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A new robust adaptive multiple models based fuzzy control scheme for a class of unknown nonlinear
systems is proposed in this paper. The nonlinear system is expressed by using the Takagi-Sugeno (T-S)
method, and some identification adaptive T-S models along with their corresponding controllers, are
used in order to control efficiently the unknown system. The modeling error that is produced due to the
use of the T-S plant model can cause instability problems if it is not taken into account in the adaptation
rules. In this paper, in order to solve this problem, we design a control scheme that is based on updating
rules that utilize the o-modification method. Every T-S controller is updated indirectly by using the
robust updating rules and the final control signal is determined by using a performance index and a
switching rule. By using the Lyapunov stability theory it is shown that o-modification based rules can
ensure the robustness of the system and define a bound for the steady state identification error. The main
objectives of the robust controller are: (i) to ensure that the real plant system will remain stable despite
the existence of modeling errors and (ii) to ensure that the real plant will track with a high accuracy the
state trajectory of a given reference model. The effectiveness of the proposed method is demonstrated by

computer simulations on a well known benchmark problem.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Robustness issues are very crucial in control systems design,
especially in cases when fuzzy or neural networks (NNs) theory
tools are used to mathematically express an unknown nonlinear
plant [1] along with adaptive control techniques which are used to
control the plant. The necessity for using fuzzy or NNs theory in
system modeling is imperative when the system's nonlinearities
impose difficulties to the controller design procedure. One of the
most popular fuzzy models is the T-S formulation [2]. The main
advantage of this method is that it uses linear submodels which
are fuzzy blended and finally produce the nonlinear fuzzy model.
These linear models are easily controlled by using linear control
techniques and finally another fuzzy blending of the sub-
controllers produces the final nonlinear controller of the system.
Another characteristic of T-S representation is the “universal
function approximation” property which offers the possibility to
approximate any nonlinear function to any degree of accuracy [3].
Although T-S method is very effective when describing a non-
linear system, there is a very important factor that should be taken
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into account when someone studies a controller. The system to be
controlled is rarely free of unmodeled dynamics and unknown
nonlinearities. Any approximation error associated with the T-S
modeling inaccuracies is called modeling error and might raise
robustness issues especially when adaptive control techniques are
used [4-6]. In [6], it was shown that a combination of modeling
approximation errors and adaptive control techniques cannot
ensure stability if the adaptive methods are not taking into
account the modeling error. These stability problems could be
surpassed by utilizing some robust adaptive control methods
including injection of small signals to make the regressor of the
adaptive law persistently exciting or modifications to the adaptive
laws by using leakage, parameter projection, dead-zones etc. A
number of these methods has been embodied in the following
fuzzy control schemes: in [7] authors used a robustifying term in
the control signal to cope with unmodeled dynamics and bounded
disturbances, in [8] authors used o-modification along with
backstepping design and and in [9] authors also used o-mod-
ification in a direct adaptive fuzzy control scheme.

Adaptive control combines an online parameter estimator with
a control law in order to control classes of plants whose para-
meters are unknown or highly uncertain. Adaptive control meth-
ods can be classified into two main categories according to the way
the unknown parameter estimator is combined with the control
law. In the first category, referred to as “direct” adaptive control,
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the system is parameterized in terms of the desired controller
parameters and afterwards these control parameters are estimated
directly without intermediate calculations involving system para-
meters estimates. On the other hand, in “indirect” adaptive control
the system parameters are estimated online and then used to
calculate the controller parameters assuming that this is the “true”
plant. In general, direct adaptive control is suitable to be used
when the plant can be expressed in a parameterized form invol-
ving only the control parameters and indirect adaptive control is
suitable when the estimated plant is controllable and observable
or at least stabilizable and detectable. A lot of new intelligent
(Fuzzy Systems, NNs, etc.) adaptive control methods have been
developed during the last decade [10-24] in order to deal with
nonlinear systems which are characterized by unknown or highly
uncertain parameters.

In [10], the authors developed a method for controlling
uncertain nonlinear multiinput-multioutput (MIMO) discrete-
time systems. This method which uses a number of subsystems
to compose the MIMO system and high order NNs to approximate
the desired controllers ensures that the output errors converge to
a compact set and that the number of the adjustable parameters is
highly reduced. A method that is based on the modeling of
uncertainties and external disturbances by using fuzzy logic sys-
tems and the backstepping technique was presented in [11] where
the objective was to control a MIMO nonlinear system and finally
it was proven that the robustness to dynamic uncertainties and
external disturbances is improved. In [12], the authors ensured the
robustness by using T-S systems to approximate the unknown
functions of an uncertain MIMO system, developing at the same
time an adaptive control scheme that utilizes “dynamic-surface”
control and “minimal learning parameters” techniques'. In [13],
the authors presented a method for the control of a class of
uncertain single-input/single-output (SISO) nonlinear strict-
feedback systems. More specifically they utilized fuzzy logic to
approximate the desired control signals and then an adaptive
fuzzy controller was constructed via backstepping ensuring the
boundedness of all the signals and minimizing the computation
burden due to the fact that only one adaptive controller needs to
be updated online. An adaptive fuzzy output-feedback dynamic
surface control design with prescribed performance was investi-
gated in [14] for a class of uncertain SISO nonlinear systems in
strict-feedback form ensuring that the dynamic errors converge to
a predefined arbitrarily small residual set for all times and over-
coming the problem of ‘explosion of complexity’ that appears in
other adaptive control approaches. A similar method for MIMO
systems was presented in [15]. Authors in [16] presented an
adaptive fuzzy output tracking control approach for a class of SISO
switched nonlinear systems with completed unknown nonlinear
functions, unmeasured states, unmodeled dynamics and dynamic
disturbances. The importance of this work lies in the fact that this
scheme can be successful without the restrictive condition that all
the states of the controlled systems are available, incorporates the
dynamical signal into the average dwell time period and finally the
unmodeled dynamics are taken into account.

