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Generalized Regression Neural Networks 1n
Time-Varying Environment

Leszek Rutkowski, Senior Member, IEEE

Abstract—The current state of knowledge regarding non-
stationary processes is significantly poorer then in the case of
stationary signals. In many applications, signals are treated as sta-
tionary only because in this way it is easier to analyze them; in fact,
they are nonstationary. Nonstationary processes are undoubtedly
more difficult to analyze and their diversity makes application of
universal tools impossible. In this paper we propose a new class of
generalized regression neural networks working in nonstationary
environment. The generalized regession neural networks (GRNN)
studied in this paper are able to follow changes of the best model,
i.e., time-varying regression functions. The novelty is summarized
as follows: 1) We present adaptive GRNN tracking time-varying
regression functions. 2) We prove convergence of the GRNN based
on general learning theorems presented in Section I'V. 3) We design
in detail special GRNN based on the Parzen and orthogonal series
kernels. In each case we precise conditions ensuring convergence
of the GRNN to the best models described by regression function.
4) We investigate speed of convergence of the GRNN and compare
performance of specific structures based on the Parzen kernel and
orthogonal series kernel. 5) We study various nonstationarities
(multiplicative, additive, “scale change,” ‘“movable argument”)
and design in each case the GRNN based on the Parzen kernel and
orthogonal series kernel.

Index Terms—Convergence properties, generalized regression
neural networks (GRNN), orthogonal series kernel, Parzen kernel,
time-varying environment.

I. INTRODUCTION

HE generalized regression neural network (GRNN) was

introduced by Nadaraya [19] and Watson [41] and redis-
covered by Specht [35] to perform general (linear or nonlinear)
regressions. The GRNN was applied to solve a variety of prob-
lems [22] like prediction, control, plant process modeling or
general mapping problems. Other stochastically based neural
networks, the so-called probabilistic neural networks, are used
for classification [4], [18], [22], [27], [29], [33], [34], [36]. The
concept of the GRNN is based on nonparametric estimation
commonly used in statistics [10], [12], [16], [21], [23]-[26],
[38]. An interesting study presenting a bridge between non-
parametric estimation and artificial neural networks is given in
[43]. The essence of nonparametric estimation is nonlimiting to
an assumed—usually in an arbitrary way—parametric class of
models. Such approach was applied by several authors (see, e.g.,
[16], [23]-[26]) who created nonparametric algorithms based on
the Parzen method and orthogonal series. More precisely, in sta-
tionary regression analysis we consider a random vector (X, Y'),
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where X is RP—valued and Y is R—valued. The problem is to
find a (measurable) function ¢: RP — R such that the Lo risk

E[p(X) - Y]? M
attains minimum. The solution is the regression function
¢*(z) = E[Y | X = x]. 2)

Nonparametric procedures and GRNN approach the best solu-
tion (2) as the sample size grows large.

The nonparametric methods discussed above could be applied
only in stationary situations—where probability distributions do
not change with time. However, in many cases the assumption
concerning stationarity may be false, because usually proper-
ties of various processes depend on time. It is possible to enu-
merate the following examples: 1) the production process in an
oil refinery, where nonstationarity is a result of a change of cat-
alyst properties; ii) the process of carbon dioxide conversion,
where nonstationarity is also a result of catalyst aging; iii) the
vibrations of the atmosphere around a starting space rocket are
a nonstationary process, because the force that stimulates the
rocket to start is a function of parameters that change quickly,
such as the speed of the rocket and the distance from Earth’s
surface; iv) the converter-oxygen process of steelmaking, when
thermal conditions in the converter may change between melts.
In literature, there are three best-known parametric methods for
modeling nonstationary systems (see, e.g., [17], [32]): a) Mov-
able models method; for modeling of nonstationary systems,
the classic method of minimum squares is used and the data
set is constantly updated through the elimination of the oldest
data and simultaneous feeding of the newest data. The period
of time during which the data set is collected is called the ob-
servation horizon. b) Method based on the criterion of the min-
imum weighted sum squares; the minimum squares method is
also used, but the elimination of the oldest data is carried out
through assigning decreasing weights in the criterion of the min-
imum weighed sum squares. c) Method of dynamic stochastic
approximation; characteristics of the nonstationary plant are ap-
proximated by a linear model having time-varying coefficients
which are estimated by means of the dynamic stochastic approx-
imation method [11].

An important problem in method a) is the optimization of the
observation horizon and in method b), the selection of weight
coefficients. Unfortunately, the solution of such problems de-
pends on the possession of a relative number of a priori infor-
mation, such as, e.g., the character of nonstationarity, the vari-
ance of disturbances and the form of the input signal. Similarly,
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a disadvantage of method c) is a necessity to know the way in
which the linear model coefficients change.

Methods a), b), and c) that were previously discussed do not
allow to track the changing characteristics of the best models de-
scribed by time-varying regression functions. Such a property is
possessed by the GRNN constructed in this paper. In the non-
stationary regression, we consider a sequence of random vari-
ables {X,,,Y,},n = 1,2,..., having time-varying cumulative
probability density functions f,(z, ). The problem is to find a
measurable function ¢,,: RP — R such that the L, risk

E[pn(X) - YT 3)
attains minimum. The solution is the regression function

bn(z) = E[Y, | Xy, = 7],

. n=12 ... O]
changing with time.

In this paper, we propose a new class of generalized regres-
sion neural networks working in a nonstationary environment.
The general regression neural networks studied in this paper are
able to follow changes of the best model i.e., time-varying re-
gression functions given by (4). The novelty is summarized as
follows:

1) We present the adaptive GRNN tracking time-varying re-
gression functions.

2) We prove convergence of the GRNN based on general
learning theorems presented in Section I'V.

3) We design in detail special GRNN based on the Parzen
and the orthogonal series kernels. In each case, we precise
conditions ensuring convergence of the GRNN to the best
models given by (4).

4) We investigate speed of the convergence of the GRNN
and compare performance of specific structures based on
the Parzen kernel and the orthogonal series kernel.

5) We study various nonstationarities (multiplicative, addi-
tive, “scale change,” “movable argument”) and design in
each case the GRNN based on the Parzen kernel and or-
thogonal series kernel.

As aforementioned, the current state of knowledge regarding
nonstationary processes is significantly poorer than in the case
of stationary signals. In many applications signals are treated as
stationary because only in this way it is easier to analyze them;
in fact, they are nonstationary. Nonstationary processes are un-
doubtedly more difficult to analyze and their diversity makes ap-
plication of universal tools impossible. In this context our paper
seems to be a significant contribution to the development of new
techniques in the area of nonstationary signals. More specifi-
cally, the paper advances the current state of knowledge in the
following fields: a) stochastic—based neural networks; b) non-
parametric regression estimation; ¢) modeling of time-varying
plants. It should be emphasized that the methodology proposed
in this paper allows to solve problems that earlier could have
been treated as ““ impossible to solve.” For illustration of the ca-
pability of our GRNN we may consider an application to mod-
eling of nonstationary plants described by

Y, = ¢:L<Xn> + Zn
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where ¢} is given by (4) and noise Z,, is a sequence of i.i.d.
random variables. Suppose that

)
P (@) = and(z)
ii)
bn(@) = () + Bn
iii)
b (z) = Plawy)
iv)
P (@) = Pz — An)

where a,, B,,wn, and A, are sequences of real num-
bers. In the paper, based on the learning sequence
(X1,Y1),(X2,Y32),. .., we design the GRNN that allow
to track ¢*(z) in cases i)-iv) despite the fact that we
do not known the function ¢ and sequences «,, O, Wy,
or A,. It will be shown that it is possible to design the
GRNN tracking, e.g., the following nonstationarites in
the above models

cint

co cosnt,
csntt cosnt2.

an:ﬂn:wn:)‘n:

This paper is organized into fourteen sections. In Section II
we introduce kernels functions on which the construction of
GRNN will be based. In Section III we review GRNN working
in stationary environment. In the same section we extend the
formula of the classical GRNN suggested by Specht [35] to
the recursive GRNN with a gain (1/n). In the next sections
we will replace the sequence (1/n) in the recursive GRNN by
a more general sequence a,, used in stochastic approximation
methods [1]. Due to such replacement, the recursive GRNN
will be able to follow changes of time-varying regression func-
tions (4). Since the existing theories do not allow to study re-
cursive GRNN in time-varying environment, in Section IV we
give the appropriate theorems which are very useful in the next
sections. In Section V we introduce the GRNN studied in this
paper and describe its relation with previous results concerning
stochastic—based neural networks in stationary case. In Sec-
tion VI we formulate a theorem for convergence of the GRNN
in probability and with probability one to regressions (4). The
GRNN based on the Parzen kernel and orthogonal series kernel
are studied in Sections VII and VIII, respectively. The speed of
convergence is investigated in Section IX. In Sections X—XII
we design the GRNN tracking various nonstationarities. Sec-
tion XIII presents simulation results. The proofs of all the theo-
rems are given in the Appendix.

