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Abstract—This paper focuses on evolving type-2 fuzzy logic
controllers (FLCs) genetically and examining whether they are
better able to handle modelling uncertainties. The study is
conducted by utilizing a type-2 FLC, evolved by a genetic
algorithm (GA), to control a liquid-level process. A two stage
strategy is employed to design the type-2 FLC. First, the
parameters of a type-1 FLC are optimized using GA. Next, the
footprint of uncertainty is evolved by blurring the fuzzy input
set. Experimental resnlts show that the type-2 FLC copes well
with the complexity of the plant, and ¢an handle the modelling
uncertainty better than its type-1 counterpart.

I. INTRODUCTION

Fuzzy logic is a form of logic whose underiying modes of
reasoning are approximate instead of exact. Unlike crisp logic,
it emulates the ability to reason and use approximate data to
find solutions. Fuzzy logic controllers (FLCs) are knowledge-
based controllers consisting of linguistic “IF-THEN" njles that
can be constructed using the knowledge of experts in the
given field of interest. FLCs have demonstrated their ability
in a number of applications [1], especially for the control
of complex nonlinear systems that may be difficult to model
analytically [2], {3].
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Fig. I. A type-1 fuzzy logic system

As illustrated in Fig. 1, a traditional fuzzy logic system
consists of 4 components— the rule base, the fuzzy infer-
ence engine, the fuzzifier and the defuzzifier. Knowledge is
embedded within the rule base in the form of rules whose
antecedent and consequent are fuzzy sets that partition the
input and output domains. Despite having a name that has
the connotation of uncertainty, researches have shown that
type-1 fuzzy logic systems have difficulties in modelling and
minimizing the effect of uncertainties [4]. The main reason is
that a type-1 fuzzy set is certain in the sense that for each input,
there is a crisp membership grade. Recently, a type of fuzzy
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sets characterized by membership grades that arc themselves
fuzzy have been attracting interest [4]. As illustrated in Fig. 2,
a type-2 fuzzy MF can be obtained by starting with a type-
1 MF and blurnng it, The extra mathematical dimension
provided by the blurred area, referred to as the footprint of
uncertainty (FOU), represents the uncertainties in the shape
and position of the type-1 fuzzy set. The FOU is bounded by
upper and lower MFs, and points within the “blurred area™
have membership grades given by type-1 MFs. The most
frequently used type-2 fuzzy sets are interval fuzzy sets, where
each point in the FOU has unity secondary membership grade.
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Fig. 2.

A type-2 fuzzy set

A fuzzy logic system described using at least one type-2
fuzzy set is called a type-2 fuzzy logic system. They are very
useful in circumstances where it is difficult to determine an
exact membership grade for a fuzzy set; hence, they can be
used to handle system uncertainties and have the potential to
outperform their type-1 counterparts. Fig. 3 shows the structure
of a type-2 fuzzy logic system. It is similar to its type-1
counterpart, the major difference being that at least one of the
fuzzy sets is type-2Z and a type-reducer is needed to convert
the type-2 fuzzy output sets into type-1 sets so that they can
be processed by the defuzzifier to give a crisp output.
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Fig. 3. A type-2 fuzzy logic system
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Perhaps the most difficult problem in FLC design is to
determine the MFs and the rule base. Genetic algorithm (GA)
is widely used recently to solve this problem [5], [6], [7].
GA is a general-putpose search algorithm that uses principles
inspired by natural population genetics to evolve solutions to
problems. It was first proposed by Holland in 1975. GAs
are theoretically and empirically proven to provide a robust
search in complex spaces, thereby offering a valid approach
to problems requiring efficient and effective searches [8], [9].
[10].

GA performs optimization by processing a population of
generic variants from one generation to the next. A particular
chromosome encodes a candidate solution of the optimization
problem. The fitness of an individual with respect to the
optimization task is described by a scalar objective function
(fitness function). According to Darwin’s principle, highly
fit individuals are more likely to be selected to reproduce
offsprings. Genetic operators such as crossover and mutation
. are applied to the parents in order to generate new candidate
solutions. As a result of this evolutionary cycle of selection,
crossover and mutation, more and more suitable solutions to
the optimization problem emerge within the population.

