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Abstract—This paper presents the optimization of two fuzzy
logic control (FLC) schemes applied to a magnetic levitation
(MagLev) system. The controller optimization is performed using
a hybrid algorithm that combines the techniques of genetic
algorithms (GA) and Bacterial Foraging Optimization (BFO)
algorithm. Comparisons with a type-1 fuzzy PD (T1-FPD) and
an interval type-2 fuzzy PD (IT2-FPD) controllers applied to
a MagLev system are addressed via simulations in MATLAB Simulink. The obtained type-2 controllers are based on the design
of type-1 fuzzy logic controllers; from these, the uncertainty is
generated to have the type-2 membership functions. The control
law is directly calculated from the error position signal of the
steel ball, as well as its respective velocity error, which presents
interesting control qualities.

this controller and its comparison with other linear and nonlinear schemes. However, bio-inspired algorithms have become
an important research area due to intent to emulate nature in
order to help us solve real-life complex problems, particularly for optimization. Bio-inspired algorithms for engineering
propose novel algorithms to solve real-life complex problems
in classification, approximation, vision, pattern recognition,
identification, and control. Such algorithms include combined
well-known bio-inspired algorithms and new ones, including
both rigorous analyses, as well as unique applications [4]. For
this reason, a type-2 fuzzy logic approach combined with a
Bacterial Foraging Optimization - Genetic Algorithm (BFOGA) is used in order to solve this problem.

I. I NTRODUCTION

II. S YSTEM DESCRIPTION

In the control area it is usually required that some plant
or system performs a particular task; for this reason, it is
necessary to design controllers that optimally fulfill such a
task. However, doing this is not easy due to the uncertainty
associated to the model dynamics of the plant. Fuzzy logic
allows us to represent common knowledge in a mathematical
language through the theory of fuzzy sets and membership
functions (MFs) associated with them. It has been shown that
type-2 fuzzy systems are capable of dealing with sources of
uncertainty such as: multiple meanings of linguistic labels,
noisy training information and noise-contaminated measures.
In fact, type-2 fuzzy logic is a better option than traditional
fuzzy logic for dealing with phenomena whose nature is nonlinear and stochastic at the same time.
Type-2 fuzzy sets (T2FSs) are used to model uncertainty
and inaccuracy in a better way. These T2FSs were originally
presented by Zadeh in 1975 and are essentially sets where
the fuzzy degree of membership is a type-1 fuzzy set (T1FS)
[1]. New concepts were introduced by Mendel and Liang
[2], allowing the characterization of a T2FS with an upper
membership function (UMF) and a lower membership function
(LMF). Each of these two functions can be represented by a
membership function of a T1FS.
Magnetic levitation system is a well-studied plant, and control
solutions are proposed in [3], where the authors present a
fuzzy control scheme for regulation problem applied to this
system. The main contribution is the real-time application of

The magnetic levitation (MagLev) system can be seen as
a magnetic circuit with air gap, which is composed of a
magnetic object in levitation (steel ball), which moves below
an electromagnet that is fixed to a base, as it is shown in
Fig. 1 where u(t) is the electromagnet voltage [V], i(t) is the
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Figure 1. Magnetic levitation system (MagLev).

electromagnet current [A], λ̇(t) is the induced electromotive
force in the electromagnet [V], λ(t) is the magnetic flux in the
air gap [Wb], fm is the attraction force of the electromagnet

[N], fg = mg is the force due to the earth gravity [N]. Table
I shows the main parameters (e.g. mechanical and electrical
specifications, conversion factors, constants, etc.) associated
with the MagLev specialty plant. Some of these parameters
can be used for mathematical modeling of the MagLev
system as well as to obtain the steel ball’s equation of motion
(EOM). The variable θ(t) is the position of the steel ball

A. Type-1 Fuzzy PD control (T1-FPD)
The block diagram of T1-FPD controller applied to a
MagLev system is shown in Fig. 2. The control law is

