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Abstract In this chapter, a data-driven orthogonal basis function approach is
proposed for nonparametric FIR nonlinear system identification. The basis functions
are not fixed a priori and match the structure of the unknown system automatically.
This eliminates the problem of blindly choosing the basis functions without a priori
structural information. Further, based on the proposed basis functions, approaches
are proposed for model order determination and regressor selection along with their
theoretical justifications. Both random inputs and deterministic inputs are considered.

1 Introduction

System identification is often the first and critical step in system analysis, design,
simulation, and control. In the literature, there exist a huge number of papers as well
as various well-developed algorithms for linear system identification [11, 18, 28].
Despite a long history and practical demands, nonlinear system identification is far
from mature both in theory and in practice [15, 21, 27, 29]. Because the structure
of nonlinear systems is so rich, it is not expected that a single method could be
effectively applied to all nonlinear systems. Instead, various identification methods
have to be developed for different classes of nonlinear systems and for different
intended purposes.
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Roughly speaking, nonlinear system identification can be divided into two
categories depending on available a priori information on the structure of the
unknown system. If the structure of the unknown system is available a priori, the
identification problem is reduced to a parameter estimation problem, essentially a
nonlinear minimization problem. Issues are how to find a minimum and if the obtained
minimum is a global minimum. The other category is that no a priori information
is available on the structure. This is a much harder problem. Traditional ways to
approach this problem are the Volterra and Wiener series representations [25]. They
are elegant in theory but applications are often limited. For the Volterra series, its
application is limited to very low-order kernels because the number of unknown
parameters to be estimated increases exponentially. Further, identification has to be
repeated every time when an additional kernel is deemed necessary and is added. For
the Wiener series, the input is usually assumed to be Gaussian. For both the Volterra
series and the Wiener series, the basic idea is a multivariable polynomial approxima-
tion of the unknown system and thus, a very high-order model is needed to be able
to approximate the true but unknown nonlinear system. This makes them practically
intractable unless the unknown system is close to a polynomial of low order. To
overcome this problem, a fixed basis function approach developed for linear systems
[23, 31] has been investigated and applied for nonlinear system identification with
some success [10, 16, 30]. Typical basis functions are Fourier series, polynomials,
and some orthogonal functions. In particular, orthogonal functions are very attrac-
tive because no previously obtained terms have to be reestimated when an additional
term is added. Only the added term needs to be estimated. Clearly, success of the
orthogonal basis function approach relies on the fact that a nonparametric nonlinear
identification problem is reduced to a parametric parameter estimation problem and
moreover, estimations of each term are separable in some sense. On the other hand,
however, its advantage is also its weakness. Performance of an orthogonal basis
function approach, like any basis function approach, depends on whether the chosen
basis functions resemble the structure of the unknown nonlinear system. Without
enough a priori information on the structure, a fixed basis function approach often
requires a large number of terms to be able to reasonably approximate the true but
unknown nonlinear system which has a considerable negative effect on the identi-
fication performance. Some ideas, e.g., tunable basis functions, are proposed in the
literature including wavelets, neural network, fuzzy, etc [ 14, 33, 34]. Even with these
tunable basis functions, adequate a priori information on the structure is still needed
so that the tunable basis functions are rich enough to capture the unknown system.
There is an additional difficulty with such tunable basis function approaches, i.e.,
minimization could be trapped in a local minimum.

In this work, we propose a data-driven basis function approach to nonlinear sys-
tem identification. The basis functions are not fixed but are data generated as a
part of identification. The basis functions are chosen as a result of identification
and automatically match the structure of the unknown nonlinear system. This elimi-
nates the problem of blindly guessing basis functions without knowing the structure
of the unknown nonlinear system. Further, the chosen basis functions are orthogo-
nal and when it is determined that an additional term is needed, all the previously
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calculated terms remain unchanged and only the added term has to be identified. This
is

particularly useful since the order and the structure of the nonlinear system are
unknown and have to be determined as a part of identification.

The main contribution is a framework that uses the data-driven orthogonal basis
functions for nonparametric nonlinear system identification. The chosen orthogonal
functions always match the system even when the system is unknown and very little
a priori information on the structure of the unknown system is assumed. This is
different from the existing literature where a fixed basis function is used for system
identification. The work is motivated by [2, 26] though the driving force is completely
different. In addition, approaches are proposed for model order determination and
regressor selection. The first one is the combined residual analysis and modified
Box-Pierce hypothesis test approach. It is known in the literature that the popular
Box—Pierce test extensively used in linear identification [18, 29] is in general invalid
for nonlinear identification and a modified Box—Pierce test is proposed in this work in
the context of nonlinear system identification. The second approach is the relative and
cumulative contribution approach. The approach utilizes the orthogonal properties
of the basis functions and is simple and effective. To present the material without
interruption, all the proofs are provided in Appendix.

2 System and Orthogonal Basis Functions

Consider a general nonparametric nonlinear finite impulse response (FIR) system
ylkl = f(ulk — 1], ulk — 2], ..., ulk — n]) + v[k]

=c+ Y fitulk—jh+ D fipulk = jilulk = jp]) + ...

j=l1 I<ji<j=n

+ D Fp k= il ulk = jl, o ulk = jin))

1<ji<jo<...<jm=<n

+v(k), k=1,2,...N

where y[k] and u[k] are output and input measurements. It is assumed that

1. Theinputu[k]isanindependent and identically distributed (iid) random sequence
in a (unknown) openinterval / € R with a (unknown) probability density function
¥ (-). The noise v[k] is a sequence of iid random variables with zero mean and
bounded variance.

2. The exact time lag is unknown and only the upper bound 7 is available.

3. The functions fjl joji'S» I < m, referred to as [-factor terms, are unknown and
describe interactions of variables u[k — j;], ulk — j»], ..., ulk — j;]. No struc-
tural prior information on f},;, ;s is assumed.
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To convey the idea clearly without tedious and unilluminating detailed technical
derivations, we will focus on the system with upto 2-factor interactive terms in this
work.

ikl = f(ulk — 11, ulk — 2], ..., ulk — n]) + v[k]

=+ Y fulk— D+ > Fplk = jilulk = )4y (D)

j=1 I<ji<p=n

All the results of this work can be trivially but cumbersomely extended to a general
system with arbitrary interactive terms. Obviously, for a system upto 2-factor inter-
active terms, there are totally M + 1 = 1 +n 4+ n(n — 1)/2 terms in the system, one
constant term, n 1-factor terms f;’s and "("Tm 2-factor terms [}, ,’s.

What we are concerned are:

e How to determine orthogonal basis functions ¢;(-)’s,i = 0, 1, ..., M, based on the
given data set {y[k], u[k]}’lv that represents the unknown system (1)?

e How to identify these basis functions?

e Once the basis functions ¢; (-)’s are determined, it does not mean that all M + 1
terms are needed. In most practical cases, only the termsi =0, 1,..., p < M + 1
are needed. How to find the order p?

e Even the order p is found, the system could be sparse in the sense that not all terms
i=0,1,2,.., p are present and many terms are actually zero. How to identify
those terms so they can be removed?

In the following derivation, we denote the expectation operator by E and con-
ditional expectation operators for given u[k — j;] = x;,, and/or ulk — j»] = x;, by,
respectively,

E(y[k] [ ulk — ji] = x;,),

E(ylk] | ulk — ji]l = xj,, ulk — jo] = xj,),
E(f) o (ulk — jil, ulk = jo]) | ulk = ji] = xj,),
E(fjij, (ulk = ji], ulk — jo]) | ulk = jol = xj,).
For every x;, and x;, € I, define the normalized functions f} ;’s and f;’s in (2).

fjljZ(‘le’ Xjp) = fjljz(lef Xj) — E(fjljz(”[k — iilsulk = pD) ulk = j21 = Xj,)
—E(fj,j,ulk — j1], ulk — jo]) | ulk — ji]1 = x},)
+E{f,ulk — jilulk — oD}, 1<ji<j2<n

Citia

A = fite) + ) Efuiulk — 10, ulk —i]) | ulk — 1] = x1)

i=2
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—E{fi(ulk — 1)) + Y E(fiCulk — 10, ulk — i) | ulk — 1] = x1)}

i=2

C1

FiGep)y = i)+ Y EB(fjitulk — j1,ulk — i) | ulk — j1=x;)
i=j+1
-t '
+ Y E(fij(ulk — il ulk — j1) | ulk — j] = x;)
i=1

—E{(fj(ulk — jD+ Y E(fjiulk — jlulk — i) | ulk — j1 = x;)

i=j+1
Jj—1 _ j
+ ) E(fijlulk — il ulk — jD lulk — jl=xp)}, j=2,...,n—1
i=1
_ n—1 _ /
Ja(xen) = fulxn) + ZE(fzn(u[k —il,ulk —n]) |ulk —n] = x,)
i=1

n—1
—E{fu(ulk —n]) + Y E(fin(ulk — il, ulk —nl) | ulk —n] = x,)}

i=1

Cn

c=c— Z cjljz—i—ch, with c,-:c}—i—c?. 2)

