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Abstract

This paper presents an adaptive robust fuzzy control
architecture for robot manipulators. The control objec-
tive is to adaptively compensate for the unknown non-
linearity of robot manipulators, which is represented as
a fuzzy rule-base consisting of a collection of if-then
rules. The algorithm embedded in the proposed archi-
tecture can automatically update fuzzy rules and, con-
sequently, it is guaranteed to be globally stable and to
drive the tracking errors to a neighborhood of zero. Fo-
cused on realization, hardware limitations such as tra-
ditional long computation time and excessive memory-
space usage are also relazed by incorporating heuristic
concepts, which reveals the flexible feature of this archi-
tecture. The present work is applied to the control of
a five degree-of-freedom (DOF) articulated robot ma-
nipulator. Experiment results show that the proposed
control architecture is featured in fast convergence.

1 Introduction

During the past decade, intelligent control method-
ologies have gradually been recommended to solve a
number of complicated problems, in particular, to the
Eroblem of controlling robot manipulators which are

ard by conventionalcontrol methodologies to handle
or at the price of complex implementation. Those
methodologies often use biologically motivated tech-
niques and processes, and are referred to as neural
networks, or some learning schemes [6]-[9]. Unlike gen-
eral conventional schemes based on a complete theory
and algorithmic structure, they are in general hardly
evaluated. Therefore, it is imperative to make efforts
on bridging the gap between the conventional control
schemes and the intelligent ones [1]. Recently, analy-
sis based intelligent control has attracted enormous re-
search interests [2]-[4]. Ideas behind those schemes are
to strengthen their theoretic basis but at the price of
expensive implementation by using massive networks
and extensive rule-tables or complex functions, which
lead to difficulties in real implementation due to hard-
ware limitations such as long computation time and ex-
cessive memory-space usage. On the other hand, the
heuristic nature of intelligent control often has much
benefits for a controlled system. Hence, an integrated
consideration is suggested in this paper.

In this paper, we present a new fuzzy control ar-
chitecture for the control of a robot manipulator. It
is known that fuzzy logic controllers (FLC) have been
widely applied in industry, for instance, applying fuzzy
PD controller to robot manipulators. An important
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advantage of using FLC is that fuzzy theories can
capture the approximate, qualitative aspects of hu-
man knowledge and reasoning. Apparently, such con-
trol provides a rather feasible alternative for_ control-
ling a plant like a robot manipulator which is an ex-
tremely complex mechanical system. On the other
hand, adaptive control and variable structure control,
separately or both together, had been successfully ap-
plied to robot manipulators with appealing perfor-
mance [10],[11]. Hence, an adaptive fuzzy sliding mode
control (AFSMC) scheme for robot manipulators is
proposed in this paper, where the variable structure
control is to ensure that the overall system is stable
whereas the adaptive control is to recover the control
performance in face of the Farametric uncertainty. Fur-
thermore, the nonlinear sliding variables consisting of
fuzzy PD rules will replace the conventional linear s%id~
ing variables because the former is more flexible than
the conventional latter. Hence, the control synthesis
proposed here incoporates the nonlinear fuzzy sliding
surface approach into the present AFSMC.

This paper is organized as follows: Section 2 formu-
lates the general control problem for robot manipula-
tors. In section 3, the control algorithm is given under
some assumptions and stability is analyzed. Section
4 shows experiment results on controlling a five DOF
robot manipulator. Finally, some conclu%ing remarks
are made in section 5.