II. KERNEL FUNCTIONS FOR THE GRNN CONSTRUCTION

All probabilistic neural networks studied in this paper
are based on a sequence {K,},n = 1,2,..., of bivariate
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Borel—measurable functions (so-called general kernel func-
tions) defined on A x A;,A C RP,p > 1. The concept
of general kernel functions stems from the theory of non-
parametric density estimation. We will use ideas of the two
methods: Parzen’s approach and orthogonal series.

A. Application of the Parzen Kernel

Sequence K, based on the Parzen kernel in the multidimen-
sional version takes the following form

r—u
5
b, ) ®
where h,, > 0 is a certain sequence of numbers and K is an ap-
propriately selected function. Precise assumptions concerning
the sequence h,, and function K that ensure convergence will

be given in the next sections. It is convenient to assume that
function K can be presented in the form

:ﬁH@ﬂ.

1=1

K,(x,u)=h,PK (

Then, sequence K, is expressed by means of

K - L I 2@ — (@ 6
The most popular is Gaussian kernel given by
H(v) = (2r)"%e™ 3" (7
and
K hoP(2r)" % - AN 8
= 2 _— .
n(@,u) = hP (2m) Hexp( " ) ®)

B. Application of Orthogonal Series

Letg;(+),j=0,1,2,...,
in Ly(A), A € R, such that

be a complete orthonormal system

max |g;(2)] < Gj. ©)

It is well known that, the system composed of all possible

products
$<p>) = g;, (xu)) g, (w(m)

{\I/jl,...,jp (.Z‘(l),...,
jk:0,1,2,...,k:1,...,p} (10)

is a complete orthonormal system in Ly(A), where
A=AXx---xA.
p—times

It constitutes the basis for construction of the following se-
quence K,

q q

=5 N (x(l)) i (u(l))

J1=0  jp=0
g5 (x(l’)) i, (u(p)) (11)
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where ¢ depends on the length of the learning sequence, i.e.,
g = q(n). It can be given in a shortened form as

w)= > V;(z)V¥ (12)
l71<q
wherei = (j17 . 7jp) and |i| = maxlgkgp(jk).
If A = (—o00,00), then we design the PNN based on the

Hermite series given by

g;(2) = (Pjirt)
where

Hj1(z) = 20H;(x) — 2jHj1(2)

and Ho(z) = 1,H;(x) = 2. It is easly seen that the or-
thonormal functions of the Hermite series can be recursively
generated by

( y=n"de %

91(x )—22 “ipe¥ 212%3690(97)
gi+1(2) = (2/(5 +1))22g;(x)
—(i/(G+1)7gj-1(x)
fory=1,2,...,

It is known [39] that for the Hermite series G; = const - 5712,

If A = [0, c0), then we design the PNN based on the Laguerre
series given by
gj(@) = e~ F Lj(x)
where
U+ DLja(@) = (27 +1 - 2)Li(x) - jL;1(x)

and Lo(z) = 1,L1(z) = 1 — x. It is easly seen that the or-
thonormal functions of the Laguerre series can be recursively
generated by

go(x) =e %
gi(z) =e"2(1 —xz) = go(z)(1 — 1)
(J+Dgj1(z) = (2 + —x)gj(z)
—jgj—1(x)
forj=1,2,...,

It is known [39] that for the Laguerre series G'; = const-j~1/4.

If A = [—1,1], then we design the PNN based on the Le-
gendre series given by

where
(J + D) Pja(x) = (2 + DaPj(x) — jPj—1(z)

and Py(z) = 1, Pi(x) = . Itis easly seen that the orthonormal
functions of the Legendre series can be recursively generated by

golz) = /4 ‘

qi(z) = \/ga:
(7 + Dgj+1(x) = /(25 + 1)(2) + 3)zg;(z)

\/gjﬂgm 1(x)

forj=1,2,.. )
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It is known [39] that for the Legendre series G; = const - j*/2.
In some applications it is convenient to use multiple Fourier
series. We present two different multiple Fourier series.
1) Expansions Based on Dirichlet’s Kernel: Ttis well known
[20] that the functions

p
(27[')_1’/26“(%7 k = (kh ey ]{Jp)7 kx = Z k]x(ﬂ)
j=1

(kj=0,4£1,%2,....j=1,...,p)

are orthonormal and complete over the p-dimensional cube

2) Expansion Based on Fejer’s Kernel: The multidimen-
sional Fejer’s kernel of order ¢ is given by

Fy@) = [L 60 (+9)
j=1

where

2

Pq(u) =

C2(q+1 1

S1n §’U/

1 ) (sin s(a+ 1)u>

III. GENERALIZED REGRESSION NEURAL NETWORKS IN
STATIONARY ENVIRONMENT

Let (X,Y) be a pair of random variables. X takes values
in a Borel set A, A C RP, whereas Y takes values in R. Let
f be the marginal Lebesgue density of X. Based on a sample
(X1,Y1),...,(X,,Y,) ofiid. observations of (X, Y") we wish
to estimate the regression ¢ of Y on X given by (2).

To estimate function (2) we propose the following

. R,
Falar) = Znl@) (13)
where
- 1 &
Ry () = ~ ;YiKn(x,Xi) (14)
and estimator fn is given by
- 1 <
falz) = ;ZKn(:v,X,) (15)
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Scheme of GRNN.

Fig. 1.

In Fig. 1 we show the neural-network implementation of esti-
mator (13).

Example 1: (Nadaraya [19] and Watson [41]): Applying the
Parzen kernel to estimator (13) one gets

n r—X;
~ >imy YiK ( B )
¢n (37 - " X .
ia K ( T )
Several results concerning convergence of estimator (16) can be

found in [9], [13], and [14].
The recursive version of procedure (13) is given as follows:

(16)

i An(x)
dn(T) = = (17)
(z) 7o)
where
Ry (x) = %ZmKi(mXi) (18)
=1
and
. 1 <
fulw) =~ > Ki(w, Xi). (19)
1=1

Observe that procedures (18) and (19) differ from (14) and
(15). Formulas (18) and (19) can be expressed in the recursive
form

n+1

Y1 Knga (2, Xogr) — Rn(x)] (20)

and .
fn+1($) = fn(w) + n+1

. (Kn+1(x,Xn+1) - fn(x))

where Ry(z) = 0 and fo(x) = 0. The block diagram of the re-
cursive GRNN corresponding to (17), (20), and (21) is depicted
in Fig. 2.

Example 2: (Rutkowski [23], [24]): Since the orthogonal se-
ries kernel is less popular than the Parzen kernel we will explain
how the orthogonal series method leads to density and regres-
sion function estimators. Let us define

2y
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- (W

Fig. 2. Recursive GRNN.

We assume that functions R and f have the representations

(w) ~ Z Argr ()
k=0

T) ~ Z Bigr(z)
k=0

where
Ay = /A R(2)gr(z) dz = E[Y g (X)]
By = ;‘fu)gk(x)dx = Elgu(X)).

We truncate the infinite orthogonal expansions as follows:

=
O

[
M=

Argr(z)

ol
Il

0

M=

fo(x) =) Brgr(v).

ol
Il

0

The coefficients A; and
estimators

Bjycan be estimated by unbiased

1 n
Bl = 23 0u(x)
kn — n iZng

Replacing in R,(z) and f,(z) coefficients Ay, and By, by their
estimates Ayg,, and By, we get

a(n)

Z Apngr(w

q(n

Z Bingr(x

IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 15, NO. 3, MAY 2004

S
|
—_

N
|
—

where ¢ depends on the length of the learning sequence, i.e.,
q = q(n). Finally we get a nonrecursive estimate of regression
¢(x) given by (13). We will now derive the recursive orthogonal
series regression estimate. Note that R, () and f,(z) can be
expressed in the form

n q(n)

R ( ZZng (z)

71k0

n q(n)

DI

71]0

Replacing g(n) by ¢(7) in the last two expressions we get

n q(4)
Ru(r) = 503 Vi (Xo)gu()
1=1 k=0
) 1 n q(3)
fa(w) =23 > 0i(Xi)g;(w).

