algorithm comprises a set of individual
elements (the population size) and a set of
biologically inspired operators defined over
the population itself etc. Genetic algorithms
manipulate a population of potential solutions
to an optimization (or search) problem and use
probabilistic transition rules. According to
evolutionary theories, only the most suited
elements in a population are likely to survive
and generate offspring thus transmitting their
biological heredity to new generations [19].
Genetic algorithms include following stages:
Selection: The purpose of parent selection in a
GA is to give more reproductive chances to
those individuals that are the fit. There are
many ways to do it, but one commonly used
technique is roulette wheel parent selection
(RWS). A second very popular way of
selection is stochastic universal sampling
(SUS) which is used in this work.
Crossover (recombination): The basic
operator for producing new chromosomes in
the GA is that of crossover. Like in nature,
crossover produces new individuals, which
have some parts of both parents’ genetic
material. The simplest form of crossover is
that of single–point crossover [19], which is
used in the paper. The crossover probability is
set to ρ c .
Mutation: Mutation causes the individual
genetic representation to be changed
according to some probabilistic rule. For
example, in the binary string representation,
mutation causes a random bit to change its
state. In natural evolution, mutation is
randomly applied with low probability ρ m ,
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Figure 12- Two view of SR motor showing
its various parts: 1-Frame 2-Stator yoke 3Stator teeth 4-Windings 5-Air gap 6Ending windings 7-Endcupping air 8Rotor teeth 9-Rotor yoke 10-Axial shaft
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typically in the range 0.001 and 0.01, and
modifies element in the chromosomes.
Reinsertion:
Once
selection
and
recombination of individuals from the old
population have produced a new population,
the fitness of the individuals in the new
population may be determinate. If fewer
individuals are produced by recombination
than the size of the original population, than
the fractional difference between the new and
old population sizes in termed a generation
gap. To maintain the size of the original
population, the new individuals have to be
reinserted into the old population. Similarly, if
not all the new individuals are to be used at
each generation or if more offspring are
generated than size of old population then a
reinsertion scheme must be used to determine
which individuals are to exist in the new
population.
Fitness function: In the optimization
algorithms, a predefined fitness function
should be optimized. In optimal design of
switched reluctance motor the weight or
volume of stator is the cost function which
should be optimized using GA. Therefore, the
fitness function may be inverse of it which
must become maximum during optimization
and the main constraint is that the natural
frequencies of stator yoke must not interfere
with the operation range of motor’s speed for
avoiding the resonance phenomena. In this
case the fitness function will be equal to zero.
It may be a question that why instead of any
other cost functions such as losses, efficiency
reduction or produced torque ripple, the
weight of stator yoke is utilized without any
consideration for electromagnetic relation.
Because, in this case only the geometrical
dimensions of “stator yoke” are going to be
optimized while the dominant role in
efficiency, produced torque, losses and other
electromagnetic issues is played by variation
of the air gap and teeth and slots geometrical
dimensions. In the other word, the geometrical
dimensions of the stator yoke are not of a
great importance in variation of efficiency,
produced torque, losses and etc. except its
effects on the geometry of other parts of motor

[21]. Consequently, radius, thickness and
length of stator yoke are only of a great
concern in motor volume and weight while the
inner radius of stator yoke is restricted to a
certain value which does not affect the other
significant geometries.
According to mentioned algorithm the
following result have been obtained via
evolutionary programming:
Outer radius of stator yoke= 73 mm
Inner radius of stator yoke= 67 mm
Length of stator yoke= 100 mm
These results are obtained for 4/6 SR motor
with 30 deg for stator pole angle which is
based on the geometries of the laboratory
prototype in control lab of university of
Tehran.
The
other
geometries
and
characteristics of motor and its drive have
been optimized in other research processes.
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9. Conclusion
Solution of natural frequencies of
cylindrical shells especially in some cases in
which the assumption of thin-walled long
cylinder is not valid, are not available. Also,
Finite Element Method can not present a
lumped model for natural frequencies of
cylindrical shells, while a neurofuzzy network
can be trained for estimation of a lumped
model for the results of solution in Finite
Element Method using the algorithm of
(LOLIMOT), which have shown an excellent
precision and speed. The proposed intelligent
modeling can be applied for modeling of other
mechanical behaviors of systems which are
obtained through numerical methods. This
might help the designer to evaluate the
influence of various parameters on the systems
characteristics as well as design optimization.
Furthermore, the training algorithm of
(LOLIMOT) can be used easily in any online
application because of its excellent precision
and speed. Also, in this paper modeling of
natural frequencies of cylindrical shells was
applied to optimal design of the stator of
switched reluctance motor. In this way, stator
weight was minimized by means of an
evolutionary algorithm.

www.SID.ir

EVOLUTIONARY BASED OPTIMAL DESIGN OF SR MOTORS VIA NEUROFUZZY MODELING …
1383 -  ﺗﻬﺮان- ﻧﻮزدﻫﻤﻴﻦ ﻛﻨﻔﺮاﻧﺲ ﺑﻴﻦ اﻟﻤﻠﻠﻲ ﺑﺮق

10. Acknowledgements
The authors wish to extend their utmost
gratitude to the team of researchers of the

project entitled “Design, Construction and
Intelligent Control of SR Motors” headed by
Professor
Ghafoorifard
and
Motogen
Company for manufacturing the design
prototype.

