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Deterministic Approach to Robust Adaptive
Learning of Fuzzy Models

Mohit Kumar, Associate Member, IEEE, Regina Stoll, and Norbert Stoll

Abstract—This study is concerned with the adaptive learning
of an interpretable Sugeno-type fuzzy inference system, in a de-
terministic framework, in the presence of data uncertainties and
modeling errors. The authors explore the use of H> estimation
theory and least squares estimation for online learning of mem-
bership functions and consequent parameters without making any
assumption and requiring a priori knowledge of upper bounds,
statistics, and distribution of data uncertainties and modeling
errors. The issues of data uncertainties, modeling errors, and time
variations have been considered mathematically in a sensible way.
The proposed robust approach to the adaptive learning of fuzzy
models has been illustrated through the examples of adaptive
system identification, time-series prediction, and estimation of an
uncertain process.

Index Terms—Fuzzy identification, gradient descent, H *>°-
optimality, interpretability, least squares estimation.

I. INTRODUCTION

UZZY identification is considered a powerful tool for the

approximation of nonlinear systems from the input—output
measured data. This has stimulated many studies in the data-
driven construction of fuzzy models using ad hoc approaches
[11, [2], neural networks [3]-[5], genetic algorithms [6]-[9],
clustering techniques [10]-[12], and Kalman filtering [13],
[14]. Typically, gradient-descent-based algorithms (e.g., back-
propagation) are used for the adaptive learning of fuzzy-model
parameters [15]. Slow convergence, poor generalization, noise
sensitivity, and loss of interpretability are main drawbacks
of these algorithms. A robust backpropagation was intro-
duced by Chen and Jain [16] to resist the noise effects, and
Wang et al. [17] introduced a robust objective function. The
issue of stability has been addressed by Yu and Li [18] to
suggest a stable learning algorithm.

The problem of adaptive learning of fuzzy models is ill-posed
[19], and regularization is suggested a general method to obtain
stable and well-behaved solutions [19]-[21]. However, the cru-
cial choice of regularization parameter is usually not obvious
and application dependent. Wang and coworkers [22]-[23] use
projection operator to keep the parameter estimates bounded.
Also, different modifications (e.g., switching ¢ modification,
e1 modifications, parameter projections, and dead zones [24])
could be used in order to render robustness in the learning of
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fuzzy models [25]. Despite the above cited work on the subject
of robust adaptive fuzzy learning, we feel the following needs.

1) There is a need to take into account that fuzzy learning is
an ill-posed problem.

2) The issues, such as data uncertainties and modeling
errors, should be considered mathematically in a sensi-
ble way without making any assumption and requiring
a priori knowledge of upper bounds, statistics, and distri-
bution of data uncertainties and modeling errors.

The above two concerns are relatively easy to address if the
membership functions are kept constant and only the linear
parameters (consequents) are tuned, since a large body of liter-
ature is available that deals with the robust estimation of linear
parameters. There are mainly two approaches to the estimation
of linear parameters: least squares estimation and H *°-optimal
estimation. The main contribution of this paper is to address the
above listed concerns by extending the well-developed linear
estimation theory (least squares estimation and H *°-optimal
estimation) to the particular structure of nonlinear fuzzy models
in a deterministic framework. Sugeno-type fuzzy inference sys-
tems combine simplicity with good analytical properties [26],
and allow qualitative insight into the relationships [27]-[30].
Therefore, we have considered the problem of robust adaptive
learning of a Sugeno-type fuzzy inference system.

II. SUGENO FUzzY INFERENCE SYSTEM

Let us consider an explicit mathematical formulation of a
Sugeno-type fuzzy inference system that assigns to each crisp
value (vector) in input space a crisp value in output space.
Consider a Sugeno fuzzy inference system (Fy: X —Y),
mapping n-dimensional input space (X = X7 x X x -+ X
X,) to one-dimensional real line, consisting of K different
rules. The ith rule is in the form

If 21 is A;; and 29 is A;o - -+ and x,, is A;p, theny = ¢;
for all i =1,2,...,K, where A;1,A;,...,A;, are non-
empty fuzzy subsets of Xi, Xo,...,X,, respectively, such
that the membership function ju4,; : X; — [0,1] fulfills
SE, [1j= pa,; (z;) > 0forall z;eX;, and values cy, . .., ¢
are real numbers. The different rules, by using “product” as
conjunction operator, can be aggregated as

K n
Zi:l Ci Hj:l KA, (xj)
K n :
Zi:1 Hj:l HA;; (x])
We assume that x; belongs to a nonempty real intervals, i.e.,

xj € [aj,b] forall j =1,...,n. Let us define a real vector ¢
such that the membership functions can be constructed from

Fs(xlax% e 7:E71) =

6]
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the elements of vector . To illustrate the construction of the
membership functions based on knot vector (6), consider the
following examples.

1) Trapezoidal Membership Function: Let 6 = (ay,t},...,
t%Pf?,bl,...,an,té,...,tipﬂ,bn), such that for ith in-
put, a;<t}<---<t:7"2 <b; holds ¥V i=1,...,n. Now,
P, trapezoidal membership functions for ith input (ua,,,

HAg;s- -y Ap ;) can be defined as
1, if z; € [a;,t}]
— ) w42
HAM(Ii,e) - %7 ifx; € [t%,tﬂ
0, otherwise
z;—t2° . 2j-3 ,2j-2
t2j—2:t2j—3a ifz; € [ti] atij }
1 if 2; € [t?j* tzjfl}
'LLAji('r’iva) = ’ ' ! o
Y I PY
T, i@ € [tij ,tij}
, otherwise
w278 " (2Pi—3 2Pi2
2Pz pr-3, HTi €t y U
(z,0) = . .
MAP”( v ) 1, ifx; € |:t?PL 2,bi]
0, otherwise.

2) Gaussian Membership Functions With Unit Dispersion:
Let 0 = (ay,th,....t0" "2 by, .. an, th, ..., tE"=2 b,), such
that for ith input, a; <t} <... < tfi_z < b; holds for all
i=1,...,n. For ith input, P; Gaussian membership func-
tions assuming unit dispersion (p4,,, Ay, - - - ,HAp,;) can be
defined as

(s —a:)2
,uAu ($L) =€ (I,, a%)2
KAy (2i,0) = e_(xi_tz)

papis) =e P,

The total number of possible K rules depends on the number
of membership functions for each input, ie., K =II* | F;,
where P; is the number of membership functions defined over
ith input. For any choice of membership functions (which
can be constructed from a vector #), (1) can be rewritten as
a function of 6

Fo(zy,29,...,2,) = ZCiGi(Il,iEz, ceyp, 0)
i=1
H?:l KA, (xj)

K n :
dic Hj:l KA (z5)

Gi(71,72, ..., 7p,0) =

Let us introduce the following notation: o = [¢;]i=1,... .k €
RE, 2z =[2iliz1,.n € R", G=[Gi(z,0)]i=1, Kk € RE.
Now, the above expression becomes Fy(x) = GT(z,0)a. In
this expression, 6 is not allowed to be any arbitrary vector,
since the elements of 6 must ensure the following:

1) in case of trapezoidal membership functions

a; <tp<--<tFPP<h Vi=l...n (2

2) in case of Gaussian membership functions

a; <th<-<th 2 <b; Vi=1,...,n (3)

to preserve the linguistic interpretation of fuzzy rule base
[31]. In other words, there must exist some ¢; > 0 for all i =
1,...,n, such that for trapezoidal membership functions

1
ti — a; 261'
Jj+1 J
6T -h e
2P;,—2
bi —Ifi ZEi.

forallj =1,2,...,(2P;, — 3)

The above inequalities can be written in terms of a matrix

inequality cf > h (as those in [19], [21], and [32]-[34]). Hence,

the output of a Sugeno-type fuzzy model
F(z) = GT(z,0)a, cd>h

is linear in consequents (i.e., &) but nonlinear in antecedents

(i.e., 0).