Unlike the adaptive control methodologies used in the afore-
mentioned papers there is a very common case where the adap-
tive fuzzy model approximates the plant which is finally used to
produce the control signal employing the certainty equivalence
principle, i.e. indirect adaptive control methods [17-22]. In [17,18],
the authors proposed a stable control scheme for T-S Models (i.e.
not for the nonlinear plant) that is based on a T-S adaptive model
whose parameters are used by an adaptive controller at every step
in order to form the control signal. In [19], the authors proposed
an indirect adaptive control scheme for discrete-time uncertain
nonlinear systems by using a T-S adaptive model and under the
assumption that the T-S model represents accurately the real

plant (i.e. there is no modeling error). The same assumption was
made in [20] where the authors proposed an adaptive control
scheme for discrete-time state-space T-S fuzzy systems with
general relative degree. In [23,24], the authors enhanced these
adaptive control methods by introducing the multiple adaptive T-
S identification models control scheme architecture which pro-
mises a better performance than traditional single model methods.
These multiple adaptive T-S identification models form the basis
for deriving the corresponding fuzzy controllers which are
designed to control a class of dynamical fuzzy systems. The
aforementioned control schemes appearing in [17-20,22-24] are
designed to be very effective when there is not any modeling error,
that is, when the fuzzy model describes the plant accurately.
Although, it has been experimentally shown that they perform
satisfactorily well when they are applied in the real plant [17,24],
due to modeling errors, the stability analysis which is made only
for the fuzzy model cannot guarantee that the real nonlinear plant
will remain stable. Also, multiple models based control has been
shown to perform better in complex systems that change with
time or their parameters are unknown. In addition, it has to be
noted that the vast majority of the bibliography in multiple models
adaptive control concerns linear plants or special classes of non-
linear plants [25-32] thus the capacity and the usefulness of the
multiple models methods have not be extensively explored,
especially in difficult nonlinear control problems where fuzzy
theory techniques could provide powerful tools for this kind of
problems.

The aim of this paper is to address both issues of robustness
and nonlinearity. It introduces a new robust adaptive control
scheme for nonlinear systems which uses multiple adaptive T-S
models and takes into account the modeling error which is added
to the fuzzy model of the nonlinear system. The parameters of the
identification models are updated using the o-modification
method and a stability analysis based on Lyapunov theory ensures
the robustness of the controller. A performance index and a
switching rule define the control signal at every time instant. The
steady state identification and reference model errors, which are
unavoidable due to the negative effect of the modeling error, can
be diminished by choosing the appropriate values for the learning
rates in the updating rules and by using enough fuzzy rules in
order to reduce the modeling error.

Compared with the existing results, the main contributions of
the proposed method are as follows: (i) unlike the other works
[17-20,22-24], where the modeling error is neglected, the pro-
posed control scheme makes a substantial improvement by taking
into account the modeling error of the T-S models and providing a
new Theorem which ensures the robustness of the controller; (ii)
multiple models robust fuzzy control is applied to nonlinear sys-
tems extending the results of [25-32] which are using mainly
linear or special nonlinear-plants and (iii) it provides a new fra-
mework in which these three powerful tools (i.e. fuzzy modeling,
multiple models and robust control) can be combined in many
new ways in order to face the difficult nonlinear control problems.

The rest of the paper is organized as follows: In Section 2, the
mathematical expression of the nonlinear plant is given and its
corresponding T-S model is constructed. In Section 3, the multiple
models based controller architecture is described and the
switching mechanism is given. The T-S identification models and
the fuzzy controller expressions are given in Section 4. In Section
5, a robustness analysis based on the o-modification adaptation
rules is given. Simulation studies results are given in Section 6 and
finally the conclusions of this work are given in Section 7.
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2. Problem formulation

In this section, the problem formulation and some mathema-
tical expressions which make the problem more tractable

are given.
Consider the following nonlinear system:
x=f()+gxu (€]

where f:R"->R" and g:R"—R" are two unknown nonlinear
functions. Assuming that C(x, u) = f(x)+g(x)u on a compact set X x
U is an affine continuous function with C(0,0)=0 and f{x) is
continuously differentiable on X, then the nonlinear system (1) can
be approximated to any degree of accuracy by using a T-S model
[33,34] which consists of the following fuzzy rules:

Rule i : IF x4(¢t) is M"1 and x,(t) is M; and ...and x,(t) is M;,
THEN Xx(t) = Aix(t)+ Bju(t) +€;

where i=1,...,] is the number of fuzzy rules, M;',,pz 1,...,n are
the fuzzy sets, x(t) e R" is the state vector, u(t) eR is the input
vector, AP",B!*! are the state and input matrices respectively
which are considered to be unknown and ¢; is the modeling error
for every rule. The matrices A;, B; are of the following form:

0 0
0 I(n -1 0
A= . , Bi=1|.
a, A a b

where I _1) is an (n—1) x (n—1) identity matrix.
Using the above fuzzy rules, the final fuzzy model for a pair of
x(t), u(t) is given as follows:

Sio 1 ) AxO) +Bu(t) |
Sio 1 hi®)

where h(x(t)) = [T _ Mj,(xp()) = 0 and M,,(x,(1)) is the grade of
membership of x,(t) in M, foralli=1,....I, p=1,...,n, €f eR" is
the modeling error due to the fuzzy modeling and ll ¢ |l <d, i.e. the
modeling error is bounded. The main objective of this paper is the
design of a robust controller that will be able to make the real
plant follow a reference model which is given as follows:

Xm = AgXm 3)

x(t) = )

where x, € R" is the state vector of the desired reference model
and AJ" is a stable matrix in companion form. Eq. (2) can be
expressed in the state space parametric model (SSPM) [35] form as
follows:

i 1 XONAi = AxO +Bu(®)
f

X(6) = Agx(t) +
‘ G

4)

Performance
Index

Hysteresis I Toin

T-S Adaptive
Controller 1

i N

\
T-S Adaptive A\

Due to the fact that the parameters matrices A;, B; are unknown, an
estimation model must be used in order to design the control
signal based on the certainty equivalence approach. The series
parallel model (SPM) [35] can be expressed as follows:

St - 1 (O (A —A)X(©O) +Biu(©))
i1 hix (@)

where %, A;, B; denote the estimations of x(t), A; and B; respectively.

Based on the above modeling, a control architecture that uses

multiple T-S identification models is described in the following
section.

R(t) = AgR(H)+ (5)

3. Controller architecture: adaptive T-S multiple models and
switching mechanism

In this section, the main parts of the controller architecture are
described and depicted schematically. Moreover, the performance
index and the employed switching rule are described. The proper
combinations of these three tools ensure the stability and satis-
factory performance of the closed-loop system.

3.1. T-S multiple identification models

The main part of the control scheme which is depicted in Fig. 1
consists of a bank of T-S identification models. The role of these
models is to approximate the behavior of the real plant which is
unknown. The models bank contains N T-S identification adaptive
models {/\/lk}f:1 of the plant, which are operating in parallel.
Every identification model is connected with its own adaptive
controller and the certainty equivalence approach is used for the
adaptation of the controllers' parameters. The objective of the
control scheme is to drive the reference model tracking error,
em = X—Xnm, very close to zero. The SPM formulation (5) is used to
describe all the identification models {Mk}l,:]:1 whose initial
parameters estimations are different. The uncertain parameters of
A;,B; are denoted as £43 €5 CR°, where = is a compact space
indicating the region of all the possible parameters values com-
binations and s is equal to the number of the unknown para-
meters. The critical point here is that the initial estimations are not
picked randomly but they are distributed uniformly over a lattice
in =. Although N controllers are used in the proposed scheme, only
one of them defines the control signal u, which is finally applied to
all the T-S models and the real plant too. A state estimate Xy is
produced for every model. The identification error which defines
how “close” the models are to the real plant is given as e, =x—X.
A feedback linearization controller ¢, with an output u, corre-
sponds to identification model M. The controller's C, signal is

/|Model 1 " e—s

T-S Adaptive X, X

"¢

" |7-5 Adaptive %

Model 2 e— e,

Controller 2 \
U \
\
L control Signal

a')l 5::
Selection %

T-S Adaptive A
Controller N-1 ~

AN-Di 2ov-ni N1
a(.\-l)xb,\-..

T-S Adaptive /
Controller N /

d.\‘i b\

" |T-s Adaptive  fva
o

J{T-S Adaptive %y = x—’

Real Plant X

Y—» e,
-1

X

+

Fig. 1. The multiple T-S estimation models switching control scheme.
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designed so that when applied to the corresponding T-S plant M,
the output is given by a state equation identical to that of the
reference model (3). At every time instant, the appropriate con-
troller is chosen by using a switching rule, which is based on a
specific cost criterion J,. The switching mechanism is described in
the following subsection.

