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Neural–Fuzzy Gap Control for a
Current/Voltage-Controlled
1/4-Vehicle MagLev System

Shinq-Jen Wu, Cheng-Tao Wu, and Yen-Chen Chang

Abstract—A magnetically levitated (MagLev) vehicle prototype
has independent levitation (attraction) and propulsion dynamics.
We focus on the levitation behavior to obtain precise gap control
of a 1/4 vehicle. An electromagnetic leviation system is highly
nonlinear and naturally unstable, and its equilibrium region is
severely restricted. It is therefore a tough task to achieve high-
performance vehicle-levitated control. In this paper, a MagLev
system is modeled by two self-organizing neural–fuzzy techniques
to achieve linear and affine Takagi–Sugeno (T–S) fuzzy systems.
The corresponding linear-type optimal fuzzy controllers are then
used to regulate both physical systems (voltage- and current-
controlled systems). On the other hand, an affine-type fuzzy
control design scheme is proposed for the affine-type systems.
Control performance and robustness to an external disturbance
are shown in simulation results. Affine T–S fuzzy representa-
tion provides one more adjustable parameter in the neural–fuzzy
learning process. Therefore, an affine T–S-based controller pos-
sesses better performance for a current-controlled system since it
is nonlinear not only to system states but also to system inputs.
This phenomenon is shown in simulation results. Technical con-
tributions include a nonlinear affine-type optimal fuzzy control
design scheme, self-organizing neural-learning-based linear and
affine T–S fuzzy modeling for both MagLev systems, and the
achievement of an integrated neural–fuzzy technique to stabilize
current- and voltage-controlled MagLev systems under minimal
energy-consumption conditions.

Index Terms—Affine Takagi–Sugeno (T–S) system, linear T–S
system, modeling index, neural–fuzzy.

I. INTRODUCTION

AN electromagnetic suspension system suspends an object
without mechanical contact (frictionless). It therefore has

attractive potential in flywheels, wind tunnel model suspen-
sions, magnetic vibration isolation systems, and high-speed
rotation magnetic bearing machinery. Magnetically levitated
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(MagLev) transport systems have recently been constructed,
tested, and have made improvements in noise, vibration, and
maintenance-cost reduction [1]–[4]. A vehicle possesses three
translation motions (i.e., surge, sway, and heave) and three rota-
tion motions (i.e., roll, pitch, and yaw). A MagLev vehicle sys-
tem possesses independent lift, guide, and propulsion dynamics
[1]. In this paper, we focus on the levitation behavior. A current-
controlled MagLev system is more attractive than a voltage-
controlled system in terms of its lower dimension and zero
sensitivity to coil copper resistance. Despite its good potential,
MagLev systems are, however, naturally unstable and highly
nonlinear. The current-controlled MagLev is particularly non-
linear not only to the system state but also to the system input.
Therefore, it is difficult to construct a system to achieve high-
performance gap control. Several nonlinear robust technolo-
gies are adopted to stabilize MagLev systems, such as sliding
model control, H2, linear–quadratic–Gaussian, mixed H2/H∞,
H∞/µ synthesis control, and Q-parameterization control
[6]–[13].

Research of fuzzy modeling and fuzzy control has come
of age [14]–[17]. There are two model-based approaches to
theoretically construct a Takagi–Sugeno (T–S) fuzzy system
of a nonlinear system. One is from a local linear approxima-
tion, which generates a linear singleton-included rule conse-
quence (affine T–S fuzzy system). The other is via a sector
nonlinearity concept [18]–[20], which, in general, results in
a linear singleton-free rule consequence (linear T–S fuzzy
system). Both fuzzy systems are demonstrated to be universal
approximations of any smooth nonlinear systems [21]–[23].
Although both consequence parts are represented by linear
equations, there exists a constant singleton in the fuzzy rule
consequence for an affine T–S fuzzy model. The linear-type
T–S system is the most popular fuzzy model due to its further
intrinsic analysis: The linear matrix inequality (LMI)-based
fuzzy controller minimizes the upper bound of a performance
index [21]; structure-oriented and switching fuzzy controllers
are developed for more complicated systems [20], [24], [25];
the optimal fuzzy control technique is used to minimizes the
performance index from local-concept or global-concept ap-
proaches [26]–[28].

However, it is impractical to theoretically convert a mathe-
matical model into a T–S fuzzy model if the nonlinear system
is too complex to describe. More and more researchers attempt
to learn fuzzy modeling from input–output data [29]–[32]. The
approach of model-free nonlinear systems to guarantee the
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proposed fuzzy model under limited modeling error and the
corresponding fuzzy control with desirable implementation is
still in development. An affine T–S fuzzy model is much more
preferred over a linear type in providing one more adjustable
parameter for neural–fuzzy learning. However, few affine-type
controllers are proposed. Kim et al. synthesize the affine-type
fuzzy controller via the convex optimization technique and
recast it into an LMI problem [33], [34]. They further specialize
in an affine T–S fuzzy system with a constant input matrix and
transform the regulating problem into bilinear matrix inequal-
ities [35]. Bergsten et al. have tried to derive an affine-type
observer, but the constant-term consequence in an affine T–S
fuzzy system is only a trivial term for observer derivation, and
the simulation is, in fact, a typical linear-type formulation [36].

We propose an optimal fuzzy control design scheme for
the learned affine T–S-based MagLev systems. Both current-
and voltage-controlled MagLev systems are first modeled by
two self-organizing neural–fuzzy inference networks to achieve
two types of T–S fuzzy systems (i.e., linear and affine). Then,
the corresponding optimal fuzzy controllers are used to reg-
ulate the ball position under minimal energy consumption
conditions. The neural–fuzzy network can self-learn Gaussian-
type membership functions and fuzzy subsystems’ parameters
for the consequence of each rule. Furthermore, an integrated
neural-based fuzzy modeling and optimal fuzzy controlling
algorithm is introduced to ensure that the neural-learning-based
fuzzy models can achieve limited modeling error and that the
designed fuzzy controllers can efficiently stabilize MagLev
systems [32]. In our paper, an affine-type optimal fuzzy con-
trol scheme is derived in Section II. Section III includes the
integrated neural–fuzzy modeling and gap controlling for both
current- and voltage-controlled MagLev systems, the derived
optimal fuzzy controllers, and the performance of four pro-
posed neural-based fuzzy controllers. Section IV summarizes
the results of our research and suggests areas for further
research.

II. OPTIMAL FUZZY CONTROL SCHEME

In this section, we propose an affine-type fuzzy control
scheme and summarize our previously proposed linear-type
fuzzy controller. These two control schemes are incorporated
within the corresponding neural–fuzzy modeling techniques
(Figs. 4 and 5) and then integrated into an algorithm in Fig. 1
to ensure limited modeling error and to guarantee good control
performance.