III. MOTIVATION FOR DETERMINISTIC
LEARNING OF Fuzzy

Let us consider the fuzzy identification of a time-varying
process y(k) = fr(x(k) + 0xy) + dyk, using a Sugeno-type
fuzzy model. The identification data consist of sequence
{2(j),y(j)}s—, and data uncertainties {dz;,dy;}5_, are
unknown but bounded signals. We assume that there exist
some optimum parameters of a Sugeno fuzzy model, say
(ag, 0%, c0r > h), to approximate the time-varying process:
y(k) = GT(x(k) + 6wk, 03)l + dyk,cO; > h. Given the
identification data {x(j),y(j)}?zo, we want to estimate the

parameter sequence {a}, 05, cty > h}é?:o, in the presence of
uncertainties {dxz;, 0y, }2?:0, without making any assumption
and requiring a priori knowledge of upper bounds, statistics,
and distribution of signals. Let us denote the estimation
strategy by E and estimated parameters by {a;,6; }§:0v ie.,
{030 = E{2(5), () }i=0)-

In the literature of neural networks and fuzzy modeling,
instantaneous-gradient-based algorithms (such as backpropa-
gation) are probably the most commonly used techniques for
the adaptive learning of nonlinear model parameters. It is
obvious that any choice of estimation strategy (e.g., gradient
descent) will induce a transfer operator Tr from data uncertain-
ties {dz;, 5yj}§:0 to the estimation errors {G7T (z(j), 0} )}, —

GT(2(j),0;)05 10,

(G (a(h), 07)ak G (2(5), 0;)a;} = T ({62, 8, io).

An ideal estimation strategy E* would be obviously the one
that results in the zero value of estimation errors, no matter
what the uncertainties are. However, in practical problems, it is
almost impossible to design an ideal estimation strategy since
uncertainty signals are unknown. Therefore, we are concerned
to choose an estimation strategy that is least sensitive to the
uncertainties, i.e.,

. Estimation Error Energy
min  max —.
E {6z;,0y;}5_, Energy of Uncertainties
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In other words, the estimation strategy should minimize the
maximum possible value of energy gain (from uncertainties
to the estimation errors). Such an estimation strategy (being
called as robust) will safeguard against the worst case effect of
uncertainties on estimation performance. Also, the robust esti-
mation strategy must be designed in a deterministic framework,
since we want to accommodate all possible uncertainties and
we do not have any a priori knowledge of the upper bounds,
statistics, and distribution of uncertainty signals. One important
requirement on the estimation strategy is that the interpretabil-
ity of fuzzy model during the identification of membership
functions should remain preserved. There would be a total
loss of interpretability if (2) and (3) do not hold good, since
in this case, membership functions constructed from the knot
sequence would not have any linguistic interpretation. Thus,
we must constrain our estimation strategy to ensure that ct; >
h,7=0,..., k. Therefore, we are motivated to develop robust
algorithms for the adaptive learning of nonlinear (in terms of
membership function parameters) interpretable fuzzy models in
a deterministic framework. The next part of the paper presents
two different robust fuzzy estimation strategies and their de-
terministic robustness analysis. The first estimation strategy is
based on H*°-optimal criterion, where H> norm of a transfer
operator, which maps the uncertainties to estimation errors,
is minimized. The second one is based on the classical least
square estimation criterion. Our aim is to achieve robustness not
only against data uncertainties but also against other unknown
disturbance, e.g., time variation of process parameters, and
deviation of initial guess from true values.

IV. MATHEMATICAL FORMULATION

Let us consider the fuzzy approximation of any time-varying
physical process described at kth time instant by

y(k) = fi (x(k) + 0zx) + Sy 4)

where dxj is the uncertainty present in input vector x(k),
Oy is the uncertainty in output measurement y(k), and fj
is an unknown function, to be identified by an interpretable
fuzzy model. At this end, consider that the data uncertainties
(dxk, dyy) and unknown function f(-) are bounded, therefore
it is always possible to define a time-varying unknown signal
ng based on (4), such that y(k) = fr(z(k)) + ng. Assume
that there exists an interpretable Sugeno-type fuzzy model,
say (aj,0;) with cf; > h, for approximating the process.
Therefore

y(k) = G (x(k), ;) af, + ny. (5)

769

Given the uncertain input—output identification data set {x(j),
y(j)}r—o, we are concerned to estimate the fuzzy parameter

sequence { (a7}, 075), ct; > h}?:o, say {(a;,6;),c6; > h}?zo.

A. H*-Optimal Estimation

For the H-optimal estimation of fuzzy parameter
causal sequence {(caj,0;),ct; Zh}fzo, we try to min-
imize the H* norm of a transfer operator mapping

: ~1/2 -1/2
the unknown disturbances {y~/?(af — a_1),q {1 —
asth_y, /L;l/Q{e; —0;_1}F_o, {n;}5_} to the estimation er-
rors {G7(x(5),0;)a; — GT (2(j), 0;);}5_. Here, the para-
meter p > 0 reflects a priori knowledge as to how close ag
is to initial guess «_;, the parameter ¢ > O reflects a priori
knowledge as to how fast o, varies with time, and the pa-
rameter py > 0 reflects a priori knowledge as to how close
the parameters {05}5_, are to the initial guess {0, 1}%_,.
Mathematically, we want to solve the following min — max
estimation problem (shown at the bottom of the page), where
the estimation strategy {(c;,;)}%_, and unknown sequences

({aji1 — o] }?:0, {0; ?:Oa {n; }fzo) are causal.

B. Least Squares Estimation

Consider the fuzzy modeling of the time-varying unknown
processes as

Qi1 =0 + daj
y(k) =G (a(k),6}) o, + e

where the unknown quantity doj, can be regarded as the process
noise. Now, our concern is to estimate the unknown vectors
(o, 05) and to track its variation with time k. This will be
done via solving a regularized least squares estimation problem.
We formulate the problem of constrained estimation of para-
meters g, {0 }"7?:0, 107 }é?:o as the solution to the following
quadratic problem:

[ag, {dcr; }, {0;}] =arg min [T, {cb; > h}]
[ {005 }.{07}]

k
T =q"" > ||6a;|
§=0

k
+ gD 165 = 0917+ Yo — aa
=0

k
+3 yl) - G (2(5)

=0

9*-) ot

77

min max Ts
{(e),05),c0;2R} {ag {az,,—ar }{07,c07>h} {n;} }

3= |G" (209). 65) o5 —

a7 (2(j).6;) oy’

Ty

_ 2 k — *
e R R S I ('Y

= gl g ]10 = 0 g )
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subject to the constraint o} ; = aj + dcj, where the pa-
rameters {09}¥_, are initial guess about {05}, as
is an 1n1t1a1 guess about ag, the unknown sequences
({8as}h_o, {0535, {n;}5_;) and the estimation strategy
{0, 00,0, }J=0 are causal. The positive parameters (1, (g, q),
as stated above, penalize the initial guess about some true
fuzzy-model parameters and speed of their variation. The
above least square estimation criterion will be shown robust
to unknown disturbances in the latter part of the paper. The
least square approach to the adaptive estimation of nonlinear
parameters has been already explored in the literature of state
space filtering (see, e.g., [35] and [36]).