3.2. Performance index and switching rule

The switching scheme, which is defined by the performance
index and the switching rule, is very important for the stability
and the performance of the system. The performance index that is
used in this paper has the following form:

t
Ju(®) = aceg(&)+be /0 e M=De}(7) dr (6)

where ac,b. are design parameters and A is a forgetting factor
which determines the memory of the index and ensures bound-
edness of J,(t) for bounded e,. It is obvious that this expression
embodies both past and instantaneous values of the state identi-
fication errors. Based on this performance index, the switching
rule selects at every time instant the most appropriate controller.
An additive hysteresis constant h [36], and a Ty, [37] are used
because they are essential for the stability of the system. The
switching rule is given as follows: If Ji(t)=ming{Ji (D)},
A={1,...,N}, and J()+h <],(t) is valid at least for the last eva-
luation of the performance index in the time interval [t, t+ T ;]
then the model M,; is chosen to be tuned according to rules that
will be described in the next sections. The corresponding con-
troller C; of M; is calculated and being exploited using the cer-
tainty equivalence approach. It is this controller's signal that is
applied on the real plant and all the identification models. Here,
Jo(t) is the index of the current active T-S model M. It has to be
noted that the algorithm step is not bigger than T, and thus
there will be more than one evaluations in the time interval
[t, t+Tpin). For example if T, is equal to three algorithm steps
then the inequality J;(t)+h <]J.(t) should be valid at least during
the third step in order to change the controller. If the aforemen-
tioned inequality is not valid, the controller C, remains active,
meaning that it is the ideal controller for the time instant t+ T ;y.
Note that M;, i.e. the model with the minimum performance
index, may change during the evaluations in the time interval
[t,t+Tpmin]. The above procedure is repeated at every step. The
notations C; and M; will be used for the dominant controller and
the dominant T-S model respectively in the following sections.

4. T-S identification models and fuzzy controller design

The fuzzy controller design is based on the T-S identification
models. The mathematical expressions of the basic elements of the
proposed architecture are given below. Every T-S identification
model M, is described by the following fuzzy rules:

T-S Identification Model M,
Rule i:

IF x1(t) is MY and x,(t) is M& and...and x,(t) is MK
THEN X(t) = AgRie(6)+ (Aki — Ag)x(6) + Bju(t)

where ke A={1,...N} and i=1, ..., L The final form of every T-S
model is given by the following equation:

Yoi = 1 M)A —A)X(0)+ Byiu (1))
S hu)
where hyi(x) =TT _ My (xp(t)) = 0 and My (x,(t)) is the grade of

)A.(k(f) = AR (O)+ 7

membership of x,(t) in M, ke A, i=1,....,land p=1,...,n. Also,
Mg’(xp(t)) = M,,(xp(t)) and hy;(x) = hy(x) for all k, i, p. The matrices of
all the T-S models are of the following form:

0 0

. 0 o1 . 0
K= . , Bri=| .
ki Aki A~ ki ~ki

ap  an_4 a; b

Using a feedback linearization technique, and supposing that
M; is the dominant T-S model, the control signal for the plant is
identical to the control signal of the controller C; and is given by
the following equation:

S i@l —a")Tx
S hﬁ(X)Bﬁ

u(t) = uj(t) = ®)

where

@' =lahah_, - ahdi], @) =adal; - df af]
are the nth rows of the estimated state and reference matrices
respectively.

Applying the control input u(t) to M; and taking into account
that hj;(x) = hy;(x) = h; we obtain

ji
(Z h; ((A]z Ad)x(t)+B M))

A N 1
Xj(f)=Ade(f)+Z,

i=10\i=1 Zi:lhib
0
0 In_1)
=Adki(t)+—; o l' : :
U el Shl S hid
i=1 i=1 i=1
0
0 In_1)

i=1 i=1 i=1
0
0 i
f| e o met-a het ety S hat-ab| b
i=1 lx i=1
Zl
i=1
=Ad)A(j(t)
0
0 On_1)
1 .
+17
Yic1hi ! ! i
Zh(a _ad) > hitan_—ai_y) Zh(a17a1
i=1 i=1 i=1
0
0 ! i
Z (ﬂ _an) Zh(an 1 Zh(al a ) X(t)
. i=1 i=1 i=1
1

where 0y,_1) is a (n—1) x (n—1) zero matrix.
From the above equations it follows that

Xj(6) = AgRi(b) ©

From (9) it is obvious that when u;(t) is applied to Mj;, this model
is linearized and has an identical behavior to that of the desired
reference model (3). When the numerator of the control signal (8)
equals zero, then the control signal will not be able to control the
system. In this case, the Next Best Controller Logic (NBCL) [24] is
used ensuring a nonzero control signal.
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In the following section the adaptation rules for the T-S models
are derived based on Lyapunov stability analysis.