Table I
M AG L EV SYSTEM PARAMETERS
Notation
imax (t)
Lc
Rc
lc
Rs
m
g

Description
Maximum continuous coil current
Coil inductance
Coil resistance
Coil length
Current sense resistance
Steel ball mass
Gravitational constant

Value
±3
412.5 ×10−3
10
0.0825
1
0.068
9.81

Units
A
H
Ω
m
Ω
Kg
m/s2

measured with respect to the nominal air gap denoted by the
constant c = 0.014 [m]. The MagLev system has a variable
inductance described by
L(y) =

k
k
=
y(t)
c − θ(t)

(1)

where k = 6.5308 × 10−5 is the electromagnet force constant
[H − m]. The relationship between λ(t) and i(t) for MagLev
system is expressed as:
λ(t) = L(y)i(t)

(2)

Figure 2. Block diagram of the T1-FPD controller.

analytically expressed as
uf uzzy (t) = Kpc (id (t) − i(t))

(4)

˙
˙ ỹ(t)
˙
where id (t) = Kp (ỹ, ỹ)ỹ(t)
+ Kd (ỹ, ỹ)
is the desired
˙
˙ are the
current in the inner loop; Kp (ỹ, ỹ) and Kd (ỹ, ỹ)
fuzzy position and velocity gains respectively; ỹ(t) = yd − y,
ỹ˙ = y˙d − ẏ, yd is a sinusoidal signal with an amplitude of
0.012 [m]; Kpc is the proportional gain current.
The fuzzy rule base for MagLev system of two inputs, ỹ and
˙ and one output uf uzzy is formed by taking all possible
ỹ,
combinations of the MFs for each entry.
The MFs used for the design of T1-FPD controller are
shown in Figs. 3 and 4. The selected rules follow the structure
1.2
N

Z

P

1

The dynamic model in terms of the state vector [ y(t) i(t)
ẏ(t) ] T results as:


ẏ(t)


y

y(t)
 [u(t) − Ri(t)] + i(t)ẏ(t) 
d 


i(t) =  k
(3)
y(t) 

dt
2


k
i
(t)
ẏ(t)
−
+g
2m y 2 (t)

0.8
0.6
0.4
0.2
0
0

0.002

where the equilibrium point for a constant u(t) = ueq in
open loop is [yeq ieq 0]T , where R = Rc + Rs , yeq is the
operating position;
ieq = kf f yeq is the operating current,
q

with kf f = 2mg
k = 142.92 [A/m] a constant feedback, and
ueq = Rieq the constant input voltage, y is the position of the
steel ball and ẏ is the velocity of displacement of the steel
ball, which is computed numerically.
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Figure 3. Type-1 MFs for ỹ input.
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III. T YPE -1 F UZZY S ETS
A fuzzy set can contain elements partially, that is, the
property that a x element belongs to the A set, such that
x ∈ A can be true with a partial degree of truth. This degree
of membership may be a proposition in the context of fuzzy
logic, and not of the standard binary logic, which only admits
two values: true or false. The degree of membership varies
within the range of [0, 1] and labels are used to facilitate the
classification of each entry to the MFs.

0.6
0.4
0.2
0
0

0.002

0.004

0.006

0.008

0.01

0.012

0.014

0.016

Figure 4. Type-1 MFs for ỹ˙ input.
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Table II
T YPE -1 F UZZY RULE BASE .
ỹ˙
ỹ
N
Z
P

N

Z

P

Kp, Kd → BIG
Kp, Kd → MEDIUM
Kp, Kd → MEDIUM

Kp, Kd → BIG
Kp, Kd → MEDIUM
Kp, Kd → SMALL

Kp, Kd → MEDIUM
Kp, Kd → MEDIUM
Kp, Kd → SMALL

shown in table II. The minimum inference engine along with
weighted average defuzzification are used in order to evaluate
the fuzzy rule base.