A. Affine-Type Optimal Fuzzy Control Scheme

Fig. 4 describes a six-layer structure for realizing an affine
T–S fuzzy model. By this self-constructing neural–fuzzy in-
ference network, a nonlinear system can be realized as the
following affine T–S fuzzy system:

Ri : IF x1 is T1i(m1i, σ1i), . . . , xn is Tni(mni, σni)

THEN Ẋ(t) = AiX(t) + Biu(t) + Di

Y (t) = CX(t), i = 1, . . . , r (1)

where Ri denotes the ith rule of the fuzzy model; x1, . . . , xn

are system states; Tji(mji, σji), j = 1, . . . , n is the fuzzy term
of the input fuzzy variable xj in the ith rule, with mji and
σji as the mean and standard deviation, respectively, of the
Gaussian membership function; X(t) = [x1, . . . , xn]t ∈ �n is
the state vector, Y (t) = [y1, . . . , yn′ ]t ∈ �n′

is the system
output vector; u(t) ∈ �m is the system input (i.e., control
output); and Ai, Bi, C, and Di are n × n, n × m, n′ × n,
and n × 1 matrices, respectively. The problem of minimal
energy consumption for the fuzzy gap control of two MagLev
systems in (17) and (18) is to design rule-based fuzzy con-
trollers, i.e.,

Ri : IF y1 is S1i, . . . , yn′ is Sn′i

THEN u(t) = ri(t), i = 1, . . . , δ (2)

to minimize the quadratic cost function

J (u(·)) =

∞∫
t0

[
Xt(t)LX(t) + ut(t)u(t)

]
dt (3)

where Xt(t)LX(t) are the state-trajectory penalties, with
L belonging to the symmetric positive semidefinite n × n
matrices, and ut(t)u(t) denotes energy consumption; y1, . . . ,
yn′ are elements of the output vector Y (t); S1i, . . . , Sn′i are
input fuzzy terms in the ith control rule; and the plant input
(i.e., control output) vector u(t) or ri(t) is in �m space. In other
words, the neural–fuzzy control of MagLev systems in (17) and
(18) can be approximately formulated as a quadratic optimal
fuzzy control problem, as follows.
Problem 1: Given an affine T–S fuzzy systems in (1) with

X(0) = X0 ∈ �n and a rule-based fuzzy controller in (2),
find the individual optimal control law r∗i (·), i = 1, . . . , δ
such that the composed optimal controller u∗(·) can minimize
a quadratic cost function J(u(·)) in (3) over all possible
inputs u(·).

We note that the entire T–S-type fuzzy system in (1) can be
represented as

Ẋ(t) =
r∑

i=1

hi (X(t)) (AiX(t) + Biu(t) + Di) (4)

with u(t) =
∑δ

i=1 wi(Y (t))ri(t), and X0 = X0 ∈ �n;
hi(X(t)) denotes the normalized firing strength of the ith
rule of the fuzzy system (hi(X(t)) = αi/

∑r
i=1 αi, with

αi = Πn
j=1µTji

(X(t)), where µTji
(X(t)) is the membership

function of the fuzzy term Tji.
Theorem 1 (Affine T–S Type): For the affine T–S fuzzy

system in (1) and the fuzzy controller in (2), if Ai is nonsin-
gular, (Ai, Bi) is completely controllable (c.c.), and (Ai, C)
is completely observable (c.o.) for i = 1, . . . , r, then the local
optimal fuzzy control law is

r∗i (t) = −Bt
i π̄iX

∗(t) + r̄s
i , i = 1, . . . , r (5)
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Fig. 1. Integrated neural–fuzzy modeling and controlling algorithm [32].

where r̄s
i = −Bt

i (π̄iX̄
s
i + b̄s

i ) and X̄s
i = A−1

i Di; their “blend-
ing” global optimal fuzzy controller is

u∗(t) =
r∑

i=1

hi (X∗(t))
[
−Bt

i π̄iX
∗(t) + r̄s

i

]
(6)

which minimizes J(u(·)) in (3), where

b̄s
i = −

∞∫
0

e[Ai−BiB
t
i π̄i]tτdτ · LX̄s

i (7)

and π̄i is the unique symmetric positive semidefinite solution of
the Riccati equation

KiAi + At
iKi − KiBiB

t
iKi + L = 0. (8)

Proof:

1) From the essence of the dynamic programming formal-
ism, we know that

min
u[t0,∞)

J (u(·)) = min
u[t,∞)




∞∫
t

(
Xt

l LXl + ut
lul

)
dl

+ min
u[t0,t]

t∫
t0

(
Xt

l LXl + ut
lul

)
dl


 (9)

where the lower index is used to denote the time depen-
dence for notation simplification (Xl for X(l)). There-
fore, our problem is turned into successively finding the
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optimal global decision (global optimal fuzzy controller)
u∗

t for minimizing the cost function

Jt(ut) =

∞∫
t

(
Xt

l LXl + ut
lul

)
dl, t ∈ [t0,∞) (10)

and estimating X∗
t+ with regard to the initial state X∗

t ,
where t+ denotes the time instant slightly later than
time t and then with the new initial state X∗

t+ , resolving
u∗

t+
to minimize Jt+(ut+).

2) At any time instant t, the optimal local decision (local
optimal fuzzy control law) stems from minimizing Jt(ut)
with regard to the fuzzy subsystem

Ẋl = AiXl + Biul + Di, l ∈ [t,∞), i = 1, . . . , r
(11)

and the optimal global decision results from minimizing
Jt(ut) with regard to the entire fuzzy system

Ẋl =
r∑

i=1

hi(Xl) (AiXl + Biul + Di) , l ∈ [t,∞). (12)

Since u∗
t is only a variable to be solved, regardless of

the aforementioned local optimization problem or the
global optimization issue, we can use r∗it

to denote the
optimal local decision of the ith fuzzy subsystem. Now,
let ζl(Xl, ul) and ζil

(Xl, ril
), i = 1, . . . , r denote the

total energy and local energy, respectively, at any time
instant l, l ∈ [t,∞). Then, Jt(ut) =

∫ ∞
t ζl(Xl, ul)dl, and

Jt(rit
) =

∫ ∞
t ζil

(Xl, ril
)dl. At any time instant, the en-

ergy of the entire fuzzy system is some kind of (non-
linear) combination of the fuzzy subsystems’ energy
(ζl(Xl, ul) =

∑r
i=1 h′

i(Xl)ζil
(Xl, ril

)). At time instant t
with the initial condition X∗

t , let r∗it
denote the optimal lo-

cal decision to minimize Jt(rit
) for all i = 1, . . . , r, i.e.,

∂Jt(rit
)

∂rit

|r∗
it

=
∂

∂rit

∞∫
t

ζil
(Xl, ril

)dl|r∗
it

=
∂ζit

(X∗
t , rit

)
∂rit

|r∗
it

= 0

∂2Jt(rit
)

∂r2
it

|r∗
it

=
∂2ζit

(X∗
t , rit

)
∂r2

it

|r∗
it

> 0.