The above formulas can be presented in the recursive forms

B () = () + —
[g(n+1)
X Z Yot19%(Xnt1)gr(2) — én(x)
k=0
fn+1(x) = fn(x) + n+1
q(n+1) A
X Z 95(Xnt1)g;(x) — fulz)
7=0

and where Ro(z) = 0 and fo(z) = 0. Thus, the unknown
regression function ¢(x) is estimated recursively by (17) based
on the orthogonal series method.

It should be noted that the orthogonal series method is
also applicable when the inputs X7, ..., X,, in model (4) are
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not random and are contained in the interval A = [0, 1] (see
Rutkowski [25], [26]). Let us partition interval A = [0, 1] into
nregions Ay,..., Ap, where A; = [d;_1,d;],do = 0,d,, =1,
and UA; = A. Assume that the input signals X; are selected so
that X; € A;. We expand the regression function ¢(x) in the
orthogonal series

$(x) ~ Y Crgr(x)
where
Cr = /Agk(a:)gb(:v) dex = Z/A gr(z)p(x) dz.

As the estimator of C}, we take

Cin = ZY”/ gk (z) dx.
i=1 Ai

We truncate the infinite orthogonal expansion as follows:

$g(x) = Crgi(z)

and estimate ¢(z) by

q(n)
$n(x) = Chngi(z)
k=0

where g(n) is a sequence of integers. The convergence proper-
ties of ¢, () are investigated in [25] and [26].

IV. PRELIMINARIES TO GRNN IN
TIME-VARYING ENVIRONMENT

Here we study a general problem of learning in the nonsta-
tionary environment. The results and theorems will be a starting
point for construction of the GRNN in the next sections. Let us
consider a sequence {(X,,Y,)},n = 1,2,..., of independent
pairs of random variables, where X,, represents random vari-
ables having the probability density f,, taking values in the set
A C RP and Y,, represents random variables taking values in
the set B C R.

We assume that time-varying probability distributions of the
above random variables are completely unknown.

Let us define the following function

Ro(@) L f(0)E[Y, | Xp =2] n=12,... (22
From the assumption that the probability distributions are com-
pletely unknown, it follows that the sequence of functions (22) is
also unknown. In this paper, the goal of learning will be tracking
the changing function R,,,n = 1,2,....

Let {a,} be a sequence of numbers satisfying the following
conditions:

oo
n
an >0, a, —0, E ay = OO.

n=1

(23)

We will consider a nonparametric learning procedure of the fol-
lowing type:

N A

Rn+1($) = Rn(x) + an+1[Yn+1Kn+1($7 Xn-i-l) - }?n(x)]
n=0,1,2,... Ro(x) = 0.

Comparing (24) to (21) we realize that algorithm (21) is a spe-
cial case of the general procedure (24);if a,, = n "' and Y,, = 1.
Similarly, procedure (24) reduces to recursion (20) if a,, = n~*.

The measure of quality of the learning process in a given point
x € A can be
Lu(x) = [Ru(2) = Ru(x)). (25)

Of course, sequence I,,(z) in a given point « € A is a sequence
of random variables. We will show that

E?(z) %0 and I,(z) — 0 with pr. 1
Define
rn(x) = BY, Ky (2, X,))]. (26)

Theorem 1:
are satisfied:

If in a certain point z, the following conditions

an var [V, K, (2, X,)] = 0 27
a; tru(x) = Ry(x)] — 0 (28)
a | Rpy1(z) — Ry ()] == 0 (29)
then
ET%(z) = 0. (30)

Theorem 2: 1If in a certain point x, the following conditions
are satisfied:

Z a2 var [V, K, (z, X,)] < oo

3D
n=1
Y ayt(ralx) = Ru(2))? < oo (32)
n=1
> ar (Roga(z) — Ru(x))® < o0 (33)
n=1
then
I,(z) = 0 with pr. 1 (34)
Theorem 3: If the following conditions are satisfied:
var [V, K, (2, X,)] = 0(n?), A>0 (35)
|Rni1(x) — Ru(z)] = 0(n B), B>0 (36)
[rn(z) — Ro(2)] = 0(n=%), C>0 37)
a,=—, k>0, 0<a<l (38)
n(l
then
EI?(x) <lin 2 4+ lon™" (39)
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7 é
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Fig. 3. Structual scheme of GRNN in time-varying environment.

where [;, [o—positive constants and

r=min{a — A,(B —a),2(C —a)} (40)

withr >0for0<a<landO)<r <1fora=1.

V. PROBLEM DESCRIPTION AND PRESENTATION OF THE GRNN
IN TIME-VARYING ENVIRONMENT

The problem of nonparametric regression boils down to
finding an adaptive algorithm that could follow the changes
of optimal characteristics expressed by (4). This algorithm
should be constructed on the basis of a learning sequence, i.e.,
observations of random variables

(X1, Y1), (X2,Y2),...

?

We assume that pairs of the above random variables are inde-
pendent. In points x, where f(x) # 0, the characteristics of the
best model (4) can be expressed as

n=12

g Ly e

Pn(@) = (41)
where R, (z) = ¢} (x)f(x) corresponds to (22) if f, = f.
Because of this, the adaptive algorithm that is able to follow
changes of unknown characteristics of the best model ¢}, will
be constructed on the basis of a general procedure (24). The
algorithm has the form

b (z) = Rn(x)

where R,, is expressed by means of (24) and fn is a recurrent es-
timator of the density f given by (21). Observe that procedures
(42) and (17) are equivalent when a,, = n~!, i.e., in the sta-
tionary case. It is understandable that sequences K, that are in
the numerator and denominator of (42) can be of a different type.
If sequences K, are of the same type (e.g., based on the Parzen
kernel), they generally should meet different conditions. In the
block diagram (Fig. 3) of the GRNN that realizes algorithm (42)
sequence K| present in the numerator of (41) was differenti-
ated from sequence K/ present in the denominator of that ex-
pression. In situation where there is no doubt, corresponding
indexes at sequences A/, and k! as well as ¢’(n) and ¢”(n) will
be omitted.

(42)

N
|
—_

VI. CONVERGENCE OF THE GRNN IN TIME-VARYING
ENVIRONMENT

The theorem presented below describes general conditions
ensuring convergence of algorithm (42).

Theorem 4: (Pointwise Convergence of Algorithm (42) in
Probability and With pr. 1): Let us assume that the following
conditions are satisfied:

i) Condition A:

| Ru(x) = Ru(2)| = 0

in prob. (with prob. 1) (43)

ii) Condition B:
falx) = f(a) >0

in prob. (with prob. 1) (44)

iii) Condition C:
|7, (@)1 f () = f ()] == 0
in prob. (with prob. 1) (45)
Then, for algorithm (42) we have
|fn(z) = 7 ()| =0
in prob. (with prob. 1) (46)

Let us point out that condition A is satisfied when conclusions
of Theorems 1 and 2 are true. Condition B reflects the require-
ment of the convergence of the estimator of the density function
[expressed by (21)] and condition C imposes certain assump-
tions on the speed of this convergence. Of course, when ¢ is a
bounded sequence, condition C boils down to condition B.

Now we will consider two methods of construction of al-
gorithm (42). We will present procedures based on the Parzen
kernel and on the orthogonal series method. In both cases we
will present assumptions that guarantee satisfaction of condi-
tions A, B, and C and, as a result, convergence (46). In this paper,
we use the following symbols:

mj, = sup { (var [V, | X,, = 2] + ¢7°(2)) ()} (47)
and

i = BlYa = (000 + [ 6@ f@ax @
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Fig. 4. Recursive generalized regression neural network based on the Parzen kernel in time-varying environment.