2 Problem Formulation

Consider a class of articulated robot arms with n
links, whose dynamic model is described by

M(g)i+ Clg, )¢+ G(q9) + fla,¢) =7 1)

where ¢ is the n x 1 vector of the link relative dis-
placements, and 7 is the n x 1 vector of torques ap-
plied to joints, M(q) is the inertial matrix, C(q, ¢)g is
the vector representing the Coriolis, centrifugal torques
and G(g) is the vector of gravity torques, f(q,q) is the
vector of joint friction torques. For emphasis on the
flexibility of applying robof manipulators, the manip-
ulator payload may not be necessarily known in ad-
vance and a variety of tasks need to be handled. Be-
sides, the friction in the process of robot motion is
hardf%r modeled precisely. This results in uncertain-
ties of modeling robot manipulators. Generally, uncer-
tainties are often denoted as a deviation between the
nominal plant and the actual plant and are expressed



as follows: M = M—JTJ\, C = C~?, G=0G-G,
f = f—f, where M, C, G and f are defined as
the functions of the nominal plant. Our aim is to
track a desired trajectory, i.e., to force the joint vec-

tor g(t) = [q1,42,- -+ qn)* to follow a specified desired
trajectory gu¢(t) = [q1d,%2d, ", qnd)” (t). Hence, the
tracking error vector e = g4 — ¢ = [e1, €2, ++,e,)7 is
defined. At the beginning, a nominal compensator 7

based on the computed torque methodology is designed
as :

? =14+ Cla,d)dr + G(@) + Fla, ) + M(@)dr, (2)

where 7,4 = Ks is defined as a PD compensator,
§=[81,"*+,8n]7 = é+ Ae is defined as a sliding mode
vector and A is a diagonal positive matrix with its di-
agonal elements denoted as {As, A2, -+, An}, and K is
a dialgonal positive matrix, ¢, = ¢4 + Ae is an adi-
tional available vector. Further, let the real controller
7 = 7+ 7. Then, a dynamic equation with sliding
modes is given

M$=-Ks-Cs+h(q,9) + M¢-+Cs~7, (3)
where h(q,q) = Cq+ G + f is denoted as an unknown
nonlinear vector. Hence, in addition to the nominal
compensator mentioned above, it still needs an ex-
tra compensator to compensate for uncertainties of a
robot manipulator. From a practical standpoint, b will

be approximated by h as closely as possible. Hence,
general nonlinear compensation function with sliding
mode is given as follows:
T=17h+ 7, 4)
where 75, is a nx 1 vector of compensating h, 7, isanx1

vector of robustifing remained uncertainties. Let index
k represent the k-th element of a vector, then the k-th

elements of 7, and 7, are given as 7p; = ﬁk and 75 =
(Usi(a,9) + Un(a) ll4r)lo) sgn(sk), where U, € R***
and Uy € R! satisfy Uy > |es| and Ups > €pr, and

€ =€, + Cs, ep = h — 7 and epm(q) = [M(9)|loo ,
then the tracking errors will exponentially converge to
zero. Since h{g, ¢) is hard to be approximated by using
conventional control schemes, some intelligent control
concepts need to be ado; ted. Moreover, since 7, is
not continuous, undesirable chattering may appear due
to excessive maginute design of 7,. Here a suitable
75 is required not only not only ensuring the system
robustness but also the performance of the manipulator
system.

On the other hand, A is usually a constant matrix
and its choice is often subjected to the hareware en-
viroment or sofware implementation such as sampling
time of the control servo. Hence, the value of A is often
dertemined by the results of the simulation or experi-
ment. From a practical standpoint, a nonlinear sliding
variable which consists of a collection of fuzzy rules can
more easily satisfy various consideration of the actual
system. This result is illustrated by the fact that the
architecture of the fuzzy PD controller is indeed more
flexible than the crisp PD controller. Therefore, in this
paper, an AFSMC is proposed to perform exactly as
such an intelligent nonlinear controller.
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Figure 1: The architecture of AFSMC

3 AFSMC for Robot Manipulators

In this section, the AFSMC for a robot manipulator
is analyzed. A fuzzy knowledge representation of the
uncertainties of a robot manipulator is first described,
which constitutes the main architecture of AFSMC.
Next, a nonliear sliding mode vector which consists
of a collection of fuzzy PD rules is deigned. Finally.
%FSMC is analyzed by using adaptive robust control
theory.