Then, their corresponding global decision ŭt =∑r
i=1 hi(X∗

t )rit
|r∗

it
can satisfy

∂Jt(ut)
∂ut

|ŭt
=

∂

∂ut

∞∫
t

ζl(Xl, ul)dl|ŭt

=
∂

∂ut

∞∫
t

r∑
i=1

h′
i(Xl)ζil

(Xl, ril
)dl|ŭt

=
r∑

i=1

h′
i (X∗

t )
∂ζit

(X∗
t , rit

)
∂ut

|ŭt

=
r∑

i=1

h′
i (X∗

t )
∂ζit

(X∗
t , rit

)
∂rit

· ∂rit

∂ut
|ŭt

= 0

∂2Jt(ut)
∂u2

t

|ŭt
=

r∑
i=1

h′
i (X∗

t )
∂2ζit

(X∗
t , rit

)
∂r2

it

·
(

∂rit

∂ut

)2

|ŭt

+
r∑

i=1

h′
i (X∗

t )
∂ζit

(X∗
t , rit

)
∂rit

· ∂2rit

∂u2
t

|ŭt
> 0

i.e., ŭt = u∗
t . Therefore, at any time instant t, if we can

find r∗it
to minimize Jt(rit

), then it follows that their
composed global decision u∗

t can be the global minimizer
of the total cost Jt(ut).

3) We further assume that Ai, i = 1, . . . , r, is nonsingular,
and let X̂(t) = X(t) + X̄s

i , where X̄s
i = A−1

i Di. Then,
the local affine-type quadratic problem is further reformu-

lated as follows: Given a fuzzy subsystem ˙̂
X l = AiX̂l +

Biril
, l ∈ [t,∞), i = 1, . . . , r, with the initial state

X̂0t
= X̂∗

t and the normalized firing strength h(X̂l) =
h(Xl), find the optimal local decision at time instant
t, i.e., r∗it

, for minimizing the cost functional Jt(rit
) =∫ ∞

t ((X̂t
l − X̄s

i )L(X̂l − X̄s
i ) + rt

il
ril

)dl. Since the fuzzy
subsystem is linear, its quadratic optimization prob-
lem is the same as the general linear–quadratic
tracking issue. Therefore, we obtain the regulating
law r∗i (t) = −S−1Bt

i [π̄i(X∗(t) + X̄s
i ) + bs

i (t)] and the
fuzzy subsystem Ẋ∗(t) = (Ai − BiS

−1Bt
i π̄i)(X∗(t) +

X̄s
i ) − BiS

−1Bt
ib

s
i (t), where bs

i (t) satisfies

ḃs
i (t) = −

(
Ai − BiS

−1Bt
i π̄i

)t
bs
i (t) + LX̄s

i (13)

with bs
i (∞) = 0n×1. Furthermore, we have bs

i (t) = b̄s
i in

(7). This completes the proof. �

B. Linear-Type Optimal Fuzzy Control Scheme

We use a neural–fuzzy structure in Fig. 5 to achieve the
following linear-type T–S fuzzy model:

Ri : IF x1 is T1i(m1i, σ1i), . . . , xn is Tni(mni, σni)
THEN Ẋ(t) = AiX(t) + Biu(t)

Y (t) = CX(t), i = 1, . . . , r. (14)

The problem of minimal energy consumption for the fuzzy
gap control of MagLev systems in (17) and (18) is to design
rule-based fuzzy controllers in (2) to minimize the quadratic
cost function in (3) with regard to the linear-type T–S fuzzy
system in (14). Here, we summarize our previously proposed
optimal fuzzy control design scheme for a linear-type T–S
fuzzy system, as follows.
Proposition 1 (Linear T–S Type) [26]: For the T–S fuzzy

system in (14) and the fuzzy controller in (2), if (Ai, Bi) is c.c.
and (Ai, C) is c.o. for i = 1, . . . , r, then the local optimal fuzzy
control law is

r∗i (t) = −Bt
i π̄iX

∗(t), i = 1, . . . , r (15)

and their “blending” global optimal fuzzy controller is

u∗(t) =
r∑

i=1

hi (X∗(t))
[
−Bt

i π̄iX
∗(t))

]
(16)
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Fig. 2. Self-learning optimal intelligent suspension system.

which minimizes J(u(·)) in (3), where π̄i is the unique sym-
metric positive semidefinite solution of the Riccati equation
in (8).

III. NEURAL-LEARNING-BASED FUZZY GAP CONTROL

In this section, we use two neural–fuzzy networks (Figs. 4
and 5) to learn MagLev systems’ behavior on the basis of
minimizing the square error between training data and pre-
dicted values. To further solve the modeling failure from in-
sufficient training data, we define parameter IM = (Ŷcl(t) +
θ)/(Ycl(t) + θ) to denote the modeling error index, where
Ŷcl(t) is the output of the T–S fuzzy closed-loop system, Ycl(t)
is the output of the real physical closed-loop system, and θ is

only a small constant. The integrated neural–fuzzy modeling
and controlling algorithm in Fig. 1 is used to guarantee that
the generated affine/linear T–S fuzzy model can almost per-
fectly approximate MagLev systems [32]. Therefore, the self-
learning optimal intelligent suspension framework in Fig. 2 can
efficiently regulate highly nonlinear, complex, and uncertain
MagLev systems. We also compare the performance of these
two optimal fuzzy controllers (affine and linear types).

A. Electromagnetic Leviation System

A vehicle possesses three translation motions (i.e., surge,
sway, and heave) and three rotation motions (i.e., roll, pitch,
and yaw). The dynamic behavior can be described as three
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Fig. 3. Electromagnetic suspension system.

independent (i.e., lift, guide, and propulsion) systems. We
now focus on the levitation system. A MagLev prototype
uses independent electromagnetic attraction forces to lift a
vehicle. Therefore, the vehicle levitation behavior can be fur-
ther described as four decoupled systems. Fig. 3 shows the
quarter section of an electromagnetic levitated vehicle [37].
An electromagnet is located at the upper part of a MagLev
system. The control problem stably levitates an iron ball by an
electromagnetic force. We now have the following assumptions:
A1) The magnetic flux density and magnetic field do not have
any hysteresis, and they are not saturated; A2) the magnetic
permeability of the electromagnet is infinity; and A3) the eddy
current in the magnetic pole can be neglected. Then, a current-
controlled MagLev system can be described as

M
d2x(t)

dt2
=Mg − f(t)

f(t) = k

(
Ig + i(t)

X̄ + x(t) + x0

)2

(17)

where M = 1.75 kg is the mass of the iron ball; x(t) is the
position deviation from its steady-state air-gap X̄ = 0.005 m;
i(t) is the current deviation from its gravity compensation
current Ig = 1.15 A; f(t) is electromagnetic force; and k =
0.000284 and x0 = −0.000286 m are constant coefficients. We
note that the systems are nonlinear with regard to both the
system state and the system input (current). It is difficult to
design appropriate controllers to stabilize such a system.

