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Abstract. Genetic Algorithms (GAs) are proposed as optimization method
“for tuning Membership’s Functions (MFs) parameters of Type-1 and
Type-2 Fuzzy Logic Systems (FLSs). The problem is to find the optimal
MFs parameters to achieve a desired behavior in a closed-loop system.
The case of study of the output regulation of a servomechanism with
backlash is presented. Simulations results illustrate the effectiveness of
the optimized closed-loop systems.
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1 Introduction

The design of FLSs is a heavy task that we face every time that we try to use
‘Fuzzy Logic (FL) as a solution to some problem, the design of FLSs implies at
least two stages: design of rules and design of MFs.

There has been a lot. work published in the design of Type-1 FLS using GA,
[1] presents GAs as optimization method for control parameters, both to Type-
1 Fuzzy Logic Control (FLC) as other control strategies, in [2] GAs are used
to optimize all the parameters of a Type-1 FLC, in [3] a hybridizing of Neural
Networks and GAs are presented to optimize a Type-1 FLC, a Hierarchical GA
(HGA) is proposed in [4] to optimize rules and MFs parameters of a Type-1
FLC, in general an extended list of references can be obtained from [3] and [4].

Type-2 FLSs [5] are a generalization of Type-1 FLS [6-8], which allow us to
deal with the uncertainty induced into a mechanical system by noise, frictions,
backlash, etc. In the few last years a growing interest in the research of theories
and applications of type-2 FLS can be seen from the academic and industry
sectors. In [9] is presented an extended review of Type-2 Fuzzy Logic Systems
(FLS) in control applications, and in [10] is presented a comparison between
Type-1 and Type-2 FLCs, giving conditions for the use of each one.
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As Type-2 FLSs are relatively new, and this type of FLS has more parameters
to be optimized, some options have emerged to optimize some of its parameters.
In [11] was proposed a Particle Swarm Optimization (PSO) method to optimize
parameters of the primary MFs of Type-2 FLS. The Human Evolutionary Model
(HEM) is proposed in [12] to the optimization of interval Type-2 MFs, HGAs
are proposed in [13] to optimize gaussian MFs.

Type-2 FLS allow us to deal with uncertainty, but this uncertainty must
to be modeled in form of Type-2 MFs, which can carry a new problem in the
designing of FLCs. In [14] it is show that making a uniform modification to the
MF’s parameters to a certain limit, the closed-loop system keep some properties
like stability, but will lost. or gain in some others like performance.

GAs [15), are derivative free optimization methods that have been used in a
wide range of issued, particulary in [16], GAs are presented as a class of opti-
mization methods for FLSs.

In the present paper, the output regulation problem is studied for an electrical
actuator consisting of a motor part driven by DC motor and a reducer part (load)
operating under uncertainty conditions in the presence of nonlinear backlash
effects, is presented as case of study. The objective is to drive the load to a desired
position while providing the boundedness of the system motion and attenuating
external disturbances. Due to practical requirements [17], the motor angular
position is assumed to be the only information available for feedback.

The paper is organized as follows. Type-2 Fuzzy Sets and Systems are pre-
sented in Section I1. A Hybrid Genetic - Fuzzy optimization approach of a Type-2
FLC is presented in Section III. Simulations results are presented in Section IV,
and in Section V the conclusions are presented.

2 Fuzzy Sets and Systems

2.1 Type-1 Fuzzy Sets and Systems

A Type-1 Fuzzy Set (FS), denoted A is characterized by a type-1 MF p4(z)
|15), where z € X, i.e,

A = {(z,p(z))Vz € X) (1)

where p(z) is called membership function of the fuzzy set A. The MF maps each
element of X to a membership grade (or membership value) between 0 and 1.

Type-1 FLSs are both intuitive and numerical systems that maps crisp inputs
into a crisp output. Every Type-1 FLS is associated with a set of rules with
meaningful linguistic interpretations, such as:

R':IF z; is A} AND z, is A5 THEN w is B, (2)

which can be obtained either from numerical data, or from experts familiar with
the problem at hand. Based on this kind of statements, actions are combined
with rules in an antecedent/concecuent format, and then aggregated according
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to approximate reasoning theory, to produce a nonlinear mapping from input
space U = Uy x Uz x ... Uy, to output space W, where AL C U, k = 1,2,...n,
and the output linguistic variable is denoted by w.