This paper aims at developing a strategy for using GA to
design a type-2 FLC. A comparison of the abilities of type-
1 and type-2 FLCs to handle modelling uncertainties 1s also
performed. The rest of the paper is organized as follows:
Section II describes a singleton type-2 FLC. Next, the coupled-
tank liguid-level system is introduced. Two FLCs, one type-1
and one type-2, are designed in Section IV and their abilities to
handle modelling uncertainties are experimentally compared in
Section V. Section VI discusses issues on computational cost.
Finally, conclusions are drawn in Section VIL

II. SINGLETON INTERVAL TYPE-2 FLC

This section discusses the singleton interval type-2 FLC
that is studied hereafter. As a singleton interval type-2 FLC
fuzzifies crisp input signals as singletons, it does not ac-
count explicitly for input measurement uncertainties. The
antecedents of the rule base are constructed using interval
type-2 fuzzy sets in order to handle model uncertainties, while
the consequents are type-1 fuzzy sets.

A. Fuzzy Inference Engine

The role of the fuzzy inference engine is to combine the
rules which are fired in order to generate a mapping from
crisp inputs to output type-2 fuzzy sets. Just as the sup-star
composition is the backbone computation for a type-1 FLC,
the extended sup-star composition is the backbone for a type-2
FLC. Each rule is interpreted as a type-2 fuzzy implication.
Suppose the sum-min inference engine is used and a rule is

R': f’ll and ﬁé e
F! and F} are interval type-2 fuzzy sets while G' is a type-1

fuzzy set. As all the type-2 sets used here are interval ones,
the result of the input and antecedent operations, involved in
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calculating the firing set Mi_, pu~ (z,) = F I(x), is an interval
type-1 set : )

Fi() = [0, 70 = 1,7
where f(x) = min (EF; (z1), B (a:g))
—= . _ —
F () = min (i (21), Tiz, (2)

f= (%) is the lower membership grade of F!
fiz(z;) is the upper membership grade of F ¢,

(0

The output set that is obtained when rule R! is fired is the
following type-2 fuzzy set

/6!, yey @

aw- [ _
" B[ £ (X)eae 1 (9), T (et ()

where fi:(y) is the membership grade of G*(y). To determine
fiz;(y), one only needs to compute its lower and upper
membership grades.
B. Type-Reduction

The outpuis corresponding to the fired rules are type-2

fuzzy sets which must be type-reduced before the defuzzifier -

can be used to generate a crisp output. This is the main

structural difference between the type-1 and type-2 FLCs. In.- .

this paper, the center-of-sets type-reducer is used. It combines
all the type-2 output sets and then performs a center-of-sets
calculation to produce a type-1 set, known as a type-reduced
set. There are two type-reduction methods: Karnik-Mendel
iterative method [4] and the uncertainty bound method [11].
The first approach is adopted and it is based on the Generalized
Centroid (GC) concept [4] which may be defined as

GC
N

it
f ] f / I
21€2Z zNEEN Jun €W, wy EWy Wi
i

= [yla yr] (3)

where Z; is a type-1 set with center ¢; and spread s;, and W;
is a type-1 set with center h; and spread &;. z; and w; are
calculated using ej, 8;, h; and §; via the following iterative
procedure shown in Fig. 4. It has been proved that this iterative
procedure can converge in at most IV iterations [4].

C. Defuzzification

Once y and . are obtained, they can be used to calculate
the crisp output. Since the type-reduced set is an interval set,
the output is (y + y»)/2.

2

I~
[
-

III. THE COUPLED-TANK SYSTEM.

The plant used as the test bed in this work is the coupled-
tank apparatus shown in Fig. 5. The equipment consists of two
small tower-type tanks mounted above a reservoir that store
the water. Water is pumped into the top of each tank by two
independent pumps, and the levels of water are measured by
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Setzi=ci+s fori=1,...,N;
Arrange zi in ascending order;
Sef w; =Nhffor i=1,...,N;

Y = Z.:; Fiwe
J— yz;‘:l w;
do

: ",

= ;
Find k € {1, N — 1] such that zx <y < zxya1:
Set wiy =hi —d; fori <k

Set w, =h; + 8 fori > k+1;

N

"o Z-= i

Y= S
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M
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while

Fig. 4. Kamik-Mendel iterative method
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Fig. 5. The coupled-tank liquid-level control system

two capacitive-type probe sensors. Each tank is fitted with an
outlet, at the side near the base. Raising the baffle between
the two tanks allows water to flow between them. The amount
of water which returns to the reservoir is approximately
proportional to the square root of the height of water in the
tank, which is the main source of nonlinearnty.