I<ji<ja=n Jj=1
Then, the system (1) can be rewritten as

YKl=c+ Y fiulk—jD+ D fiplk— il ulk = j))

j=1 I<ji<je=n

+vlk], k=1,2,..., N 3)

We are now in a position to define data dependent orthogonal basis functions ¢;,
i=0,.,M.

o =c = ¢y q)j(xj):fj(xj), j=1,...,n=>¢1,...,¢n,
by ;(x,x)) = i, %), J=2, 00 = Gugts e G201,
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¢%2—2+_i(~x27 x]) = ij(xZ’ xj)’ .] = 37 e - ¢2n’ seey ¢3l’l—37

d’%}—}-}j('x:ﬁa x]) = f3](x37x])9 ,] = 4” e == ¢3n—27 (RS ¢4l’l—65

¢2“L2”*3)(,,_2)_(n_2)+j(xn72, xj) = f(n72)j (Xn—2, -xj)v - ¢r12%72’ ¢#71!
j=n—1,n

G202ty (14 Cn=15 X)) = S0 (Cn1, X)) =2 Pz, J =10
When the meaning is clear from the context, we interchangeably use

dilk]l = gj(ulk — jh, j=1,...,n
Qjlkl =¢;ulk =1L ulk—j+n—-1D,j=n+1,..,2n -1
¢ilk]l = ¢j(ulk — 2], ulk — j+2n-3]),j=2n,..,3n =3
Qilkl =¢;ulk —n+2Lulk—j+M—-n—-1)),j=M -2, M — 1
¢;Tk1 = ¢;(ulk —n + 11, ulk —nl), j = M = n(n + 1)/2.
Clearly, ¢o denotes the constant term, ¢; (x;)’s, j = 1, ..., n, represent the 1-factor

terms and ¢; (x;,, xj,)’s,i =n + 1, ..., M, are 2-factor terms. The following theorem
is the main result of this section.

Theorem 1 Consider the system (1). Then we have:

1. The system (1) can be represented by the data-driven basis functions ¢;’s,

M
Ikl =) ¢ilk] + vik] )

i=0

where M =n+nn—1)/2=nn+1)/2.
2. The data-driven basis functions ¢;’s are orthogonal. i.e., for all 1 < j < M and
O=ji<p=M,
E¢;lk] =0, Eg¢; [kl¢p;[k]=0.

3. The unknown ¢;’s are the expectations or conditional expectations of the output,

¢o = E{y[k]},
¢j(xj) = E{ylk] | ulk — jl=x;} =0, j =1,....n,
b gy (1, x)) = E{ylk] [ ulk — 1] = x1, ulk — j] = x;}
—¢1(x1) —¢j(x;) —¢o, j=2,....,n
Panciy oy (62, xj) = E{ylk] | ulk — 2] = x2, ulk — j] = x;. }
- ¢2(x2) - ¢]()C]) - d’Ov .] = 37 s
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¢2”_<2”_3) (n—2)—(n—2)+j (xl‘lfzv xj) - E{)’[k] | M[k —n + 2] = Xn-2, l/l[k - j] = xj}

— Gn—2(xn—2) —Pj(x;) —¢o, j=n—1,n
¢2n—<2n—2) =1y —(n—1y4j Fn—1, %) = E{y[k] [ulk —n 4 1] = xp—1, ulk — j1 = x;}

— On-1(xn-1) = ¢j(xj) — o, j=n ®)

From the theorem, we see that not only the system (1) can be represented by the
data-driven basis functions ¢;’s as in (4) but also these basis functions are orthogonal
and can be estimated separately. If the estimate y = > 7 ¢;[k] is deemed to be not
sufficient enough and an additional term ¢, [k] is needed, then only the additional
term ¢,4([k] has to be identified and added to the model. No previously obtained
terms ¢;, i = 0, ..., p have to be reestimated.

3 Identification Under Random Inputs

Though the basis functions ¢;’s are determined, they depend on the unknown system
and have to be identified from the given data set. From Theorem 1, these unknown
¢;’s are the expectations or conditional expectations of the output. Now the question
is how to calculate these expectation values by empirical averages based on the
available input-output measurement data set {y[k], u[k]}. In this work, we adopt
a fairly simple yet efficient kernel approach which was developed in our previous
works [5, 6]. To this end, let x; be any point in the interval I in which the input u[-]
lies, define

@j(xj, k) = ulk — j] = x;l.
Let 6 > min ¢;(x;, k) be any positive constant. Let
Mi(x;) ={m;j(1),m;(2),....,m;(;)}
be a set that contains integers m;(i)’s such that m;(i) € M;(x;) & § > ¢;(x;,

m;(i)). lj(x;) is the number of elements in M;(x;) that is the same as the num-
ber of ¢;(x;, k)’s that are smaller than §. Define, for each j and x;,

— oD ke Mj(x))
wi(xj, k) = Lis=2Liei(xjm;@) .
k §é M_i(xj)

Obviously for all k, j and x;, w;(x;, k) > 0 and Y1, w;(x;, k) = Zf’zl wi(x;,
m(i)) = 1. Similarly, for any pair 0 < j; < j, <nand (x;, x},) € I?, define

PjrjpXjis Xjpo k) = [lQulk = jil, ulk = joI) = (xjps x,) [l
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I8 > min g;,j, (x),, Xj,, k), et M, j, (x5 xj,) = {mj, jy (1), mj, j, (2), oo myy jy (1)}
be a set such thatk € M, ;,(x;,, x},) < 8 > ¢} j,(x},, Xj,, k). Define

S=9jiin )y X5 )
—
— J1J72 .
Wi (X, Xy, k) = L 8=2002 05y xjyomyy g, ()

ke Mfljz (le’ sz)
k ¢ MjljZ(le’ sz)

Notice that the same properties hold

N Livip
Wi (6 X0 k) = 0, Y iy (g X, k) = Y Wy (e, gy (00) = 1.
k=1 i=1

Now, for a given pair (x},, x;,) € 12, we define the estimates $ii=0,1,... M,
|
~ 1 0.
b=~ 1?:1 ylk]

N
¢;(x)) =D wi(x;, oyl = o, j=1,....n,

k=1

N
By (e, xp) = D wi(xn, xp, K)YIK] = G1(x1) — 65(x)) — Go, j=2,..,m
k=1

N
Pucty gy (o, x)) = ) waj(xa, x5, K)YIK], —ha(x2) — 6 (x)) — o, j=3,....m

k=1
N
P03 (3 (n-2)4 ) (Xn—2, Xj) = Z Wn—2,j (Xn—2, X, k) y[k]
k=1
- an—Z(xn—Z) - aj(xj) - (/lg(), j=n—1,n
N
¢W(n—1)f(n71)+j(xn—laxj) = an_l,j(xn_],xj, k)y[k]
k=1
— bu—1(Xu1) — B (x;)) — Go. j=n (6)

Theorem 2 Consider the system (4) and the estimates above. For any xj,, xj, € I,
assume

e The unknown basis functions ¢;’s are differentiable with the Lipschitz constant L
forx; ,x;, €l

e Let Y (-) be the (unknown) probability density function of the input u[-] and ¥ (-)
is nonzero at x;,, x,, i.e.,
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Yi(xj) >0, ¥(x;) > 0.

e 8 — 0and8*N — coas N — oo.

Then, as N — oo, we have in probability that
b0 — .
bi(x;) = ¢j(x;), j=1,2,...,n
¢7,-(le,sz) - ¢;(xj,xp), 1<ji<p<n j=n+1,..M

Moreover asymptotically, |$j(xj) — ¢j(xj)|2 ~ 0+ ﬁ), j=12,..,nand
| (xji. %) — @i () x )P~ OB + 7). 1 < ji<jp<n, j=n+1, ..M.

4 Order Determination

How many terms should be included in the model or equivalently how to determine
the order p of the estimate f: >r, :;3\, [£] is an important and difficult part of iden-
tification. This amounts to if the chosen order is sufficient to represent the unknown
nonlinear system or an additional term or terms should be added to the estimate. A
related issue is the regressor selection. Even if the order is accurately obtained, some
terms ¢;’s are irrelevant to the output and should not be included in the estimate.
How to find and remove those terms are also important. These two issues are closely
related. We propose two approaches towards these two issues.