References
[1] Fegeant O., Closed form solution for the point
mobilities
of
axisymetrically
excited
cylindrical shells, Journal of Sound and
vibration, Vol. 243, No. 1, 2001, pp. 89-115
[2] Lee1 J. H., Kim J., Study on sound
transmission characteristics of a cylindrical
shell using analytical and experimental
models, J. Applied Acoustics, Vol.64, 2003,
pp. 611–632
[3] Lus P., Lee K.H., Lin W. Z. And Shen F., An
approximate
frequency
formula
for
piezoelectric circular cylindrical shells,
Journal of Sound and vibration, Vol.242,
No.2, 2001, pp.309-320
[4] Kim Y.J., Bolton J.S., Effects of rotation on the
dynamics of a circular cylindrical shell with
application to tire vibration, Journal of Sound
and Vibration, No. 275, 2004, pp. 605–621
[5] Zhang Y.L., Gorman D.G., Reese J.M.,
Vibration of prestressed thin cylindrical
shells conveying fluid, J. Thin-Walled
Structures, Vol.41, 2003, pp. 1103–1127
[6] Xu M.B., Three methods for analyzing forced
vibration of a fluid filled cylindrical shell, J.
Applied Acoustics, Vol.64, 2003, pp.731–752
[7] Pellicano F., Amabili M., Stability and
vibration of empty and fluid-filled circular
cylindrical shells under static and periodic
axial loads, International Journal of Solids
and Structures, Vol.40, 2003, pp. 3229–3251
[8] KIM Y.W., LEE Y.S., Transient analysis of
ring-stiffened composite cylindrical shells
with both edges clamped, Journal of Sound
and Vibration, Vol.252, No.1, 2002, pp.1-17
[9] Lee Y.S., Choi M.H. , Kim J.H., Free
vibrations of laminated composite cylindrical
shells with an interior rectangular plate,
Journal of Sound and Vibration, Vol.265,
2003, pp.795–817
[10] Kraus H., Thin elastic shells, John Wiley &
Sons, 1967.

[11] Eaton D.C.G., Johns D.J., Leung A.Y.T.
,Natural frequencies of thin-walled isotropic
circular-cylindrical
shells,
Engineering
Science Data ,78004,The Royal Aeronautical
Society, 1978.
[12] Nelles O., Nonlinear system identification:
From classical approaches to neural
networks and fuzzy models (Springer, 2001).
[13] Nelles O., Local linear model tree for on-line
identification of time variant nonlinear
dynamic systems. Proc. International
Conference on Artificial Neural Networks
(ICANN), 115-120, Bochum, Germany, 1996.
[14] Donovari G.J., Roche P.J., Kavanagh R.C.,
Egan M.G.and Murphi J.M.D., Neural
network based torque ripple minimization in
a switched reluctance motor, 20th
international conference on Industrial
Electronics, Control and Instrumantation,
Vol.2, 1994, pp.1226-1231.
[15] Lawrenson P.J., Stephenson J.M., Blenkinsop
P.T., Corda J. and Fulton N.N., Variablespeed switched reluctance motor, IEE
Proceedings Inst. Elect. Eng., Vol.127, No.4,
1980, pp.253-265.
[16] Cai W., Pillay P. , Tang Z. and Omekanda
A.M., Low-Vibration Design of Switched
Reluctance
Motors
for
Automotive
Applications Using Modal Analysis, IEEE
TRANSACTIONS
ON
INDUSTRY
APPLICATIONS, Vol.39, No.4, 2003,
pp.971-977.
[17] Anwar M.N., Husain I., Mir S., and Sebastian
T., Evaluation of Acoustic Noise and Mode
Frequencies With Design Variations of
Switched Reluctance Machines, IEEE
TRANSACTIONS
ON
INDUSTRY
APPLICATIONS, Vol.39, No.3 , 2003 ,
pp.695-703
[18] Tang Z., Pillay P. and Omekanda
A.M.,Vibration Prediction in Switched
Reluctance Motors With Transfer Function
Identification From Shaker and Force
Hammer Test, IEEE TRANSACTIONS ON
INDUSTRY APPLICATIONS, Vol.39, No.4,
2003, pp.978-985
[19] Goldberg D., Genetic Algorithms in Search,
Optimization, and Machine Learning,
Addison Wesley, 1989.
[20] J. Faiz and J. W. Finch, Aspects of design
optimization for switched reluctance motors,
IEEE Transactions on Energy Conversion,
8(4), 1993, 704-713.

D
I

S
f

o
e

v
i
h

c
r

A

10

www.SID.ir