V. H*-SUBOPTIMAL ESTIMATION

Let us solve a suboptimal H> estimation problem. That
is, given a scalar v > 0, find a causal estimation strategy
{a;,0;,c0; > h}%_, that achieves (6), shown at the bottom
of the page, for any vector o and for all causal sequences
({nj}fzo, {1 — }J —0> {0}, c0; > h}fzo). If we are only
concerned to estimate the linear parameters (e {o; };?:0), then
the standard results of H* linear estimation theory can be used
(see, e.g., [37] and [38]). Now, for the nonlinear constrained
fuzzy-model parameter estimation, we extend the H™ linear
estimation approach by defining an indefinite quadratic form

T ({05,651 A2 ),y Yo - 10 0510

T (2(7),6;) ai|* + p o — o

I
<.
Mk
<
=N
<

k k
+a ' (o — gl + et D116 =054
j=0 =0

— GT (2(j), 6;) oy

_772Z|GT )

Noting n; = y(j) — G (x(j),0;)a}, it can be seen that the

suboptimality condition (6) is satisfied, if and only if

I (105035 Ao w0 {050, 0) > 0

* *
for any vector af and all causal sequences ({aj,; —

}j 0,105, ct; > }] 0:12(4),y(h) f o). Therefore, any

For a given parameter sequence {0, c0; > h}%_,, we define

j=0>

T ({035 (). v() Yo {0 0,Yo)

i . Ak
= min ({038 (5 w0V
0‘3’{"‘;%1_0‘;}].70
{O‘JWGJ'}?:O)'
That is,
mm—ﬂelea —0;_ 1” min . T
0’{°‘§+1’°‘;}j=0
: 2

Ty = 3" |y() — 67 ((7).05) o " + 7t lag — s |

=0

— G (2()), 0;) oy

R[G5
+q’llea3‘-+1 ~ a5’
j=0

Now, any H>-suboptimal estimation strategy {c;,0;,c8; >

h}* _o» must ensure that

Jmln (8)

=0

min
{9* c6x>h

For solving the above formulated H°°-suboptimal fuzzy esti-
mation problem, we first need to find the functional value of
J ,‘Cni“ by making use of the results of state-space H*° estimation
theory developed in the literature. Therefore, we first give a
brief review of the results from [37].

Theorem 1: Consider a quadratic form

T (xOv {Uj}§207 {yj};?:o) = xoTnole
18 7] [ ]
+Z {y] H, %} {SJT R; yj — Hjw; ®

over zo and {u; }J _o» subject to the state-space constraints
xj+1—ij+Guj,j—01 kI IIg >0, Q5 > 0, R;
is invertible, Q; — S;R; ' ST > 0 and [F; Gj] has a full rank
for all j, then the quadratlc forms (9) will have a unique
minimum, if and only if

Hoo-suboptlrnal estimation strategy {c;,0;,c0; > h}?zo that Pfl + H;‘TR;lHj > 0, 0<j<k (10)
achieves a robustness level of +, for a given fixed data sequence
{2(5), y(4)}s_o. must ensure that where
— T T T
min g0 7 Pip1 =P F} +G;Q;Gj — Kp R j K,
as’{a;+1ia;}j:o’ 9;’69;2’1 j=0 PO = HO (11)
k T . * * T . 2
o |GT (2(9),07) of — G (2()),0;) o
E]-O ’ ( ( ) j) J ( ( ) 7| < 72 (6)

o = ol + 5 (4!

§+1_0‘§H +“91||9*_91 1” +|nJ|)
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with
Rej=R;+ H;P;H]
and
Ky = (FPjH] +G;S;) R_;

It also follows in the minimum case that P;; > 0 for all 0 <
j < k. Also, the minimum value of Ji (o, {u;}¥_o, {y;}5=0)
over (zo, {u; }5_,) is given by

— Hjz;)"R,} i (yj

Ma-

— H;zj)

<.
Il
o

57\]‘_;,_1 = Fjﬁl‘\j + Kpﬂ'(yj - Hja/ﬁj), 7o =0. (12)

Proof: This is the result of Theorem 6 and Lemma 13

in [37]. |
The minimization problem

min T (13)

k
w Lok o
%*{O‘Hl O‘j}jzg

can be identified as a special case of (9) by considering
foral 0 <j<k,a,1=0F=1G;=1I2;=aj1I=

_ y(J) _ GT(%(J’),(’;‘-)} o
=g loe, | =[Gt | @
1 0
0
corresponds to a variable Z; in (12). Here, &; should not be
confused with the estimation strategy ;. Note that, it is known
from the results of state-space estimation that &; is an H>°-
optimal estimation of a;f. However, our concern is to find only
the minimum value of the quadratic form and then to design an
H™>-optimal estimation strategy not only for «; but also for ¢7.
‘We can now apply (10), to check whether a mlmmum exists for
(13). That is, Ji({a},0; 5 0 12(5), y()}" i {aj,0; } 0)
will have a minimum over ap,{a},; —aj}r_, for all
0<j<k,iff

ql,8;=0, R; = . Let @; denotes a vector that

o Ze) [atgnapl) o oo

where Py = pl and

Pjr1 =Py +ql — Py [G (2(5),0;) G (x(5).05)] T3

G,
;)

G ((4),05)
L0 ], (G (0),
0 _72 GT (l‘(])v
x P; [G (2(5),05) G (2(7).07)] -
Applying matrix inversion lemma, it implies that
)G (2(7),0) 67 (2(5),65)]

Pj+1=[Pj_1+(1—’y_ —l—qI.

The existence condition according to (14) is given by

G (x(5),05) GT (x(4),0;) >0
j=0,... k.