We further introduce an RC current into (17) and assume the
following: A4) No leakage flux exists; and A5) coil inductance
is constant around an operating point, and the electromotive
force from the iron ball motion is negligible. We then obtain the
following voltage-controlled MagLev system, which is nonlin-
ear with regard to the system state but is linear with regard to
the system input (voltage):

M
d2x(t)

dt2
= Mg − f(t)

f(t) = k

(
Ig + i(t)

X̄ + x(t) + x0

)2

L
di(t)
dt

+ R (Ig + i(t)) = E + e(t) (18)

where e(t) is the voltage deviation from its steady-state voltage
E = 30.59 V, and L = 0.558 H and R = 26.6 Ω are the
inductance and resistance, respectively.

We setup two input–output data sets from these two MagLev
systems and, respectively, feed them into neural–fuzzy infer-
ence networks to achieve two T–S fuzzy systems (affine and
linear types).

B. Current-Controlled MagLev System

In this section, we first develop affine and then linear T–S
fuzzy models for a current-controlled MagLev system in (17).
Then, their corresponding controllers are proposed to stabilize
the MagLev system with minimal current consumption.

Fig. 4 describes a self-constructing neural–fuzzy inference
network for realizing an affine T–S fuzzy model [29]. The
input variables xl are directly transmitted into the network in
Layer 1. They are converted into fuzzy variables in Layer 2,
whose corresponding term sets Tlj have Gaussian membership
functions with mean mlj and standard deviation σlj . Layer 3
estimates the firing strength of each fuzzy rule. Layer 4 achieves
normalization. Layer 5 obtains a singleton-included linear-type
rule consequence. Finally, Layer 6 performs defuzzification
functions. Structure learning includes both precondition and
consequence identification of a fuzzy IF–THEN rule. Precondi-
tion identification starts from input-space partition and is refor-
mulated into an optimization problem to minimize the number
of generated rules and the number of fuzzy term sets for each
input fuzzy variable. The input space is partitioned in a flexible
way via an aligned clustering-based algorithm. Consequence
identification decides the significant terms (states and inputs)
to be added by using a projected-based correlation measure. For
parameter learning, based on a supervised learning technique,
we use a least mean square method to adjust the parameters
of each rule consequence and a backpropagation algorithm to
minimize a given cost function to adjust the parameters of
each rule precondition. The combined precondition and conse-
quence structure identification scheme is automatically set up
within an efficient and dynamic growth network. Finally, the
neural–fuzzy structure possesses a self-construction ability to
generate its own rule nodes and term-set nodes with associated
linking weights.

The control scheme in Theorem 1 is integrated with this
neural–fuzzy modeling technique into an integrated algorithm
in Fig. 1 to ensure limited modeling error and guaranteed
control performance. We feed 2300 training pattern gener-
ated from (17) into this network with the learning rate set at
0.005. After training, we obtain the following affine T–S fuzzy
model:

R1 : IF x(t) is T11(0.002, 0.21)

THEN Ẋ(t) = Aa
1X(t) + Ba

1u(t) + Da
1

R2 : IF x(t) is T12(−0.18, 1.76)

THEN Ẋ(t) = Aa
2X(t) + Ba

2u(t) + Da
2 (19)
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Fig. 4. Neural–fuzzy inference network for an affine T–S fuzzy model.

where X(t) = [x(t), ẋ(t)]t, and u(t) = i(t); T1i(m1i, σ1i) =

exp[−(x −m1i)2/σ2
1i]; Aa

1 =
[

0 1
3204.8 0

]
, Aa

2 =
[

0 1
3553.5 0

]
,

Ba
1 =

[
0

−12.8

]
, Ba

2 =
[

0
−14.35

]
, Da

1 =
[

0
0.012

]
, and Da

2 =[
0

−0.024

]
; and Y = CX for each rule.

This affine T–S fuzzy model is c.c. and c.o. for each
subsystem. Therefore, the affine-type optimal fuzzy con-
troller is i(t) = u∗(t) =

∑2
i=1 hi(X∗(t))r∗i (t), where r∗i (t) =

−Bat
i π̄ac

i X∗(t) + r̄s
i , r̄s

i = −Ba
i

t(π̄ac
i X̄s

i + b̄s
i ), and X̄s

i =

Aa
i
−1Da

i with the solution of the steady-state Riccati

equation (SSRE), π̄ac
1 =

[
2228.9 29.123
39.123 0.696

]
, and π̄ac

2 =[
2073 34.526

34.526 0.583

]
. We first rewrite the current-controlled

MagLev system in (17) into state-space representation with
state X(t) = [x(t), ẋ(t)]t and input u(t) = i(t). Then, we sub-
stitute the derived optimal fuzzy controller (current) into the
system. Fig. 6 shows the evolution of the state responses and
the optimal control current for four initial conditions: X(0) =
(0.003, 0)t, (0.002, 0)t, (0.001, 0)t, and (−0.001, 0)t.
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Fig. 5. Neural–fuzzy inference network for a linear T–S fuzzy model.

In the remainder of this section, we shall design a linear-
type optimal fuzzy controller for a MagLev system in (17).
Although a linear T–S fuzzy system can be obtained via
the aforementioned neural–fuzzy inference network [29] by
viewing system input variables as augmented state variables.
However, fuzzy set Di in Fig. 4 is the basic consequence of
the ith rule; state X(t) and input u(t) are optionally added.
Therefore, we could not use the same inference network to
construct a linear T–S fuzzy system by only directly deleting
the singleton from the generated rules, which will diverge the
learning process. We modify the inference network in Fig. 4
[29] into Fig. 5 [32] such that the new learning process focuses

on generating input- and state-dependent terms. Fig. 5 is a six-
layer structure for realizing a linear T–S fuzzy model, which is
similar to Fig. 4 in structure, except for the rule representation
in the fifth layer. The node outputs of Layer 4 are only the
basic node inputs of Layer 5, i.e., u5

i , for storing firing strength
information. Not only the input variables of Layer 1 but also
the external inputs of the physical system are included as the
node inputs to generate the consequence condition of Layer 5.
In other words, the activity function in this layer is

f =
∑

j

ajixj +
∑
m

bmium, a5(f) = f · u5
i .
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Fig. 6. State responses and optimal control current for the affine-type closed-loop current-controlled MagLev system with four initial conditions. (a) X(0) =
(0.003, 0)t. (b) X(0) = (0.002, 0)t. (c) X = (0.001, 0)t. (d) X = (−0.001, 0)t.