Referring to section 2, a robust fuzzy control law is
given as follows:

() =T+ 715 + 717, (5)
where 7 = Ks+6’qr+§+f+]/\4\qr, T = ﬁ(q, ¢), which
is an optimal approximation of h(g,q) in terms of the
fuzzy knowledge representation, the k-th element of 7}
is given as 77, = (les| + em ||grlloc)sgn(sk), and 74,
7y in an AFSMC are designed to approximate 73, 75,
respectively, as shown in Fig. 1.
3.1 Fuzzy Knowledge Representation for
Uncertainties

In this subsection, the main architecture of AF-
SMC for a robot manipulator is described. As a gen-
eral description of fuzzy knowledge representation [4],
a fuzzy rule-base consists of a collection of fuzzy If-

then rules. Referring to section 2, the control objec-
tive is to compensate for the unknown nonlinear vec-

tor h(g,q). First let u = [¢7 ¢7)T = [u1,...,u2,)T be

denoted as an input linguistic vector in the discourse

universe U, and L; = {L},L?,---,L;"',---,L’j"} as a

family of fuzzy sets associated with the membership

functions p;«; (see Fig. 2) with respect to the vari-
2

able uj, where Lj7 is a fuzzy set in L;. Besides, the
supports of the family of fuzzy sets, L;, are denoted as

Uj = {U},Uf,---,Uf’,n-,Ujﬂ, where U is a point
support satisfying U} < U7 < --- < U;"' < < Ujl-"
(also see Fig. 2). Let L be defined as a product set of
L = [];-; Li, consisting of the families of fuzzy sets,



uj——>

Figure 2: Fuzzy enviroment of the linguistic variable

L;,i=1,---,2n, and U be defined as a product set
of U = [],., Uj, consisting of the families of support

points. Then, an example of the i-th fuzzy rule is rep-
resented as follows:

R[{):If w is L*», then w is QP®, (6)
where L% € L, ay = 1(sy X +++ X Qap(;) is a prod-
uct index associated with the i-th rule, w = 7,
[wi,--+,wn]¥ is denoted as an output linguistic vec-
tor, and Qﬁ(‘) € Q, ﬂ(i) B ﬂl(i) X - X ﬂn(i) is a
product index associated with the i-th rule, @ is a
product set of @ = [],_; Qk, consisting of the fam-
ilies of fuzzy sets, Qk, k¥ = 1,---,n, where Qs
{Q}caQi""’QQk"""sz} is denoted as a family of
fuzzy sets associated with the membership functions

Bgex with respect to the output variable wy with Qf’”
k

being a fuzzy set in the family Q. And, let the sup-
ports of the family of fuzzy sets, Qx, be denoted as
Wi = {WE, W2, , WP, ... W}, where W/ is a
point support satisfying W} < W2 < ... < W <

. < Wg*. Furthermore, the ¢-th rule is fired with
a weighting function p;(u), which is determined by
membership functions and a compositional operator.
Hence, p;(u) can be expressed as follows:

ppeie (W) oo ppsenc (Ugn),

if sup-product operator;
min{qulxu.-, (uy),- -, [LLZ:n(;) (uan)},
if sup-min operator.

pi(u) (7)

where p ;) (u5) is denoted as a membership function,
)
which is a positive function with By (u;) £ 1 and

3
. [+ FN
reaches the maximum value when u; = U p ’®) a5 shown

in Fig. 2. In expression (7), the compositional operator
is selected to be either the sup-product or the sup-min
operator. Finally, using defuzzification function, the
output variable wy is expressed as follows:

= ziT=1 Dki(pi(U))Wf"(i)
¥ i1 Dii(pi(w))

Wi

; (8)
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where Dy;(pi(u)) is denoted as a defuzzification func-
tion with the point support Wkﬁ *@ for the i-th rule
commonly expressed as follows:

pi(u), if center-average-defuzzifier;
S0 Bgpuc (wr)dwi—

L2 g (we) = pilw)lduws,

-
k
if center-of-area defuzzifier;