In Sections X-XII, we will discuss in detail regressions de-
scribed by the equation

Yo = ¢3(X0) + Zn (49)
where
EZ,=0, EZ?=o¢% (50)
In such a situation, (47) and (48) take the form
my, = sup { (02 + ¢;%(x)) f(z)} (51)
and
mi =02+ [ 2@)f(a) dx. (52)

VII. THE GRNN BASED ON THE PARZEN KERNEL

The structural scheme of the system that realizes algorithm
(42) on the basis of the Parzen kernel is depicted in Fig. 4. as-
suming use of kernel (6) and the normalization of vectors x
and X;. In order to differentiate sequences h,, and functions K
present in the numerator and denominator of (42), symbols h},
and h! as well as K’ and K" are used. Condition A will be
connected with the selection of sequence h!, and conditions B
and C with the selection of sequence h!/. Now, we will present
assumptions that guarantee satisfaction of conditions A, B, and
C of Theorem 4.

a) Condition A As we remember (Section II), kernel K
can be expressed in the following way:

p
K(z)=[[H (a:“‘)) . (53)
i=1
Let us assume that
sup |H(v)| < o0 (54)
vER
/ Hv)dv =1 (55)
R
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/H(v)vfdvzo, j=1,...,r—1 (56)
R

/|H(v)vk|dv<oc7 E=1,...,m (57)
R

For r = 2, the above conditions are satis-
fied by kernel (8). For » = 4, the condi-
tions are met by the function

3 U2 1,2
H — 1— — —5v°.
) 227 ( 3>6

Let us introduce the following symbol:

6’!’

5o atn n(®) (58)

D% = sup

xr

where i = (i1, ...
1 T.
We will associate parameter r
with smooth properties of function
R, (n = 1,2,...). The following theo-
rems guarantee satisfaction of condition
A.
Theorem 5: Let us assume that function K satisfies condi-
tions (53)=(57), h,, — 0 and one of the following assumptions
holds:

7ir)7ik = 1./...7]7./]6:

geeey

anh;Pm!, 50 (59)

or
anh;?Pm! =5 0. (60)

If function ¢}, changes with time in such a way that

ap |0 41 (2) = @ ()] = 0 (61)

and
a;'h Dn 250 (62)

then

E[R,(z) = Ru(2)]? = 0.
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Theorem 6: Let us assume that function K satisfies condi-
tions (53)—(57), h,, — 0 and one of the following assumptions
holds:

Z a’h;Pm!, < oo (63)
n=1
or
Z a2hy,?Pm!! < co. (64)
n=1
If function ¢, changes with time in such a way that
0 (P41 () = $r(2))* < 00 (65)
n=1
and
S ot (D) < oo (66)
n=1
then

|Rp(z) — Rp(z)] 0 with pr. 1.

It is worth mentioning that (59) and (63) are weaker than the
alternative (60) and (64) as far as the selection of sequence h,,
is concerned. However, while designing the system that realizes
algorithm (42) one should also take into account information
that may be possessed about functions ¢ and f, because the
mentioned assumptions depend also on m!, and m./ [(51) and
(52)]. Assumptions (62) and (66) concern certain conditions of
smooth properties of function R,,. As we will see later (Sec-
tions X—XII), for regressions with various types of nonstation-
arity, they take a more concrete form.

b) Condition B A recurrent estimator (21) of the density
function f with the Parzen kernel was
studied in [7], [8], [13], [42]. The conver-
gence of this estimator could be obtained
by the use of general Theorems 1 and 2.
However, one should remember that these
theorems concern a nonstationary situa-
tion, so the conditions obtained would be
quite strong. Therefore, results concerning
the convergence of estimator (21) will be
taken from [8] and [13] that were men-
tioned above. Let us assume that h,, — 0
and kernel K satisfies conditions

K(z) >0, /K@) dx =1,
sup K (z) < o0 ' (67)
Devroye [8] showed that
n=2 Z h? 50 (68)
=1
implies
falx) = f(a) (69)
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in probability, and

oo
E n"2h;? < 0o
n=1

implies convergence (69) with pr. 1,
whereas both these convergences occur in
the following points z:

(70)

i) in every point of continuity of f if

|lz|P K (z) = 0 when |lz|| =0 (71)

ii) in Lebesque points of function f if
f is bounded,

iii) in Lebesque points of function f if
Kax(x) satisfies the condition

K(z)#0 when 2z € BCRP,
K(z)=0 when z€ RP— B.

u(B) < oo
(72)

It is worth reminding that Lebesque points
are points of continuity of the function and
almost all points z. The speed of the con-
vergence of procedure (21) can be evalu-
ated by means of expression (see [13])

n n 2
Elfu(z) — f(2)]? < c1n~2 Zh;p + con™? (Z h?)
=1 =1 (73)

if density function f has continuous partial
derivatives up to the third order.

As already mentioned, this condition im-
poses certain assumptions on the speed
of convergence of estimator (21). Let us
assume that density function f has con-
tinuous partial derivatives up to the third
order. With the use of reasoning similar to
that in [8] and using results of [13] itis pos-
sible to show that convergence (45) in ver-
sion “in probability” is implied by

¢) Condition C)

|65 ()™ > hi 50 (74)
1=1
and
¢ ()™ hi T 50 (75)
1=1

whereas convergence (45) with pr. 1 is im-
plied by (74) and

oo

Z X2 (x)n"2h,? < oco.

n=1

(76)

Analyzing the above assumptions, we may
raise the following problem: how fast can
¢y, grow to infinity (if ¢;, is an unbounded
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xW :
> ‘ﬁ)g (x(n)g (X'(’I))
x(‘) = h Q
X :
3 S, ()e, (1)
X i "
f
X0
> Zg/(x(l))g/(Xm)
oL® ‘
X .
X :
M e, (), (x1)

Fig. 5.

sequence) so that condition C could be sat-
isfied at all? Let, e.g., in a certain point =

¢ (2)] = 0(n%) «a>0.
Of course, (74) and (75) are now satisfied
when

0<ax<l

while (74) and (76) are satisfied when

0 1

<a< 9
In other words, algorithm (42) has tracking
properties if function ¢) does not grow
to infinity too fast. Other limitations
regarding sequence ¢ result from as-
sumptions formulated in Therorems 5
and 6. This problem will be discussed
in detail in the subsequent sections, con-
sidering regressions of various types of

nonstationarity.

VIII. THE GRNN BASED ON THE ORTHOGONAL
SERIES KERNEL

The structural scheme of the GRNN that realizes algorithm
(42) on the basis of the orthogonal series kernel is shown in
Fig. 5. In order to differentiate between sequences q,, that appear
in the numerator and denominator of (42), symbols ¢'(n) and
q""(n) were used. Like in the previous section we will specify
assumptions ensuring satisfaction of conditions A, B, and C of
Theorem 4. Condition A will be connected with the selection of
sequence ¢'(n) and the conditions B and C will be connected
with the selection of sequence ¢”(n).

a) Condition A Let us denote

Sp(z) = Z bl-n‘l/l(a:) — Ry ()

l3<ql

(77)
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where

%:/m@%@m

The following two theorems guarantee the
meeting of condition A.
Theorem 7: Let us assume that ¢(n) —— oo, (9) and (61)
hold and one of the following two conditions is satisfied

q(n) b

an ZG? m! =50 (78)
7=0
or
q(n) 2P
an | D GT | ml 0. (79)
7=0
If
a; Sn(zr) =0 (80)
then

E[Ry(2) — Rp(2)]2 - 0

Theorem 8: Let us assume that ¢(n) —— oo, assumptions
(9) and (65) hold and one of the following two conditions is
satisfied

0o q(n) P
Z a? G| ml, <o (81)
n=1 7=0
or
o] q(n) 2
Z a’ GZ| my <oo. (82)
n=1 7=0
If
> a,tS2(x) < oo (83)
n=1
then

|Rn(z) — Ru(2)] == 0 with pr. 1
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The problem of convergence (80) and (83) is not a standard
problem of the orthogonal series theory because the expanded
function R,, changes with the increase of n. Even if n is fixed,
the problem of convergence of multidimensional series

> bin¥j(x) — Ry(x) (84)
j

is not trivial. It was investigated in more detail for the Fourier
series (e.g., Sjolin [31]) but it is less known for the multidimen-
sional Hermite series. For these two series, we will specify con-
ditions (80) and (83). It is possible to show (the proof can be
found in the Appendix) that these conditions take the following
form:

a, |t ||L2 g (n) =0 (85)
S a7, a7 ) < oo (86)
n=1
where
B, () = 52)' R (o, ..,a)
tiz (z,Ry) = ., for the Herm(llt)e senes( :
kld(k)l (@, ..., a®)
for the Fourier series
and i
5= % — 15 for the Hermite series
1= % for the Fourier series.

Parameter [ we will be associated with smooth properties of
function R,,, (n = 1,2,...).
The aforementioned conditions were derived under the fol-
lowing assumptions:
i) Hermite series: t!, € Ly(RP),l > 1 and condition (84)
holds
i) Fourier series: t, € La(A),l > 1,A = [—7,7]?, (84)
holds and it is assumed that function ¢!, and its partial
derivatives up to the order of p — 1 are equal O on the
boundary of A.