1 —
P+ (1—~
5)
A sufficient condition for the existence of minimum is given by

following theorem.
Theorem 2: If v > 1, then for the recursions

G (2(j),6;) GT ((7).6;)]
2)G(x(5),0;)

Pia=[P + (17" +ql
Py=pl, the inequality Pj’1 +(1 -9
GT(z(5), ¢%) > 0 holds good Vj > 0.
Proof: This is a standard result. One possible proof is
stated in Appendix. |
We see that for v > 1, the existence condition is satis-

k
fied and so the minimum value of function Ji({ca},05}5 ),

{z(5),y(7)}} j= 07{aj’9} o) over aoa{aj+1 a]}j:O can
be calculated using (12). For this, consider
R 1+ GTP]G GTPjG
) GTPjG -2 4 GTP]'G

where G = G(z(j), 0;) has been written because of the space
limitations. Using the block triangular factorization of R, ; and
then finding its inverse, we have

1 7GTPJ'G 1 O
R;; = [ 1+GTP]'G:| Tt [GTPJG 1}

0 1 11GTP,G
1+ GT"P,G 0

T3 = [ 0 A2 G (P;1+Gc;T)

o]

() }=o:

Now, the minimum value Ji"™({0;}5_o, {z(j),
{ey,0; }J:()) 1s

k
et 1165 -
=0

k
0" + > TR ATy
§j=0

min __
Jp =

(i) = G (2(3).05) &
), 0

fa= {GT (2(5),60;) a; — GT (2(j

)aj] '
From Theorem 1, cig = 0 and

&j+1 = (/X\j + P; [G (Z‘(j),ej) G (w(j) 0 )] R, 1T4

L]

By substituting the value of R;;,
bottom of the next page, and

o _a o DiG().6) [y(j)— T (a
I+ 1+ GT (2(5),6;) PG ((j
B PiG(x(5),05)[GT(x(j), 0;)c GT(w(J)ﬂ) i
(1+GT@().05)P;G ()0 >>( GT(j).0;) 1Y)
To= [P +G (2(5),0;) 67 (2(5),0;)] " G (), 6})

T 0

PG (x(5),05) [y(i) —
1+ GT (x(5),0;) PiG (x(5),0;

we have (16), shown at the

,07) @]
05)

Oéj:Oéj
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After calculating Ji™", we return to the original H> fuzzy
estimation problem (8). Therefore, all we have to do is to
choose any causal estimation strategy {c;,6;,c0; > h}?zo that

Jmin > 0, where JM" is given by
(16) and the minimization is over causal sequence {0* 09*

ensures min{e* c03>h}E_,

h}* j—o- Before we further minimize .J; min with respect to the

causal sequence of parameters {07, c0; > h}?:o, let us put a
constraint on the estimation strategy that

Oéj:Aaaj 9j:A99;‘-, ]2077]€

where A, and Ay are some matrices of suitable dimensions
which operate on @; and 67, respectively, to define an esti-

mation strategy («;,6;). Let the minimization of J™ with
respect to {07, ct; > h}j _o» for a given choice of Aa and
Ap, be denoted by {9 *(j)}5_o- Let us consider an example
of computing the causal sequence of parameters {6 e (9) f 0

when A, = I and Ag = 1.
Example 1: When A, = I and Ay = I, then

{01()})_, = arg

min Z v,

{9* 0> h} 0 =0

B0 -6 (.0
TR GRG0 ) PG 0]

+ gt |65 — 9311”2

a7)

where 6" ; denotes the initial guess 6_;

PG (2(4),05) [w(i) — GT (x(4),03) a;]

J

Qjp1 =05 +

1+ GT (2(5),6;) PG (2(4),6;)
_ _ N e o eyl
Piy = [PH(1-97)G(2()),6;) G (7). 6;)] +al
aop =0, Py =pl. Since {0f(j)}5_, is a causal sequence,
therefore

61(0) = arg min [To(0),ch > h)

Vo (0) = + g 10 — 01

[y(0) — G7 ((0),8) @)
1+ GT (2(0), 0) PoG ((0),0)

ag =0, Py = pl. Now, the value (and so the values oy, Pr)
are fixed. Therefore, the estimation of 0{1 follows as

01(1) = arg Ingin [T1(0),cl > h]

Ty (0) = + 1y |0 - 05(0)]”

[y(1) — G7 (x(1).0) &1
1+ GT (2(1),0) PG (x(1),0)

and so on follows the estimation of other parameters. Hence,
the parameter sequence {6/ (1)}; k_, can be recursively com-
puted by solving (k + 1) minimlzatlon problems, i.e., for j =
0,...,k

0L(5) = argmin [¥;(0), ¢t > h] (18)
GT 70 aJ ? 1 I
@j”’::r£é3<<>,$§%)<ioie>+“9 Jo-er-n
aons — oy TG (@6).010) [y(1) =G (2(5). 670)) )]
T IH GT (2()),00(5)) PG (2(5), 01(7))

(19)

Pj+1 :qI—|— [P;l + (1 - 772) G (.13(]),0}(]))
x G (2(4).05(7))] " (20)

starting with 01(—1) = 6_1,a0 = 0, and Py = pul.

Now, any causal estimation strategy {a; = A,@;,0, =
AQO;};?:O is H* suboptimal (i.e., achieves a robustness level
of v > 1) if (21), shown at the bottom of the next page, is sat-
isfied. ag = 0, Py = pl. There may exist different estimation
strategies that satisfy the said H°-suboptimal condition [i.e.,
(21)]. One of such estimation strategies is to choose A, = I
(i.e., a; = @;) and to define the operator Ay in such a way that
0; = Ag0; = 0%, (). This results in

g ({04, G &Mmmmmww%mﬁg

%
- ZlJrGT(x(

Jj=0

+ MelegAe

PGl )G -
Qj+1 =05

;- 1|| > 0, since P; >0

G (2(4), 04, () @]
1+ GT (2(j), 04, (4)) PG (x(4), 04, (7))

G" (2(5),05) a;)°

mln ({9*}

Jj=0

k
2(7),9(0) Yo {05, 0,}}0) = ZQ+W“)

[GT (2(5), 05) «

05) PG (z(5),0 )+u91||9 —0;- 1”
J

2= GT (2(4),0) [P+ G (2(5),07) GT (=

— a7 (2(3). 07) w2
GO L) S >(m
(7),67)] " G (2(4),67)
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0o =0, and @; = &;11. The choice of operator Ay that

satisfies

Al = 0%, (), forj=0,...,k

is still not clear. We have seen in example 1 that the causal
parameter sequence {07 (j )} k_, can be recursively computed
using (18)—(20). Therefore, We motivate the choice Ag =TI
by defining 07 = 01(j), i.e., we model the unknown process
[see (5)] as

y(j) = GT (x(5),01(§)) & + nj. (22)

Please note that n] here is also accommodating any mismatch
between ¢ and 6 1(5). This modeling of the unknown process
is justified by the definition of 6% (). To see this, note that when
0; = 0L(j) and o; = @;, then a; = @;41. Then, it follows
from (18)—(20) that

1(6),c0 > 1] (23)

0; = argr%m[

[v(G) — GT (), 0) ;1]

L0 =T e G0 ReGG.e 1l
0y —ay 1 4 PIEED0) D) = G (a(3)-0,) -]
P 1+ GT (2(j), 0;) P;G (2(3), 6)

P = [P+ (1-772)G (2(5).0;) GT(x(5).07)] "+ al

(24)

a_1 = 0, Py = pl. Using the matrix inversion lemma, it can be
seen that

BG((0).6) G @1).0) P
=7 2) 1+ G (2().6,) P, (2(5).6,) 4"
(25)

The definition of 61(j) given by (23) can be interpreted, as fol-
lows, as the solutlon of a least square-based adaptive-filtering
problem. Given an initial guess (a;-1,6;-1), we seek to
improve upon 6;_; by incorporating the additional information
that is provided by the new data (x(5),y(4)), via solving a reg-
ularized nonlinear least square estimation problem (23). Thus,
the modeling of the unknown process based on (22) makes
intuitive engineering make sense. Hence, a H-suboptimal
estimation strategy that achieves a robustness level of v > 1
consists of recursive computation of parameters {c;, 6, };?:0
using (23)—(25).