Figure 5. Type-2 Membership Function

IV. T YPE -2 F UZZY S ETS
In some contexts, it is feasible to identify sources of uncertainty associated with natural language, where this uncertainty
can be weighted with degrees of membership that are in turn
fuzzy, thus considering them as type-2 fuzzy uncertainty. In
general, a T2FS is a generalization of a T1FS along with a
secondary source of uncertainty associated with the definition
of a word or set A. This additional source of uncertainty is
represented as a secondary MF associated with each value of
x ∈ X (or universe of discourse); in other words:
Ã = X → F ([0, 1])

(5)

where F ([0, 1]) is the set of all T1FSs that can be defined
within the universe of discourse x ∈ X.
T2FSs, whose secondary MF is an interval (that is, the uncertainty associated with language is treated fairly), are called
interval type-2 fuzzy sets or IT2FSs [2], since the degrees
of membership assigned to the elements of the universe of
discourse are an interval.
In [5], the author explains that an IT2FS is expressed by two
membership vector functions, where one represents the degree
of membership in X and the other gives a weighting to each
of the T1FSs as
Ã = {(x, µÃ (x))|x ∈ X}

(6)

Specifically, an IT2FS is defined as
Ã = {(x, u), Jx , fx |x ∈ X; u ∈ [0, 1]} ⇔ fx (u) = 1

(7)

where the primary fuzzy set Jx is weighted by the fuzzy set
fx (u) as a secondary MF, x is the primary variable, Jx is an
interval [0, 1] representing the primary membership of x, u is
the secondary variable and fx (u) is the secondary membership
function of x. The Footprint of Uncertainty (FOU) of T2FSs
defines the uncertainty of Ã as the union of all primary
memberships; this can be noted in Fig. 5 and is described
by
F OU (Ã) = ∪x∈X Jx
(8)
which is limited by two MFs: an Upper Membership Function
(UMF) µÃ max and a Lower Membership Function (LMF)
µÃ min , both are T1FSs and have e embedded sets Ae ;
consequently, the degree of membership of each element of
an IT2FS is an interval [µÃ min , µÃ max ] [6].
The set has an expected value obtained through a reduction of

type that gives information about the possible behavior of the
problem. This measure is the centroid that corresponds to a
closed interval formed by all the centroids of the type-1 fuzzy
embedded assemblies contained in the FOU of Ã as follows
1
1
=
(9)
C(Ã) =
[C
,
[Cl (Ã); Cu (Ã)]
l Cu ]
where Cl (Ã) and Cu (Ã) are the lower and upper levels of the
centroid. The IT2FSs have an infinite amount of centroids embedded in their FOU. Their calculation is an iterative process
where the general equations for calculating the dimensions are
Cl (Ã) =

Cu (Ã) =

(

PL

(

i=1 Ai µÃ max (xi )
P
( L
i=1 µÃ max (xi )

+

PN

Ai µÃ

+

PN

µÃ

i=L+1
i=L+1

min (xi ))

min (xi ))

PN
i=1 Ai µÃ max (xi ) +
i=U +1 Ai µÃ min (xi ))
PU
PN
( i=1 µÃ min (xi ) + i=U +1 µÃ max (xi ))

(10)

PU

(11)