4.1 Combined Residual Analysis and Statistical Test

The idea of the statistical test is fairly simple. Suppose the order p is sufficient so
that the estimate ) 1_, ¢;[k] represents the true but unknown system f* well. Then,
the residual

P
rlk] = ylkl =) ¢ilk] ~ vik]
i=0

is almost white. In other words, if the residual is white, nothing more can be squeezed
out from the data and thus the order p is sufficient. Let

n=Er[k], y[j1=EQC[k] —w)(rlk — jI—w), pljl=y[jl/y[0]

denote the mean, the lag-j autocovariance and the lag-j correlation coefficient of r[k],
respectively. If the residual r[k] is white, it follows that
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yilI=yR2l=..=0, pll]=p2]=..=0

In particular, for the system (4), r[k] = y[k] — >_ ¢;[k] is a function of ul[k —
1], ulk — 2], ..., ulk — n] and r[k — n] = y[k — n] — Y_ ¢;[k — n] is a function of
ulk —n —1],ulk —n — 2], ..., ulk — 2n]. They are automatically independent.
Thus, what we have to to check is if

plll=p2]=...=p[n-11=0

The most effective test in the literature for checking if p[1] = p[2] = ... = p[n —
1] = 0 are the Box—Pierce test [9] and its variants which have been widely accepted
and applied for linear system identification [18, 29]. It states as follows: for large N,

. oll]
N pljl* = N(pll], ..., pln — 11) : (7)
i=1 pln —1]

follows a chi-square distribution with (n-1) degree of freedom if r[k] is white. This
provides a framework for statistical hypothesis tests. Let

H, : the residual r[k] is white.

Then, the null hypothesis H can be tested based on N Z _1 olj1> and the x*(n —
1) distribution. If Hy is accepted, r[k] is considered to be whlte and the order p is
n—1

accepted. To test the hypothesis, we calculate N ) i el j1? based on the residual.
Let the threshold d be taken from the x?(n — 1) distribution with « being the level
of significance, i.e., the probability to reject Hy though Hj is true. The hypothesis
Hy is accepted if N')_j_ 1 plj1? < d and is rejected if N 27;} plj1? > d and we
conclude that the order p is not high enough.

There are two problems however. The first is that what we really test is not if
the residual r[k] is white or not but if r[i] and »[j] are uncorrelated or not. The
Box—Pierce test (7) works well for this purpose in linear identification but may
not work for nonlinear identification. If the residual r[k] exhibits some nonlinear
dependence which is usually the case in nonlinear identification because no actual
¢;’s are available and only their estimates (/ﬁ;,"s are known. This unavoidably adds
some nonlinear dependence on the residual. In such a case, the Box—Pierce test
does not work well. In fact, the Box—Pierce test could be invalid and provide some
misleading conclusions [32]. Therefore, a modified Box—Pierce test is needed in the
presence of nonlinear dependence of r[k]. The second problem is that even the null
hypothesis Hy is accepted, it does not necessarily mean that r[k] is white. Since the
null hypothesis only tests if Hj should be accepted given Hy is true. There is no way
of knowing the probability

Prob{ accept Hy: Hyis false}
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This is referred to as the second type of error and is hard to answer. Thus, there must
an additional and independent test to ensure reasonably that Hy is not false. We deal
with these two problems separately.

Modified Box—Pierce test. Let r[k] = y[k] — Zf]:o a, [k] be the residual. Denote
the sampled mean, the lag-j autocovariance, the lag-j correlation coefficient by
respectively

PO 1< _ SRR
= Z K, PLl=5— 2 ¢kl = DLk = j1 =), pLj1=71j1/710]
k:

Y
It was shown in [19] that for large N,

Pl
N@I[, ., pln = 1DV : ®)
pln—1]

follows a chi-square distribution with (n-1) degree of freedom when Hy is true, where

Ci1 .-+ Cln—1
V=C/yloP=| : .. /y10F

Cn—1,1 +-- Cn—1,n—1

cij= Y Bkl — ek —il— W@k +q) — ek +q—jl—p)

q=—00

with u being the mean value of r[k]. The difference is that the identity matrix is
used in the Box—Pierce test (7) while in the modified Box—Pierce test (8), the actual
autocovariance matrix V is used. The modified Box—Pierce test is reliable for large N
even the residual r[k] exhibits nonlinear dependence. For our application, however,
the actual autocovariance matrix V is unknown and has to be estimated. To this end,
let

(rlk] = ) (rlk — 11 — 1)

(rlk] = ) (rk — 2] — i)

Wlk] = .

(rlk] =) (rlk —n + 1] — 2)
and K (x) be the triangle kernel function

) =xl Ixl =1
K(x)_{o, x| > 1
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Now, define the estimate V of V by C /7101? with

1
. g 1 |
€= K(Z-)——F— ) WIkIWIk -
q;l (l)N—n+1—|q|Zk: [KIW[k —q]
s q 1 N+q
:q;lK(T)mgww]W[k_q]

! N
q | |
+ ; KON v1=4 k;g WKWk — q]

where [ is the bandwidth of the kernel K (-). Note all the variables 7, p [j], W[k] and
Y11 are computable. Now, we show that the modified Box—Pierce test is still valid
if the actual autocovariance matrix V is replaced by its estimate as discussed above,

Theorem 3 Consider the residual r[k] and the corresponding n, YLjl olj] and
V = C/7[0]> Then,

Pl
Qu-1=N@I, ... pln — 1DV : )
pln—1]

converges, in distribution as N — 00, to a chi-square distribution with (n-1) degree
of freedom if the residual r[k] is white, provided that

[l — 00, l/N—0, as N— o0

Residual analysis: As discussed above, the hypothesis test is effective only it is
reasonably sure that Hj is not false. A very simple but a common sense way is
to check the magnitude of the residual. There are two purposes. If the estimate
represents the system well or the order is adequate, the residual should be small. On
the other hand, we do not want to over-fit the system. In this regard, the parsimony
principle applies. Let r,[k] = y[k] — >, (ﬁ [k] be the residual where the subscript
p indicates the order of the estimate. Define the average error

N

1
elpl =~ D _rplkP®
k=1
Obviously, the average error e[p] is a monotonically decreasing function of the
order p as depicted in the top diagram of Fig. 4. Initially, e[ p] decreases as the order
increases because the model picks up relevant terms ¢;’s of the unknown system.
However, even when the correct order has been reached, the value e[ p] still decreases
because additionally added terms try to model noise. The improved “fit” is harmful
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since it models noise but not the system. However, the decrease from the over-fit
is less significant than the decrease when the relevant terms are picked up by the
estimate. Therefore, what we are looking for is where the curve e[ p] is small and
flattened, known as the “knee” in Fig. 4.

We are now in a position to state the combined residual analysis and hypothesis
test approach for order determination.

Step 1: Carry out identification by estimating ?ﬁ, as described in the previous sections.
Step 2: Calculate the residual r,[k] for each p and plot the average error e[ p] vs p
as shown in the top diagram of Fig. 4.

Step 3: Find the knee in the curve where the average error e[ p] is small and flattened.
Determine the corresponding order p for the hypothesis test.

Step 4: Calculate Q,_; as in (9) and carry out the modified Box—Pierce test. Let
the threshold d be taken from the x2(n — 1) distribution with o being the level of
significance usually 0.03-0.05, i.e., the probability to reject Hy though Hj is true. The
hypothesis Hj is accepted if 0,,—; < d and we conclude that the order p is sufficient.
The hypothesis Hj is rejected if Q,—; > d and we conclude that the order p is not
high enough and an additional term or terms should be included in the estimate.
Then, the test is repeated with p — p + 1.

4.2 Relative and Cumulative Contribution Approach

In order determination, what we are interested in is not if a particular term ¢;[k]
contributes or not, but whether the contribution is significant or not. Identification
is always a balance between model accuracy and model parsimony. The data-driven
orthogonal approach discussed in the previous sections allows us to decompose the
total contribution into a sum of individual contributions, referred to as the relative
contribution in this work, and provides a reliable way for the order determination
and regressor selection. To this end, we propose a relative contribution approach for
order determination and regressor selection that exploits the orthogonal properties of
the basis functions. Consider the system (4). It is easily verified from the orthogonal
properties of ¢;[k]’s that

M M
Ey[k]> = E{) _ ¢i[k] + v[K]}> = Y " E¢;[k]* + Ev[k]’

i=0 i=0
We now define the relative contribution R.[j] as

_ Eg;[k)?

= ,j=0,....M
Eyik? "’

R[]

Since the square term is proportional to energy, the meaning of the relative contri-
bution R.[p] is the percent of energy in the p’s term to the overall output energy.
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Obviously, if the p’s term is insignificant, the relative contribution R.[p] should be

small and not be a part of the estimate.
A closely related concept is the cumulative contribution C.[p]

o Eg,[k]
Clpl =) R(j) = Z E";’[[k]z ,p=0,... M
i=0 j=0

which measures the contribution of first p + 1 terms relative to the overall output.
Obviously, if the order p is correct, the cumulative contribution C,.[p] should be
close to unit and is flattened in the curve C.[p] vs p. It is important to point out that
because of noise contribution term Ev[k]?, the cumulative contribution can never
reach 100%. To test the order based on the cumulative contribution, an estimate
of the relative contribution of the unknown noise has to be done. This makes the
method based on the cumulative contribution less efficient compared to the relative
contribution approach.