A Type-1 FLS consist of four basic elements (see Fig. 1): the Type-1 fuzzy-
fier, the fuzzy rule-base, the inference engine, and the Type-1 defuzzi-
fier. The fuzzy rule-base is a collection of rules in the form of (2), which are
combined in the inference engine, to produce a fuzzy output. The Type-1
Juzzifier maps the crisp input into Type-1 (FS), which are subsequently used
as inputs to the inference engine, whereas the Type-1 defuzzifier maps the
Type-1 FSs produced by the inference engine into crisp numbers.

Rule Base
Crisp Inputs 5
T Tt 3| Fuzdifier Defuzzifier |13
i 1 Crisp ?nws
: Type-1. input 4 Type-1 output
; fuxzy sets Inference e

Fig. 1. Type-1 Fuzzy Logic System.

FSs can be interpreted as MFs U, that associate with each element of z of
the universe of discourse, U, a number px(z) in the interval [0,1]):

ke : U — [0,1]. (3)

2.2 Type-2 Fuzzy Sets and Systems

As the Type-1 FS, the concept of Type-2 FS was introduced by Zadeh [6-8] as
an extension of the concept of an ordinary FS (Type-1 FS).

A Type-2 FS, denoted 4 is characterized by a Type-2 MF pu4(z,u) [18],
where z € X and u € J; C [0,1], i.e,

A ={((z,u), p5(z,u))Vz € X,Yu € J, C [0,1]} (4)
in which 0 < p;(z,u) < 1. A can alse be expressed as follows [18]:
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A= / . /  Ha(E0)/ (@) (5)

where J; C [0,1] and [ [ denotes union over all admissible z and u [18].

J. is called primary membership of z, where J. C [0,1] for Vz € X [18].
The uncertainty in the primary memberships of a Type-2 FS A, consists of a
bounded region that is called the footprint of uncertainty (FOU) [18]. It is the
union of all primary memberships [18].

A FLS described using at least one Type-2 FS is called a Type-2 FLS. Type-1
FLS are unable to directly handle rule uncertainties, because they use Type-1
FSs that are certain. On the other hand, Type-2 FLSs, are very useful in circum-
stances where it is difficult to determine an exact, and measurement uncertainties
(5]

1t is known that Type-2 FS let us to model and to minimize the effects of
uncertainties in rule-based FLS. Unfortunately, Type-2 FSs are more difficult to
use and understand that Type-1 FSs; hence, their use is not widespread yet.

Similar to a Type-1 FLS, a Type-2 FLS includes Type-2 fuzzifier, rule-
base, inference engine and substitutes the defuzzifier by the output pro-
cessor. The output processor includes a type-reducer [5] and a Type-2
defuzzifier; it generates a Type-1 FS output (from the type-reducer) or a crisp
number (from the Type-2 defuzzifier). A Type-2 FLS is again characterized by
IF-THEN rules, but its antecedent and consequents sets are now of the Type-2,
see (6). Type-2 FLSs can be used when the circumstances are too uncertain to
determine exact membership grades. A model of a Type-2 FLS is shown in Fig.
2.

T

g Rule Base

: Defuzzifier

; X E Crisp Outputs

ts 5 Type-1 reduced ' Y

CeispIoP2ts ol Fuzatier uzzy sets :

; Type-reducer g

: Type-2 input v Type-2 output :

H fuzzy sets fuzzy sets 3

! Inference .

Fig. 2. Type-2 Fuzzy Logic System.
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R':1F z, is A} AND z, is A} THEN w is B/, (6)

Note that for both Type-1 FLS and Type-2 FLS rule-base we are describing
the IF-THEN rules following the Mamdani’s [19] type.

3 Genetic Algorithms

GAs are derivative-free optimizations methods based on the concepts of natural
selection and evolutionary process [15]. They were first proposed and investigated
in [20]. As a general-purpose optimization tool, GAs are moving out of academic
sectors and finding significant. applications in many areas. Their popularity can
be attributed to their freedom from dependence on functional derivatives and
their incorporation of other characteristics reported in [15).

The main idea of a GA is 10 maintain a population of solutions of a prob-
lem that evolves over a time through a process of competition and controlled
variation. Each individual in the population represents a candidate solution to
the specific problem, and each individual has associated a fitness to determine
which individuals are used to form (by sexual reproduction and mutation) new
ones in the process of competition.

The sexual reproduction of GAs consists basically in a Selection Process
[20], where a set of individuals are selected to be passed through a Crossover
Operation (20], which consist in to take a pair of individuals and interchanging
its gens from one (or more) random selected cross point to the end of the chro-
mosome. Mutation [20] consists in to change one or more randomly selected
gens of the chromosome in some of the selected individuals.

