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Abstract

- This paper uses learning vector quantization
(LVQ) network to construct a self-organizing
fuzzy controller (SOFC) for multi-variable
nonlinear composite systems. The LVQ network
is used to provide information about the better
locations of the IF-part membership functions
through un-supervised learning. The generated
fuzzy rule base is applied to the SOFC and
updated by a self-learning procedure. Using
Lyapunov stability methods, the proposed
adaptive scheme is proven to provide the SORC
some degree of robust pmpatnes and guarantee
uniform ultimate bounded in the presence of
disturbances, measurement noise and perturbed
initialization error. The effectiveness of the
proposed controller has been demonstrated
numerically by applying to control a two-link
manipulator.

Keywords: fuzzy control, self-organizing
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multi-variable, robot

1. Introduction

Fuzzy logic has emerged as a practical and
successful alternative in the control of complex or
ill-defined systems [1]. Conventionally the fuzzy
inference is based upon rules comstructed by
according to the experience of experts [2, 3]. But
there are situations, due to safety, complexity or
beyond reach that the experts are not allowed to
experience the detailed changes of the dynamic
system to extract the fuzzy rules. Or sometimes
the constructed fuzzy rule base can only support
the experienced conditions other than new
environment of the system. Procyk and Mamdani
[4] addressed this problem by introducing a
linguistic self-organizing controller, which is
capable of generating and modifying the control
protocol by a leu-nmg pmeea bued on
ability of neural network with fuxzy logic system
to create/adapt the proper fazzy rule base S, 6, 7,
8]. Lin [5] and Lee [6] propased a reinforcement
neural-network-based fuzzy logic control system,
which not only performs the fuzzy inference
operations but also extracts the fozzy rules and
membership functions from lesming examples.
Jang [7] presented an enhanced fuzzy controller
with temporal backpropagstion methodology,
which can either refine or automatically derive
the fuzzy if-then rules. Nie and Linkens [9, 10]
proposed a fuzzified CMAC network and a
fuzzified RBF network to act as adaptive




controllers with the feature of self-organizing
association cells and the further ability of
self-learning the required teacher signals in
real-time.  Despite  these  considerable
achievements, the development of systematic
approaches, which perform self-organization of
control knowledge, is still far from being
completely and  satisfactorily resolved.
Specifically, in the cases of multi-variable
nonlinear control systems, few researchers
discuss the stability of the closed-loop system and
the convergence of the tracking error in the
procedure of self-organization and self-learning.
In this paper, a self-organizing fuzzy controller
(SOFC), capable of self-organizing its own
structure and self-leaming the required
knowledge to control multi-variable nonlinear
composite systems, is proposed. Design of the
SOFC is a systematic approach that uses the
learning vector quantization network (LVQ) [11,
12] in the self-organizing level and incorporates a
robust adaptation scheme in the task execution
level. A LVQ network is trained to obtain the
information about the better locations of the
IF-part membership functions. With the generated
fuzzy rule base, the proposed robust adaptive
scheme is proven to provide the SOFC some
degree of robust properties and guarantee uniform
ultimate bounded in the presence of disturbances,
measurement noise and perturbed initialization
error. -

This paper is organized as follows. In Section
2, the SOFC system and its architecture is
presented. The self-organizing level using LVQ
network and the coordination level are proposed
in Section 3.1 and 3.2, respectively. In Section
3.3, the task execution level is described. The
robust parameter adaptation scheme is proposed
in Section 3.4. Also, in this section, the robust
property and the convergence of output n'achng
error are analyzed. In Section 4, the performance
ofconu'olhngatwo-lmkmbatmma
heavy ‘load is evaluated and demonstrated.
Section 5 is the conclusion.