In reality, ¢; are unavailable and only their estimates d)l s are available. However,
because of their convergence properties, (;5, — ¢; as N — 0o, we may define the
estimates of R.[p] and C.[j] by

R[] o X Tk O/ AP
= =57
v 2k=1 VIK]

and
Z NZk 1¢J[k .
j=0 NZk 1)’[k]2

The substitution is reliable for large N because of the convergence property.

To test whether the pth term should be included, we compute ﬁc[ p] and choose a
threshold d;, for example d; = 0.03 or 3%. If I/Q\C[p] > d, the pth term is included.
Otherwise the term is discarded. This not only provides the order of the system but
also determines exactly which term should be included in the model.

5 Deterministic Inputs and Galois Sequence

Generally, there are two ways to estimate the structure of the system. The first one
is full scale system identification. The idea is to identify the system including each
fi and f; ; and then enumerate all possible models for different combinations of fi
and f; ; as well as n. Some performance measures are calculated and the model that
achieves the best performance is chosen. Then, the corresponding # is the estimate
of time lag and the surviving terms of f; and f; ; are retained in the system. All
other f;’s and f; ;’s are considered to be negligible. The method does not distinguish
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between model structural estimation and full scale system identification. Note that
the system is nonparametric and nonlinear. Hence, identification is usually computa-
tionally expensive and the optimization algorithm could be stuck in a local minimum.
It is certainly advantageous if the structure of the system can be estimated before a
full scale system identification is performed. To this end, we propose two different
methods.

5.1 Visual Inspection Method

Recall that in structural estimation, we are interested not in full scale system iden-
tification, but rather in finding a simple and reliable way to estimate the structure,
in particular to determine the terms f; and f; ; which contribute significantly. In this
section, we assume that the input is at our disposal (which admittedly may be restric-
tive in some applications). Under such an assumption, the first problem is to find an
input sequence that is simple and has the ability to separate the contributions of f;
and f;;,

u(l) u(0) u(—1) a) a) ay
u(2) u(l) u(0) ay ay a
u3) u2) u(l) a ay a
u@) u3) u2) ay ax az
Up=|u® u@d) u@ |=laaal. (10)
u(6) u(5) u4) a ay az
u(7) u(6) u(s) a) ay ay
u(®) u(7) u(6) a) a; ay
u(®9 u®) u(l) a; a; a

To this end, let / be a prime number that indicates the number of levels of input,
ie.,ulk]l = {ay, ay, ..., @}, usually |a;| # |a;| to avoid ambiguity for quadratic non-
linearities. To excite the system to the maximum extent, the input sequence should
contain all possible combinations of n-tuple (4;,, a;,, . . ., a;,),a;, = ai, ...,,a.The
minimum length of such a generating sequence is n + [ — 1. The Galois sequence
is such a sequence which has been investigated in [13, 20] for worst-case identifica-
tion. Galois sequence has many desirable properties. It is a periodic pseudorandom
sequence with period /" [20] and can be easily generated [13]. More importantly,
within one period, it produces each n-tuple combination exactly once [20]. Note that
the Galois sequence defined here is slightly different from the traditional one [13]
as we need all the n-tuples to be included. This small difference can be easily taken
care of and in fact this definition is exactly the same as in [20]. An example of G (I")
for n =3 and [ = 2 is given in (10). To average out the effect of noise, the input
sequence is repeated L times, i.e.,



364 E.-W. Bai and C. Cheng

Upn

Up
U = . Ltimes. (1

Up
Before performing structural estimation, it is interesting to observe that the repre-
sentation (1) of the system is actually not unique. For instance, fi — fi + ¢ and
f» = f>» — ¢ for any constant ¢ would not change the input—output relationship
which implies that the structure of the system, as represented in (1), is not identifi-

able. To overcome this problem, we normalize the system to make the averages of
fi and f;; with respect to the input equal to zero. Let

1 !
gﬁﬂﬂk—ﬂ)=7§: (@, ulk — j1),

1
gll](u l])— YZﬁ](u[k am)

be the partial average of f; ; with respect to the first and second variables respectively

and
LA
Gij = 7 Z Z fij(am,, am,)

mi=1mp=1

be the total average. Define

fijulk —il,ulk — j1) = fijulk —il,ulk — j1) — gj.ijulk — j1) — gi.ijulk —il) + &ij.

(12)
Obviously, the average of this new function is zero,
1
E:,A%hwk—J)—E:ﬁAu — il an) = 0. (13)
m=1 m=1

To make the average of f, equal to zero, let, foreach 1 <i <n,

n l n
v _ 1 _
filulk = 1) = fitulk = 1)+ 3 guuiCulk = 1) = 7 31 fi(am) + Y guiian)],

i=2 m=1 =2

&
n—2
For @l —n+10) = fui@lk —=n+ 1D+ Y gu1y.i—nulk —n +1])
i=1



A Data-Driven Basis Function Approach in Nonparametric ... 365

n—2
+8m—-1).(— 1)n(u[k—n+1])—*2[fn 1am) + > 8on-1.itn-1) @n) + 1), c0—1yn (@),

m=1 i=1

Cn—1
n—1 n—1

Folulk = n)) = fa(ulk —n)) + Y guinulk —nl) — — Z[fmm) +)  gnin(an)]. (14)

i=1 ml i=1

Since,
1

Z filaw) =0, Vi (15)

by taking ¢ =¢ — Y, Cij + D_j—; G, it follows that the system (1) can be
rewritten as

VK =&+ fitulk—iD+ Y fijlulk —iloulk — jD) +vlkl k=1,2,... LI".

i=1 l<i<j<n
(16)
This makes the representation unique. Foreach 1 <i < j <n,m;,m; =1,...,1
ands = 1,2, ..., L, define the partial averages of the output,
1 -
Zptmss = 3 > yiGs = DI" + k]
ulk—il=a,, ulk—]l=a,
Z:r{,»m,~ =1 Zk 1 mm s
Z:;f, =7 Zm,—l mmj (17)
ij
Z-mj- =7 Zm,—l mmj
ij _ _ 1N ij
Z: =7 Zm,-:l e = 7 ij:l Zom

The subscript “dot” indicates that average has been taken with respect to this variable,
e.g., Zm .m;- 18 the average of Z,,, .m;s With respect to the last variable s.

To provide a physical 1nterpretat10n of the above variables, let us focus on the
system (16) with n = 3, [ = 2 and the Galois sequence GF(23) as in (10) and (11).
Within one period, it is clear that for any fixed column of U,s, half of the entries have
values at a; and the other half are at a,. Further, it is straightforward using (13) and
(15) to show that fori = 1 and j = 2,

Z1 =&+ fitan) + fatan) + fiatar, a) + lis — D23+ 11+ v[s — D23 +8])/2,
Z13 =&+ fia) + fala) + fiatar, ap) + 0l(s — D22 + 51+ vI(s — D23 +71)/2,
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Z2 =+ fi@) + fala) + fialaz, ap) + 0l — D23 + 21+ vls — D23 +61)/2,
73 =&+ fi(a) + @) + fialaz, az) + (lis — D22 + 3]+ vi(s — )23 +4])/2.

Moreover,

L
Zi% =&+ fila) + frla) + fiolar,an + — Z(v[(v—1)2’+1]+v[(g-1>z*+8>/2
s=1

Z3 =&+ fia) + frla) + fiaar, @) + — Z(V [(s — D23 + 2]+ v[(s — 1)2° +7])/2,
s=1
L
zi —c+f1(a1)+—2{(v[(s—1)23+2]+v (s — D23 +7D/2
s=1

+ (v[(s — 1)23 + 1]+ v[(s — 1)23 + 81)/2},
L23

1
12 _ ~
Z12 =4 2 D Ikl

t=1

Clearly, an estimate ¢ is obtained by Z12 and an estimate fl (ay) is obtained by
z %2 — Z!2. The results can be trivially but cumbersomely extended to the system
(16) withany n > 2,1 > 2 and i, j as summarized in the following theorem.

Theorem 4 Consider the system (16) for any n > 2, 1 > 2 with the Galois input as
in (11) and the variables defined in (17). Then, forany 1 <i < j <nandm;, m; =
1,...,1, we have

Z;r{m js = é + ﬁ(ami) + fj(am.f) + ﬁj(ami’ am/) + 8;{,‘/711‘3‘

where sﬁ,j,imj s s are iid with zero mean and variance o> /1" =2 and

L
. v v v 1 .
ij 4 . . . — L
Zm,.mf =cC+ fz(ami) + f](am_,») + flj (am;’ amj) + I E_l gmiinjs’

zil =5+ﬁ(am,)+ — Z Z £l s

jflyl

Zl,{nlzé"i_f](m)"i_—ZZ mim;s>

mi=1 s=1

LI"

. 1

|
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Therefore, for a large L, very good estimates of ¢, fvi, and fl, are available from
Zivim,-» Zing-» Z'm,..,and Z'! that are computable from the input—output measurements.