Pjp1=Pj—

VI. LEAST SQUARE ESTIMATION

Consider a least square optimization problem

[a()u {oa; }§:07 {0, }2?:0]

= arg min

a5 {00 }s_o {0715,

k
To=3"lyG) - G" (x(5),
=0

[T, {c0; > h}f_]
* %2 -1 * |12
9]‘) aj| + gl

k
+q’1ZII5a3‘-Il2+uGIZH9* 071 (26)
§=0

s ({08 O} DY a0 ) >0

k k
‘]mm({eﬁg (])}jzo 3 {.13(]), y(])}j:o a{ajv 0j }?—0) :MEIZ“Hﬁg‘ (
j=0

(67 (@().0;)a

[ _GT(x(ﬁ,eﬁg(j))ajr
0;- 1H +Z 1+GT( (j ),gﬁg(j))PjG(l‘(j)ﬁﬁg(j))

0 (a),0% () 7]

5

Ts = [ijl +G (33( ), 042 (5) )
PG (2(7),04 )[

~

=0
(x 7),04
- GT (m(]

72 = G (7). 04 (7)) T
0)] @ (2().0% )

J)) }

Q1 =Q; +

1+GT(:C()

)P

PG ((7), 047 ))[ T(2(5),0;

),0
),0%: ()
Jaj — G (20). 04 () ]

(1+67 (20042 () G (). 0%
PG (2(),0%5 (7)) [v0) - 67 (2),045 (7)) ]

(1)) (72 = 67 (). 045 () Ts)

aj; = a; +

1+ 67 (2(). 64 ()

Py =ql + {Pj_l + (1=

)6 (2(3). 042 () & (2(3). 042 ()]

¢ (=(i). 04

2()

21
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subject to the constraints

QG = o + 0o, j=0,...,k. 27

? 0> Say
{aj,0;}% ;j=0- based on the solution of constrained least square
minimization problem (26) subject to the constraints (27), by
taking 9? = 01 (i.e., initial guess of 0} is equal to the estimate

Theorem 3: The estimation of parameters {a, 0}

of ¢_;), follows forall j =0, ...,k as
0;= argmeln[ ;(0),ct > h] (28)
O GT( G) am]z L
X a+PG( oy )W G @) 0)e)
e 1+ GT(x(5),0,) P;G(2(5),0,) "
(29)
-, PiG((5),8;) G"(2(4),0,) P _
B = e (). 0) G (), ) T 4D Tk
(30)

Proof: Define
T ({65} =0: {65} =0 fueIZIIH* 07117

* * * k
+ rénlfl} T7(a0’{6aj}j:0’{9j}j:0)

iJj=o0

Ty (o, {00 0, {03} i0) = 1l |l
k 5 k
+3 ) - S R 1 [
=0 =0

Now, the causal estimation strategy {c;,0; } ?:o is given as

{0} =arg i [T {c07 > h}E_ ] 31)

Jj1i=0
mln
ag.{6aj J =0

[O‘Ov {Jaj }é?:o] =arg Iz (O‘EFN {504; }§=0’ {Gj }?zo) )

subject to a1 = + da, i=0,... k. (32)
The functional value .Ji"™ ({05 }5_,, {69}%_) can be computed
using Theorem 1. The minimization problem min . sdsaryE_
T7(a0,{5a i 0,{9* o) can be identified a specml case
of quadratlc form (9) by considering for all 0 <j <k,

Fy=1,Gj=1zj=0aj1lo=ul,Q; =ql,5; =0,R; =1,
u; = 504J,yj =y(j), H; = G (x(j),0;). The existence con-
dition (10) follows as

P+ (2(3),0) G (2(7),65) > O
PG(e(7),0;) G (2(5). ),
1+ G (2()), 0;) PG (2()), 0;)

P =Pj—
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which, using matrix inversion lemma, can be written as

0;) G* (2(5).65)]

It can be seen using Theorem 2 for v = oo that existence
condition Pj_1 + G(z(y), 0;?)GT(;L"(]'), ¢7) > 0 holds good for
0<j<k. Let &j denote a vector that corresponds to a vari-
able Z; in (12). Now, the minimum value according to (12)
is given as

— . 1
P =[P +G (2(j), +ql, Po=pl.

\_/
)
*
~—
Q’TJ
@
—~I|
8
<
~—~
>
*
~—

— +GT 0
G =3, PG( (0).0) W) -G (=) )8]
J+ J 1+GT (gj(]),G;) PjG (x(j)’ 9;) ) 0
(33)
and thus

E

T =0 A07Y i) =217 GT((5),05) PG (2(5), 05)

7=0
+M912 165 — 6311

Let us choose for all j =0,...,k, 9 = 0;_1, where 6_; is an
initial guess about 6. Since the m1n1m1zat10n in (31) is over
a causal sequence, therefore, the parameters {9j };?:0 can be
recursively computed as

9Jfargm61n[ (0),c6 > h) (34)
i) -G @G).0a)”
\I/j(e)_l—i—GT( () )P_] (x(])79)+/$61”9_9j*1”2
oo BGEW O -CT @) )E]
TN TG (), 0) PG (). 0) T 0T
(35)
PP PiG(x (J)ﬁJ)C_v‘T(x(J)ﬂJ)Pj vl Py—pl.

(36)

Once the parameters {9j}§?:0 have been computed using
(34)—(36), the computation of consequent parameters fol-
lows from (32). The solution of (32) is given by the well-
known extended recursive least squares (RLS) algorithm
(see [39] and [40])

PG (x(5),0;)[y(5) —GT (x(4), 0;) ;]

o =+ ; , oap=0
TR 6T (), 0) PGl (), 65)
P;G(x(7),0;)G" (x(5), 0;) P;
Py =Pj—— s Lql, Py=pl.
T 14 GT(a(9), 05) PG (x(5), 05)
We see that @; = «; and thus the parameters {c;, 0, }%_, could
be recursively computed as (28)—(30). |
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The use of least square estimation criterion is most common
and has a long history in engineering fields [41]. However,
we still would like to explore the robustness properties of
least square estimation in a deterministic framework. For this,
assume that the time-varying process could be modeled as

0} =) + 00 67

y(j) =G" (x(4),0;)

where 6; is given by (28) and n; accommodates any mismatch
between 07 and 6. If we take v as an estimate of o} in (37) and
(38), then an instantaneous estimation error is given as e4(j) =

GT(z(j), 0;)a; — GT(x(5),0;)a;. Also, we have

a; +ny (38)

y(j) — GT (2(4),0;) aj = es(§) + ;.

Theorem 4: For a model of (37) and (38), the estimation of
04; using (29) and (30) ensures an upper bound on the value of
energy gain from the unknown disturbances to the estimation
errors, such that for all {a, {a5}5_o, {n;}¥_o}

(39)

S5 |GT (@), 65) o — GT (2 (7). 0,) oy |
1
TP AN TS T
u=1+max G (2(4),6;) PG (a(1),0)).