2. The self-organizing fuzzy control system
Consider a nonlinear composite plant, such as
a robot, governed by
¥ = f(x) +G(x)u +2(x,1)

X=x+n_, ¢))
y=y+n,
where y=[y, - y.I', ¥,
x=[x,0 s X =0y 0, Yoo ¥ T

and ¥(-) denote the output, measured output,
state and measured state vectors, respectively,
(')- [y(") )’;”: :_)]T ’ r'[’i""y r.] and

}:r;=n denote the plant relative degree,

i=] .
#=[u,-u,)” is the plant input,
f =l = £.¥ . G = Block diag(s,,"-, 8] and
fi ad g are smooth functions,
2(x,0) =[z,(x, )+, 2, (x,1))7  denotes  the
aggregation of unknown intesaction and
time-varying disturbance. The exogenous signals
m =, 01, n=h, n]T sd z(x,1) are
assumed to have the properties of standard
smoothness and bounded. Additionally, the
exogenous signals are assumed to satisfy
n,€C". Let y,, and v, denote the reference
output and input, respectively. The aim of control
is to make each subsystem of (1) asymptotically
tracking a linear reference model of the following
form

7:2) =2CnYw +a¢2ym +- "'aq’(q_” +v, ()
where the constants a,, --,@, are selected so
that (2) is asymptotically stable. Since the plant
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measured state variable samples in each trial. The
SOFC is a hierarchically intelligent control
system [13]. Fig. 2 shows the conceptual structure
of the hierarchical SOFC that is composed of
three main levels of intelligence. The three levels
are

(i) the organization level represents the brain of
the system with functions dominated by a LVQ
network to plan and make decisions about the
fuzzy rule base;

(ii) the coordination level is the interface between
high and low levels of intelligence with functions
coordinating the original rule base and the robust
parameter adaptation law for the SOFC; and

(iii) the execution level is the lowest level that
requires high precision and has functions
dominated by multi-layer fuzzy control system.
The details of each level will be described in the
following paragraphs.

3. Design of the self-organizing fuzzy
controller

Since fuzzy controllers are usually realized by
using digital input and output, a particular class of
fuzzy systems with the singleton fuzzified,
algebraic product T-norm, the sup star
compositional operator [14] and the local
mean-of-maximum [15] method is considered.
3.1. Organization Level
Fuzzy Rule Base: A multivariable system can be
controlled by the following M + N +1 linguistic
rules ,

R’: IF x, is A’ AND---AND x,is A’
THEN u, is B} AND ---AND u,, is B] for

j=1ee,

where M denotes the number of regular rule
partitions and N denotes the number of rule
partitions positioned near the trial trajectory. The
fuzzy sets A/ and B/ are linguistic terms
characterized by the fuzzy membership functions
pAl(x,)=eXp(-(x,, -m{)’/al) @)

and

M+N+1.

_ (l+((c,’ u,)/au) )'l, if u; SC,I (4)
”'/("‘)'{(u((u,-c, lag)', i u,>c!
where {a/, m}} and {a,,, a,,, c]} are referred to

the premise and consequence parameters,
respectively.

In most fuzzy logic control systems, the fuzzy
rule space is partitioned into a number of domains
of equivalent sizes, called regular rule partition as
shown in Fig. 3(a), and a rule is stored in each
domain. If higher tracking accuracy is desired, a
partition consisting of small intervals is required.
However, the problem of computational
oomplexxtywnllwmuﬂnmhtyof
the state space, n, increases. In this paper, only a
few, M, fuzzy rules are constructed according to
the regular rule partition to ensure that the ability
to perform basic function approximation is
presented in the complete space. In addition, the
N rule partitions are positioned near the trial
trajectory, as shown in Fig. 3(b), to achieve the
desired tracking accuracy. This results in a
significant reduction in the number of fuzzy rules.
In this section, a new scheme using a LVQ
network is proposed to accomplish this task.
Locating of Membership Functions by LVQ
Network: Vector quantization is a classical
method that produces an approximation to a
continuous probability density function p(x) of
the vector input variable x using a finite number
of neurons with weights m’ =[wg ;.- ,m/]",
Jj=1,...,N. One kind of optimal placement of the
m’ is to minimize E, the expected rth power of