where µÃ max (xi ) and µÃ min (xi ) are the upper and lower
values of the MF, L the point that marks the change from
µÃ max (xi ) to µÃ min (xi ), and U is the point that marks the
change of µÃ min (xi ) and µÃ max (xi ) .
A. Interval Type-2 Fuzzy PD control
Recently, researchers began investigating interval type-2
(IT2) fuzzy logic controllers that have demonstrated significant
improvements in control performance compared to their type1 counterpart. In this subsection, the general structure of the
proposed interval type-2 fuzzy PD (IT2-FPD) controller will
be presented. In the design of the IT2-FPD, the same control
law in (4), the 3 × 3 symmetric rule base and the consequent
MFs of the T1-FPD will be used. Therefore, the structure of
the IT2-FPD rule is defined as follows:
Rq : IF Ỹ is Ã1j and Ỹ˙ is Ã2j
T HEN U is Cq j, j = 1, 2, 3; q = 1, . . . , Q = 9
where Cq is the consistent set, Q is the number of rules, Ã1j
and Ã2j are the IT2FS of the inputs, j is the number of input
and output MFs of the IT2FS. The IT2FS will be denoted as
N (Negative), Z (Zero) and P (Positive). The antecedent can
be described in terms of U M F (µA˜1 max and µA˜2 max ) and
in LM F (µA˜1 min and µA2 ˜min ) that creates the FOU (which
provides an additional degree of freedom). The implemented
controller uses the weighted average defuzzification method.
The MFs used are shown in Figs. 6 and 7. The fuzzy rule base
applied to the system with Ỹ and Ỹ˙ entries, and an output u,
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Figure 6. Interval Type-2 Membership functions for Ỹ input.
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behavior and chemotactic bacteria, especially Escherichia coli
(E. coli) in our intestine. By running smooth and tumbling, it
can be moved to the escape area of nutrients and poison zone
in the environment. Chemotaxis is more attractive behavior
of bacteria, and it has been studied by many researchers [9],
[10]. Due to their group response, the social behavior of the
colony of E. coli is very interesting for engineering; it allows
them to get quickly and easily the best food supply with the
lowest possible risk. These bacteria can communicate through
chemical exchanges. The bacteria that have achieved a safe
place to feed, communicate it to others who come to such
place; the greater the amount of existing food, the stronger is
the signal. Similarly, if the bacteria are in a dangerous place,
with agents that may threaten the colony, they warn others to
stay away from that place. This behavior can be represented
mathematically forage as a kind of swarm intelligence [9]. So,
BFO mimics the four principal mechanisms of real bacterial
systems: chemotaxis, swarming, reproduction and eliminationdispersal to solve optimization problems.
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Figure 7. Interval Type-2 Membership functions for Ỹ˙ input.

is formed by taking all possible combinations of membership
functions for each entry; in this way, table III is developed:
Table III
I NTERVAL T YPE -2 F UZZY RULE BASE .
Ỹ˙
Ỹ
N
Z
P

N

Z

P

Kp, Kd → BIG
Kp, Kd → MEDIUM
Kp, Kd → MEDIUM

Kp, Kd → BIG
Kp, Kd → MEDIUM
Kp, Kd → SMALL

Kp, Kd → MEDIUM
Kp, Kd → MEDIUM
Kp, Kd → SMALL

B. Genetic Algorithm
Genetic algorithms are a category of algorithms supported
the abstraction of Darwin’s evolution of biological systems,
pioneered by Holland and his collaborators within the 1960s
and 1970s [11]. Holland used genetic operators corresponding
to the crossover and recombination, mutation, and choice
within the study of adaptational and artificial systems. Every
resolution is encoded in a very string (often binary or decimal)
referred to as chromosome.
GA is mainly based on the fitness function, and the selection,
crossover and mutation operation are performed. Individual
with best performance will be obtained in the process of
continuous iteration.
C. BFO-GA

The block diagram of IT2-FPD controller is shown in Fig.8:

Figure 8. Block diagram of the IT2-FPD controller.

V. BFO-GA OPTIMIZATION ALGORITHM
There are totally different optimization strategies and algorithms; they are classified into deterministic and stochastic
approaches [7], [8].
A. Bacterial Foraging Optimization
The Bacterial Foraging Optimization (BFO) algorithm was
first proposed in 2002 by Passino. It is inspired by the foraging

BFO algorithm is combined with GA to form BFO-GA, and
BFO algorithm is regarded as the local search method. The
scheme of BFO-GA is shown in Fig. 9. In the first block of the
BFO-GA scheme, the data is submitted to the GA scheme, in
this stage the coding of the data to be optimized is presented;
in the next block, the initial population is declared, they are
evaluated based on the optimization criteria that are proposed,
a selection of the values closest to the optimal ones is then
made; then the process of crossing these values is carried out
to finally subject them to the mutation phase. The new values
obtained are sent to the BFO optimization scheme.
These obtained data in GA undergo the chemotactic calculation process, then undergo the bacterial reproduction process;
finally, the obtained values undergo the elimination-dispersion
step. Once the desired values are obtained in this part, they are
sent again to the proficiency calculation proces. This process
continues until the optimal system values are found. The
programming of the proposed controller was carried out by implementing dependent code using the conventional MATLAB
platform. This code respect the structure of the diagram shown
in Fig. 9 which is a modification of the algorithm proposed in
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Figure 12. Optimized type-1 membership functions ỹ.
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Figure 9. Block diagram of the BFO-GA.
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[12]. The block diagram for optimized IT2-FPD controller is
shown in Fig. 10. For the T1-FPD controller the new values of
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Figure 13. Optimized type-2 membership functions Ỹ .