Proof: To derive this result, we follow the approach of
[42], where the H> bounds for least square estimators have
been derived. Consider a minimization problem

min
{aéﬁ{éo‘; F=o
* sk . . k
D (ag, {003 Yo, 20). 9(9), 051, )

k k
= p M eglP+ gD e P+ ly) -
=0 =0

}D (ag, {5a;‘-}§:07 {z(4),y(), 9]’}?:0)

) .2
Tﬂf(]),@j)ﬂf»

J

subject to a4 = + daj. The minimum value of this cost
function, as calculated in Theorem 3, follows from (33) (by
replacing 0 with 0; and noting that &; = o) as Z] o(ly(y)—
G (a(),6,), ) /(1 + G7 (2(4). b, )P G(x(j),05)).  Now,
for any (o, {005 }_o, {2(7), y(j), 6;15_,), we have

N ' , 2
(i) = GT (2(4).0;) o]
> 2L T3 GT0) 0y G 0

[v() — GT (2(5),0;) o]

IV
SRS

I
o

J

Using (38) and (39), we have

pllagl? +a” IZIIM HerZIngl2 Z[ s(G)+n]”

] 0
(40)

Since u > 1 (due to P; > 0), therefore
es(J)

WJF <\/1+\/E> njrzo
;> 0.

les(7)1* + (1 + V) |ng|* + 2e,(j)n;

1
1+ Vu
Therefore, [es(5) +n;]% > (Vu/(1+v/u))les(7)]* —

and, thus, (40) results in

k E
pM oGl + a7t D lIdag]® + Y ngl?
j=0 j=0

1 1 e L&
Zﬁ<w)j§les(ﬁl - il

Now, it can be seen using the above inequality that

Vulng|?

k

D les()? < (14 Vau)?

j=0
k k

< M ogl + a7t D 16aglP 4 |nyl?

j=0 j=0

Hence

Sk |GT (2()), 0;) o — GT (2(4),05) oy’

< (14 Vu)?

g 12 + gt 5o a2 + S5 Ingl?

]

Remark 1: The RLS algorithms used in literature for the

estimation of linear parameters can be seen as a particular case

of recursions (29) and (30) with ¢ = 0. For ¢ > 0, it is a special
case of extended RLS algorithm [40].

VII. ALGORITHM AND FURTHER REMARKS

We present a Gauss—Newton method-based algorithm for
the H>°-suboptimal estimation of fuzzy-model parameters [i.e.,
expressions (23)—(25)] that could be modified for least square
estimation [i.e., expressions (28)—(30)] without loss of any
generality. The algorithm consists of the following steps.

1) Choose w1 =0,0_1,¢,h, u >0, u9 >0,qg>0,v>1,

FPo=pl,and j = 0.

2) Define

[v()-CT (@) 0)a; 1]* 1>
T+ GT@(),0) P, Gl (),0)

ru(0) =
_1q1/2
[ ] " (0 = 0;-1)
and let s*(6) be the unique solution of the following con-
strained optimization problem solved by the algorithm

suggested in [43]:

s"(0) = arg min [HTH(G) + 7 (0)s)* ses > h — c@]
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where 1 (0) is the Jacobian matrix of vector ry with re-
spect to 8 determined by the method of finite differences.
The Jacobian () is a full-rank matrix, as a result of
using regularization.

3) Compute

Qj :Qj,l + s*(éj,l)

PG (2(5),0;)[y(7) — GT (x(5),0;) a;j 1]
1+ GT (z(4),0;) P;G (z(5),6,)

) (
PG (2(j),0;) GT (2(5),0;) P;
(1=772)71+ GT(2(4), 0;) PG ((7), 05)

4) j:=j+ 1and go to step 2).

A matlab code was developed to implement the above al-
gorithm. The constrained linear least square problem has been
solved by transforming it first to a least distance programming
(see [43] for details). To solve the least distance program-
ming problem, a simple algorithm based on matlab routine
“Isqnonneg,” was developed. The average time in seconds
required for the one pass of algorithm on a Pentium 2.53-GHz
computer was approximately equal to (number of rules in fuzzy
model/4000).

We have considered a deterministic framework to study the
robust adaptive fuzzy-identification problem. The framework
provides a possibility of developing different new robust adap-
tive model identification algorithms. To illustrate this, consider
the following examples.

N

Pjt1 =P —

+ql.

A. Robust Adaptive Identification of Semilinear Models

We have considered for simplicity a zero-order Takagi—
Sugeno fuzzy model. However, it is straightforward to apply
the developed techniques to the robust identification of any
semilinear model with linear inequality constraints, e.g., first-
order Takagi—Sugeno fuzzy models, radial basis function (RBF)
neural networks, B-spline models, etc. Our approach is valid
for any model characterized by parameter set © such that © =
0,320,,y=G67(x,0,)0;,c0, > h.

B. Exponentially Windowed Adaptive Fuzzy ldentification

method to account for time variations in the linear identi-
fication literature is to exponentially weight the data with a
forgetting factor 0 < A < 1. A larger weight is given to more
recent data than the earlier ones. To use an exponential window
in least square fuzzy-model optimization, we solve
[ag, {0c;}, {6,}] = arg min

T {c05 > h}
[as,{éa;},{e;}][ b et 2 1]

k

Jo =Y A |y (5) — G (2(5),67) o]
=0
k
S a1 [ NP LA 1%
§=0

+uelzk’“ A

subject to the constraints oy = a} + da. The solution in this
case will be given as

0; = arg meln [(V;(0),ct > h (41)

[y(j) — G" (@(5),0) ay]’

N0 = G (7.0 P,G (0(),0)
+ 11110 — 01|
oy — sy M PIC @), 8)[y() ~ G (@(5), 6;)a]
j+ J 14+ A 1GT (x(4),6;) P;G (z(5),6;)

(42)

P. 1[5 X'PG(2(5),0;) G" (2(4),8) P;

Pji A7 14+ N 1GT (l.(j)79J)FjG(x(J)’ j) +ql
43)

ap =0, Py = wl. Similarly, an exponential window could
be used for H*°-suboptimal fuzzy identification. Further, a
variable-forgetting-factor strategy could be adopted for an au-
tomatic tradeoff between fast parameter tracking (small ) and
good noise suppression (large \) [44].

VIII. SIMULATION STUDIES

The proposed approach to the adaptive learning of fuzzy
models is applied to the examples of adaptive system
identification, time-series prediction, and estimation of
an uncertain process. The simulation studies consider: 1)
H*®°-suboptimal estimation for v = 1.1; 2) H*-suboptimal
estimation for v = 2; and 3) least squares estimation. Our
methods are compared with the most commonly used gradient-
descent technique for the adaptive learning of nonlinear
parameters. A gradient-descent-learning law seeks to decrease
the value of the objective function based on the instantaneous
error Er(a, 0, k) = (1/2)[y(k) — GT (z(k),0)a)?. A gradient-
descent-learning law, for estimating the parameter set O =
[@F 0T, has the form O = Oy — u(9Er(O,k)/00)e,_,,
where p is a step size. During the gradient-descent learning
of membership functions, in the presence of disturbances,
the knots may attempt to come close to (or even cross) one
another, thus leading to a loss of interpretability and learning
performance. Thus, for a better performance of the gradient-
descent learning, the knots must be prevented from crossing
one another by modifying the learning law as

0, | — (w) . ifcly > h
0, = { k-1 — M 90 Or_s I clg =
Or_1, otherwise.