The implication of the above result is that the graph of f, (am;) ( f j(am;)) versus ay,
(am,) is obtained by the graph of its estimate

filaw) =Zl  —Z7 vs a,, or

filam) =25, = Z! vs ay,

and the graph of fij (@, > Am;) versus (am,, anm;) is obtained by f,-j(ami,amj) =
(Zi . — 78— 7+ Z") and

ﬁj(ami»amj) \& (amiv am_;)~

Accordingly, the contribution of f, (am,;) and f, j(@m,;» am;) can be visually
inspected by the graphs of f; (am,) and f; (@m, » am;). We make two comments here.

e Structural estimation is similar to model validation in identification. One can never
validate a model unless all possible inputs have been applied. This is clearly impos-
sible in practice. In structural estimation, one can only say that the contribution of
f,- (am,) or ]X, j(am,» am;) is negligible with respect to the applied input. Therefore,
the values ay, .. ., a; are important and have to be chosen judiciously.

e In general, increasing the level [ excites the system at more points and this is quite
useful for nonlinear system identification. However, there is a balance between
the number of levels / and the complexity of the implementation. For / = 2 or any
binary input, the minimum length of the sequence to cover all possible n-tuple
combinations is 2" and for an / level input, the minimum length becomes [”. Thus,
the complexity increases quickly as / gets larger.

e In general, a visual inspection works only for 2-factor terms.

5.2 Analysis of Variance (ANOVA)

The visual inspection approach discussed above is intuitive, efficient but Ad Hoc.
If an estimate f, is nonzero but small, it is hard to determine if the term should be
retained or discarded because of noise. To make the idea mathematically rigorous, in
this section, we develop a statistical hypothesis test based on the well-known analysis
of variance (ANOVA) and F distribution tests. To this end we make an assumption.

Assumption 5.1 The noise v[-] is iid Gaussian with zero mean and variance o .

The Gaussian assumption is needed for the mathematical derivation. However, it
has been well documented in the literature [17] that ANOVA is quite robust against
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violation of the Gaussian assumption. Consider the system (16), the input (11), and
the variables (17). Let, foreach 1 <i < j <n,

ST = Yot Loyt Lot Eatmys — 21172

SS. = S IL(Zyh,.. — Z)?

SSin; = Zgn‘,:l lLl(Z.',j,,jA - ;f.f.)Z ) ) ) (18)
SSY = Yot Xyt LZimy — Ziy — Zin, + Zy?

SS;EI = Zin,:1 Zin_,-:l Zf:l(zﬁrjlim/s - Z'%imf')z'

The following theorem can be shown by some algebraic manipulations and the
Cochran Theorem [24].
Theorem 5 Consider the variables defined in (18). Then,
o S =SS+ SSih, + S8 + S8,
° SS,’;{i., SS.i,f;f, SS” and SSg are statistically independent.
° la—_;SSjE’ ~ x2(I2(L — 1)) is x? distributed with I>(L — 1) degrees of freedom.
° Iffij(am,.,amj) =0forallm;,m; =1,...,1, then

n—2

S8 ~ (=1,

° Iffi(ami) =O0forallm; =1,...,1, then

n—2

5SS~ A=

o If fi(an,) =0forallm; =1,...,1, then

ln—Z

— §8Y ~ x2( = 1).

This theorem sets the foundation for the test of three null hypotheses,

H()ij : .ﬁj(am,’amj) =0, vam,-a am; = L, --~’l,
Hoi.: fi(am) =0, Ya,, =1,...,1,
Hy.; : f,»(am,,)zo, Vap, =1,...,1,

by the F-test because if Hp;; is true then

pii _ _S87ja -1y

=——————— ~F((-1*L-1), forall 1 <i < j<n,
SSY /(L — 1))

is F-distributed with (I — 1)? and /(L — 1) degrees of freedom. Similarly, if Hy,. is
true,
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88 /U—1
COSSE/(A(L - 1))

! ~F(l—-1,12(L-1))

and if Hy.j istrue,Vj =2,...,n,

1
Ti = M ~F(l—1,%L —1)).
SSg /(2 (L = 1))
The null hypothesis Hy;; is rejected if T > F,((I — D% 1>2(L — 1)) where «
denotes the level of significance, usually in the range 0.01 — 0.1. The tests for Hy;.
and Hy.; are similar. The results from the hypothesis tests are used to determine
which f; or f;; should be retained with a certain confidence in probability.

6 Full Scale Identification

For full scale system identification, using the Galois sequence is not appropriate
because the Galois sequence only excites the system at a finite points. We assume
in this section that the input u[k] is an iid random sequence in a (unknown) open
interval I € R with a (unknown) probability density function ¥ (-). Then, the results
of [3] can be used. Similar to the structural estimation case, the system (1) needs to
be normalized for identification purposes. Let E be the expectation operator. Define
the partial averages,

cij = E{fijulk — i1, ulk — j1)}.

c1 = E{fi(ulk — 1)) + ZE(flj(u[k — 1, ulk — j1) [ ulk — 1] = x1)},
j=2
o/ =E{fitulk —iD) + Y E(fij(ulk — i1, ulk — j]) | ulk —i] = x)},
j=i+1
i—1 _
= ZE(f_,-i(u[k — Jjlulk —il) | ulk — i1 = x;),

j=1

n—1

cn = E{fuulj —n) + Y E(fiu(ulk — j1.ulk —n]) | ulk —n] = x,)}.
Jj=1
Now, for every x; and x; € I, define

fij G x) = fij iy xj) = ECfij ulk — i1, ulk — j1) | ulk — j1= x))
—E(fijulk — il ulk — j]) [ulk =il =xi) +¢;j, 1<i<j<n,
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A6 = A + Y Bk =10, ulk — 1) [ ulk — 1] =x1) —c1,
j=2
fit) = fit) + Y B(fijwlk — il ulk — j1) [ulk — i1 = x))
j=i+l1
i—1
+ 3 E(fiulk — jloulk —iD) [ulk — il =x) —c] =}, i=23,....n—1,
j=1
n—1

FuCen) = FuCen) + Y E(finulk — i, ulk —nl) | ulk —n] = x,) = ca.
i=1

19)

Next, with ¢ = ¢ — Zl§i<j§n cij + Z?:l Ci, ¢ = cl.' + ci2, the system (1) can be
written as

YKl=c+ Y fiulk—iD+ Y fijulk —ilulk — j) +vIkl, k=1,2,....N
i=1 I<i<j<n
(20)
with

Efi(ulk —i]) = E(fij(ulk —i], ulk — j]) [ ulk —i] = x;)
= E(fij(ulk —i], ulk — j1) | ulk — j] = x;) = 0.

The problem is how to identify f; and f;;. Observe that these variables are condi-
tional expectations and thus can be calculated by empirical data easily, for instance
using the kernel estimation method [3]. To this end, we define the kernel functions.
A continuous, bounded and radially symmetric function K (-) is said to be a kernel
function if

_]=0,ze[-1,1] 1 B
o= {0’ z¢ [—1,1] and /_IK(Z)dZ—l. (21)

Now, the estimates of ¢, f; and f;; can be defined for each x;, x; € I in which the
input u[-] lies,

1 N
=) VK] (22)
k=1
S K==y 1k

fitx) = S Gi=1,...n
Sy K (Sl

Z/I{\;] K( “(Xisz)—(u[];—i]-ll[k—j])” Yylk]
Z}I(V:l K(H(xl',Xj)—(u[ljs—i]’u[k—j])l\)

fipCai. ) = —fi) = fiep—é 1<i<jzn
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where § > 0 is the bandwidth. The following result, which is a standard exercise,
follows from [3].

Theorem 6 Consider the system (3) with differentiable f; and f;;, and any kernel
function defined above. Then, for any x;, x; € I, provided that the input density
Sfunction is positive at x;, xj, i.e., ¥ (x;), ¥ (x;) > 0and § — 0O, 8N — coas N —
00, we have

A

cC —> C
fitx) = filx)
fij (i xj) = fij(xi, xj)

in probability as N — oo.

7 Comparisons with Existing Methods

A new representation for a class of nonlinear nonparametric system has been pro-
posed in (16). Further, structural estimation and full scale identification have been
discussed in the previous section. Naturally, two questions arise. The first one is what
are the advantages of the representation (16) as compared to some existing methods,
in particular the fixed basis approach and the Volterra series? Second, even if one
accepts the representation (16), why use the structural estimation and system identi-
fication techniques discussed in the previous section as compared to the traditional
approach of identifying f(u[k — 1], ..., ulk — n]) directly? We address these two
issues in this section.