5. Adaptation rules and robust stability analysis

In this section, the main objective is to formulate appropriate
adaptation rules for the parameters of the adaptive models that
will lead the system to the desired behavior ensuring at the same
time its stability. The identification error for every T-S model - as
already mentioned in Section 3 - is given by the following equa-
tion:

€k =X*)A<k (10)

The error e is equal to the difference between the state of the
plant and the state of the T-S model M. The time derivative of
the identification error ey is given by the following equation:

l
Z A E }LlBkz
i=1 i=
l
2

k—l*lk—/ld(kf T — u+ef

l
h,j Z

l 0 O(nfl)
hi
l;l
M ~1r” dk‘i
—Ad(’,kf an, 1—1 1 .
Z h,,j
i=1
[ o]

l 0
2 hi
i=1

: ! 1T

ki 2 hi| Opyno1y a* ]

— 7 U+€f:Ad€k72:l 7 x
Z h/i Z hi
i=1 i=1
l 1
> hi [ 0 0 .-
=1 ; u+ €y
Z ’I,i
i=1
an
~ A - ~ 7 ~ki ki S
where A,<,-=A,<,-7A,<, Byi =Bi—Bi, agl =af,'fa;,, b =b"—b, ak=

[ﬁﬁl ad . a’f’ is a n x 1 vector, Op,n_1) i a zero matrix of

dimension n x (n—1), p=1,...,n and ¢ is the modeling error.
Here, a,'refer to the elements of the last row of A; and a" refer to
the elements of the last row of Ay;.

Consider the following functions as Lyapunov function candi-
dates:

~ ki T ~ ki
)a

@
Vi(er,a kl b ) = e,TPek + hj————
! ' 1—21 Zl 1 hir

!
Y (b a2)

1 L hirk
where ¥ >0 is a design constant, V, >0, and P=PT >0 is the
solution of the Lyapunov equation:

ATP4+PA; = —1y (13)
The following inequality can be obtained from (12):

nakz b2

Vi 5) < Amae(P e 124 > st
z—Z:l ZI—lhr Z1 ZI—lhrk
(14)

The time derivative of V is given as follows:

Z (akl)T ~ ki i bklbkl
szekPek+ekPek+2 hi 2 hi———
i=1 21_1h ki zgzlhirk
- (~I<1)T ki ! Bkil;)ki
=elAlPe,+elPAse,+2>  h +2> h
e z—zl 1_lh rk 1:21 'Z£=1hirk
Zi': 1 hix" [onx(n—‘l) 5ki]
— 7 ”ek+€fPek
i—1h
21,1 h [ nx(n-1) kl:l X
+€,<P€f
Zz_ 1 h
. . ki | ~ii] T
S hu"|00--b >i-1hi|00--b | u
- ; Pe,—elP -
Yicthi Yicthi

Utilizing known matrix properties and after some mathema-
tical manipulations the time derivative of Vj is given by the fol-
lowing equation:

. . ; Z (akl)T ~ki i B’“Eki
Vi=—e ek+efPe,<+e, Peg+-2 h7+2 hj———
: ‘ i=1 Zf,]hrk i=1 25:1hirk
~ki
ol hPleadt 3 b Ple 15)
Zl-] h Zl_]

where P, e R™! is the nth column of P.

The main objective at this point is to choose the approprlate
values for the parameters vectors updating laws (a kiy, b in order
to make the time derivative of V) negative. The adaptation rules
are given as follows:

ki x ki
@ =@ = rkPlepx” —rko(@ T
2 ki ki ~ki
b'=b =rPlequ—rkch" (16)

where ¢ is a small design parameter and the adaptation rules
follow the so-called o-modification approach of the adaptive
control literature [6]. Applying the values of (16) in (15), V, takes
the following form:

~ki T ~ ki 1 ~ki ~ki
V= —ele,+elPey +elPe; - ZZh 0@a sy p b
i=1 1_1h i=1 Zi:lhi
FK\T 3k kiyT zki
= —eje,+€fPe;+ejPes— ZUZh(a ya' o, Zh(a )ya
i=1 ,,1h i=1 7]h
~l<l ki ~ki i
b'b b b
—20 h (-17)
; 171 zzl 2171h
From (17), it follows that
s Ki\T z ki ki ~ki
Vi< —llegl2+2dIP1 el — 2,;2},7("‘ ya +20—Zh,—”a 1la i
i=1 Zl—lh i=1 Zi:]hz
~ki ~ ki i 2
b b 15" 1b L e o pe
‘202” +2 Zh S —+2d° 1P
i=1 17] i=1 =1
1 Hakz ” 1 Ha’“ HZ i |bk1|2
o2 M o3 sy
=1 lflh Zl*‘lh =1 Z 1 hi
1 ki 2
b
=1 Xicahi
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Using the inequality (14) it is obvious that

1 skiy 2 1 pki o
Z ”a - L Y TP E
=1 i:] hi Zl:]
(19)
From (18) and (19) it follows that
Vi < (6™ Amaxy(P)—(1/2) I e 112 —61%V + 2d> 11 P112
zl:h Il aki |12 ih | bk|2 20
+0o o (20)
i=1 1—1hi i=1 lZf:ﬂli

The main objective at this point is to ensure that V, < 0 for certain
circumstances. In order to achieve this goal we pick the appro-
priate values for o, P and r* so that inequalities (21) and (22) hold,