~ the reconstruction error:

- E=fr-mlfpys ()
where dx is the volume differential in the x
space, and the index w=w(x) of the
best-matching neuron vector (“winner”) is a
function of the input vector x:

hx-m! e min(lx-m I} ©)
Once the LVQ network is trained, the neurons
will be appropriately associated with their




weights m’, and each of which corresponds to
the location of IF-part membership function as in
(3). To implement this idea in the sense of
discrete-time notation, consider a controlled
system with measured state variable samples
{X(T,)}, which are generated at every sampling
time 7;. In the first operation, one can obtain a
sequence of them by the given reference model.
For consecutive trials the state samples can be
obtained from the “training samples storage”
which is generated by the response of the
controlled plant. Defining a neighborhood set N,
that shrinks monotonically with time, the

updating proeo;ss may read ,
Ihan o] W@ +aEUF®R) -m'K), FjeN, (T)
mi(k+1) {-’(k), v fjeN,

with a(k) being a suitable, monotonically
decreasing sequence of scalar-valued “adaptation
gain”, 0 <a(k) <1 and ¥'(k) is the randomly
selected sample from (.?’(1;)} .

Providing Samples with Conditional Weights: In
order to achieve higher tracking accuracy, the nile
space around the region of large tracking error
should be partitioned with smaller intervals to
obtain better function approximation. This can be
done by LVQ network if each sample, ¥(T)), is
provided with conditional weight that depend on
the following performance index

@) -5
Zly.(r)—y(r)l‘

where y,,(T) ¥(7,) denotes the !raclnng error
at sampling time 7,. Then, through a roulette
wheel with slots weighted in propostion to the
performance index J, , the training samples
{(X(T)} are presented to the LVQ network. The
idea of roulette wheel is inspired by the
reproduction process in the genetic algorithms
[16]).
3.2 Coordination Level

The intermediate structure, ie. the
coordination level, serves as an interface between
the organization and execution levels. It

dispatches an organized rile base, gives rule
credit assignment, and presents robust parameter
adaptation laws to the execution level. The
parameter adaptation law is analyzed in
subsection 3.4.
Rule Credit Assignment: The basic idea of the
rule credit assignment is to reward good rules by
increasing the confidence of the consequent fuzzy
sets and the recommended fuzzy output of this
rule. Denote @/ >1 (or @/ <1) as a reward (or a
punishment) offered to the jth rule in the ith
membership function (4) can be reshaped into

A+(@/(c! ~u)a,))', Yusc! (@
Hy )= {(1+(¢ !(u,~c))ag))*, ifu,>c! @
and the recommended fuzzy output of each rule is
determined in singleton form as follows,

o/ 1’ @ pyy ()

{ J(f)o h“‘ =c' (10)
-0 otherwise
where “.” is the multiplication operation, [ is the

implication function [14],
# (@) = p (%) p(%,) denotes the matching
degree, respectively, and ¢;/ denotes the location
of the singleton implication fuzzy set defined as
&/ = the centroid of the set {u;: sy, (v) 2 4/ (®)} (11)
Using (9), (11) can be resolved into

8) &/ =c/ —a ' yW') -1/0) (12)
where a,,, =(a, —ay)/2.
The study of assigning rule crodits may be
rules is achieved by giving a credit or reward
value to individual rules eagaged in the problem
solving process. Generally, for a fuzzy/neural
system, these parameters are updated depending
on its output value and the sssacisted teacher
ngmh.Sheenodimmmoﬂhe
neural/fuzzy system is possible in the considered
control system, the teacher signals are not
available and only the error information between
the plant and the desired trajectory can be used. In




this paper, our approach is to treat the entire
problem in the context of Lyapunov-based
adaptive systems theory. As shown in subsection
3.4, following the context of adaptive control
technique, we provide on-line tuning rules for /.
3.3 Execution Level
Using the center average defuzzification, the
output response ofthefuzzycontmlletis '
::Nﬂ ‘j ” 8 j
Zln»ﬂﬂw j ﬂ (13)
=t i
In the rule base, the (M+N+1)th rule is chosen to
be of Takagi-Sugeno type and its consequent