The dynamics of the coupled-tank apparatus can be mod-
elled by the following set of nonlinear differential equations:

dH
1# = Qy-oaH —an/H - Hy, (4a)
dH.
2“3;2- = Qe—an/Hy+az/Hy —Hy (4b)

where A, A, are the cross-sectional area of Tank #1, #2;
H;, H; are the liquid level in Tank #1, #2; ()1, Q2 are the
volumetric flow rate (cm?/sec) of Pump #1, #2; a3, a2, o3
are the proportionality constant corresponding to the /H,
VHs and VHy — H terms.

The coupled-tank apparatus is configured as a second-order
single input single output (SISQ) system in this paper by
tuming off Pump #2 and using Pump #1 to control the water
level in Tank #2. Tn this case, ()2 equals zero and Equation (4b)
can be simplified to :

H.
0,52 oy JTT; 05 VE < )

FLCs were tuned based on the simulated plant. The sam-
pling period is 1 sec. For the results reported herein, the

following parameters are adopted:

Ay = Ay = 36.52 em?
X =g = 5.6186
Qg = 10

The maximum control signal is 5 volts, corresponding to an
approximately flow rate of pump #1 of 73 cm®/sec. These pa-
rameters were identified using data collected from the physical
plant so that the FLCs designed using the simulated process
can be tested experimentally.

IV. DESIGN OF FLCs

In this section, a GA based strategy for designing a singleton
interval type-2 FLC is proposed.

Two very different approaches may be used to select the
parameters of a type-2 fuzzy logic system [4]). One is a
partially dependent approach, where a best possible type-1
fuzzy logic system is designed first, and then used to initialize
the parameters of a singleton type-2 fuzzy logic system. The
other method is a totally independent approach, where all
of the parameters of the type-2 FLC are tuned from scratch
without the aid of an existing type-1 design. In this paper,
the partially dependent approach is adopted because it has the
following benefits: 1) smart initialization of the parameters of
the type-2 FLC; and 2) a baseline design whose performance
can be compared with that of the type-2 FLC [4]. Another
benefit is the number of parameters that need to be tuned is
usually fewer with this approach, thus the GA can converge
at a faster speed.

The partially dependent approach requires a good baseline
design. To satisfy this requirement, the propesed design strat-
egy is to use GA to optimize the parameters of a type-1 FLC.
The type-2 FLC is then evolved by blurring the type-1 fuzzy
input sets to generate the FOU. Before presenting details about
how GA is used to tune the FLCs, the structure of the type-1
and type-2 FLC that is used to control the liquid level process
18 described.

In order to concentrate on examining the possibility of using
GA to evolve type-2 FLCs and to assess their ability to handle
uncertainties, the standard fuzzy Proportional pius Integral (PI)
controller is employed. Hence, the input signals of the FLCs
are the feedback error, e, and the change of the error, €,
while the output signal is the change in the control signal,
4. Each input domain is partitioned by three fuzzy MFs that
are labelled as N, Z and P. The output space has five MFs
labelled as NB, NS, Z, PS and PB. Table I shows the fuzzy
rule base, which is commonly used to construct fuzzy logic
controilers. Both the type-1 and type-2 FLCs have essentially
the same architecture. The only difference being that the input
domains of the type-1 and type-2 FLC are partitioned by type-
1 and interval type-2 fuzzy sets respectively. As described in
the previous section, the center-of-sets type-reducer and the
height defuzzifier are used to calculate the crisp control signal.