1
rk

2 2 ]
Vs k<2d 1Pl Z
r o =1 Zi:1hi =1

Amax(P) < 5— 21

ki 2 1 ki 2
flaki| Z z|:b |h> 2
=1"4

AlP+PA; = — 1y 23)
If (21) and (22) are valid and taking into account (23), then V, is

bounded and thus e, ", B 'cL, and a“, b" 'cL., too. Another

critical point in the proposed control scheme is the boundedness

i o
of the control signal (8). Although b is bounded, the term 1/b l
may become unbounded if the adaptatlon rule generates values

very close to zero or equal to zero for the b parameter. In this case
the adaptation rule has to be modified towards a direction that
prevents the parameter from approximating zero or becoming
zero. In order to accomplish this goal, the following assumptions
are necessary: (i) the sign of b’ and a lower bound bO >0 for ‘b"

are known for all i=1,...,] and (ii) the initialization of the b
fulfills the following inequality:

5" (0) sgn(b’) = ‘Bki(O)‘ > b} 24)
The new adaptive law is given in (25) and Theorem 1 ensures that

the plant is stable in a certain region and the plant follows the
state of the reference model (3):

s ki

AT = rFPTepaT — rko(a")T,
. it [o
s r*PTeju — rFobh?
i = if [bri] =
0, if ‘b'ﬂ

Remark 1. The region in which the system is stable can be
regulated appropriately due to the fact that the positive quantities
r*,d, o in (22) are chosen by the designer. For example, the upper
bound of the modeling error could be reduced if the designer uses
more fuzzy rules in the fuzzy model [33]. In this case the stable
region for the system would be larger. The same result would be
possible if the designer increases the leakage term o or the
learning rate constants r*. It has to be noted here that using the
techniques which are given in [33, Subsection 14.1.3] one could

= by and PTejusgn(b;)

obtain the upper bound of the modeling error for a specific
dynamical system.

Theorem 1. Consider the real plant (1) and the reference model of
(3) with the control signal (8) and the adaptation laws of (25). The
proposed approach guarantees . that Ln a certain region and for all
i=1,..,1 and],ke/\ (i) al b 1/b ei(t), eq(t) are bounded, and
(ii) ek(t) & (t), b (t), en(t) are (d2 I P12 +6)-small in the mean square
sense.

Proof. As it was mentioned above, the values of Bkl should be kept
away from zero in order to avoid singularities problems. This
means that if (24) is valid then the following inequality should be
valid too:

2 ki i

>0 (26)
Analyzing (26) it follows that

2 Ki i

b b =@*Pleju— r"ai)ki)ﬁki =r*PTe,u sgn(bi)Eki sgn(b;)

ki ki ki ki
—rka sgn(bpb - sgn(b)b = r*Ple,u sgn(b;)| b | —rka1b |2

= r*(PTeu sgn(by) — a1 b* )1 B

~ki

From the above equation it is obvious that if PsTeku sgn(b;)—o|b '
2 Ki A i ~ki . .

|>0thenb b >0and [b"|>b) for all ik. In addition V, <0

under specific circumstances is given by (22). The case where PST

eru sgn(by)—o| Bki| <0 and |[7ki| = by should be examined for the
< ki

negativity of V. From (25), b =0 and V/ is given as follows:

Ale ki kior
h (a )a _ZZ b P ek
Zl—]h
27)

Vi= —efec+efPey+efPes—20 Z

i=1 1 =1 h i=1
For the sake of proofs calculations the term V,, of (27) will be
denoted as Vk(B =0) and the term V of (17) as Vk(b 7é 0). It was
shown above, that under certain circumstances, Vk(b # 0)<0.If

Vk(b =0) <0 under the same circumstances, then the modified
adaptive law ensures that the time derivative of Vj is negative or

> by or
Jfor all 4, k. (25)
— o|bFi| >0

= b} and PTegusgn(b;) — o|b¥| < 0, for all i, k.

(25)

equal to zero in every case. From (17) and (27) and using the fact

that Ple,u sgn(b) —o| Bki| <0 it follows that,

. . ~ki ~ki ~ ki
Loaki . xki b PTe, [ b'b
Vb =0)—Vib #0)=-2> k ‘+20 hy————

' lZ Zz:l lzzl 12%:1’“
b sgn(byPTe,u sgn(b; Lo pRe
:_22 ' sgn(byP!e,u sgn(by) 1265 hy
i=1 Zx_lh i=1 folh
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i ~ ki ~ ki
- Zaz b sgn(b)|b +20'Zhi blb
Yioihi =1 Yichi
~ki ~ ki
—ZaZhb sgn(b)b sgn(b) 120 Zh b"'b
i=1 Zi:lhi i=1 Zz—l

. oxki . aki . aki
Since V(b =0)-Vi(b #0)<O0and Vi (b #0)<0,itis obvious

.oqki .
that V(b =0)<0. This result means that V, <0, for all k and
t > 0. Consequently, the function Vj is a Lyapunov function for the
error system (11) when the parameters are updated according to

(25). This implies that e,, a“, b", b eL thus x, &y, U, em e
L., too. Also, Vi is bounded from below and non-increasing with
time and the following equation stands:

ki Akl

lim Vigeu(), a0, b(6) = Vioo) < oo (28)