We note that the structures in Fig. 4 (affine type) and
Fig. 5 (linear type) are similar, but the learning spirit is totally
different. The singleton is the key term for the network in Fig. 4,
and state-dependent terms are only optionally added for com-
pensation. However, for the network in Fig. 5, input- and state-
dependent terms are the key terms. In addition, for parameter
reduction, we eliminate trivial system states and system inputs
by using a projected- or stochastic-based correlation measure.
A squared-error term is used as the cost function (E(·) =
(1/2)

∑n
i=1(di − yi)2) in both networks, and the connection

weights are updated according to a gradient-descent method.
The same 2300 training patterns are used, and the learning

rate is set at 0.005. The generated linear T–S fuzzy model is

R1 : IF x(t) is T11(−0.326, 0.041)

THEN Ẋ(t) = Al
1X(t) + Bl

1u(t)

R2 : IF x(t) is T12(0.421, 0.0023)

THEN Ẋ(t) = Al
2X(t) + Bl

2u(t) (20)

where X(t) = [x(t), ẋ(t)]t and u(t) = i(t); T1i(m1i, σ1i) =

exp[−(x−m1i)2/σ2
1i]; A

l
1 =

[
0 1

425.05 0

]
, Al

2 =
[

0 1
1411.66 0

]
,

Bl
1=

[
0

−0.813

]
, and Bl

2=
[

0
3832.15

]
; and Y=CX for each rule.

According to the linear T–S fuzzy representation in
(20), we know that each fuzzy subsystem is c.c. and c.o.
(rank[Bl

i Al
iB

l
i] = 2 and rank[Ct Al

i
t
Ct]t = 2, for i =

1, 2.). Therefore, for each subsystem, there exists a unique
SSRE solution, i.e.,

π̄lc
1 =

[
26487 1284
1284 62

]
, π̄lc

2 =
[

1.0661 0.0004
0.0004 0.0003

]
.

The linear-type optimal fuzzy controller is i(t) = u∗(t) =∑2
i=1 hi(X∗(t))r∗i (t), where r∗i (t) = −Bl

i
t
π̄lc

i X∗(t). Fig. 7
shows the simulation results for four initial conditions: X(0) =
(0.003, 0)t, (0.002, 0)t, (0.001, 0)t, and (−0.001, 0)t.

For current-controlled MagLev systems, nonlinearity is with
regard not only to system states but also to system inputs.
Therefore, control of such a physical system is very difficult.
Since affine-type fuzzy modeling provides one more adjustable
parameter than linear-type fuzzy modeling during the neural-
learning process, the controlling effect of affine-type controllers
is supposed to be better than that of linear-type controllers. We
examine this by comparing the results in Figs. 6 and 7.

Furthermore, a fuzzy approach, as we know, possesses some
degree of robustness. We therefore simulate the tendency of
closed-loop MagLev systems to be subject to an abrupt external
disturbance. An external disturbance is added at 0.2 s, whereas
a sinusoidal disturbance is added between 0.8 and 1.2 s. Fig. 8
is the disturbance-interrupted ball position and control-current
evolution for affine- and linear-type compensated systems. We
note that the affine type possesses better robustness to compen-
sate for an external disturbance.

C. Voltage-Controlled MagLev System

In this section, we shall be concerned with a voltage-
controlled MagLev system in (18). Two thousand training
patterns generated from (18) are used to train neural–fuzzy
network in Fig. 4 with the learning rate set at 0.005. We obtain
the following affine T–S fuzzy model:

R1 : IF x(t) is T11(1.897, 0.002)

and i(t) is T31(−0.114, 1.507)

THEN Ẋ(t) = Aa
1X(t) + Ba

1u(t) + Da
1
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Fig. 7. State responses and optimal control current for the linear-type closed-loop current-controlled MagLev system with four initial conditions. (a) X(0) =
(0.003, 0)t. (b) X(0) = (0.002, 0)t. (c) X = (0.001, 0)t. (d) X = (−0.001, 0)t.

Fig. 8. Disturbance-interrupted response for a current-controlled MagLev system compensated by affine- and linear-type optimal fuzzy controllers, where an
external disturbance is added at 0.2 s and a sinusoidal disturbance is added between 0.8 and 1.2 s.

R2 : IF x(t) is T12(−0.264, 2.23)

and i(t) is T32(0.031, 1.108)

THEN Ẋ(t) = Aa
2X(t) + Ba

2u(t) + Da
2

R3 : IF i(t) is T33(−1.509, 0.002)

THEN Ẋ(t) = Aa
3X(t) + Ba

3u(t) + Da
3 (21)

where X(t) = [x(t), ẋ(t), i(t)]t and u(t) = e(t); Tji(mji,

σji)= exp[−(x′−mji)2/σ2
ji]; Aa

1 =

[
0 1 0

549.716 0 −4.281
0 0 −47.67

]
,

Aa
2 =


 0 1 0

3402.003 0 −13.809
0 0 −47.67


, Aa

3 =


 0 1 0

14.271 0 −39.846
0 0 −47.67


,
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Fig. 9. State responses and optimal control voltage for the affine-type closed-loop voltage-controlled MagLev system with four initial conditions. (a) X(0) =
(−0.002, 0, 0)t. (b) X = (0.002, 0, 0)t. (c) X = (−0.001, 0, 0)t. (d) X = (0.001, 0, 0)t.

Ba
1 =Ba

2 =Ba
3 =


 0

0
1.7921


, Da

1 =


 0
−0.157

0


, Da

2 =




0
−0.012

0


,

and Da
3 =




0
−1.321

0


; and Y = CX for each rule. We know

that each fuzzy subsystem is c.c. and c.o. Therefore, we have
the corresponding SSRE solution and the affine-type optimal
fuzzy controller

π̄av
1 = 103 ·




2217 94.556 −5.69

94.556 4.033 −0.243

−5.69 −0.243 0.0146




π̄av
2 = 103 ·




7284.5 124.89 −16.27

124.89 2.141 −0.279

−16.27 −0.279 0.036




π̄av
2 =




57.358 14.916 −11.527

14.916 4.018 −3.098

−11.527 −3.098 2.405




e∗(t) = u∗(t) =
∑3

i=1 hi(X∗(t))r∗i (t), where r∗i (t) =
−Ba

i
tπ̄av

i X∗(t) + r̄s
i , r̄s

i = −Ba
i

t(π̄av
i X̄s

i + b̄s
i ), and X̄s

i =
Aa

i
−1Da

i . We rewrite the voltage-controlled MagLev system
in (18) into state-space representation with state X(t) =
[x(t), ẋ(t), i(t)]t and input u(t) = e(t). Then, we substitute
the derived optimal fuzzy controller (voltage) into the system.
Fig. 9 shows the regulated state trajectories of the closed-
loop voltage-controlled MagLev system for four different

initial conditions: X(0) = (−0.002, 0, 0)t, (0.002, 0, 0)t,
(−0.001, 0, 0)t, and (0.001, 0, 0)t.