A. The Genetic Algorithms

In this paper, the MFs of the type-1 FLC and the FOU
of the type-2 FLC are evolved using a population size of
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TABLE |
RULE BASE OF THE TWO FLCS

I e\ é ” N I Z P
N NB NS Z
Z NS Z PS
P 4 PS FB

200 chromosomes coded in real number. Members of the first
generation are randomly initialized and the GA terminates
after 50 generations. To ensure that the fitness increases
monotonically, the best population in each generation enters
the next generation directly. In addition, a generation gap of
0.8 is used during the reproduction operation so that 80%
of the members in the new generation are determined by
the rank reproduction method, while the remaining 20% are
selected randomly. This strategy helps to prevent premature
convergence. The crossover rate is 0.8. Mutation is performed
by generating a random number, m, for each gene in the
chromosome. If m is smaller than 0.05, non-linear mutation,
as defined in Equation (6), occurs.

z(i +1) =x(2) + d(x, 1) (6)

where

§z, i) = {
)

and z(1) is the value of gene = in i** generation, i, is the
maximum number of generations, [L;, B;] is the interval in
which z lies, A is a random number in [0, 1]. This mutation
method enables finer adjustment to occur as ¢ becomes bigger.

The fitness of each member in the population is assessed us-
ing the simulated liquid level process described in Section IIL
As the main objective of the control system is to minimize
the error between the setpoint and the actual response of the
plant, the fitness function is chosen as the sum of the integral
of time-weighted absolute error (ITAE), which is defined in
Equation (8).

(Rg ~z)- (1= AU~ T0mz)), if rand(1) > 0.5
(Ly —z)-(1— AT ), otherwise

®)

where N; is the number of sampling instants between step
changes in the setpoint, M is the number of step changes in
the test sequence used to evaluate the fitness of each member
in a generation. A test sequence comprising of multiple
step changes is needed because the liquid level process has
nonlinear dynamics. However, a complex setpoint trajectory
places a higher computational load on the computer and it
will take a tonger time to evolve the necessary parameters. As
a trade-off, M is chosen to be 2. The 2 setpoints are randomly
selected at the start of each generation in order to cover a wide
operating range. In addition, the process is first brought to the
higher setpoint and then to the lower one, as illustrated in

956

FUZZ-IEEE 2004

Fig. 10. This ensures that MFs that cover the both positive
and negative sides of universe of discourse can be trained.

B. Type-1 FLC (FLCy)

Since each universe of discourse of FFLC, are partitioned
by 3 fuzzy sets that have partition of unity, three points are
sufficient to uniquely determine the three input MFs associated
with an input domain. Using the MFs of e as an example, the
three points are N, Z, and P, as indicated by the dotted
lines in Fig. 6. The output has five type-1 fuzzy sets. They
may be represented mathematically by five distinct numbers
because height defuzzifier is used. Consequently, there are a
total of 11 parameters which need to be optimized by the GA.
The MFs of e and é of FLC, evolved by GA are shown in
Fig. 7 as the dark thick lines. The MFs of « are shown in
Fig. 8.
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C. Type-2 FLC (FLC3)

FLC5 is a singleton interval type-2 FLC. It has the same
fuzzy rule base and the output MFs as the type-1 FLC. In line
with the partially dependent approach, the type-2 fuzzy input
sets are designed by blurring the type-1 fuzzy sets described in
the previous section. As illustrated in Fig. 2, the type-2 fuzzy
sets may be generated by shifting the apex of the type-1 fuzzy
set to the left and to the right. In other words, the FOU may
be uniquely defined by selecting suitable values for the two
dotted lines labelled as L and R.
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GA is used to optimize the FOU by choosing the 12
parameters that define the FOU of the 6 type-2 input fuzzy
sets in the antecedent part of the fuzzy “IF-THEN” rules.
The coding strategy of the entire chromosome is illustrated in
Fig. 9(a), and that for the sub-chromosome of ¢ is illustrated
in Fig. 9(b). The definitions of the genes are labelled in Fig. 6.
In a bid to balance the need to reduce the search space and
the need to provide sufficient flexibility, the range in which
the parameters associated with the N, Z and P fuzzy sets of
e can lie is first initialized as

NL: NR S {emim(Ne‘FZe)/z}
Zr, Zr € [(Ne+ Ze)/2, (Pe + Z.)/2
Py, Pr € [(Pe+%.)/2, €maz)

At the end of each generation, the intervals are modified
according to the best parameters obtained. The new intervals
are

NL, NR S
ZL, ZR S
P, Pp €

[emtn: (NRB + ZLB)/2]
(Nrp + Z15)/2, (ZrB + PLB)/2]
[(ZRB + PLB)/Qv ema:c}

where Nrg, Zrp, Zrp, PLp are the parameters correspond-
ing to the best chromosome obtained thus far.