The gain tuning for T1-FPD and IT2-FPD controllers was
carried out with the analytical method of location of the poles
and zeros for the linearized system, however an empirical
retuning was carried out during the simulation process to
increase the speed of the system response. The gains that
were obtained for each controller are shown in Table IV. The
Figure 10. Block diagram of the Optimized Type-2 Fuzzy Controller.

Table IV
U SED GAINS FOR EACH CONTROLLER .

the MFs obtained are shown in figures 11 and 12. The fuzzy
Controller
T1-FPD
IT2-FPD
BFO-GA T1-FPD
BFO-GA IT2-FPD

1.2
N
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1

Kp
[150 100 50]
[140 80 60]
[60 45 25]
[100 70 45]

Kd
[15 5 2]
[12 6 2]
[4 2 1]
[8 4 1]

0.8
0.6

computation of gains Kp and Kd for T1-FPD controller were
performed following the criteria seen in [13] and then were
used as a basis to determine the gains of IT2-FPD controller.
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Figure 11. Optimized type-1 membership functions ỹ.

rule base remains the same, however the gains were modified
by the BFO-GA. For the IT2-FPD controller the new values of
the MFs obtained are shown in figures 13 and 14. The fuzzy
rule base remains the same, however the gains were modified
by the BFO-GA.
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VI. R ESULTS
This section shows the obtained results for trajectory tracking and position error when each used is applied.
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Figure 14. Optimized type-2 membership functions Ỹ˙ .
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The simulation of the IT2-FPD controller was possible using
the Toolbox developed in [14].
Fig. 15 shows the position of the steel ball in regulation, which
is subject to various changes in the sinusoidal desired reference
signal for all controllers.
It is important to note the use of a sinusoidal reference signal
because the implemented BFO-GA requires a continuous
signal for execution and sampling.
As can be seen in Fig. 15, the response of the BFO-GA IT2-

Figure 15. Ball position response.

FPD controller is smoother when it reaches the reference and
manages to reach it before the BFO-GA T1-FPD controller,
which has oscillations in the first 0.35 seconds of the simulation, reaching a maximum peak of approximately 1 cm above
the reference signal. Fig. 16 shows the position error for each

Table V
P ERFORMANCE INDEX .

T1-Controller
T1-FPD
BFO-GA T1-FPD

MSE (ỹ)
6.21 ×10−4
9.41 ×10−5

T2-Controller
IT2-FPD
BFO-GA IT2-FPD

MSE (Ỹ )
4.12 ×10−4
3.92 ×10−5

to reach an optimal solution. After a careful analysis of the
existing algorithms, this research work proposed the BFOGA algorithm to perform a multiple optimization, where the
optimal values are obtained, both for the MFs and the gains of
each controller; which for the best knowledge of the authors,
is the first work that uses the application of a hybrid algorithm
to carry out this task.
Based on the simulations results obtained in Figs. 15-16, it can
be seen that the response of the BFO-GA IT2-FPD controller
is softer than the others when monitoring the reference, since
it presents a lower overshoot, a smaller error, and although it
reachs the reference slightly later, it presents a better behavior,
which for a real-time application will have a better performance and lower damage to the system actuators. In the same
way it can be seen that the position error presents lower shocks
for type-2 fuzzy controller than for type-1 fuzzy controller.
In the future, the proposed algorithm may be applied for an
experimental test.
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Figure 16. Position error.

controller, it can be determined at a glance that the BFO-GA
IT2-FPD controller has lower oscillations and a lower error
rate compared to the others controllers included in this work.
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This section shows a comparison analysis for the mean
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