05t

Fig. 2. The membership functions of the fuzzy model.
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The inequality (20) implies that
2 Lo jaki?
Vi < (0T Aman(P)— (1/2)) I e 1> +2d° I P> + 6> hi—r——
i=1 Z: =1 h
bkz | 2
+o Z hi———— (29)
i=1 i=1 h

Integrating both sides we obtain

t o t
/ llegll? drsM+C—l/ (d®1IP1%+06) dr 30)

0 c CJo
where V(0) = V,(ex(0), a¥(0), (0)) and
= — 0" Apax(P)+3 >0
and
lak 12 4 |bY|2
= h; : 2
i=1 Zi =1 h;

and
1 = max{2, ¢}
Inequality (30) implies that ege S(d2 IPI2+6)  where

S(ky =[x : [0,00)>R"| [T XT(@)x(7) dT < g, +&,kT. T. 2.8, = 0].
Applying the control signal u(t) = u;(t) in the model M; we obtain

P () =AgX;(t), and taking into account Eq. (4), the time derivative

b
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Fig. 3. (a) and (b) State response; (c) control signal; (d) controllers switching sequence; (e) and (f) zoom out of control signal and controllers switching sequence respectively

on the time interval [0, 3], using ten adaptive identification models, 6 =0.05 and r*=1.
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of the identification error for M; is given as follows:

: % S hix(D)(Ai — A)x(t) + Biu(t))

éi(t) =x(t)—x(t) =Aqei(t)+ +€

! ST S hix(o) d
31

The time derivative of the reference model error, e, =x—Xn, is
given as follows:

Eho O A= AXD +Bu®) |

Em(t) = X(D) — Xm (D) = Agem(t) +
¢ S hx(t)

(32)
From (31) and (32) one obtains

éj(t) —em(t) = Aq(ej(t) —em(t)) (33)

Eq. (11) implies that é,elL.. Using (33) and the fact that
e e S(d*IIPII2 +0), it follows that ey eS(d*IPI%+0) too. This

means that eg, e, are (dZHPHZ—i-o')—small in the mean square
sense. O

Remark 2. From (30) it is obvious that when using the o-mod-
ification method, the L, property, which is a requirement in order
to achieve e, — 0, cannot be guaranteed even if the modeling error
is equal to zero. Consequently, the steady state errors may not be
zero for the sake of robustness. This problem can be solved by
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using a switching o-modification method [6] which requires the
knowledge of an upper bound of the unknown parameters.

Remark 3. The matrices A, B of the linear plants that are used in
the consequent part of the fuzzy rules derive from the nonlinear
plant to be controlled. There are two main approaches for con-
structing fuzzy models [33]: (i) to identify the nonlinear system by
using input-output data and (ii) to use the nonlinear system
dynamic equations, in case these are known, even uncertainly. In
this paper, the second approach is utilized. This approach is mainly
based on the “sector nonlinearity” method. The aim of this method
is to find a global or a local sector such that x(t) =f(x(t)) e [a;, az]
x(t) where f(x(t)) is a nonlinear function and a;, a; € R. This sector
is used for the construction of the linear models in fuzzy rules.
When the reduction of the number of fuzzy rules that describe a
system is necessary the “local approximation in fuzzy partition
spaces” method is used. The objective of this method is to
approximate the nonlinear terms by judiciously chosen linear
terms. When T-S multiple models are engaged in the control
scheme this method offers a reduction in the complexity of the
whole control procedure.

6. Simulation studies

In this section, the proposed robust control algorithm is applied
on a nonlinear plant with unknown parameters. Its efficiency is
demonstrated and the results are discussed in detail.
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Fig. 4. (a) and (b) State response; (c) control signal; (d) controllers switching sequence; (e) and (f) zoom out of control signal and controllers switching sequence respectively
on the time interval [0, 3], using ten adaptive identification models, ¢ = 0.08 and r*=2.
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Consider the following inverted pendulum system (34) which
is a highly nonlinear system and is widely used as a benchmark
control problem [38,17]:

X] =X3
X g sin(xl)—amlxﬁ sin(2x;)/2—a cos (x1)u
5=

41/3 —aml cos2(x1) 34

where x; denotes the angle (in radians) of the pendulum from the
vertical, x, is the angular velocity, g=9.8 m/s? is the gravity
constant, m is the mass of the pendulum, M is the mass of the cart,
2l is the length of the pole, u is the control signal applied to the
cart and a=1/(m+M). The nonlinear system (34) can be
approximated using the following two fuzzy rules:

Rule 1: IF x4(¢t) is about O THEN x(t) = A1x(t)+Bqu(t)
Rule 2: IF x;(t) is about + z/2 THEN X(t) = Ayx(t) + Bau(t)

where
o 1 0 1
A = =
! a a 41/3g-am1 0
B '0] 0
A T | —astan
ro 1 0 1
A; = = 2g
2 _a% al:| 7(41/3 — amif) 0
B [3]-|
= = a,
27 [p? T a3 amip?

and = cos(88°). Here, x; e (—x/2, n/2) and the membership
functions used are depicted in Fig. 2.