4, (8)=F,(%.0/ ,a,5) =

fuzzy set BM'"*' is singleton with support.

represented as the form of the synthesis input
¢ =a,¥, +a,Y, tota, ¥ +v, (14)
The curvature control parameter, a;*"*!, of its
antecedent membership fanction is assumed to
approach infinity so that this rule will be fired
whatever ¥ is. The credit assignment takes place
inrules R/, j=1,---,M + N but assigned to be 1
for R*"*!, Accordingly, using (12) and (14), the
analytical formulation of the multi-layer fuzzy
system in equation (13) resolve into
u=D'(~0Tu +c' —aé) (15)
where D = Block diag(o] pt,---,0Tu) , ®, and
u ae (M+N+1)x1 column vectors
composed of o and 4
& =[6,,6]eR"™ , 6, and u are
(M + N)x1 column vectors composed of »/c/

and o/, ¢ =[c), ), a,,’=[dm,---.au,]'.

and ¢ =T ! fu') -

3.4. Parameters Adaptation and Performance

Analysis
Let 6,=[6,0]T , M, = {6,(t): 16,(t) S 0, 4.}
be the bounds of 6, and

07" = arg min [sup| f,(x) - 6" ' (x)]
o; = arg min [sup| g,(x) - @] p(x)|]

be the best function approximation parameters.
The adjustable parameter a,,, in (15) represents
of the consequent membership fanctions. In the
conventional fuzzy logic control systems, g, is
set to be equivalent to a, or the consequent
membership is just in singleson form [14]. In this
mmsonmw»mm
Mwmﬁ#m%’lﬁ.m
the consequent m functions of the
fuzzy systemn. By this on-fine togityg mechanism,
ﬂnefuuysymmmumﬁthe
lump disturbances, measgrément noise, and
mmcMMnhym

‘that is discussed in" grester detsil in [17]. The

parameter a,, is chosen as a,(9)=
3, tanh(2¢®) where 9, is an auxiliary
parameter and ¢ is s small positive constant.
Assamption 1. There oxists the smallest
mmmmyzewm
forall ¥ eR" and r €N,

KkS#® 16
wheu Q (see the AM) daum the
meastrement noise. nﬂ m effoct
among subsystems togethier.

Let M, ={9,:]8, 8 ..} be the bound of 9,,
M; (or H,)bemc.metl‘{a- M,)andits
boundary layer of thickness s, (or &, ),
6, =6,/}6] be the unit normel vector, and the
prefix O denotes the bmﬁy Denote
&=Ly -V V-Yur in “-l)]r '

e=lel,....cl1". Ammmmfa
6, and 9, motivated by an attempt to provide
treatment to the equivalent uncertainties are




proposed as follows
remPe<d?(17)

6= 0

! (I —dy 8,60 )R; ' (b Pepw —0,(6,-6,)), otherwise

with

. [ YOL16 Pew-0,6,-0)K0 (18)
4 " | min{L,dis«(6,, M, )/5,), otherwise.