As for the linear-type case, the same 2000 training patterns
generated from (18) are fed into an inference network in Fig. 5
with the learning rate set at 0.005. We then have the following
linear T–S fuzzy model:

R1 : IF x(t) is T11(−0.462, 0.043)

and i(t) is T31(−0.630, 0.922)

THEN Ẋ(t) = Al
1X(t) + Bl

1u(t)

R2 : IF x(t) is T12(−0.000247, 0.310)

and i(t) is T32(0.748, 0.002)

THEN Ẋ(t) = Al
2X(t) + Bl

2u(t)

R3 : IF i(t) is T33(−0.128, 0.942)

THEN Ẋ(t) = Al
3X(t) + Bl

3u(t) (22)

where X(t) = [x(t), ẋ(t), i(t)]t and u(t) = e(t); Tji(mji,

σji)= exp[−(x′−mji)2/σ2
ji]; Al

1 =


 0 1 0

33.53 0 15.74
0 0 −47.67


,

Al
2 =


 0 1 0

130.89 0 −0.1
0 0 −47.67


, Al

3 =


 0 1 0

4250.62 0 −17.63
0 0 −47.67


,

and Bl
1 = Bl

2 = Bl
3 =


 0

0
1.7921


; and Y = CX for each

rule. Each fuzzy subsystem is c.c. and c.o. By Proposition 1,
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Fig. 10. State responses and optimal control voltage for the linear-type closed-loop voltage-controlled MagLev system with four initial conditions. (a) X(0) =
(−0.002, 0, 0)t. (b) X = (0.002, 0, 0)t. (c) X = (−0.001, 0, 0)t. (d) X = (0.001, 0, 0)t.

we have the corresponding SSRE solution and the linear-type
optimal fuzzy controller

π̄lv
1 =


 1399.2 241.4 71

241.4 41.7 12.3
71 12.3 3.6




π̄lv
2 = 105 ·


 3120.1 272.7 −0.5

272.7 23.8 0
−0.5 0 0




π̄lv
2 = 103 ·


 7081.4 108.6 −17

108.6 1.7 −0.3
−17 −0.3 0




e∗(t) = u∗(t) =
∑3

i=1 hi(X∗(t))r∗i (t), where r∗i (t) =
−Bl

i
t
π̄lv

i X∗(t). Fig. 10 shows the simulation results for
four initial conditions: X(0) = (−0.002, 0, 0)t, (0.002, 0, 0)t,
(−0.001, 0, 0)t, and (0.001, 0, 0)t.

Comparing Figs. 9 and 10, we find that both approaches
show equivalent performance for a voltage-controlled MagLev
system. We also examine the robustness of these two (affine-
type and linear-type) closed-loop MagLev systems. Fig. 11
shows the evolution of the disturbance-interrupted ball position,
the used current, and the control voltage. We note that no
obvious difference exists for these two types of closed-loop
fuzzy voltage-controlled MagLev system.

D. Stability Analysis

The used neural–fuzzy networks (Figs. 4 and 5) learn sys-
tems’ behavior on the basis of minimizing the square error
between training data and predicted values. To further solve the
modeling failure from insufficient training data, an integrated

neural–fuzzy modeling and controlling algorithm (Fig. 1) with
modeling error index IM = ((Ŷcl(t) + θ)/(Ycl(t) + θ)) is pro-
posed. This index is constrained to ensure admissible deviation
of the real physical closed-loop system in Fig. 2 from the fuzzy
closed-loop system. In other words, this algorithm guarantees
that the generated affine/linear T–S fuzzy model can almost
perfectly approximate MagLev systems. Therefore, the stability
of the closed-loop physical system in Fig. 2 is guaranteed by the
following closed-loop fuzzy systems:

Ẋ∗(t) =
r∑

i=1

hi (X∗(t))

×
[(

Ai − BiS
−1Bt

i π̄i

)
×X∗(t) + Bir̄s

i + Di] (affine) (23)

Ẋ∗(t) =
r∑

i=1

hi (X∗(t))

×
[
Ai − BiS

−1Bt
i π̄i

]
X∗(t) (linear). (24)

We regard X̄s
i as an artificial target and Ūart

i = Bir̄s
i + Di as

an artificial target associated constant input. Then, the stability
of an affine-type feedback fuzzy system in (23) concurs with
a linear-type system in (24). We define the Lyapunov function
V (X) = XtPX , where P is a symmetric positive matrix. Via
(8), we have Ai − BiB

t
i π̄i = −π̄−1

i (L + At
iπ̄i). Therefore

V̇ (X) = ẊtPX + XtPẊ

=

[
r∑

i=1

hi (X(t)) Xt
(
Ai − BiB

t
i π̄i

)t

]
PX + XtP

·
[

r∑
i=1

hi (X(t))
(
Ai − BiB

t
i π̄i

)
X

]
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Fig. 11. Disturbance-interrupted response for a voltage-controlled MagLev system compensated by affine- and linear-type optimal fuzzy controllers, where an
external disturbance is added at 0.2 s, and a sinusoidal disturbance is added between 0.8 and 1.2 s.

= −
r∑

i=1

hi (X(t))
{

Xt

[(
L + At

iπ̄i

)t
π̄−1

i P + P π̄−1
i

·
(
L + At

iπ̄i

)]
X

}

= −2
r∑

i=1

hi (X(t))
[
XtP π̄−1

i

(
L + At

iπ̄i

)
X

]
. (25)

Furthermore, by choosing P = I > 0, we obtain

V̇ = −2
r∑

i=1

hi (X(t))
[
Xtπ̄−1

i

(
L + At

iπ̄i

)
X

]
< 0 (26)

for π̄−1
i (L + At

iπ̄i) > 0, since hi(X(t)) is always a positive
number.