7.1 Relation with the Volterra Series

If the system (16) is smooth with an upper bound » on the time lag, its Volterra series
is given by

n o0

o0 o0
YK =ho+Y 3" 3" o 7 yliy .. i) - ulk — iyJulk — io) . ulk — if] + vik].

I=1i1=01ir=i i1=ij—1

Two of the major advantages of the Volterra series are (1) itisin a closed form and (2) it
is parametric. In other words, any smooth nonlinear nonparametric system can always
be written in the above form. Further, identification becomes a linear estimation of
the coefficients /;’s. However, the Volterra series also has some disadvantages. In this
work, we are mainly interested in verifying if the Volterra series is a good candidate
for the system of short term memory and low degree of interaction as in (1) or (3). To
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this end, we need to understand the differences between a system of low degree of
interaction and a system of low order in the classical sense. Traditionally, a system is
said to be of low order if it can be written as or at least can be well approximated by
a low-order multidimensional polynomial. For instance, a system is said to be first
order if it is linear

YKl = flulk = 11,....ulk —n]) =c+ > aulk —i]

i=1

or to be of second order if

yIKl=c+ Y aulk—il+ Y yjulk — jilulk = j].

i=1 I<ji<ja=<n

Clearly, in both cases, the system is of 1-factor or 2-factor terms. In general, a
system of low order in the traditional sense implies low degree of interaction.
The other way around is however incorrect. For example, e!*=11 is an 1-factor
term that is not necessarily of low order depending on the input magnitude. Also,
(ulk — 1ulk — 2])'° is a 2-factor term which may not be approximated well by a
second-order polynomial. Therefore, nonlinear systems of low order in the traditional
sense are low degree interaction systems but the reverse implication is not neces-
sarily true. Now, we consider a Volterra series approach. A second-order Volterra
series is a model that contains all the first- and second-order kernels u[k — i]’s and
ulk — jilulk — j»1’s. This model is a 2-factor interaction system. However, a 2-factor
system y[k] = e (uk — ulk — 2D "0 is definitely not represented well by a
low-order Volterra series.

In summary, if a nonlinear system of short-term memory and low degree of interac-
tion resembles the structure of a low-order multidimensional polynomial, the Volterra
series is a good candidate. If the system is far away from a polynomial or the order
of the polynomial is high, the Volterra series is not a good candidate simply because
too many terms are needed to approximate the given system. In such a case, i.e.,
the unknown system is of low degree of interaction but not necessarily a low-order
polynomial, the proposed representation is a vital choice. This observation is not sur-
prising because the Volterra series is an extension of Taylor polynomial expansion
of an analytic function. The advantages of the proposed representation for systems
of short memory and low degree of interaction will be further illustrated in the sim-
ulation section.

7.2 Basis Function Approach

Without structural information, a fixed basis function approach is often used in non-
linear system identification. Typical basis functions are Fourier series, polynomials,
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and some orthogonal versions. Obviously, the success of a basis function approach
relies on how much a priori information is available on the unknown structure. If
the chosen basis functions resemble the structure of the unknown nonlinear system,
only a few terms are needed to represent the unknown system. In this case, identifica-
tion is likely to be successful. Otherwise, a fixed basis function approach requires a
large number of terms which has a considerable negative effect on the identification
step. The advantage of the proposed representation is that, if a nonlinear system has
short-term memory and low degree of interaction which fits (3), then no additional
structural information is required. In other words, there is no need to choose any basis
functions and whether a chosen basis function resembles the unknown structure is
no longer an issue.

7.3 Traditional One Shoot Kernel Approach

Once the representation of (1) or (3) is accepted, the second question is why to
use the identification method proposed in the previous section and why not to iden-
tify the nonlinear function f(u[k — 1], ..., u[k — n]) directly, which is a traditional
approach. The difference is that the identification method proposed in this work
decomposes a potentially high-dimensional nonlinear identification problem into a
number of one- or two-dimensional problems. Since the method proposed in the
work is kernel based, we compare it with the one shoot kernel based identification
method.

First, for the one shoot kernel estimation of f(u[k — 1], ..., u[k — n]) under iid
inputs, the asymptotic convergence rate [12] is O(N =), where N is the total
number of data points and & depends on the choices of the kernel functions and the
bandwidth. For the method proposed in the work, because identification is one or
two dimensional, the asymptotic convergence rate is O (N ~ T [n=2) = O(N —ﬁ)
[12]. Thus, asymptotically, there is an advantage to use the proposed method.

Next, we consider the case that N is large but fixed. For nonlinear system identi-
fication, the curse of dimensionality is always a concern even for a modest n. We use
similar arguments and examples as in [2] to illustrate the situation. Let u[-] be uni-
formly distributed in / = [—1, 1]. Suppose one wants to estimate f(x;, x3, ..., X,)
at a point (xy, x3,...,x,) € I". Since any nonparametric identification scheme,
including the kernel approach, is in some form of local smoother or weighted aver-
age based on the measurement data in the neighborhood of (xi, x7, ..., x,), there
must be enough data in the neighborhood to average out the effects of noise and
the uncertainty due to lack of structural information. For simplicity, suppose the
neighborhood is a hyper-box with the side length 0.1. Then, the volume of I" is
2" and the volume of the neighborhood is 0.1". This implies that the probability
that a measurement data (u[k — 1], u[k — 2], ..., u[k — n]) is in the neighborhood
of (x1, x2,...,x,) 1s (1/20)" that goes to zero exponentially as n gets large. For a
large N, there are likely N - (1/20)" measurements in the neighborhood. Unless N is
huge, there is not enough data in a neighborhood for identification purpose even for
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a modest n. For the proposed method, however, the maximum dimension is two. The
curse of dimensionality is not a problem. For instance, let n = 8. Then, the problem
becomes identification of 8 1-factor terms f; (u[k — jI), j =1,2,...,8, and 28 2-
factor terms f;, ;, (ulk — ji1, ulk — j»1). Though the number of identification steps
increases, the complexity of identification is reduced drastically. Because of decou-
pling, the probability of an u[k — j] in the neighborhood of x; for one-dimensional
identification is 0.05 and the probability of (u[k — j;], u[k — j»]) in the neighbor-
hood of (x;,, x;,) is 0.0025. Suppose that the total number of data points is N = 10°.
This implies that likely there are 5000 or 250 measurements in the neighborhood
for identification of 1-factor or 2-factor terms, respectively. Recall that if the eight-
dimensional f(xy, ..., xg) isidentified directly, the probability that a data vectoris in
the neighborhood of (xy, ..., xg)is (1/ 20)%. With N = 10°, the probability that there
is one measurement in a neighborhood is (1/2)% - 1073 = ﬁ that makes identifi-
cation nearly impossible. Clearly, the performance of identification of the 1-factor or
2-factor term can be substantially improved for the same N, compared to the iden-
tification of a eight-dimensional problem f. This effectively combats the curse of
dimensionality.

8 Numerical Simulation

We now provide numerical simulation examples. We separate the discussions about
random inputs and Galois sequence inputs.

8.1 Random Inputs

Example 1 Consider a nonlinear system
yIkl = f(ulk — 11, ulk — 21, ulk — 3], ulk — 41, ulk — 5]) + v[k]

=1.25/34ulk — 114+ 10 - ulk — 21> +5 - u[k — 31> — 1.25/3
———— — —
po=c 1=/ =1 =13

+ 0 + 0 ++5-ulk—1]xulk—2]+ 0 +
—— N
da=fs  $s=f5 o= /12 #1=r13

0 + 0 405 -sinQRm(ulk —2]4 ulk —3])
ds=fla  Po=fis dr10=1,

+ 0 4+ 0 ++ 0 ++ 0 ++ 0 +v[kl (23
~— ~— ~— ~— ~—
dr=rau d1o=/rs P13="13 P1a=/fss H15=1fis
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Fig.1 ¢;[k] = f;j(ulk — j])’s (solid) and their estimates 55\_,' [k] (dashdot), j =1,2,3,4,5

No prior structural information on f is available. The time lag of the system is
unknown and only an upper bound of n = 5 is assumed. For simulation, N = 20, 000
and § = 0.1. The input u[-] is independent and uniformly distributed in [—0.5, 0.5],
and the noise v[-] is iid Gaussian with SN R = 20dB.

Flgurel shows the actual but unknown ¢;[k](solid), j =1, ..., 5 and their esti-
mates qb jlk] (dashdot), j =1, ..., 5, respectively. The top dlagrams of Fig.2 show
delk], ¢10[k] superimposed w1th thelr estimates ¢6 k], ¢10[k] The estimation errors
of ¢elk] — ¢6[k] and ¢o[k] — ¢10[k] are in the bottom diagrams. The estimates
q/ﬁ\j[k]’s, j=1,8,9,11,12,13, 14 and 15 are in Fig.3. It can be seen that all the
estimates fit the actual but unknown functions well.