Dy (pi(u)) =

(9)
where w,* and wj are solution values of wy satisfying
pi(u) = Bofreo {(wg) with wf > w;™ given the values
u and T is kthe total number of rules generally equal

to ly x Iy x --- X ly,. Then, we denote a fuzzy basis
function &;(u) expressed as follows:

Dii(pi(u))
§i(v) = =v———— (10)
Eims Drilpi(u)
so that equation (8) can be rewritten as:
il B
wr =y W V() = 0x &), (1)
i=1
where 0, = [Wf’“m , Wkﬂ'“(z) L, W,fm” 1T is re-

garded as a parameter vector and &, = [€xq , Ekg , * -
, &ky]T is regarded as a regressor vector. For simple
notations, we define a product operator ® for two ma-
trices A € R"*P B € RPX™ as

A®B=[A"B1, -, A" By, ATB)T (12)

where Ay, is the k-th row vector of A and By, is the k-th
column vector of B, respectively. Hence, we denote the

matrices © € R**Y ¢ € RT*" with the k-th row vector
denoted as @ and the k-th column vector denoted as
&k, respectively. Then the output vector w is expressed

as
w=0%¢ (13)

Apparently, when Y is large, the computation time and
memory-space usage must be considered in real imple-
mentation. As a result, we focus our attentions on
computation time first, then the number of the fired
rules and that of the total rules should be clearly dis-
tinguished.

irst, define the domain set of the total rules as

E={u: U} <u; < U]l-’,j = 1,---,2n} and collect
the indeices of fired rules as a set of integer indicies
I={i:pi(u) >0}. If u € E, fuzzy rules are designed

to compensate the unknown functions. Partition this
domain into finite 2n — cells, which is defined as

EBo={u:U} <u; UM j=1,---,2n},
where o = X --- X @j X -+ - X (g, is a product index
and satisfy U* € U, U% < UJl.j. To union the all

colection of E,, we can obtain £ = Ugeey Ba: A
& — bozx is defined as

DU, 6(w) = {u: U¥ <u; SU +6;(u)},



where 8(u) € R27%! | the j-th element of §(u) is defined
as 6;(u) = U;"j+l —U;%” and j = 1,---,2n}. Define a
set of corner points of § box Qg, Py = {U*™ : c(u) €
H;"{aj,aj +1}}. Hence the number of P,, #n(P,)

is equal to 22",
Consider the membership function (Fig. 2):

w
1, asu; = U;7;
i+1 i1
ppoi(ug) =< 0, as uj > UJ‘-"’+ oru; < U;” ;
3 . A A
z;’, 7 €(0,1), otherwise,

(14)
for o;j = 1,2,---,1; and j = 1,2,---,2n, then the fol-
lowing proposition is satisfied:

Proposition 1 If the membership functions are given
as equation (14) and u is the linguistic vector and
u € E then ezists a §-boz, Qo (U*,6(u)) such that
u € N, (U%,8(u)), and the number of fired fuzzy rules
#n(I) will be smaller than or equal to the number of
corner points of this §-boz, #n(P,).

Based on Proposition 1., equation (10) can be re-
placed by:

Dy (pi(u .
Ei(u) = { S DGy 2 e
0,

otherwise,

(15)

Hence, computation time is drastically reduced, espe-
cially, as T is very large.

3.2 Fuzzy Sliding Mode Control for

Robot Manipulators

In this subsection, we will consider the design of PD
compensator 7,4 by fuzzy knowledge representation. A
linear PD compensator always plays an important role
in the stablization and noise rejection of the mechan-
ical systems. But it is hard to properly tune the PD
gain to overcome the varying dynamic process of robot
manipulators for various tasks, and even if a proper
gain tuning is achieved, it generally leads to the high
ﬁain condition. Therefore, a suitable gain scheduling
ased on the eerrt experience is more allpiable to the
actual system than the fixed gain. Besides, nonlinear
sliding mode variables based on this gain scheduling
can be more easily derived. This fact makes the repre-
sentation of the sliding mode variables become flexible
and easily satisfy the practical requirement for robot

manipulators system.