Via the aforementioned Lyapunov-based stability analysis,
we know that if Ai is nonsingular, (Ai, Bi) is c.c., (Ai, C) is
c.o., and π̄−1

i (L + AT
i π̄i) > 0 for each rule, then the designed

closed-loop system is stable. The simulation results in Figs. 6,
7, 9, and 10 show that the proposed controllers can efficiently
stabilize the physical systems in a very short time span. Further-
more, we know that a fuzzy approach possesses some degree of
robustness. We therefore simulate the tendency of the closed-
loop systems to be subject to an abrupt external disturbance.
From the simulation results in Figs. 8 and 11, we conclude that
the proposed controllers can efficiently stabilize the physical
systems in a very short time span. In addition, an affine-type

controller possesses better control and robust performance for
current-controlled MagLev systems. We now compare our re-
sults with the methods contained in the current research. Fig. 12
is the air-gap evolution for a MagLev system as controlled by
Mizutani’s controller [38] and Muthairi’s controllers [13]. Not
only does our controller possess a rapid response, but it also has
a smooth trajectory.

IV. CONCLUSION

Two neural–fuzzy inference networks are used to capture
the dynamic behavior of both current- and voltage-controlled
MagLev systems. The proposed affine-type controller and our
previously proposed controller are, respectively, integrated with
these two neural–fuzzy networks into integrated neural–fuzzy
modeling and controlling algorithms to achieve control of
both MagLev systems with limited modeling error and guar-
anteed performance. A current-controlled MagLev system is
more complex than a voltage-controlled system. An affine T–S
fuzzy model possesses one more freedom than the linear T–S
type during the neural–fuzzy learning process. Therefore, the
performance of the affine type is better than the linear type
for current-controlled MagLev systems but is equivalent for
voltage-controlled systems. This phenomenon is demonstrated
in simulation results. Via simulation, we also observe that the
proposed closed-loop MagLev systems are entirely robust to an
external disturbance. In this paper, we have demonstrated the
stability of the controllers. In the future, we shall theoretically
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Fig. 12. Air-gap evolution for a voltage-controlled MagLev system as
controlled by Mizutani’s controller (top) [38] and Muthairi’s controllers
(bottom) [13].

demonstrate the robustness of the proposed controllers and the
stability of the used inference networks.

REFERENCES

[1] A. Bittar and R. M. Sales, “H2 and H∞ control for MagLev vehicles,”
IEEE Control Syst. Mag., vol. 18, no. 4, pp. 18–25, Aug. 1998.

[2] P. K. Sinha, Electromagnetic Suspension: Dynamics and Control.
London, U.K.: Peregrinus, 1987.

[3] A. Rosenblatt, “Riding on air in Virginia (Maglev train),” IEEE Spectr.,
vol. 39, no. 10, pp. 20–21, Oct. 2002.

[4] Y. Luguang, “Progress of high-speed Maglev in China,” IEEE Trans.
Appl. Supercond., vol. 12, no. 1, pp. 944–947, Mar. 2002.

[5] J. J. E. Slotine and W. Li, Applied Nonlinear Control. Englewood Cliffs,
NJ: Prentice-Hall, 1991.

[6] G. D. Buckner, “Intelligent bounds on modeling uncertainties: Applica-
tions to sliding mode control of a magnetic levitation system,” in Proc.
IEEE-SMC, Tucson, AZ, 2001, vol. 1, pp. 81–86.

[7] M. Y. Chen, C. C. Wang, and L. C. Fu, “Adaptive sliding mode controller
design of a dual-axis Maglev position system,” in Proc. Amer. Control
Conf., Arlington, VA, 2001, vol. 5, pp. 3731–3736.

[8] A. E. Hajjaji and M. Ouladsine, “Modeling and nonlinear control of
magnetic levitation systems,” IEEE Trans. Ind. Electron., vol. 48, no. 4,
pp. 831–838, Aug. 2001.

[9] D. M. M. Hassan and A. M. Mohamed, “Variable structure control of a
magnetic levitation system,” in Proc. Amer. Control Conf., Arlington, VA,
2001, vol. 5, pp. 3725–3730.

[10] C. M. Huang, J. Y. Yen, and M. S. Chen, “Adaptive nonlinear control of
repulsive Maglev suspension systems,” Control Eng. Pract., vol. 8, no. 5,
pp. 1357–1367, 2000.

[11] A. M. Mohamed, F. Matsumura, T. Namerikawa, and J. H. Lee, “Q-
parameterization/µ-control of an electromagnetic suspension system,” in
Proc. Conf. Control Appl., Hartford, CT, 1997, pp. 604–608.

[12] D. L. Trumper, M. Olson, and P. K. Subrahmanyan, “Linearizing control
of magnetic suspension systems,” IEEE Trans. Control Syst. Technol.,
vol. 5, no. 4, pp. 427–438, Jul. 1997.

[13] N. F. A. Muthairi and M. Zribi, “Sliding mode control of a magnetic
levitation system,” Math. Probl. Eng., vol. 2004, no. 2, pp. 93–107,
2004.

[14] S. G. Cao, N. W. Rees, and G. Feng, “Analysis and design for a class
of complex control systems,” Automatica, vol. 33, no. 6, pp. 1017–1039,
1997.

[15] K. Tanaka, T. Ikeda, and H. O. Wang, “Robust stabilization of a class of
uncertain nonlinear systems via fuzzy control: Quadratic stabilizability,
H∞ control theory and linear matrix inequalities,” IEEE Trans. Fuzzy
Syst., vol. 4, no. 1, pp. 1–13, Feb. 1996.

[16] P. Korba, R. Babuska, H. B. Verbruggen, and P. M. Frank, “Fuzzy gain
scheduling: Controller and observer design based on Lyapunov method
and convex optimization,” IEEE Trans. Fuzzy Syst., vol. 11, no. 3,
pp. 285–298, Jun. 2003.

[17] T. Taniguchi, K. Tanaka, H. Ohtake, and H. O. Wang, “Model construc-
tion, rule reduction and robust compensation for generalized form of
Takagi–Sugeno fuzzy systems,” IEEE Trans. Fuzzy Syst., vol. 9, no. 4,
pp. 525–538, Aug. 2001.

[18] K. Tanaka, T. Taniguchi, and H. O. Wang, “Generalized Takagi–Sugeno
fuzzy systems: Rule reduction and robust control,” in Proc. FUZZ-IEEE,
San Antonio, TX, 2000, pp. 688–693.

[19] H. Ohtake, K. Tanaka, and H. O. Wang, “Fuzzy modeling via sector
nonlinearity concept,” in Proc. IFSA/NAFIPS, Vancouver, BC, Canada,
2001, pp. 127–132.

[20] K. Tanaka, T. Taniguchi, S. Hori, and H. O. Wang, “Structure-oriented
design for a class of nonlinear systems,” in Proc. FUZZ-IEEE, Melbourne,
Australia, 2001, pp. 696–699.