The objective function [20] of a GA is a the value (fitness) that the method
must maximize or minimize.

4 Case of Study: Backlash Problem

In the present paper, the output regulation problem is studied for an electrical
actuator consisting of a motor part driven by DC motor and a reducer part (Joad)
operating under uncertainty conditions in the presence of nonlinear bad.désh
effects. The objective is 1o drive the load to a desired position while providing
the boundedness of the system motion and attenuating external disturbances.
Due to practical requirements [17], the motor angular position is assumed to be
the only information available for feedback. )

The study is motivated by a PEGASUS robot manipulator (see Fig. 3) in-
stalled in thevRobotics & Control Laboratory of CITEDI-IPN where the backlash
problem occurs due to the chains and gears transmission elements. Measurements
are provided from the motor side while the links, attached into the load of the
motor, must be positioned at the desired point.



Fig. 3. PEGASUS robot manipulator of Robotics & Control Laboratory of CITEDI-
1PN, and view of the problem in question given by each degree of freedom.

4.1 Dynamic Model

The dynamic model of the angular position g;(t) of the DC motor and go(t) the
angular position of the load are given according to

JoN=1Go + foN~1dgo =T + wo
JiGi + figi + T = T + w;, (7)

hereafter, Jo, fo, Go and go are, respectively, the inertia of the load and the
reducer, the viscous output friction, the output acceleration, and the output
velocity. The inertia of the motor, the viscous motor friction, the motor accel-
eration, and the motor velocity denoted by Ji, fi, ¢; and g;, respectively. The
input torque 7,, serves as a control action, and T stands for the transmitted
torque. The external disturbances w;(t), wo(t) have been introduced into the
driver equation (7) to account for destabilizing mode] discrepancies due to hard-
to-model nonlinear phenomena, such as friction and backlash.
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The transmitted torque T through a backlash with an amplitude j is typically
modeled by a dead-zone characteristic [21):

0 Ag|<j
T(Ag) = . 4al < ®)
K Aq — Kjsgn(Aq) otherwise
with
Ag = g; — Ngp, 9

Where K is the stiffness, and N is the reducer ratio. Such a model is depicted in
Fig. 4. Provided the servomotor position gi(1) is the only available measurement
on the system, the above model (7)-(9) appears to be non-minimum-phase be-
cause along with the origin the unforced system possesses a multivalued set of
equilibria (g;, go) with ¢; = 0 and go € [—j, j].

To avoid dealing with a non-minimum-phase system, we replace the backlash
model (8) with its monotonic approximation:

T = K Ag — Kn(Aq) (10)
where
=—2j]_exp{—ég} (11)
e (%)

Coupled to the drive system (7) subject to motor position measurements,
it is subsequently shown to continue a minimum phase approximation of the
underlying servomotor, operating under uncertainties w;(t), wo(2) to be attenu-
ated. As a matter of fact, these uncertainties involve discrepancies between the
physical backlash model (8) and its approximation (10) and (11).

4.2 Problem statement

To formally state the problem, let us introduce the state deviation vector z =
[z1, 2, 23, 24,]T with

T1 =4go—4qd
T2 = qo
z3 = g; — Ngq

T4 =g



Fig. 4. a) The dead-zone model of backlash; b) The monotonic approximation of the
dead-zone model.

where z; is the load position error, z is the load velocity, z3 is the motor
position deviation from its nominal value, and z4 is the motor velocity. The
nominal motor position Ngg has been pre-specified in such a way to guz;rantee
that Ag = Az, where

Az = xz3 — Nz3. (12)
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Then, system (7)-(11), represented in terms of the deviation vector z, takes
the form

Ty =22
To = JE’[KNI:g—Ksz] —fozz+KN17(Aq)+w°] (13)
ia =Ty
Z4 = J7 [tm + KNz, — K23 — fizg + Kn(Ag) + wi.
The zero dynamics
= (14)
&y = J5 ' [-KN?z, — foxz + KNn(~Nzy)]
of the undisturbed version of system (6) with respect to the output
y=ux3 (15)

is formally obtained by specifying the control law that maintains the output
identically zero.

The objective of the Type-2 FLC output regulation of the nonlinear driver
system (7) with backlash (10) and (11), is thus to design a FLC so as to ob-
tain the closed-loop system in which all these tra jectories are bounded and the
output go(t) asymptotically decays to a desired position ga as 1 — oo while also
attenuating the influence of the external disturbances w;(t) and wo(2).