and

Sty= i M Pe<d(19)
(1 d, 3 W] Pe, - (3, - 9,)), otherwise

with

p {o. ¥9,0] Pew, -9 -9k0  (20)
A “LM"""q)’ &), otherwise
W] = ¢tanh(262) 1)
where P, is a symmetric positive-definite matrix
satisfying the Lyapunov equation
ATP +PA =-Q,, with the design parameters
Q,>0, and o, and o, are chosen small but
positive constant to keep 6, and 9, from
growing unbounded.
Theorem 1. Consider the nonlinear composite
system (1) with the SOFC (15), the parameter
' adaptation schemes (17) and (19) operating in the
bounded state x € £2. Then
(1) 6,, 9, and the control input & are uniformly
ultimately bounded.
(2) Given any p satisfying p* < p where
zﬂlc.(ﬂ' —00) (6] —0,)+ (8] - 9,) + 29 s] (22)
i, mia (8. . )
with 3" = max{$’,8,} and x being a constant
that satisfies x = e™“*V, i.e., © = 0.2785, there
exists T such that for T <t < the tracking
error e converges to the residual set
{e:e"Pe<p or e"Pbb"Pe<d}} (23)
The proof is not shown here.

4. Simulation

A two-link robot manipulator is simulated to
show the effectiveness of the proposed SOFC.
The equations of motion of the robot can be
expressed in matrix form as follows

[(nw'lz)'.’“lz'z’ +2myrinc, + 4, "‘z'zz*"!""":[i']+ 24

mr + mrnc, mr+d,
[- LRTYNYC +éz)] +{((m. +m)lc, + m,l,c,,)g]’ [..,]+[4,}
LRTTY (mlc,)s d

where m,, m;, J,, J,, =035, and r, =05,
are the mass, the moment of inertia, the half
length of link 1 and 2, and ¢, =cos(g,) ,
s,, = sin(q, +q,), etc.. The combined effects of
friction and the external torque disturbance are
given by
dx = 20sin(g, ) +258in(¢, ) + 05sin(¢) 25)
d, = 50sin(¢,)+ 40sin(¢,)+ 04sin(t)
In the control experiments described below, the
kinematics and inertial parameters of the arm are
chosen as [[=204m , [, =166m |,
Jy=J,=45kg-m, m =060kg, m, = 7.02kg,
respectively. The excessive ratio between m, and
m, is to emphasize the load effect. As shown in
Fig. 4, the trajectory to be followed by the ith joint
is given by two decoupled linear systems as
G = WGy + sy +V;, i=12. (26)
The model parameters are chosen as follows:
a,=-10, a,=-10, a, =-40, a, =-20
and the driving inputs to the reference model are
sinusoidal functions v, = xsin(08ar) , v, =
15zcos(m) . In (17) and (19), the design
parameters are given by Q =0,=101,, ,
R, = Block diag [001],5e, 25 » 2000015, 2],
Rz = Bb"k diag mlmg mlwa ]9
r,|=r,’==0.025 » o= @,=0002 , and

£=0005 . The clements in & and o, arc

chosen randomly within the interval (-10,10)
and (-2,2) , respectively. The membership
functions of state g,, ¢,, ¢, and §, (represented
by generic varisble x, ) for M =3‘ =81 regular
rule partitions are defined as {NB, ZE, PB} where

NB: pd(x,)=exp(—4(x-,+l.8)’) .  ZE

By (x,) = exp(—4x2) , PB:
p“(x,)=exp(—4(x,-l.8)’). Meanwhile, N =
12, i.e. 12 rule partitions positioned near the trial




trajectory -are defined as
y7 A‘(x,‘)=exp(—4(x,‘—m,‘)2) The locations of

these membership functions, m’=[m/, ..., m!1",
Jj =1, ..., N, are self-organized through the LVQ
network. The corresponding adaptation gain
a(k) and the radius of N, decreased linearly
with time from 09 and Ol to zero, respectively.
200 state variable samples, ¥(7}), i=1,---,200
along the state trajectories were used in the
training process. In the simulation, for the
purpose of demonstrating the adaptability and
robustness of the SOFC, preceding systematic

development is applied to the robot manipulator
considering environments without and with initial

state error and measurement noise. For both of the
two environments, three trial trajectories are run
and denoted by trial A, B, C, and trial A’, &',

C’, respectively. The results of the organization
level for locating the membership functions are

shown in Fig. 5. The squares denote the locations .

of the IF-part membership functions, m’ ,
Jj=1L---,N .InFig. 5, the solid lines of (b) denote
the reference state trajectories, while the solid
lines of (c) and (c’) denote the plant state
trajectories.