Conditions (85) and (86) are connected with the assessment
of the “tail” of series (84); it follows from (77). Unfortunately,
the assessment of the “tail” of an orthogonal series requires
making rather complicated assumptions concerning functions
expanded into this series. However, assumptions of this type are
typical in all works devoted to the orthogonal series theory (see,
e.g., monograph [30]).

b) Condition B A recurrent estimator (21) of a den-
sity function constructed on the basis
of orthogonal series was proposed by
Rutkowski in [23] and [24]. Let us assume
that g(n) — oo. Now, the condition

q(7) 2P
n2 Z Z G2l o0 (87)
=1 7=0
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E[fu(x) -

implies a weak convergence (44) and

o q(n) 2p
Z Z Gil <o (88)
n=1 7=0

implies a strong convergence (44) at every
point = where

> U(z)d; — f()

l7l<q

(89)

where d; = [U;(z)f(z)dx. If (89) is
true for almost every x, then a weak and
a strong convergence of procedure (21) is
true also almost everywhere. Convergence
(89) depends on the orthonormal series
used and on the properties of function f.
In the one-dimensional (1-D) case, p = 1,
the following results are known.
For the Fourier, Legendre, Laguerre, and Hermite se-
ries, various conditions imposed on function f, en-
suring point and uniform convergence (89) were given
by Sansone [30];
for the Haar series, (89) is true in almost all points x
for any function f € L;(Alexits [2]);
for the Fourier series, (89) is true in almost all points
z for any function f € Ly (Carleson [5]); a similar re-
sult may be obtained for Legendre, Laguerre, and Her-
mite series using theorems of equivalent convergence
(Szegd [37));
for the Fourier series with Fejer’s kernel (see Sec-
tion II), convergence of (89) is true in almost all points
z for any function f € L (Sansone [30]); this result
may be extended for Laguerre and Hermite series with
the help of the above mentioned theorems on equiva-
lent convergence.
Unfortunately, in the multidimensional
case, the conditions for the convergence
(89) are known only for the Fourier series
for any function f € Lo (89) is true in almost all points
z (Sjolin [31]).
for the multidimensional Fourier series with Fejer’s
kernel, convergence (89) is true uniformly if f is a con-
tinuous function (Nikolski [20]).
The speed of convergence of estimate
(21) can be evaluated by

n

F@) <en™> ¢ (i)

i=1

n 2
+eon™? (Z q‘“(z‘)) (90)
=1

for the Hermite series
for the Fourier series

for the Hermite series
for the Fourier series
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c) Condition C  Concrete assumptions imposed on se-
quence ¢(n) that appear in the denomi-
nator of (42) that guarantee the satisfaction
of condition C can be derived with the use
of reasoning similar to that in Rutkowski

[24]. Now, we obtain a weak convergence

(45) if
n ’1(1 »
_2¢2* Z Z G2 L) 0 (91)
=1 7=0
and a strong convergence (45) if
q(i) 2
Z n=2¢2* (x Z G| <o (92)

In both cases, we should also assume that

n

|fn (@)l

=1

> Ui(a)d; — fla) || 0.

l71<q(i)

93)

Condition (93) can take a concrete form
depending on the orthogonal series applied
and assumptions imposed on function f.
Assuming that the orthogonal expansion
of function f is convergent in point z (or
in almost every point z), i.e., (89) holds we
will use the Hermite and Fourier orthog-
onal systems. Let us define

) 5 !
et (2 = 585) f(2)
for the Hermite series,! > 1

P
k=1 aTu)l f()
for the Fourier series.

Let us assume that ! € L,. Now, (93)
takes the form

t'(w; f) =

(94)

for the Hermite series
for the Fourier series.

In other words, the satisfaction of con-
dition C depends on the smooth proper-
ties of an unknown function f. From (91)
and (92) it follows that |¢% | cannot grow
to infinity too fast. If, e.g., |¢%(z)| =
0(n®), @ > 0, then parameter c should be
contained within the same bounds as in the
case of the use of the algorithm based on
the Parzen kernel.

IX. SPEED OF CONVERGENCE

The problem of investigating the speed of the convergence of
procedure (42) which is a quotient of two algorithms is a rela-
tively complex one. The following theorem allows us to assess
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the speed of the convergence of procedure (42) on the basis of
the knowledge of the speed of the convergence of procedures
(21) and (24):

Theorem 9: For any € > 0, the following inequality holds

Plliu(e) = 412 > )
< (522 [mttne) - mato?

ef(x)

+ (43" (@) +1) Elfu(@) = f@)F]
Using the above inequality, we will later assess the speed of con-
vergence of procedure (42) used for regressions with particular
types of nonstationarity.

In the context of stationary problems, other authors also con-
sidered nonparametric procedures (based on the Parzen kernel)
that are a quotient of two algorithms. Moreover, they carried
out an optimization of the speed of convergence. However, they
assumed that b, = h!’ which is justified in a stationary case.
In a nonstationary case, sequences h/, and h!’ as well as ¢'(n)
and ¢” (n) which are present in the numerator and denominator
of (42) should usually satisfy various conditions, which makes
their optimal selection difficult [e.g., in the sense of minimizing
the right-hand side (RHS) of (95)]. The matter is further com-
plicated by the necessity of selection of sequence a,, (in the sta-
tionary case a,, = n~ ') and by the influence of nonstationarity
in an expression that estimates the speed of convergence of the
numerator of procedure (42) and in the RHS of (95). That is
why sequences a,,q(n), and h(n) will not be the subject of
optimization. We will be satisfied with the fact that the condi-
tions given in this paper allow us to design a system that real-
izes algorithm (42), i.e., to select sequences a,, h!,, and h. (or
an,q (n),q"(n)) implying possession of tracking properties by
this algorithm, which is by no means an easy task in a nonsta-
tionary situation. Expression (95), as aforementioned, will be
used several times in the next sections for analysis of the influ-
ence of various factors on the speed of convergence of procedure
(42).

(95)

X. MULTIPLICATIVE NONSTATIONARITY

Let us consider regressions described by (49), where

¢ () = ang(x)

where a.,,—unknown sequence of numbers, ¢—unknown func-
tion. In Fig. 6, we illustrate an application of the GRNN for
modeling a plant described by (49) with nonstationarity (96).

In Tables I-1V, based on the results of Sections VII and VIII,
we present the conditions implying convergence of algorithm
(42) used for tracking regressions with multiplicative nonsta-
tionarity. Tables I and II give proper conditions for the algorithm
based on the Parzen kernel, whereas Tables III and IV give sim-
ilar conditions for the algorithm based on the orthogonal series
kernel. In order to specify these conditions more precisely, in
Tables III and IV two specific multidimensional orthogonal se-
ries were considered: the Fourier series and the Hermite series.
We should notice that now

Rn(7) = anf(z)(2).

(96)

o7)
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Fig. 6. GRNN for modeling a plant with multiplicative nonstationarity.

TABLE 1
CONDITIONS FOR WEAK CONVERGENCE OF GRNN BASED ON THE PARZEN
KERNEL—MULTIPLICATIVE NONSTATIONARITY

Condition an (z) — ¢r (m)‘ 250
wg pr.
(59) anh;? (@2 +1) =50
(60) anh;? (a2 +1) 50
(61) ay ! o1 — an| =0
(62) a; ' hl o, =0
(74) lan|n 320 b =0
(68,75) | (a2 +1)n=2Y " h;" =0

Because of the “separability” of the nonstationary factor «,,
assumptions (62) and (66) [as well as (80) and (83)], connected
with smooth properties of function R,, (n = 1,2,...) reduce
to assumptions concerning smooth properties of function f¢,
which simplifies significantly the convergence conditions de-
scribed in Sections VIII and VIIL.

Remark 1: Conditions (59)-(62) and (63)-(66) presented in
Tables I and II concern the selection of sequence h!,. Condi-
tions (74), (68), (75), and (70), (76) concern the selection of
sequence h!! (according to symbols in Fig. 7). In a similar way,
(61), (78), (79), (80), and (65), (81), (82), (83) presented in Ta-
bles III and IV concern the selection of sequence ¢'(n). Con-
ditions (87), (92), (91), and (88), (93) concern the selection of
sequence ¢”(n) (according to symbols in Fig. 8).