A flexible position-coding strategy is also applied in each
interval to improve the diversity of the members in each
generation. Consequently, the order of the genes in the sub-
chromosome may not remain in the same order, i.e. the gene
corresponding to Ny, may be larger than Ng. Each time after
the chromosome has been changed, it is re-arranged in the
right order.

1 2 3 4 5 6 7
Ni [No|Zi [Za]PL Pk

Sub-chromoeseme of L]

g8 9 10 11 12
NLINR[ZL'ZRIPL;PH

Sub—chkromoesome of [

(a) The complete chromosome

1 2 3 4 5 6
NL I Nz I Zx i Zr i Po T Pr
l I
L (NetZe)/2 (PetZe)2 € s

(b) The sub-chromosome of e

Fig. 9. Coding scheme for FOU of type-2 fuzzy set

The type-2 MFs evolved by the above GA for FLCy are
shown in Fig. 7 as the shaded region. The MFs of % are the
same as shown in Fig. 8. Note that the first MF for the type-
1 fuzzy set for é domain does not lie within the FOU of its
corresponding type-2 fuzzy set. This is a result of the strategy
of adapting the range in which the FOU can lie.

V. EXPERIMENTAL COMPARATIVE STUDY

This section presents the results from the experimental
study that was conducted on the actual plant to assess the
performance of the type-1 and type-2 FLCs evolved by GA.
The volumetric flow rate of the pumps in the coupled-tank
apparatus used to produce the results is nonlinear and the

system has non-zero transport delay [12]. These characteristics
were not modelled by the simulated liquid level process used
by the GA to optimize the fuzzy controller parameters. Hence,
the ability of the FLCs to handle modelling uncertainties can
be ascertained by examining control performance of the FLCs
on the actual plant.

The responses to step changes in the setpoints and the
corresponding control signals are shown in Fig. 10. The
control performances are comparable to those obtained using a
neuro-fuzzy controller [12], indicating that both FLCs are able
to provide satisfactory control performance in the presence of
uncertainties introduced by the pump non-linearity and the
unmodelled transport delay,

T T T
e > T Typa<i FLG
: : - - Type-2FLc

Ha%
2
T
2

Output confrot vigraih)
3

L L L " ‘
L] 50 100 150 200 250 300
Time, sec

Fig. 10. Step responses to changed setpoints

To further comparc the ability of the type-1 and type-
2 FLCs to handle uncertainties, the flow rate between the
two tanks was reduced by lowering the baffle separating the
two tanks. This change gave rise to a system with slower
dynamics. In addition, the difference in liquid level between
the two tanks was larger at steady state. When the baffle was
slightly lowered, the step responses and the control signal
are shown in Fig. 11. When the baffle was further lowered,
the results are shown in Fig. 12. Tt may be observed that
both the FL.Cs are able to attenuate the oscillations when
the modelling uncertainties are small. The liquid level in the
tank will eventually reach the desired setpoint, though the
settling time is shorter when FLC, is employed. When the
modelling uncertainties are bigger, FLC, will give rise to
persistent osciilations while F'L.Cs has the ability to eliminate
these oscillations and the liquid level reach its desired height
at steady state.

Lastly, the ability of the two FLCs to deal with a larger
unmodelled transport delay was studied. First, a 2-second
transport delay was added to the system. The step responses
and the control signal are shown in Fig. 13. When a 4-second
transport delay was added to the system, the results are shown
in Fig. 14. Once agam, the type-2 FLC outperforms its type-1
counterpart especially when the uncertainty is large. Thus, it
may be concluded that the type-2 FLC is more robust than the
type-1 FLC. )
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VI. DISCUSSIONS

Besides control performance, another issue to consider is
the amount of computing power needed to implement a type-
2 FLC. Comparatively, the computational cost of FLC; is
higher. On a 500 MHz computer with 128M RAM, the average
computation time for F'LC and F'LC; are 9.5 milliseconds
and 16.8 milliseconds respectively. As the number of MFs,
and therefore the rule base, become larger, the computational
cost will increase further. Nevertheless, the larger computa-
tional requirements is not likely be a serious problem as fast
computers are readily available nowadays. The computational
load can also be reduced by employed the uncertainty bound
type-reduction method [11].