Let us first consider the fuzzy identification of a process
described as

—10x

W + p2 tanh(m),

€ [-0.5,2.5]
(44)

y=f(x,p) =

where the parameter p is time varying. The process is simulated
fort =0tot =40as z(t) = —0.5 4+ |3 sin 10¢, and parameter
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p varies with time as

15, 0<t<10
2, 10<t<20

PO=9 1 20<t<30 “5)
1.5, 30 < ¢ < 40.

The identification data are generated by sampling the
process with a sampling period of 7" = 0.01. The uncertain
input—output identification data are obtained by generating the
sequence {(1+ dxy)x(kT), (14 0yk)y(kT)}k=0,1,..., Where
dxy and dyy, are random entries, chosen from a normal distri-
bution with zero mean and 0.01 variance. The instantaneous
absolute estimation error (AE) at kth sampled time in-
stant is defined as AE(k) = (1/300) Z?OZOI |f(27,p(0.01k)) —

GT(7,0,)ay|, where the points {x7}3% are uniformly
distributed in [—0.5,2.5]. AE(k) indicates the instantaneous
estimation performance at kth sampled time instant. The es-
timation performance, however, over a considered time span
(t =0 to t = 40) can be assessed by defining, e.g., the energy
of estimation-error signal AE as Y ;o0 |AE(K)[%. A smaller
value of estimation-error energy indicates the smaller values
of squared instantaneous AE during the considered time span
and vice versa. A good estimation strategy corresponds to

small values of {AE(k)}Y_, and, hence, a small value of

estimation-error energy Z,]CVZO |AE(k)|? during the time span of
k = 0to k = N. Thus, the performances of different estimation
strategies, over the considered time span, can be compared by
computing their estimation-error energies.

Consider a fuzzy model with four Gaussian-shaped member-
ship functions with an initial guess of 6_; = [—0.50.5 1.5 2.5].
We choose c and h in a way that two knots must be separated at
least by a distance of 0.1. For a fair comparison of different
techniques, same step-size = pp = 0.05 is taken for all.
For H*°-suboptimal and least square estimation, let us take
g = 0.001. Fig. 1 shows the simulation results where AE(k)
is plotted with time index k. The adaptation of knot sequence
vector 0 with time index k has been shown in Fig. 2. It was
indicated in Fig. 2 that knot curves come close to one another
but remain separated at least by a distance of 0.1 (as a result
of interpretability constraints). Thus, in case the interpretability
constraints are not put, the knot curves may cross one another
resulting in a total loss of interpretability and performance. A
comparison of different estimation strategies has been shown in
Table 1.

Consider a four-dimensional example to predict the fu-
ture values of a chaotic time series. The time series is
generated by simulating the chaotic Mackey-Glass differen-
tial delay equation, i.e., dr/dt = (0.2x(t — 17) /(1 + = (¢t —
17))) — 0.1z(t), x(0) = 1.2, =z(¢t) =0, for ¢t < 0. A fourth-
order Runge—Kutta method was used for the simulation of the
above equation. The aim of the problem is to predict the value of
x(t + 6) by using a set of past values i.e., z(t — 18), z(t — 12),
x(t — 6), x(t). The uncertain input-output identification data
are a sequence of 500 elements from ¢t = 118 to t = 617, i.e.,

(14 dz1p)z(t — 18)
Eiigij’;;ﬁi: é)Q) , (1 + Oy )z (t + 6)
(14 dzgg)x(t) t=118,...,617

Learning curves for stepsize 1= p, = 0.05, q = 0.001

— H suboptimal (y=1.1)
= = H™ suboptimal {y=2)

""" Least Squares Estimation
+= Gradient Descent

°
>

0.08F

0.06F

Instantaneous Absolute Estimation Error AE (k)
°

0.04

0.02

L 2 L L 2 L 2 L
0 100 200 300 400 600 700 800 900 1000

500
time index k
@
Learning curves for stepsize |1 = 4, = 0.06, q= 0.001
04 E) T v r : :
(8 N — H” suboptimal {y=1.1)
[EE == W suboptimal {y=2)
0.35 LEE N '+ Loast Squares Estimation H
' Ve, += ' Gradient Descent
1 ‘-‘.'
= M e
o 1 e,
% 03 \ .
g 1 “a,
& ' .
§ o025 1 .
5 . “any
E .
b i s
g 02 -u-.\&-
2 v .,
< TV oy
2 015 LoYNeasa -,
H . (K ~,
g P T “rs S
€ “ve he
g
3 o §

0.05

L L L L L h H L L
1000 1100 1200 1300 1400 1500 1600 1700 1800 1800 2000

time index k
®)
Learning curves for slepsize p =y, = 0.05, 9=0.001
o. T = T T T T T
il ",.'ai- W ~ H™ suboptimal (y=1.1)
sl af e, = = H* suboptimal {y = 2)
?I\ e *** Least Squares Estimation
EN L -= - Gradlent Descent
o4l H 'i, 4
~
0.35|

L 4
1

03t 3,
]

’Hl 4'.‘:.1.4‘_ Pad "5"-:\,1“.‘.}‘.11.,;
v o

0.25F

0.2

015F

Instantaneous Absolute Estimation Error AE(K)

o1}

L L L L L L L L L
2000 2100 2200 2300 2400 2500 2600 2700 2800 2900 3000
time index k

©

Leaming curves for stepsize 1=y, = 0.05, q=0.001
T T T

5T

0.25f

RPNt
o,

R P

Instantaneous Absolute Estimation Error AE(K)
°
@

0.05

L ) ' L L s ) n )
3000 3100 3200 3300 3400 3500 3600 3700 3800 3800 4000

time index

@

Fig. 1. Plot of instantaneous AE for a time-varying process. (a) Learning
curves from ¢ = 0 to t = 10. (b) Learning curves from ¢ = 10 to ¢t = 20.
(c) Learning curves from ¢ = 20 to t = 30. (d) Learning curves from ¢ = 30
tot = 40.
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Fig. 2. Time variation of parameter 0}, for different estimation strategies.

TABLE 1
COMPARISON OF DIFFERENT ESTIMATION STRATEGIES FOR THE
Fuzzy IDENTIFICATION OF A TIME-VARYING PROCESS

Estimation strategy || 24000 |AE(k
H°°-suboptimal estimation for v = 1.1 225.49
H°-suboptimal estimation for v = 2 423.42
Least squares estimation 406.19
Gradient descent 783.36

TABLE 1II
COMPARISON OF DIFFERENT ESTIMATION STRATEGIES
FOR A CHAOTIC TIME-SERIES PREDICTION

Estimation strategy || 2500 |AE(k
H>°-suboptimal estimation for v = 1.1 69.50
H®°-suboptimal estimation for v = 2 74.55
Least squares estimation 76.94
Gradient descent 191.06

where dx1y, dxak, 0T3k, 0x4k, and Jyg are random entries
chosen from a normal distribution with zero mean and 0.01
variance. Let us choose the trapezoidal type of membership
functions such that the number of membership functions as-
signed to each of the four inputs [i.e., (¢t — 18), z(t — 12),
x(t —6), x(t)] is equal to three. Again, we choose ¢ and
h in such a way that two knots must be separated at least
by a distance of 0.01. Define instantaneous AE at index
k as AE(k) = (1/500) 32,1415 [(t +6) — Fy(k)|, Fy(k) =
GT ([#(t — 18) z(t — 12) z(t — 6) x(t)]", 6x) ck. We run the
simulations from k = 1 to k = 500, taking i = g = 0.01, and
g = 0.001. The simulation results have been shown in Fig. 3
by plotting AE(k) with k. Table II shows the comparison of
different estimation strategies.