It is obvious that sequence «,, cannot change in a completely
arbitrary way so that algorithm (42) could possess the tracking
property. Nevertheless, we will show that the class of considered
sequences «,, is quite wide. From the point of view of main-
taining tracking properties by algorithm (42), situations when
characteristic (96) is for a certain = divergent to infinity or does
not have a finite limit, seem to be particularly difficult. Such
cases are illustrated by the following examples of sequences v, :

a)
— t1 to ty
Qnp =Co+cin’t +can? +---+cpn

where cg, c1,...,cp—real numbers and ¢; > 0,5
1,...,k.
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TABLE 11
CONDITIONS FOR STRONG CONVERGENCE OF GRNN BASED ON THE PARZEN
KERNEL—MULTIPLICATIVE NONSTATIONARITY

Condition &Sn (z) — ¢} (m)‘ 250
with pr. 1
(63) >y aphy? (af +1) < oo
(64) Sy azhy? (ol +1) < oo
(65) Z?:1 a;l (an+l - an)z < o0
(66) Yoo ianthia? < oo
(74) PERD S i
(70, 76) | S0 (@2 +1)n"2h,P < oo

TABLE III
CONDITIONS FOR WEAK CONVERGENCE OF GRNN BASED ON THE
ORTHOGONAL SERIES METHOD—MULTIPLICATIVE NONSTATIONARITY

Condition c,Ab.,,, (z) — ¢ (£)| -0
in probability
(61) an s — ap| =0
(78) anq?HIP (n) (02 +1) 50
(79) anqPV () (a2 +1) =50
(80) a; " Jan| g7 (n) = 0
(87,92) | (a2 +1)n 21, ¢TI (n) 50

(91) o™ 300 g7 () = 0

TABLE IV
CONDITIONS FOR STRONG CONVERGENCE OF GRNN BASED ON THE
ORTHOGONAL SERIES METHOD—MULTIPLICATIVE NONSTATIONARITY

Condition 3" (%) — ¢ (1)‘ 0

with pr. 1
@) S o (an o < o0
O S g Gy (o 1) <
(82) S a2qPFN% (n) (a2 + 1) < 0o
(83) S LaytaZqgT % (n) < oo
(88,92) | 07, (02 +1)n 2qRHD2 (n) < 0o
(91) | n=t 300 P (i) == 0

b)
a, = cint + ¢y logn + c3

where ¢y, ca, c3, are real numbers, ¢ > 0
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a)
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Fig. 7. Tlustration of simulation 1 ((1 =08,H = 0.3,H" = 04,]4"1 — Fl”g 8. Illustration of simulation 2 (a, =09,Q" =02,Q" = [)27]{’1 =
) where A, = k1n™, B, = kan™,c1, 2, 3, €4, k1, ko are
any real numbers, t1,t2, 71,70 > 0.
= ¢y 80 A, + cocos By, + ¢3 Let us now choose in algorithm (42) the following pa-
n — n n
rameters:
where A4, = klntlan = k2nt2701; c2,c3, k1, ko are b o= k/n—H’ B = k//n—H” H . H'">0 TS0
real numbers, t1,ts > 0. n 1 om 1 ’ ’ b
d) for the algorithm based on the Parzen kernel and

an = cinttsin A, + ¢

where A,, = k,, 2, ¢1, ¢, k are real numbers, £, > 0,
and t1 > ts.
e)

apn = cn'tsin A, + con' cos By, + c3

¢'(n) = [kyn],

¢"(n) = [kgn?"], Q,Q" >0, Kok >0

for the algorithm based on the orthogonal series method,
([a] stands for the integer part of a). In both cases we take

an =k/n* 0<a<l, k>0

where An = klnTl y Bn = ]{7277,72 ,C1,C2,C3, kl, k‘g are
real numbers, t1,ts, 71,72 > 0.

ap = cin™ 4 cosin A, + c3cos By, + ¢4

Analyzing all the conditions given in Tables I-IV itis possible
to specify precisely within what limits the constants ¢,t;, 7;
present in examples (a)—(f) should be contained so that algo-
rithm (42) could possess tracking properties. The results are
shown in Tables V and VL.
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TABLE V
CONDITIONS IMPOSED ON CONSTANTS ¢, t;, 7; FROM EXAMPLES (a)—(f);
WEAK CONVERGENCE

Example | |6, (x) — 6, (2)| = 0
in probability
a 0<t;j<s, j=1,...k
b 0<t<z
C 0<t; <1, 7=12,
d 0<ty—ty <3
e 0<t; <3z, Jj=1,2,
O<tj+7'j <1, 7=12,
f 0<t; <%
O<7—j<1a j:1523
TABLE VI

CONDITIONS IMPOSED ON CONSTANTS ¢, t;, 7; FROM EXAMPLES (a)—(f);
STRONG CONVERGENCE

Example /(/Sn (z) — ¢% (2)| =0
with pr. 1
a 0<t;<g, j=1,...k
b 0<t<g
c 0<t;j<3, j=1,2,
d 0<ti—tr<¢
e 0<t;<sz j=1,2,
0<tj+7;<3i, j=1,2
f 0<t1<%
0<7—j<%, j:1727

It is worth emphasizing that for the designing of a system
that would realize algorithm (42), i.e., for a proper selection
of sequences h.,,, g(n), and a,, it is not necessary to precisely
know sequences «,,that were specified in examples (a)—(e) but
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only to know the information contained in Tables V and VI. For
example, in order to track changes in the model

Y, = (c1n’ + calogn + ¢3)p( X)) + Zn,

where t—unknown parameter, ¢p—unknown function, it is pos-
sible to use algorithm (42) if 0 < ¢ < (1/3) for week conver-
gence and 0 < ¢ < (1/6) for strong.
We will now investigate the speed of convergence of algo-
rithm (42). For this purpose one should:
1) use dependence (95),
2) determine constants A, B, and C that are present in
assumptions of Theorem 3 and then, with use of this
theorem, evaluate the speed of convergence of

B[Ry () — Ru(2)]2 - 0

3) on the basis of inequalities (73) or (90), evaluate the speed
of convergence of

Efu(x) = f()]* <=0
Example 3: Assuming that
t>0

o, = const. nt,

we will evaluate the speed of convergence of algorithm (42)
based on the Parzen kernel and the orthogonal series kernel. We
will assume that sequences h,,, ¢(n), and a,, are of a power type.

A. Speed of Convergence of Algorithm (42) Based on the
Parzen Kernel

In this case we have

A=2t+H'p
B=1-1t
C=rH —t,

where parameter r is connected with smooth properties of func-
tion f. Omitting some simple calculations, we obtain

P(|pn(w) = 63, (x)] > €)
2
S (5+2) 7’L2t (Cln—27’H' —i—CQTL_Tl

ef(z)
H" n C4n—(1—H”P))

4

+c3n” (98)

where
r1 = minfa — H'p,2(1 — a),2(rH" — a)]

An optimal selection of parameters H', H", and a, minimizing
the RHS of (98) seems to be a complicated problem. However,
this expression may be used for designing a system that real-
izes algorithm (42) in such a way that it could possess tracking
properties. Analyzing (98) we realize that parameters H' and
H" should satisfy

t+a
T

-2t
<H’<ap , a<l—t

t 1-2¢t
—<H'< ——.
2

We should point out that the maximum value of ¢, with which

the algorithm has tracking properties, depends on parameter r
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specifying smooth properties of function ¢ f. From the above
inequalities it follows that if

1 p
telo=--2)
E(/3 37")’ TP

then algorithm (42) is convergent. Let us notice that an increase
of dimension p results in a decrease of the above range and an
increase of smooth properties results in an increase of this range.

B. The Speed of Convergence of Algorithm (42) Based on the
Orthogonal Series Kernel

Referring to symbols from Theorem 3, we obtain

A=2t+Q'(2d+1)p
B=1-1
C=pQ's—t
where
d=—(1/12),s = (I/2) — (5/12) for the Hermite series
d=0,s=1-(1/2) for the Fourier series,
and parameter [ is connected with smooth properties of function

¢f. The speed of convergence of procedure (42) can be now
expressed in the following way

P(|$n(x) = ¢ ()| > €)
<

2
€+ 2 > 2t ( —2pQ’s —r
n | cin "4 con” "t
<€f(fﬂ)

+63n2pQ”(2d+1)—1 + c4n—2Q”ps)

99)
where
r =minfa — Q' (2d + 1)p, 2(1 — a), 2(pQ’s — a)].

Analyzing the above inequality it is possible to say that algo-
rithm (42) has tracking properties if

te 01 !
"3 3s

with use of the Fourier system and

with use of the Hermite system.

Of special interest is the fact that the maximum value of ¢
with which the algorithm still has tracking properties does not
depend on the dimension p.