5 Fuzzy - Genetic Architectures

In this paper we use a GA to optimize the parameters of the MFs of a Type-1
FLS and a Type-2 FLS, this optimization is performed assuming that each FLS
have a preestablished fuzzy rule-base.

By the knowledge that we have about the systems of our case of study, we
propose the seven rules of Table 1, where can be seen that we select two input
variables (error and change of error) and one output variable (control),
each one of this input and output variables are granulated in three linguistic
interpretations (MFs), this linguistic interpretations are: negative (n), zero (z)
and positive (p). )

The next two subsections describe the architectures for each one of the opti-
mization approaches.

5.1 Fuzzy - Genetic Architecture for Type-1 FLS

To make the Type-1 Fuzzy - Genetic optimization we are considering triangular
MFs to each one of the linguistic interpretation in which we granulate the three
variables of the FLS, we encode each individual in a 27 real gens chromosome
[22], where are represented the three parameters of each one of the three MFs
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Table 1. Fuzzy IF-THEN rules

No. error change of error control

1 n n P
2 n P 2
3 n z P
4 p P n
5 P n z
6 P z n
7 z z z
oo thange of error control
negative 700 postive Degative  zerc  PosRive negative  2€r0  positive

- - N ¥ e P T BN ~ > P LI B « Ny

la—u—lrbulq;llglbulcutulbulh‘ulu;IbulCu]lulle'mlbulqiln,xlhalﬁ.alh:'h,nlcultulb,;l;l

Fig. 5. Genotype for Type-1 FLS.

of each one of the three variables of the Type-1 FLS, this is called a genotype
[22] of the population, see Fig. 5 for an schematic representation.

In this case we select the objective function of equation (16). To achieve
our optimization problem, we must to minimize this objective function.

fitness; = min(mean|error|) (16)

The set of parameters of the GA are shown in Table 2.

5.2 Fuzzy - Genetic Architecture for Type-2 FLS

To make the Type-2 Fuzzy - Genetic optimization we are considering Triangular
Interval MFs to each one of the linguistic interpretation in which we granulate
the three variables of the FLS; following the proposed in [23]-[24] we need six
parameters for each Triangular Interval Type-2 MF, that is, we need to encode
a total of 54 parameters for each individual (Type-2 FLS) of our population,
to make this encoding we design a chromosome structure of 54 consecutive real
gens, where are represented the six parameters of each one of the three Triangular
Interval Type-2 MFs of each one of the three variables of each Type-2 FLS
(individual) of our population. Fig. 6 show an schematic of the genotype [15] of
our Type-2 Fuzzy - Genetic optimization approach, where the subindex of each
gen represents the parameter number of the MF in question and the superindex
represent the number of the gen in question, remember that each Triangular
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Table 2. Parameters of the Genetic Algorithm

Parameter Value
Representation real
Population size 10

Selection method Roulette [15]
Cross method  two points

Rate of cross 0.8
Mutation method Gaussian
Rate of mutation 0.1

Elitism [15] 2

Generations 100

Interval Type-2 MF is represented by six parameters (gens) which means the
left hand side of Fig. 6 represents the MF negative of input variable error, and

the right hand side of Fig. 6 represents the MF positive of the output variable
control.

or
Houe i F
e | i see
g/
o) -
o2} I ;
= H 2 h| fhz €2 £
° = ALK
] < = -
. Jx /
S S A S i il Il L 5l Sl ol

Fig. 6. Genotype for Type-2 FLS.

Our optimization problem is again a minimization, and with the objective
Sfunction [15] of equation (16) we express that we want to minimize the mean
error in our solutions space.

The set of the GA parameters are the same shown in Table 2.

6 Simulations Results

To perform simulations we use the dynamical model (7) of the experimental
testbed installed in the Robotics & Control Laboratory of CITEDI-IPN (see Fig.
7), which involves a DC motor linked to a mechanical Joad through an imperfect
contact gear train [21]. The parameters of the dynamical model (7) are in Table
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3, while N = 3, j = 0.2 [rad], and K = 5 [N-m/rad]. These paremeters are taken
from the experimental testbed.

Fig. 7. Experimental test bench.

Table 3. Nominal parameters.

Description Notation Value  Units
Motor inertia Ji 2.8x10~°% Kg-m?