Let a = [eTéT]T be an input linguistic vector
and the PD gains, k, = [kp,, - kp,]7 and kq
[kdy, - kan]T, be two output linguistic vectors. Then,

an example of fuzzy PD controller is expressed as fol-
ows:

Rppli] :

P8
(16)

If a is A%®, is

and kd

then k,
is D&,
wher A, P, and D are product sets of A = [].; 4;,
P =T1];_y Pe, D =[],_, Ak, consisting of the families
of fuzzy sets, Aj, j =1,---,2n, Py, Dg, k=1,---,n,
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for A]' = {A;.,...,A;“:‘}, P, = {P]%,‘--,P,:”k}, Dy =
{D},---,D**}. Let Kp,, K4, be denoted as the sup-

ggrts of the family of fuzzy sets, Pk, Dy, respecitively.
om subsection 3.1, we can obtain

Tpa
Brii
ko = O Kp V&, (0) (17)
=1
Ypa
kdk = ZKZ:(i)édki(a)‘ (18)
i=1

where ., {ai; are the fuzzy basis functions associ-
ated with the i-th rule, Rpq is the total rule number.
Let Kpi* > --- > Kp >0, > 0,04 > Kgit > - >
K}, > 0, where 0,,04 are positive constants. Then,
the k-th control input variable 7,4, = kp,er + karér is

given. Let s; = éx + A (e, é)ex, where Ag(e, &) = %ﬁt >

%ﬁ- > 0 is given. This implies that s; is a stable slid-

ing variable. Finally, the k-th control input variable is
rewritten as 7pq4; p 1 Sk-

3.3  Adaptive Fuzzy Sliding Control for

Robot Manipulators

In this subsection, the fuzzy theory is combined with
adaptive robust control architecture. In contrast to
general conventional control schemes, we use fuzzy rep-
resentation to approximate the unknown functions in
section 2. Based on mild assumptions, adaptive fuzzy
sliding mode control(AFSMC) is not only proved to be
globally stable but also exhibits the nature of intelli-
gent control.

Let v = [ch(jCTST]T = [vla AR LY TERR) U3n]T be
denoted as another input linguistic vector with respect
to 75 in the discourse universe U,, and the supports of
the family of fuzzy sets with respect to v are denoted
as

Vi ={Vi, V2, , V™), where
Vi<Vi<---<V™ and k=1,2,---,3n.

Let 7, is denoted as 75 =[5y, -+, Top, - ,Ts,,]T, where
Tsx be expressed as follows:

i

Tsk

Y,
Z @skiéski(v) + @Mkikai(U) [lgrlloc

i=1

Ok €, + Onrr T Era Nl oo, (19)

where O,; and Oy are denoted as parameter vectors,
&siy €y are denoted as regressor vectors as equation
(10), and Y, is denoted as the total number of rules

for 7. Hence, the robust compensator vector 75 can be
expressed as follows:

Te =0, ® & + On ® Errlldell oo, (20)

where the matrices ©;, Oy, € ?R"'"_T’ consist of the
k-th row vectors O, @ Mk,respectwefy, and &, &,



€ RY-*"_ consist of the k-th column vector &, M
for k=1,---,n, respectively. Our goal is to design op-
timal parameter matrices such that the controlled sys-
tem has minimal tracking errors and robust features.
At the beginning, we must prove that bounds on ap-
proximation errors depend on our design. The k-th
row vectors of optimal parameter matrices are defined
as follows:

©; = arg min[sup.cg IG{& — hi [] (21)
Yo = arg min[supyer, 0% sk sgn(se)
> |earl] (22)
Mr = org min[sup,,egs@MkTngsgn(sk)
> eu] (23)

where E, E, are compact domain sets of input linguis-
tic vectors u, v in all rules and are expressed as follows:

E, {v: V! <ve <V, k=1,2,---,3n}

Just like some other general approximation function,
solution to the optimization problems expressed in (21)
will always exist, but solutions to the problems in (22),
(23) may not exist in the neighborhood of s = 0.
Hence, we purposely specify one of the support points
with respect to the k-th sliding mode variable s as
Ve t* = 0 so that the elements of ©;, will be clas-
sified into two groups: one is s > 0 and the other
si < 0. This will make the problem formulation (22),
(23) more reasonable and guarantee the existence of
their solutions. Later, we will replace the definition,
Voret® = 0 with a more relaxed one by defining a
deadzone of sy, instead. To simplify the problem, mild
assumptions are given as follows:

Assumptions:

h € ¢! ( continously differentiablly)
Ihlles < hY(u)

1Moo < MY (u)

I1Clleo < C¥ (u)

Based on those assumptions, Proposition 2 is given.

Proposition 2 If the linguistic vector u falls into &
-boz, Qo (U®,8(u)), then the k-th element of optimal
approzimation error vector en(u) will be bounded by
lenkl < gxT(u)d(u), where ex(u) = h — O ®E, gi is
the k-th row vector of matriz g(u), g(u) € R**2", and
its element is defined as g;; = SuPucq. [Is—g—‘}”l(] for
i=1,---,n,j=1,---,2n. ’

Furthermore, let the control law be redesigned as

T=d(t)(th +75) + (1 —d@®))Us(2,) + 7, (24)
where
. 1’ E E37
kp(e,€) > 0p >0 and d(t) = {0, 2:h1:3rwise. '
(25)
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Figure 3: The diagram of robot manipulators

Us(v) = (B + MY)lgrlloo + CF lIslloo) sgn(s)  (26)
Update laws are given as follows :

o rdiag(sA)ﬁ(u)T as u€kE (27)

0, = rdiag(sp)t (v) as vEE, (28)

Ou = rlldrllodiag(sa)éu’ (v) as v e E{29)

for some r» > 0 and

s—a, ass<aq;

sA = {s—ﬁ, as s > B (30)
0, othewise.

SA = §

where o, 8 € R™ are some constant vecters and their

the k-th elements satisfying ax < Vyird* < 0 <
oon4k+1
Vv2n+k < 'Bk'

Theorem 1 If the control law and the update law are
given as in equation (24) and in equations (27)-(30),
then the tracking errors will asymptotically converge to
a netghborhood of zero.

4 Experimental Results

A five degree-of-freedom (DOF) articulated robot
arm is set up in the Intelligent Robot Laborator
of CS&IE in NTU as shown in Fig. n AF-
SMC is designed in assumption that inertial matrix
M, Coriolis, centrifugal torques C, and gravity vector
G of the arm are unknown. To show the effectiveness
of adaptive robust law, 7, ,we will neglect the com-
pensation function 7. The same desired trajectory
—22.5 + 22.5 cos(n/2t) is given for five different joints.
A simé)liﬁed strategy for reducing memory-space usage
is to decentralize the previous architecture and ignore
g, t.e. 75;{z5) = 75(qi, si)- The triangular form and sup-
min operator are selected as membership functions and
com@qsitiona.l operators. The total rule number of AF-
SMC is 5 x rqy x ry = 5 x 17 x 17, the sampling time
of control servo is 1ms, and results are listed in Fig.
4. At the beginning, we only use PD controller to
compensate for the uncertainties in the first period of
sine wave, and then incorporate the AFSMC right af-
ter that the tracking errors are quickly driven toward
?erg. This shows that AFSMC has a fast converging
eature.
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5 Conclusions

We had proposed a novel fuzzy controller design
method, which can update fuzzy rules to compensate
unknown uncertainty of robot manipulator and guar-
antee the stability of the controlled robot manipulator
systems. Besides, a dexterous use of fuzzy mathemat-
ics made the complicated scheme implemented with
computing efficiency. The future work is to apply this
control scheme to the hybrid force and position con-
trol.
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