XI. ADDITIVE NONSTATIONARITY

Let us consider plants described by (49), where

P (x) = p(x) + Pn

[r is an unknown sequence of numbers, ¢ is an unknown func-
tion. Observe that in this case

Rn(z) = f(2)p(z) + f(2)Bn-

Presently, assumptions (62) and (66) as well as (80) and (83)
connected with smooth properties of function R,, (n = 1,2, ...)
are replaced by assumptions concerning smooth properties of

(100)

(101)

functions f¢ and f. This fact significantly simplifies the con-
vergence conditions described in Sections VII and VIII and fa-
cilitates the designing of a system that realizes algorithm (42).

The conditions for convergence of procedure (42) are very
similar to those that are given in Tables I-IV concerning
multiplicative nonstationarity. So, as examples of sequences (3,,
that satisfy convergence conditions, we may mention sequences
specified in examples (a)—(e) of the previous section.

XII. NONSTATIONARITY OF THE TYPE “SCALE CHANGE” AND
“MOVABLE ARGUMENT”

Let us consider regressions described by (49), where

Pn(z) = P(wnz) (102)
or
Pn(x) = Pz — An) (103)
where
wy— unknown sequence of numbers;
An— unknown sequence of vectors \,, = [/\5,,1), e /\Sf)]T,
¢— unknown function.

With reference to the nonstationarity (102) we use the ex-
pression ‘“scale change,” whereas the nonstationarity (103) is
referred to as “movable argument.” Of course

R (z) = f(z)d(wn)
for model (102) and

R (x) = f(2)p(z = An)

for model (103). In Section X nonstationary factor «,, and in
Section XI nonstationary component [3,, were “separable” from
function ¢, significantly simplifying convergence conditions.
The present situation is more complicated. Particularly, (80) and
(83), taking form (85) and (86) for the Fourier and Hermite se-
ries, now are more complicated. That is why with reference to
regressions (102) and (103) we will use the GRNN based only
on the Parzen kernel. With the help of results of Section VII, in
Tables VII and VIII are shown conditions ensuring the conver-
gence of algorithm (42) tracking changing characteristics (102)
and (103). Conditions (59), (60), (63), and (64) concern the se-
lection of sequence A/, and (62), (67), (66), and (70) concern the
selection of sequence h! (according to symbols in Fig. 7). Let
us now assume that sequences w,, and \,, are of the following
type.

i) w, = kint,t >0

ii) Ap = k‘g’nt7t > 0.

(104)

(105)

Employing Theorem 9 and arguments similar to those in Sec-
tion X, we obtain the following expressions defining the speed
of convergence of algorithm (42).

i) If w, = kint,t > 0 then

P(|$n(x) = d3(2)] > €)

2
e+ 2 o (t—H'
< r(t—H't)
- (ef<x>> (can
Fcon™" + 03n_4H” + C4n_(1_H”p)) (106)
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TABLE VII
CONDITIONS FOR WEAK CONVERGENCE OF GRPNN BASED ON THE PARZEN
KERNEL—NONSTATIONARITY OF THE TYPE “SCALE CHANGE” AND
“MOVABLE ARGUMENT”

Condition |p (x) — ¢ (z)] =0
in probability
(59) anh;? 50
(60) anh,?? — 0
. a;l wnt1 — wn| == 0
61 n n+1 n n
( ) { a//;l |)\’n,+1 - )\n| — 0
(62) { ag'hy (@2 +1) 750
—_— |} r n 0
Ap Ny —
(67) n2 Y by =0

TABLE VIII
CONDITIONS FOR STRONG CONVERGENCE OF GRPNN BASED ON THE PARZEN
KERNEL—NONSTATIONARITY OF THE TYPE “SCALE CHANGE” AND
“MOVABLE ARGUMENT”

Condition by, (z) — @ (z)] 20
with pr. 1
(63) S aZh,P < 00
(64) Yoo a2h,P < oo
(65) { Zzoo:] CL;] (wn+I - W'n)j < oC
Zn:l a;l (Ans1 = An)” < o0
o —T5%r [, A
(66) 2 on=t n h’n,_]("-}éz"" 1) <0
n=1 Qp, h’n, <00
(70) S n %hyP < oo
where
71 = min a—H'p,
1= 2(l—a—t), 2(r—H' —rt—a)

Presently, algorithm (42) has tracking properties if
t+l<m<?,
r p
1 1
0<H" < -
p
It means that parameter ¢ should be contained within the

range
t€<01 —1 )

» T 1 1

1+;—;

where 7 > p. In a 1-DI case

te (0,1 "
’ 2r—1)°

a<l-—t,
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Along with an increase of parameter 7 specifying smooth
properties of functions f and ¢, the range in which pa-
rameter ¢ is contained widens, not exceeding the interval
(0,1/2). The increase of dimension p results in the de-
crease of the above mentioned range.

ii) If A,, = kan',t > 0 then

P(|pn() = 7 (2)] > €)

2

5+2> ( —2rH’ —-r

< | —— cn + con™"
<€f($)

feqn—iH 4 c4n—<1—H”P>) (107)
where
. a— H'p,
T o1 —a—1), 20H -a)

In other words, algorithm (42) has tracking properties if

forr > p
a a
- <H' < -,
r p
" 1
a<l—t, 0<H'<-
p

Assuming that ¢ € (0, 1) it is possible to select such pa-
rameters H’' and H"” in algorithm (42) that would satisfy
the above inequalities.

XIII. SIMULATION EXAMPLES

In this section we present four simulations in order to test the
GRNN studied in the paper.

1) Simulation I (Parzen Kernel): We consider the following
nonstationary regression
¢* (ill') _ 10372”0.1

n

The GRNN based on the Parzen kernel has been applied with
the following parameters

a=08H =03, H"=04, kj=Fk =15.

The results are depicted in Fig. 7(a) and (b). Fig. 7(a) shows
tracking the nonstationary regression with changing n in the
point z = 0.5, whereas Fig. 7(b) displays comparison of a true
regression and estimated by the GRNN for n = 1000.

2) Simulation 2 (Orthogonal Series Kernel): We consider
the following nonstationary regression

#r(@) = 2000

The GRNN based on the Fourier orthogonal series kernel has
been applied with the following parameters:

a = 097 Ql = 02/ QH = 027 ]{7/2 = ]{;,2/ = 1.

The results are depicted in Fig. 8(a) and (b). Fig. 8(a) shows
tracking the nonstationary regression with changing n in the
point z = 0.2, whereas Fig. 8(b) displays comparison of a true
regression and estimated by the GRNN for n = 1000.

3) Simulation 3 (Orthogonal Series Kernel): We consider
the following nonstationary regression

¢k () = 2 cos(xn?)
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Fig. 9. Illustration of simulation 3 (¢ = 0.8,Q’" = 0.1,Q” = 0.1,k] =
kY =1).

The GRNN based on the Fourier orthogonal series kernel has
been applied with the following parameters:

a=08, Q =01, Q"=0.1, kjy=kj=1.

The results are depicted in Fig. 9(a) and (b). Fig. 9(a) shows
tracking the nonstationary regression with changing 7 in the
point z = 0.2, whereas Fig. 9(b) displays comparison of a true
regression and estimated by the GRNN for n = 1000.

4) Simulation 4 (Parzen Kernel): We consider the following
nonstationary regression

¢k (z) = 10 cos(z —n"t)

The GRNN based on the Parzen kernel has been applied with
the following parameters

a=08, H =05 H'=05 Kk =kij=5.

The results are depicted in Fig. 10(a) and (b). Fig. 10(a) shows
tracking the nonstationary regression with changing n in the
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b)
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Fig. 10. Tllustration of simulation 4 (¢ = 0.8, H' = 0.5, H"” = 0.5,k] =
k) =5).
point z = 0.2, whereas Fig. 10(b) displays comparison of a

true regression and estimated by the GRNN for n = 1000.

XIV. SUMMARY AND DISCUSSIONS

In this paper, two types of the GRNN were studied: a) the
GRNN based on the Parzen kernel, b) the GRNN based on the
orthogonal series method.