[21] K. Tanaka and H. O. Wang, Fuzzy Control Systems Design and Analysis.
New York: Wiley, 2001.

[22] X. J. Zeng and M. G. Singh, “Approximation theory of fuzzy
systems—MIMO case,” IEEE Trans. Fuzzy Syst., vol. 3, no. 2, pp. 219–
235, May 1995.

[23] H. O. Wang, J. Li, D. Niemann, and K. Tanaka, “T–S fuzzy model with
linear rule consequence and PDC controller: A universal framework for
nonlinear control system,” in Proc. FUZZ-IEEE, 2000, pp. 549–554.

[24] K. Tanaka, M. Iwazaki, and H. O. Wang, “Switching control of an R/C
hovercraft: Stabilization and smooth switching,” IEEE Trans. Syst., Man,
Cybern. B, vol. 31, no. 6, pp. 853–863, Dec. 2001.

[25] H. Ohtake and K. Tanaka, “A construction method of switching Lyapunov
function for nonlinear systems,” in Proc. FUZZ-IEEE, Honolulu, HI,
2002, pp. 221–226.

[26] S. J. Wu and C. T. Lin, “Optimal fuzzy controller design: Local con-
cept approach,” IEEE Trans. Fuzzy Syst., vol. 8, no. 2, pp. 171–185,
Apr. 2000.

[27] S. J. Wu and C. T. Lin, “Optimal fuzzy controller design in continuous
fuzzy system: Global concept approach,” IEEE Trans. Fuzzy Syst., vol. 8,
no. 6, pp. 713–729, Dec. 2000.

[28] S. J. Wu and C. T. Lin, “Discrete-time optimal fuzzy controller design:
Global concept approach,” IEEE Trans. Fuzzy Syst., vol. 10, no. 1, pp. 21–
38, Feb. 2002.

[29] C. F. Juang and C. T. Lin, “An on-line self-constructing neural fuzzy
inference network and its applications,” IEEE Trans. Fuzzy Syst., vol. 6,
no. 1, pp. 12–32, Feb. 1998.

[30] J. Yen, L. Wang, and C. W. Gillespie, “Improving the interpretability
of TSK fuzzy models by combining global learning and local learning,”
IEEE Trans. Fuzzy Syst., vol. 6, no. 4, pp. 530–537, Nov. 1998.

[31] C. C. Chuang, S. F. Su, and S. S. Chen, “Robust TSK fuzzy modeling for
function approximation with outliers,” IEEE Trans. Fuzzy Syst., vol. 9,
no. 6, pp. 810–821, Dec. 2001.

[32] S. J. Wu, H. H. Chiang, H. H. Lin, and T. T. Lee, “Neural-network-based
optimal fuzzy controller design for nonlinear systems,” Fuzzy Sets Syst.,
vol. 154, no. 2, pp. 182–207, Sep. 2005.

[33] E. Kim and D. Kim, “Stability analysis and synthesis for an affine fuzzy
system via LMI and ILMI: Discrete case,” IEEE Trans. Syst., Man,
Cybern. B, vol. 31, no. 1, pp. 132–140, Feb. 2001.

[34] E. Kim and S. Kim, “Stability analysis and synthesis for an affine fuzzy
system via LMI and ILMI: Continuous case,” IEEE Trans. Fuzzy Syst.,
vol. 10, no. 3, pp. 391–400, Jun. 2002.

[35] E. Kim, C. H. Lee, and Y. W. Cho, “Analysis and design of an affine fuzzy
system via bilinear matrix inequality,” IEEE Trans. Fuzzy Syst., vol. 13,
no. 1, pp. 115–123, Feb. 2005.

[36] P. Bergsten, R. Palm, and D. Driankov, “Observers for Takagi–Sugeno
fuzzy systems,” IEEE Trans. Syst., Man, Cybern. B, vol. 32, no. 1,
pp. 114–121, Feb. 2002.

[37] M. Fujita, T. Namerikawa, F. Matsumura, and K. Uchida, “µ-synthesis
of an electromagnetic suspension system,” IEEE Trans. Autom. Control,
vol. 40, no. 3, pp. 530–536, Mar. 1995.

[38] T. Mizutani, H. Katayama, and A. Ichikawa, “Tracking control of a mag-
netic levitation system by feedback linearization,” in Proc. SICE Annu.
Conf., Sapporo, Japan, 2004, pp. 121–126.



136 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 9, NO. 1, MARCH 2008

Shinq-Jen Wu received the B.S. degree in chemical
engineering from the National Taiwan University,
Taipei, Taiwan, R.O.C., in 1986, the M.S. degree
in chemical engineering from the National Tsing
Hua University, Hsinchu, Taiwan, in 1989, the M.S.
degree in electrical engineering from the University
of California, Los Angeles, in 1994, and the Ph.D.
degree in electrical and control engineering from the
National Chiao Tung University, Hsinchu, in 2000.

From September 1989 to July 1990, she was with
the Laboratory for Simulation and Control Technol-

ogy, Chemical Engineering Division, Industrial Technology Research Insti-
tute, Hsinchu. In 1991, she joined the Chemical Engineering Department,
Kao-Yuan Junior College of Technology and Commerce, Kaohsiung, Taiwan.
From 1995 to 1996, she was an Engineer with the Integration Engineering
Department, Macronix International Co., Ltd., Hsinchu. She is currently with
the Department of Electrical Engineering, Da-Yeh University, Chang-Hwa,
Taiwan. Her research interests include ergonomics-based smart cars, advanced
vehicle control and safety systems, Petri-net modeling for cancer mechanisms,
robust identification of genetic networks, soft sensors for online tuning, soft-
computation-based protein structure prediction, VLSI process technology, op-
timal fuzzy control/tracking, optimal fuzzy estimation, and soft-computation
modeling techniques.

Dr. Wu is a member of the Phi Tau Phi Scholastic Honor Society. She
is the Editor of the journal Advances in Fuzzy Sets and Systems (Pushpa,
Allahabad, India). Her name is included in Asian Admirable Achievers (2006)
and Marquis Who’s Who in Science and Engineering, 10th Anniversary Edition
(2008–2009).

Cheng-Tao Wu received the M.S. degree from
Da-Yeh University, Chang-Hwa, Taiwan, R.O.C., in
2006. He is currently working toward the Ph.D.
degree with the Department of Electrical and Con-
trol Engineering, National Chiao Tung University,
Hsinchu, Taiwan.

He is involved in projects concerning optimization
and detection in control systems.

Yen-Chen Chang received the M.S. degree from Da-Yeh University,
Chang-Hwa, Taiwan, R.O.C., in 2003. His major is in fuzzy control technology
for nonlinear systems.

After graduation, he joined the Republic of China Army, Longtan, Taiwan.