The unknown parameters &5 lie in the three dimensional
compact space =:

E={01<I<11, 06<m<5, 5<M<15}

The objective of the robust controller is to force the system (34)
to follow as closely as possible the reference model (3) with the
following stable state matrix:

0 1 }

Ad:{—s -5

From the Lyapunov Eq. (13), we obtain

_ {1.]0 0.10

_ T
010 0.12}, P;=[0.10 0.12]

and Ame(P)=1.1101. For the purposes of this particular control
problem we used a scheme with ten adaptive fuzzy T-S models
{M;},>, along with their corresponding controllers {C;}, ;. The
initialization of these models is made in such a way that their

parameters éki, l;kl are uniformly distributed in the three dimen-
sional region =. The values for the real plant are given as follows:
[=0.8 m, m=2 Kg and M=12 Kg.

Two simulations for the same plant but with different design
parameters took place in order to indicate the crucial role of
design parameters values in the controller's performance. More
specifically, the design parameters for the first simulation are
6 =0.05, *=1 and for the second simulation are ¢ = 0.08, **=2. In
both simulations, the values a.=6, b.=1, A =0.01 are used for
the cost criterion (6), Tpin =0.1s and h=0.01. Also the lower
bounds for the b"'s are b} =0.02 and b2 = 0.001. The initial states
for the real plant, the estimation models and the reference model
are x(0) = X(0) = x;n(0) = [7/3 O}T, vk.

The results of the proposed control scheme for both cases are
depicted in Figs. 3 and 4. In Figs. 3(a) and (b) and 4(a and b), the
states of the real plant (34) and the reference model (3) are given.
The dashed line in the above figures depicts the reference model's
state. In Figs. 3(c) and 4(c), the respective control signals are
depicted. In Figs. 3(d) and 4(d), the switching sequence of the
controllers is given and finally Figs. 3(e and f) and 4(e and f) zoom
out crucial parts of the previous figures. We choose the initial
controller randomly, due to the fact that the initial J,(t) is equal to
zero for all the systems, and thus C; is the controller that provides
the control signal to the system in both cases. In the first case
where ¢ =0.05 and r*=1, the controller stabilizes the system and
leads it to the reference model's state after about 10 s, with some
small oscillations around the vertical position where the state x;
=0 and some larger oscillations for x; as it can be seen in Fig. 3(a
and b). A small burst in the control signal can be noticed at about
1.1 s where there is change in the dominant controller. Five con-
trollers (Cy, Cs, Cg, C19, C2) are used and finally the controller C,
undertakes the control of the system (Fig. 3(c-f)). The T, and
hysteresis h tools along with the performance index (6) ensure
smoothness and stability for the signals. In the second case where
0=0.08 and r*=2, i.e. we increase the values of the design para-
meters, the results are better, concerning the performance of the
controller. The states x4, x, follow the states of the reference model
at about four seconds in a smoothly way. The control signal has a
small burst at about 0.5 s and takes smaller values than that of the
first case. Three controllers (Cq, C4, Co are used and finally the
controller C4 undertakes the control of the system (Fig. 4(c-f)).
Consequently the simulation results indicate that the values of o,
r*, d (the last one is reduced only if the precision of the fuzzy
model is increased) play an important role to the performance of
the system. From (22) it is obvious that an increase in ¢ or r*
implies that the requirements for the negativity of V, are more
relaxed and thus the stable region becomes larger. This fact offers
a better performance to the controlled system. On the other hand,
very large values for the leakage term ¢ or the learning rates r*
may lead to instabilities. The role of the designer is to define the
best possible values for these crucial parameters in order to
achieve a satisfactory control result.

7. Conclusions

A new control scheme which incorporates robustness in a
multiple T-S adaptive models based control architecture is pro-
posed in this paper. The necessity of using fuzzy control theory in
order to control nonlinear systems is usually associated with the
appearance of modeling errors caused by the process of fuzzy
models formulation. In addition, when adaptive control techni-
ques, which are used due to the unknown parameters of the
nonlinear systems, coexist with the modeling errors, it is very
possible for the system to encounter instability problems. The
significance of this issue led us to design robust adaptive laws for
the identification T-S models which are based on the o-mod-
ification method. These adaptive laws which are extracted from a
stability analysis ensure that the system will track the state
of given reference model and that the control signal will stay
away from singularities. Due to the use of the leakage term o,
the identification and modeling errors are proven to be
(@ IP1II? + ¢)-small in the mean square sense. Also, the more pre-
cise is the fuzzy modeling procedure the less is the upper bound of
the modeling error. By changing the values of the design constants
¥ o, one can modify the stability region of the system and thus
the performance of the proposed controller. The theoretical results
are confirmed by simulations which use a well known benchmark
nonlinear plant, whose parameters are assumed to be unknown.
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Future research will focus on (i) a new multiple models archi-
tecture which will be composed of different kinds of identification
models and (ii) imposing new methods for the initialization of the
parameters of the T-S identification models, in order to reduce the
computational burden and improve the control performance.
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