To determine the order of the estimation model, we calculate the residual and plot
the average error as a function of the estimation order p as in the top diagram of Fig. 4.
Obviously, there is a drastic reduction in the average error for the order p = 10 and
there is a little change for p > 10. Thus, we take p = 10 and test if the order p = 10
is acceptable by the modified Box—Pierce test (9). When p = 10, Q,—; = Q4 =
5.6434. Let the level of significance be 0.05. This corresponds to, from the x2(n —
1) = x?(4) distribution table, the threshold d = 9.4877. Since Q4 = 5.6434 < d =
9.4877. The order p = 10 is accepted which is in fact the actual but unknown order.
The order determination can also be carried by the relative contribution R.[p] shown
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Fig. 4 Average error versus the estimation order

Table 1 Relative contributions for N = 20000, 10000, 5000 and d; = 0.03, respectively

N 20000 >d; 10000 > dy 5000 > dy
R.[0] 0.1717 J 0.1819 W 0.1793 J
R[] 0.1041 J 0.0802 J 0.0792 J
R.[2] 0.1854 Vv 0.1480 J 0.1504 v
R.[3] 0.1156 J 0.1001 W 0.1152 J
Re[4] 0.0002 0.0003 0.0005

Re[5] 0.0000 0.0000 0.0000

Re[6] 0.1584 W 0.1464 W 0.1574 J
R.[7] 0.0008 0.0021 0.0035

R.[8] 0.0009 0.0028 0.0045

Re[9] 0.0009 0.0029 0.0036

R.[10] 0.1826 J 0.1199 Wi 0.1176 J
Re[11] 0.0007 0.0019 0.0039

R.[12] 0.0010 0.0026 0.0050

Re[13] 0.0009 0.0019 0.0090

Re[14] 0.0011 0.0026 0.0040

R.[15] 0.0010 0.0023 0.0050
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Fig. 5 Cumulative and relative contributions

in Table I as well as in the bottom diagram of Fig.5. The cumulative contribution
Cc[p]is shown in the top diagram of Fig.5. To determine which term q’) ; should be
included in the estlmate let the threshold d; = 0.03. If R [j] = di, we include the
corresponding term "y ; in the model. Otherwise the contribution of the corresponding
term is deemed to be insignificant and omitted in the model. Clearly, from Table 1,
only the terms ?50, 3;1, Zb}, Zb}, 56 and $10 contribute significantly and should be
included in the model. Simply put, the system time lag is determined to be n = 3,
though the upper bound is assumed to be 5. Further, it is determined that the system
contains only 6 terms, ¢o = ¢, ¢1 = f1, 2 = f2, $3 = f3, ¢ = f12, and ¢p19 = f3
and all other terms are zero. The conclusion is consistent with the true but unknown
system

qqqqq

ulk] = 0.5sin(k/10) - cos(k/20), k = 1..., 150



A Data-Driven Basis Function Approach in Nonparametric ... 379

good of fitness=0.9411

L L L L L L
20 40 60 80 100 120 140

actual output (solid), predicted output by the model (dash—dot)

Fig. 6 Actual output (solid) and predicted output (dash-dot) for a fresh input

is generated which is completely different from the white noise input that was used
for identification. A standard goodness-of-fit criterion

_ 2
(1- |2V [f]l UKD 2) x 100% (24)
Zk()’[k] N w YIKD

is calculated. Based on the fresh input, the output y[k] of the actual but unknown
nonlinear system (23) is generated as well as the predicted output y[k] based on the
estimate

o~

Ykl = f(ulk — 1], [u — 2], ulk — 3], ulk — 41, ulk — 5])
= Po + P1[k] + palk] + 3[k] + pslk] + rolk].

Figure 6 shows the actual output y[k] (solid) and the predicted output y[k] (dash-dot)
with the goodness-of-fit 0.9411, an almost perfect fit. This validates the effectiveness
of the identification method proposed in the work along with its order determination
and regressor selection.
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8.2 Galois Sequence Inputs

In this subsection, we discuss two numerical examples that shed lights on the
efficiency of the proposed representation and identification method using Galois
sequence inputs in the context of existing methods.

Example 2

wlk] = ulk] — 0.3u[k]?
x[k] = 0.3x[k — 1] — 0.02x[k — 2] + 0.5w[k — 1] + 0.4w[k — 2]
y[k] = x[k] + 0.4x[k]> + v[k]

The noise v[k] is an iid zero mean and unit variance Gaussian random variable
multiplied by 0.2. The actual nonlinear system is IIR and therefore there are no
exact f; and f;;. We represent the system by (3) assuming that the maximum time
lag n < 8. Note determination of the order of an unknown nonlinear system is an
interesting and open problem which is out of scope of the work. Here we just assume
that the upper bound n = 8 is available (admittedly it could be restrictive in some
applications).

First, structural estimation is carried out by using a binary Galois sequence
GF(2® withn=8,1=2and L =11 and a; = 1, a; = 0. ANOVA was used to
calculate 7% and T' as shown in Table 2 that are the averages of 50 Monte Carlo
simulations.

For the hypothesis tests, we choose o = 0.1. From the F distribution, we have
Fy.1(1,40) = 2.84. By the F-tests, we have T 72,73, 74,1712, 713 723 = 284,
and all other T?, T/ < 2.84 as can be seen in Table 1. Thus, we reject the hypotheses
that fi, f2, f3, fa, fi2, fi3, and fr3 are negligible and assume that all other terms
are zero. Second, these non-negligible terms are identified with iid input uniformly
in [—1.5, 1.5], a triangle kernel [3] with § = 0.4 and the total number of data points
N = 5000. Further, their estimates are used to construct the model

Table 2 Calculated 7% and T/ for polynomial input nonlinearity
i |l 2 3 4 |5 |6]7 |8
T'13986(4617(371.5(23.3|2.5|1|1.2|1.1
T j
213 1415 |6 |7 |8
56(49 |1.2|1.1 [0.9]0.6|1.1

1

1

1

(=]

5.8(1.5(1,.0/0.9/0.7{1.0
1.2{1.310.7(1.2]0.9

311.0{1.0{0.9
1.0{0.9(0.8
0.910.7
0.8

N N | B W —
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Table 3 Goodness-of-fits for the polynomial input nonlinearity

Proposed method | Fourth-order Second-order Traditional one
Volterra fixed basis shoot
Gof 0.9470 0.9563 0.8121 0.6762

Skl = ¢+ fiulk — 1) + fo(ulk —21) + f3(ulk — 3]) + fa(ulk — 4])
+ fra(ulk — 11, ulk — 21) 4+ fiz(ulk — 11, ulk — 31) + fa3(ulk — 2], ulk — 3]).

To validate the model, the input is generated
ulk] = 1.5sin(k/10) cos(k/20), k =1, ..., 160

as well as the corresponding actual outputs y[k] and predicted outputs y[k]’s.

Figures7, 8, 9, and 10 show y[k], y[k]’s predicted by the proposed method, the
Volterra series of fourth order, a fixed basis of polynomial upto the second order and
the one shoot method respectively as well as their gof’s. Since the actual nonlinearity
is a polynomial, the proposed method, the Volterra series, and the fixed basis of
polynomial all perform satisfactory, significantly better than the one shoot method
as expected. An overview of the performances is given in Table 3.

Example 3

wlk] = u[k] — 0.3u[k]3e! 41K
x[k] = 0.3x[k — 1] — 0.02x[k — 2] + 0.5w[k — 1] 4+ 0.4w[k — 2]
y[k] = x[k] + 0.4x[k]* + v[k].

The only difference between Examples2 and 3 is that the input nonlinearity now
contains an exponential term. All other simulation conditions remain the same. T
and T for Example3 are given in Table4 for a binary test input G F(I") with
n=38,l=2and L =11.

With @ = 0.1 and by the F-test as shown in Table 4, only the terms f1, f2, f3, f4,
fs» f12, f13, f14, f23, and f>4 are not negligible and thus the model is given by

FIk] = &+ fi(ulk — 1D fr(ulk — 2]) + f3(ulk — 3]) + fa(ulk —41) + fsulk — 51)
+ fa(ulk — 17, ulk —21) + fis@ulk — 11, ulk — 31) + fia(ulk — 11, ulk — 4])
+ fasulk — 21, ulk — 31) + foa(ulk — 21, ulk — 4).
Under the same validation input, the corresponding y[k] and predicted y[k] by various

methods are shown in Figs. 11, 12, 13 and 14. The corresponding gof’s are given in
Table 5.