Fig. 5 (a) shows the locations of the membership

functions, m’ , ‘before applying the
self-organization process and they were applied in
trials A and A’ for case 1 and 2 simulations; (b)
shows that the LVQ network is first trained to
adjust m’ base on the state trajectory of the
reference model for trial B and B’. Fig. 5 (c)
and (c’) show that the LVQ network is trained
again for trial C and C’ base on the plant state
trajectory generated by trial B and B’ ,
respectively. In Fig. 5 (c) and (c'), the training
according to the performance index J,. The
dense partition phenomenon in the larger tracking
error region through leaming becomes appasent
when figures (b) and (c) or (c’) are compared.

Case 1): In Fig. 6, the simulation results of trial
A, B, and C which are in the situation

M to ﬁle hance

characterized by the same initial conditions on the
reference model and the plant without
measurement noise are presented. The initial

conditions are set to be ¢,(0)=-15rad ,
q,(0)=-12rad , ¢(0)= Orad/sec |,
4,(0) = Orad / sec.

Case 2): In Fig. 7, the re-initialization error
setting is satisfied within an admissible deviation
level, 4,(0) - g5, (0) = -005 , and
4,(0) - g,,,(0) = 005 for each repetitive motion.
The noise g, = g, +0.01coe(10¢) and g, = ¢, +
0.01cos(10¢) are applied. From the variation of
we find that (i) For a trajectory tracking or
be trained base on the desired trajectory or
reference model (like trisl B and B") to improve
the tracking -performnance; (i) The SOFC is
particularly suitablé for the control of repetitive
operating processes that the state trajectories in
mmgmmuuﬁrum
mﬁﬁbm%wwcw@
The simulstion results of case 1 and 2 also
demonstrated the robustness and adaptability of
the SOFC to initial M efror and state
measurement noise.

§5. Comciusion

A hiersrchical self-organizing fuzzy logic
WuﬁuLVﬂMﬁmw
for the robust tracking comtrol of unknown
nonlinear composite systeins. A complemesitary
algorithm for self-learning has been developed
and demonstrated. First, a set of regular rule
partition makes it possible to avoid certin
improper rule modifications. Secondly, the
mmm bemer location. of the
IF-part membirship function is cbisined through
mLVQMRhMmMM
overall fuzzy control aystem is able to guarantee
the output tracking érvor to converge to a residual
set ultimately. hmwaynmuaho




and perturbed initialization error. The simulation
results of robot control show that better results are
obtained if the LVQ network is used for
self-organizing the rule base. Consequently, in the
context of organization level of the SOFC, by
providing conditional weights according to the
performance index to the training samples, the
output trajectories follow the reqmred path more
closely and smoothly.

For a model-reference/model-following,
trajectory tracking or repetitive control problem,
the information about the better location of the
IF-part membership function can be obtained in
the context of the organization level of the SOFC.
However, the limitation of the proposed
technique is mainly in operating the set-point
control problem. To lift this difficulty, our further
work is to design the organization level of the
SOFC in which the locations of the membership
functions are trained by according to the moving
direction of the process state instead of the
position of the process state. A future work about
dlefuzzysystemsnstodetummenmuallythe
numbers of fuzzy rules to ensure a pre-specified
uniform approximation capability. To adaptively
modify the widths of the IF-part membership
functions may be an alternative of modifying the
locations of them; it is worthy to further
investigate this trade-off.
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Fig. 6. Tracking error of (a) joint 1, and (b) joint 2
without initial state error and measurement

noise.
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Fig. 7. Tracking error of (a) joint 1, and (b) joint 2
with admissible initial state error and
measurement noise.
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