Load inertia Jo 1.07 Kg-m?
Motor viscous

friction fi  7.6x1077 N-m-s/rad
Load viscous

friction Jo 1.73 N-m-s/rad

The input-output motion graph of Fig. 8 reveals the gear backlash effect of
the system.
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Fig. 8. Backlash hysteresis before compensation.

6.1 Numerical Solutions for the Type-1 FLS - Genetic Architecture

The GA was implemented using the Genetic Algorithm and Direct Search Tool-
box [25], each individual (Type-1 FLS) of the population was tested in a closed-
loop system modeled in Simulink, in that model we consider the angular motor
position as the only information available for feedback. In the simulations, the
load was required to move from the initial static position go(0) = 0 [rad] to the
desired position gg = 7/2 [rad]. In order to illustrate the size of the attraction
domain, the initial load position was chosen reasonably far from the desired po-
sition. The GA was executed in a PC Computer with Intel Pentium processor
of 2.4 GHz and 512 Mb of RAM. Four executions conclude satisfactory and the
solutions are concentrated in Table 4.

The GA was executed in about 26 hours (see Fig. 9 for details of convergence),
producing the results shown in Table 4, Table 4 include the settling time of each
individual, and as can be seen, all the individuals converge to a same fitness,
this can be caused because there are just 27 gens in the chromosome (see Fig. 5)
and the Crossover Operation makes than all individuals merge in the same

one, moreover, the objective function (16) is not designed to considerate this
case of situations.

Table 5 shows the chromosome of the resulting individual of Table 4, and its
phenotype is in Fig. 10, its surface of control is in Fig. 11 and Fig 12 shows the
system’s response for this individual.
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1[h]

Fig. 9. Evolution of GA for the Type-1 FLS - Genetic Architecture.

Table 4. Genetic Algorithm Results for the best execution of the Type-1 FLS.

Individual Fitness Settling Time
1 0.0519 38.2158
0.0519 38.2158
0.0519 38.2158
0.0519 38.2158
0.0519 38.2158
0.0519 38.2158
0.0519 38.2158
0.0519 38.2158
0.0519 38.2158
0.0519 38.2158

SOOI U WN
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Table 5. Data of the best individual of the Type-1 FLS - Genetic Architecture.

Variable Membership Function a b c
negative -1.5000 -1.0000 -0.5377
error zero -0.1173 -0.1173 2.3416
positive -0.5380 1.0000 1.5000
negative -1.5000 -1.0000 0.0258
change of error zero -0.4957 0.6905 0.6905
positive -0.5658 1.0000 1.5000
negative -1.5000 -1.0000 -0.6166
control zero -0.6619 0.7550 0.7550
positive 0.0800 1.0000 1.5000
4 negative zero positive
1 1
Zos Eos Z o0s
0
-1 0 1 91 0 1 91 0 1
domain x domain x domain x
1 1 1
Zos E os Z os
0
-1 0 1 % 0 1 % 0 1
domain x domain x domain x
1 1 1
£ 05 Z 05 £ 05
0 0 0
-1 0 1 -1 0 1 -1 0 1
domain x domain x domain x

Fig.10. Phenotype of the best individual of the Type-1 FLS - Genetic Architecture.
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Fig. 11. Surface of control of the best individual of the Type-1 FLS - Genetic Archi-
tecture.
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4 A )
10 1 0 25 2 0 40 a 50

Fig. 12. Simulation result of the best individual of the Type-1 FLS - Genetic Archi-
tecture.
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6.2 Numerical Solutions for the Type-2 FLS - Genetic Architecture

The GA was implemented using the Genetic Algorithm and Direct Search Tool-
box [25], each individual (Type-2 FLS) was implemented in the Interval Type-2
Fuzzy Logic Toolbox reported in [23]-[24]. and each individual of the population
was tested in a closed-loop system modeled in Simulink, in that model we con-
sider the angular motor position as the only information available for feedback.
In the simulations, the load was required to move from the initial static position
90(0) = 0 [rad] to the desired position ga = 7/2 [rad]. In order to illustrate the
size of the attraction domain, the initial load position was chosen reasonably far
from the desired position. The GA was executed in a PC Computer with Intel
Pentium processor of 2.4 GHz and 512 Mb of RAM.

The GA was executed in about 200 hours (see Fig. 13 for details of conver-
gence), producing the results shown in Table 6, including the settling time of
each individual, and as can be seen, a best fitness do not mean a best settling
time, this because the objective function (16) is not designed to achieve this
performance measurement, moreover, some of this results can give a good per-

formance in simulation, but in physical applications can be destructive for the
mechanisms.