We have considered the fuzzy identification of a time-varying
process (44), where the time variation of the process parameter
p is according to (45). Now, we consider the case that the
process parameter p is uncertain. That is, parameter p is dif-

Leammg curves for H=lo= 0 01, q=0.001

- H™ subop\\mal @=1Y
__\' : = H” suboptimal (y=2)
- : " Least squares

= Gradient descent

0.9 >
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0.6+
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0.4

Instantaneous Absolute Estimation Error AE(k)
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1 i I h o {
0 50 100 150 200 250 300 350 400 450 500
k

Fig. 3. Plot of instantaneous AE for a chaotic time series.

ferent at every sampled time instant and takes random values.
Let the uncertain process be described by the following system
of unknown equations:

fort = 0 —05
L= 140.36,

p(k) =1.5+[02 0]

—10z(k)

TR O

} & +0.02 {_ﬂ wg, & =0

%(k) tanh (z(k)) + 0.02v(k)

where dy, wy, v(k) are random entries chosen from a uni-
form distribution on the interval [—1,1], and z(k) is cho-
sen from a uniform distribution on the interval [—0.5,2.5].
The aim is to filter the noise v(k) from measurement y(k)
to estimate the signal s(k) = (—10x(k)/(2p(k) + 22(k))) +
p? (k) tanh(z(k)), using a fuzzy model. Thus, the estimation
error is given as AE(k) = |s(k) — GT (x(k), 0 )ax|. The prob-
lem of estimating the state vector £, in the above system using a
measurement signal y, = C¢&, + Duy, given the knowledge of
system equations and (C, D), has been studied in the literature
of robust filtering (see, e.g., [45]). Our concern, however, is
to estimate a nonlinear function of & using {z(j), y(j)}?zo,
but without any knowledge of system equations. Again, we
consider a fuzzy model with four Gaussian-shaped membership
functions with an initial guess of 6_; = [-0.5 0.5 1.5 2.5].
The interpretability constraints are so chosen that the two knots
must be separated at least by a distance of 0.1. Let us take p =
o = 0.9. The process is simulated from k =0 to k = 1000
at different values of q ranging from ¢ = 0.01 to ¢ = 10. For
comparing the different estimation strategies, the estimation-
error energy 3 ;s |AE(K)|? has been computed and plotted in
Fig. 4 for different values of ¢. Fig. 4 shows that, at a given
value of step-s ize u, robust techniques perform better at higher
values of q. This, as expected, is due to the fact that ¢ reflects
a priori knowledge as to how fast the process parameters vary
with time. Therefore, for fast varying processes, a higher value
of ¢ should be taken and vice versa.

The above simulation results (Tables I and II and Fig. 4)
have clearly shown that the proposed learning methods of
fuzzy models in a deterministic framework have a better per-
formance than the gradient descent in the presence of data
uncertainties and modeling errors. The better performance of
H*°-suboptimal (corresponding to v = 1.1) estimation strategy
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Plot of estimation error energy for different values of q at p = pg = 0.9
T T

Least squares
-=- Gradient descent

Estimation Error Energy

Fig. 4. Plot of estimation-error energy of different estimation strategies for an
uncertain process.

is obviously due to the robust nature of H°° optimization
theory, since H™ fuzzy estimation strategy has been derived
via bounding the energy gain (from disturbances to estimation
errors) by a value . The performance of an estimation strate-
gies in a time-varying environment can be further improved by
using an exponential window. As an illustration, we study the
least square estimation strategy (41)—(43) with A = 0.99 for
the above defined adaptive fuzzy-identification problem. The

estimation-error energy in this case, as expected, is lowered
from 406.19 (A = 1) to 353.13 (A = 0.99).

IX. CONCLUSION

This study has outlined a deterministic approach to the robust
adaptive fuzzy identification of time-varying processes based
on H*-optimization and least square estimation criterion. The
main contributions are as follows.

1) Unlike many ad hoc approaches to the learning of fuzzy
models, this study rests upon a mathematical basis for
addressing the issues of the data uncertainties, modeling
errors, and time variations.

2) The study proposes new fuzzy learning algorithms that
are robust against data uncertainties, modeling errors, and
time variations.

3) The study offers a new opening to know how to develop
the robust adaptive fuzzy-identification algorithms in a
“rigorous” manner by extending the robust linear estima-
tion theory to the nonlinear interpretable fuzzy models.

APPENDIX

Define P; = [P + (1 — v 2)G(x(4), 0;)GT (2(5), 03)]
and consider the minimum eigenvalue of matrix (P;_1)~!. To

. A1 T H-1
do this, use the fact that Amin (P;";) P u.
Therefore, for every j, we can determine a Vector ug € RX
with uf'ug = 1, such that )\min(Pj’}l) = uo P “L ug. Substitut-

ing Pj’ 1 we have Apmin( AJ’ll) = ug P 1Uo +ul (1 —~72)

=min,r,—; %

G(z() —1),0: )GT(z(j 1),9;‘- 1)u0 If we assume that
v > 1land P; _11 > 0, then u’ P L ug > 0 and hence
N _ N 2
Amin (ijll) >1=~)|G" (2(j — 1),60%_ 1) ug|” > 0.

The above inequality implies that

. 1
Amax(P'—l) <
! (1=72) [GT (2( — 1), 0;_,) uo|”
and therefore
1 (1—72)|GT (z(j — 1),6;_ )u0’2

q+)\max(pjfl) q(l_ |GT( ]_1)’ Jj— 1) ’U/0|2+1'

Since P; = P] 1+ qI therefore )\mm( H=1 /)\max( i1+

qI) = 1/(q + Amax(Pj-1)). Thus
1—72)|G7 (2(j — 1),6;_) uo|’
Amin (P} 1) > ( )|GT (205 = 1),051) wo
q(1 —772)|GT (x (z(j —1),0;_ 1)u0| +1
(46)

o s i
For any nonzero vector o € RX, consider

TP+ (1 =97)G (2().05) GT (2(5).85)] o
= aTP]._loz +(1-772) ‘GT (.27(]),(9;) a’2

> >\min (Pjil) ”O‘”2 + (1 - 772) |GT (m(j)’gj) OL|2 :

Using (46), it follows that ozT[Pj_1 +(1- V’Q)G(a:(j),ﬁ;)
G (@(5), 0] > (1 = 72 |GT (2(j — 1), 051 Juo [ af|*)/
(@1 =) G (x(j = 1), 0;_)uol* +1)) + (1 =y 2)|G"
(z(7),0;)al? and, therefore

TP+ (1= G (2(5),6) 6T (2(5),65)] > 0

for all nonzero o € R¥. This implies that

P+ (1 =97 G (2(5),07) G (2(7),05) > 0.

Thus, we see that if P;Y >0 for v > 1, then P; '+ (1—
v )G (x(4),0;)GT (x(4),0;) > 0 and P;' >0 [from (46)].
Since P, L'~ 0, therefore, by induction, the theorem is proven.
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