Generally, we should say that the convergence of the GRNN
b) is connected with both the convergence of the orthogonal
series and with the speed of this convergence (assessment of
the “tail” of the series). The problem of convergence of the
orthogonal series is less complicated in the scalar case (e.g.,
Sansone [30]), but more complicated in the multidimensional
case, that was investigated in more detail only for the Fourier
series (e.g., Sjolin [31]). An additional problem is the exami-
nation of the orthogonal series speed of convergence because
even in the 1-D case, appropriate results can be obtained with
quite complicated assumptions regarding expanded functions
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which should be “smooth” enough. The selection of a partic-
ular series depends on both boundlessness or unboundedness of
the input signal and on the dimensionality of the problem; if
A = RP,p > 1 then the proper series is the Hermite series.
If A C RP,p > 1,u(A) < oo, then it is reasonable to em-
ploy the Fourier series because its properties are well known.
In the scalar case, when the input signal is bounded, it is pos-
sible to use, among others, the Fourier, the Haar and the Le-
gendre series. The later series is particularly interesting because
the assumptions concerning smooth properties connected with
the application of this series are much weaker than in the case of
application of the Fourier series (Sansone [30]). The above con-
siderations suggest that we should rather use algorithm a) that
is based on the Parzen kernel. However, the orthogonal series
method has a very desirable advantage: if, e.g., sequence «,, (or
Br) is of type n?, then the maximum value of # at which the al-
gorithm still has tracking properties does not depend on dimen-
sion p (contrary to the algorithm based on the Parzen kernel).
Moreover, simulations that were conducted do not discredit the
orthogonal series method, especially when it is used for the iden-
tification of plants with multiplicative and additive nonstation-
arity. A certain problem in the case of applying the algorithm
based on the Parzen kernel may be the selection of function H
meeting conditions (54)—(57). This problem will arise for some
types of nonstationarity when a high degree of smooth prop-
erties of functions R,, (n = 1,2,...) will be required. In this
paper examples of function H were given for which parameter
r connected with smooth properties of R,, (n = 1,2,...) takes
on the value of 2 and 4.

The examples of particular types of nonstationarity given in
Sections X—XII do not exhaust all the possibilities of application
of the GRNN. In particular, the results can be used for modeling
of plants with nonstationarity that is a combination of cases dis-
cussed in these sections, i.e.,

QS;(J:) = O‘n(z)("‘}nflj - /\n) + ﬂn

In the future research we plan to describe nonstationary changes
linguistically and modify flexible neurofuzzy systems [28] for
their modeling.

APPENDIX
Proof of Theorem 1 and 2: Observe that
(Ra(2) = Ru(2))* < 2(Ru(2) = 7a(2))?
+2(rp () — R(x))?.
By making use of (24) and (26) we get

E[(Rps1(z) = rny1(2))? | X1, Y1, ooy X, Vi
= (1= ans2)*(Ru(2) = ra(2))?
+ ai+1E[Yn+1Kn+1(x7 Xn+1) - Tn+1(x)]2
+ (1= ant1)* (rnsr(2) = ra(@))?
+2(1 = @ 41)*(rn(@) = rpy1(2)) (R () = 70(2)).
Of course,

E[Yp1 K1 (2, Xng1) = rogr(2)]?
= var [Yo41 Knt1(7, Xny1)]
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Using 2ab < a%k + b2k~!, true for any & > 0 and setting
k = (any1c1)7 1,0 < ¢1 < 1, we obtain

2(rnq1(z) — T?}(x))(f?n(w) — ()
< Clan-ﬁ-l(Rn(x) - Tn(x))2
+ et an g (rag (@) = ra(2))%.

The following inequality is true:

(Fas1 (8) = 7 (2))? < 3 (1) = R ()
+3( Ry () = Ru(@))” 4 3(Ra() — 1)),

Consequently

E[(Rui1 (%) = rpgr (2)]2[X1, Y1, .., X0, V]
< (1= ant1(1 = e1) (B () = ra(2))
+ a721+1 var [V 41 Kn 11 (7, Xny1)] + C2a;i1
- (rnga () = Ruga () + ezap iy (Rpga (v)
= R (2))* + caa, 5 (Ru(2) = ra(2))°.
We will now use the following lemma [3].
Lemma: Let W, be a certain sequence of random

variables. Let wus introduce a sequence of functions
U, = U,(Wy,...,W,). Let an,,s,, and t,, be sequences

(108)

U,>0, n=1,2,...,with pr. 1
ii)
EU; < 0
iii)
anp >0 anl>07 ian:oo
n=1
a) If
ElUps1 | Wh,... . Wo] < (1 —an)U, + ansy
where
Sn 250
then
EU, 0.
b) If
ElUps1 | We,... , Wo] < (1 —an)Uy + 1y
where
it" < 00
n=1
then

U, - 0 with pr. 1.
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Applying the above lemma to inequality (108), we obtain the
conclusion of Theorems 1 and 2. [ |

Proof of Theorem 3: We will apply the following lemma
[6]:

Lemma: Letp;,p2,...bereal numbers such that for n < ng
Prt1 < (1 —¢/n“)pn + ¢ /n*
where 0 < w < 1,¢ > 0,¢ > 0, ¢t real. Then

nh_)rgo supn'~“p, < c'/c.

The theorem is a consequence of direct application of that
lemma to (108). Alternatively one can use Watanabe’s [40] re-
sult (for 0 < w < 1). [ ]

Proof of Theorem 4: Conclusion of this theorem results
immediately from the following inequality:

R ‘i 1
|fn(z) — ¢ (2)] < 7o)

(|1Rn(2) = Ru()|

+ 15 (2) (ful2) = f(2))]). (109)

|
Proof of Theorem 5 and 6: Observe that
var [V, K, (z, X,,)]
< EBY?KX(r,X,)

:M”/EDﬁL&:ﬂ

X fo(u) K2 (wh_ “) du

< 2sup | K (u)|hy"m,.

(110)

Assessment (110) can be alternatively carried out in the fol-
lowing manner:

var [V, K, (2, X,)] < EY2K2(z, X,,)
< 2(sup K(z))?h*Pm!.

Of course,

ro(z) = h-PEY, K <‘T;L—X") .

Denote
P, (z) = |rn(z) — Ru(z)]. (111)

Expression (111) can be written as

Pn(37> =

/ K ()[R (% — hot) — Ro(2)] du

Expanding functions R, (x — hpu) in the multidimensional
Taylor’s series, we obtain

m@zm/m/ﬁg@w

) a T
) @
W arm T T ey ]

du®

X

X Ry (x — hpuby,) du® ..

595

where 0 < f,, < 1. As a result

p
| Po(@)| < const. b, Y

i1=1
P
ar
"'Zgasip‘ax@n--.axaT>R“(x)

assuming that functions R,, have continuous partial derivatives

up to the rth order. Now, Theorem 5 and 6 are consequences of

Theorems 1 and 2. [ |
Proof of Theorems 7 and 8: Observe that

var [V, K, (2, X,)] < EY2K2 (2, X,,)
— [E¥2 1%, =] s

2 q(n) P

du <2 Z G? My,
7=0

~

x| Y 0j(a)T,(u)
l31<q

(112)
Assessment (112) can be alternatively expressed as

var [V, K, (z, X,,)] < EY?K2(x, X,,)

2p
q(n)
<| 26| 2m

7=0

Observe that
ro(z) = Z binVj(z)
lil<q
where
bjn = EY,U;(X,,).

Now both Theorems follow directly from Theorems 1 and 2.1

Proof of conditions (85) and (86): Let Bj,, be the coefficient
of expansion of function #!,1 > 1,n = 1,2, ..., into multidi-
mensional Hermite series. If ¢!, € Lo(RP), then

|Bjr 41+ Bjy41]

pyeesdp Tt = 1/2 1/2
Ji o---Jp

(113)

For p = 1 the above inequality was presented in [39] and
its generalization for multidimensional case is straightforward.
Assuming that (84) is true, under (113) and (9) with G; =
const. j~(1/12)(see [37]), we obtain

Su(@) < | Y bjnT(x)
l71<q
- 5
<l | o e
i=q+1

—p(l=5/6)
2 .

< [l Ta(n)]

Carrying out similar considerations for the multidimensional
Fourier series (see [15]), we obtain (85) and (86). [ ]
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Proof of Theorem 9: 'We will use ideas presented in work
[13]. Let us consider the following occurrences:

Aq Ifn(iv) - fl@)| < f(x)&-j_Q
A 1Rul) = Ral0)] < J(0) =
Az ¢ ¢4 (@) (fal@) = f(2))] < f(x)€i2~

Under (109), occurrences A1, Ao, and A3 imply the occurrence

B |hu(w) = dj(w)] < e.

As a result
P(B) < P(A, A A; (1 4y)
< P(Ay) + P(As) + P(A3)
which concludes the proof of Theorem 9. [ |
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