[ J
)
an
hmmm
st oo 4
[}
0

N @

g o, -
a
3 apn .
°
T
[)
2 @ J
R,
1 4
co 10 20 30 40 so 60 70 80 9 100
Generaton

Fig. 13. Evolution of GA for the Type-2 FLS - Genetic Architecture.

From Table 6, the individual number six is the best solution of the GA, this
because it have the best fitness, Table 7 shows the chromosome of individual
number six who’s phenotype [15] that is depicted in Fig. 14. Fig. 15 shows its
surface of control and Fig. 16 shows the system's response for this individual
number six.
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Table 6. Genetic Algorithm Results of the Type-2 FLS.

Individual Fitness Settling Time
0.3032 17.1036
0.8898 24.1193
0.8593 15.3227
0.3046 17.0761
0.3809 16.0508
0.3004 15.2611
0.3308 16.4957
2.2201 22.9921
0.6113 20.8435
2.3717 35.2812

SO©ONMOD WN -

Table 7. Data of the best individual of the Type-2 FLS - Genetic Architecture.

Variable u al bl cl a2 b2 c2

negative -1.0000 0.2176 0.2176 0.3012 0.4293 0.4293

error 2ero -0.1982 -0.1982 -0.1912 -0.4260 0.8378 0.8378
positive 0.2669 0.2669 1.0000 -0.5479 -0.5479 1.0000

negative -1.0000 0.3504 0.6897 0.0926 0.9659 0.9659

change of error zero -0.6963 -0.6963 -0.1490 -0.4170 0.0000 0.4005
positive 0.2611 0.4405 1.0000 -0.9561 -0.9561 1.0000

negative -1.0000 0.4586 0.4586 -0.6673 0.7247 0.7247

contro] 2ero -0.4571 -0.4571 0.7067 0.0446 0.0446 0.0446
positive 0.6220 0.9432 1.0000 -0.0605 -0.0605 1.0000
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Fig. 14. Phenotype of the best individual of the Type-2 FLS - Genetic Architecture.
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Fig. 15. Surface of control of the best individual of the Type-2 FLS - Genetic Archi-
tecture.
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Fig. 16. Simulation result of the best individual of the Type-2 FLS - Genetic Archi-
tecture.
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7 Conclusion

The main goal of this paper was to develop hybrid approaches combining GAs
with Type-1 and Type-2 FLSs for the design and optimization of Type-1 and
Type-2 FLCs. The optimized Type-1 and Type-2 FLCs were designed for the
case of study of the output regulation of a servomechanism with backlash, giving
to the GA a heavy task because the nonlinearity of the proposed problem, and
a heavy task test to the Type-1 and Type-2 FLCs for the high uncertainty in
the case of study.

The GA was implemented and performed in a satisfactory fashion, giving a
whole family of solutions of Type-1 and Type-2 FLCs to the problem in question,
some of the resulting solutions give us best performance that other ones.

In this paper we are reporting explicitly just one of the solutions for Type-1
and Type-2 FLCs because of space limitations. The solutions reported in this
paper are evidently different each from another. confirming that as in the Type-1
FLS, Type-2 FLS can be obtained from human expertise, and in this case, each
solution can be a representation of the expertise of different experts.

The combination of a GA and Type-1 and Type-2 FLSs results to be a good
method for the proposed problem, but the time necessary to run each generation
of the GA is too big, and maybe we can find another set of solutions faster by
trial and error, but those results most probably will not be optimal.

If we compare the resulting best optimized Type-1 and Type-2 FLCs, is
evidently that the Type-2 FLC is better that the Type-1 FLC, this because from
12 and 16 we can see that the response of the closed loop system is more soft from
optimized Type-2 that from optimized Type-1 FLCs, and in 12 we can see that
the optimized Type-1 FLC is giving a motor behavior that may be destructive to
the physical mechanism and this do not. occur with the optimized Type-2 FLC.
Moreover, the settling time of the response of the closed-loop systems with the
optimized Type-1 FLC is twice as long that the responte of of the closed-loop
systems with the optimized Type-2 FLC.

Comparing the necessary time to the convergence of the Type-1 and Type-2
FLCs approaches, optimize the Type-2 FLC needs almost eight times that the
time needs to optimize the Type-1 FLC.

GAs has been proved in this approach that are a good method to optimize
MF’s parameters in the designing of Type-1 and Type-2 FLSs, however, we must
be aware of the price we pay for using GA, that is, we must to be agree in spend
so much computation resources, like memory and CPU time.
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