VII. CONCLUSIONS

In this paper, a GA approach for designing a singleton
interval type-2 FLC is proposed and used to design a controller
for a coupled-tank liquid-level system. Experimental results
show that the type-2 FLC outperforms its type-1 counterpart
significantly when the modelling error is large. The main ad-
vantage of the type-2 FLC appears to be its ability to eliminate
persistent oscillations. As the type-2 FLC can tolerate bigger
modelling errors, it is more robust than type-1 FLCs. Another
interesting observation is that the performances of both FLCs
are similar for the nominal plant, indicating that robustness is
obtained with little performance trade-offs. -

958 .

[1
[2

31

—_— =

[4]
[3]

[6

—

[7

—_—

[8]
[9
to

it

12

FUZZ-IEEE 2004

S0l
7
40r
= '
& a0} 4 i
Ed P
20F,
10 — Type-1FIC
— - Type-2FLG
o 50 100 150 200 250 300 350 200 250 500

o 5‘0 16D l;ﬂ 2&0 E‘D Jl;() 3;!) lsﬂ a50 S00
Time, sec
Fig. 13. Step responses when there was a 2 sec transport delay
v
50k, ofA" — )
e
al 4 4
) E
g o} ]
S
20 ]
10 — Type-1FLG
X = - Type-ZFLC
o 100 200 300 400 500 8O0 0
£ 2N\ 4
2 = sty
£ 5 : : k ‘r \ DEEERY || h 4
E ool il - ' ]
' U
; soby 4
O o 4
. L . N A . .
° 1040 200 300 400 500 800 700

Fig. 14. Step responses when there was a 4 sec transport delay

REFERENCES

Y. John and R. Langari, Fuzzy Logie inrelligence. Control and Informa-
tion. NJ: Prentice Hall, 1998.

P. King and E. Mamgdani, “The application of fuzzy control to industria
process,” Automatica, vol. 13, pp. 235-242, 1997,

L. A. Zadeh, “Outline of a new approach to analysis of complex systems
and decision processes.” IEEE Trans. Syst., Man., Cybern., vol. 3, no. 1,
pp. 2844, 1973,

J. M. Mendel, Rule-Based Fuzzy Logic Svstems: Introduction and New
Directions. NJ: Prentice-Hall, 2001.

J. Kim, M. Y., and B. Zeigler, “Designing fuzzy net controllers using
genetic algorithms,” JEEE Conrel Syst. Mag., vol. 15, ne. 3, pp. 6672,
1995.

A. Homaifar and E. McCormick, “Simultaneous design of membership
functions and rule sets for fuzzy controllers using genetic algorithms,”
IEEE Trans. Fuzzy Syst., vob. 3, no. 2, pp. 129-138, May 1995.

Q. Cordon, F. Herrera, F. Hoffinann, and L. Magdalena, Genetic Fuzzy
System: Evolutionary Tuning and Learning of Fuzzy Knowledge Bases.
Singapore: World Scientific, 2001.

M. Sakawa, Genetic Aigorithms and Fuzzy Multiobjective Optimization.
Boston: Kluwer Academic, 2002.

K. Man, K. Tang, S. Kwong, and W. Halang, Genetic Algorithms for
Control and Signal Processing, NY. Springer, 1997,

7. Michalewicz, Genetic Algorithms + Data Structures = Evolution
Programs. NY: Springer-Verlag, 1996.

H. Wu and J. M. Mendel, “Uncertainty bounds and their use in the
design of interval type-2 fuzzy logic systems,” J/EEE Trans. Fuzzy Svst.,
vol. 10, no. 5, pp. 622-639, 2002.

L. Teo, M. Khalid, and R. Yusof, “Self-tuning neuro-fuzzy control by
genetic algorithms with an application to a coupled-tank liquid-level
control system,” fni. Journal on Engineering Applications of Artificial
Inteiligence, vol. 11, pp. 517-529, 1998,