The results of the second-, third-, fourth-, fifth-, and sixth-order Volterra series
are also shown in Table 5 and Fig. 12, exhibiting a considerable performance dete-
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polynomial nonlinearity
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Fig. 7 Actual y[k] and predicted y[k] by the proposed method with gof = 0.9470 (polynomial
nonlinearity)

polynomial nonlinearity
1.5 T T T

actual (solid), predicted-Volterra (dashed)

0 20 40 60 80 100 120 140 160
time(k)

Fig. 8 Actual y[k] and predicted y[k] by an fourth-order Volterra with gof = 0.9563 (polynomial
nonlinearity)
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polynomial nonlinearity
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Fig. 9 Actual y[k] and predicted y[k] by a second polynomial with gof = 0.8121 (polynomial
nonlinearity)
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Fig. 10 Actual y[k] and predicted y[k] by one shoot method with gof = 0.6762 (polynomial
nonlinearity)



384 E.-W. Bai and C. Cheng

Table4 T/ and T/ for exponential nonlinearity

i |l 2 3 4
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exponential nonlinearity
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Fig. 11 Actual y[k] and predicted y[k] by the proposed method (exponential nonlinearity)

rioration. This is because a low-order polynomial approximation in u[-] like the
Volterra series is inefficient to model an exponential function. This demonstrates
the advantage of the proposed representation along with structural estimation and
system identification for nonlinear nonparametric system of short-term memory and
low degree of interaction. It is interesting to note that a higher order Volterra does not
necessarily imply a better identification result because variance error also increases
as the order gets high. The gofs of the fixed basis function for the second- and third-
order polynomials are 0.2299 and 0.1659, respectively. Figure 13 demonstrates the
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exponential nonlinearity
T T

T

actual (solid), predicted—Volterra (dashed)
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Fig. 12 Actual y[k] and predicted y[k] by a third-order Volterra (exponential nonlinearity)

exponential nonlinearity
T T

T

actual (solid), predicted—poly 3nd order (dashed)

- 1 ! ! ! !

0 20 40 60 80 100 120 140 160
time(k)

Fig. 13 Actual y[k] and predicted y[k] by a third polynomial (exponential nonlinearity)

corresponding y[k] and y[k] for the fixed basis function approach of third order.
Again, the performance of a fixed basis function approach depends on if the chosen
functions resemble the unknown structure or not. The result of the one shoot kernel
is shown in Fig. 14 with gof = 0.1679, a poor performance. The reason is that for
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exponential nonlinearity
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Fig. 14 Actual y[k] and predicted y[k] by one shoot method (exponential nonlinearity)

Table 5 Goodness-of-fits for the exponential input nonlinearity
proposed|2nd order [3rd order |traditional
method |fixed basis|fixed basis|one shoot
gof|0.6855 0.2299 0.1679 0.2722
Volterra|2nd 3rd 4th Sth 6th
(order)
gof -0.3437(-0.7652|-0.6194|-8.6657|-7.5490

a higher dimension n = 8, the bandwidth § has to be large or there is no data in
the neighborhood that consequently increases the bias. In the simulation, bandwidth
was carefully adjusted to find the best gof which is reported here. It is clear, for
Example 3 which is of short-term memory and low-order interaction, the proposed
method outperforms any other method.

9 Discussion

In this section, we provide discussions and try to shed some lights on the proposed
method.

e Orthogonalization and marginal influences: The essential step of the work is an
orthogonalization procedure that allows us to write the output as a summation
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of marginal influences of the input variables. Then, these marginal influences are
estimated by empirical averages weighted by a kernel function. This is related to
the additive or generalized additive systems investigated in the statistics literature
[12], especially discussed in a recent publication [26].

e FIR and iid assumptions: The orthogonalization is achieved in the work by assum-
ing iid inputs and FIR structure of the unknown nonlinear system. The iid assump-
tion removes statistical correlations between input variables and makes orthogo-
nalization easier. The iid condition is however not critical as long as the correlations
between u[k — i]’s and u[k — j]’s are available so they can be canceled out in the
orthogonalization procedure. On the other hand, the FIR assumption on the nonlin-
ear system is critical. Without this assumption, the output y[k] is a function of the
previous outputs y[k — i]’s as well as the input u[k — j]’s which are correlated.
The exact correlation between y[k — i] and u[k — j] relies on the system to be
identified. This makes cancelation of the correlations between the output variables
and between the output and input variables very difficult. We are working along
this direction and some preliminary results have been reported in [4].

e Kernel estimator and the choice of the bandwidth: The kernel estimator (6) is a
smooth version of a conditional mean. The unknown function is estimated by the
empirical mean of the measurements in the neighborhood of the point to be esti-
mated. The size of the neighborhood, referred to as the bandwidth §, controls the
number of measurements to be used. The idea is to represent the unknown non-
linearities locally. All measurements outside the neighborhood ¢ (k) > §, are not
used to construct the estimates. The choice of § balances the trade-off between the
bias and the variance. A large § implies a large bandwidth interval and accordingly
more data is used that results in a small variance. On the other hand, because more
data points area used even with those not in a close vicinity, the approximation
error gets large, which gives rise to a large bias term. A small § produces just the
opposite, a large variance and a small bias. Hence, increasing § tends to reduce the
variance but at the same time increases the bias. The best choice is to balance the
bias and the variance. There is a huge literature on this topic and some guidelines
are available in [12, 22, 26] for the choice of the bandwidth §. For instance, the
optimal bandwidth can be derived by minimizing the mean square error if the ana-
lytical expression exists. Alternatively, a data-driven bandwidth can be derived by
using the leaving-one-out criterion. For details, see [12] and the references within.

e Recursive algorithms: The kernel estimator proposed in the work can be calculated
recursively when the new data become available. First, let A(I)V +1and a(z)v be the
estimates of ¢ at N + 1 and N, respectively, where the superscripts N + 1 and
N emphasize on the dependence of the data upto N + 1 and N, respectively. It is
easily verified that

~ N ~ 1

N+1 N
1) = oy + -y[N +1].
0 N+1"7° N+1 o ]

To calculate $jN + (x;) from Zp\j\’ (xj), j =1,2, ..., n, recursively, consider
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W

. Collect new data y[N + 1], u[N] and calculate ¢;(x;, N+ 1) = [u[N +1 —

J1=x;l
If§ <¢j(xj, N+ 1), then

N
Nito o WY@k k=12, N
i (xf’k)_{ 0, k=N+1

q&NH(xj) = q&N(xj) Reset N + 1 = N and go back to step 1.
If8 > (pj(xj,N—i— 1), let

I .
Lid = i 0j(x;, m;(i))

AN+ 1) = - .
lj8 — Zijzl ¢j(Xj,mj(l)) +8 —(pj(xj, N+ 1)

and define

W;V(Xj,k) . )\(N + 1), k e Mj = {mj(l), ,mj(lj)}
LG NAD ,k=N+1

(l,'+1)872,j:] @j(xj,m;@i)—;(x;,N+1)

0, k¢ {N+1,m;1),...,m;(;)}

wiH (xj, k) =

Identlfy N+1 l=m;(;+1).
¢N+1(x,) = (;5 (x,) AN 4+ 1) +wi* (x;, N+ 1)y(N +1). Reset [; +1=
l],N—i- 1= N and go back to step 1.

Other qb_,-, J > n, can be similarly calculated recursively.

Higher factor interactive term systems and computational complexity: This work
focuses on the system upto 2-factor interactive terms. All the results can be
extended to higher factor interactive term systems. We summarize the procedures
for a 3-factor term system.

Step 1: Consider the system (1). Define fj, ;,;, which is the normalized fj, ;,;, so
that the average is zero with respect to any x; and (x;, x;).

Step 2: Redefine f; 1 j» by adding the original f i1 j» to all the 2-factor terms with
index jy j resulting from the normalization of f i injs- Normalize f;, , to have f, .
Step 3: Redefine f; by adding the original fi ; to all the 1-factor terms with the
index j resulting from the previous steps. Normalize f; to have f;. Also, adjust
the constant term c.

Then, the orthogonal functions ¢;’s and their estimates aj’s can be similarly
defined. The estimates enjoy the same convergence properties as in the 2-factor
term case.

In theory, the procedure can be extended to any factor term system. However, the
number of terms increases exponentially and so is the computational complexity.
Practically, the method proposed in the work is more efficient for a low-order
factor term system, say 2-factor or 3-factor interactive term systems with a modest
time lag n.
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e Curse of dimensionality: A common feature of most nonlinear identification meth-

ods in the literature is to find directly the nonlinearity f representing the input—
output relationship of the system. This amounts to solving a high-dimensional non-
linear identification problem directly and is usually difficult if 7 is not small. One of
the main problems is the curse of dimensionality in nonparametric identification.
To illustrate the situation, let u[-] be uniformly distributed in I = [—0.5, 0.5].
Suppose one wants to estimate f(xj, xa, ..., X,) at a point (x1, x2, ..., X,) € I".
Since any nonparametric identification scheme is in some form of local smoother
or weighted average based on the measurement data in the neighborhood of
(x1, x2, ..., X)), there must be enough data in the neighborhood to average out
the effects of noise and the uncertainty due to lack of structural information. For
simplicity, suppose the neighborhood is a hyper-box with the side length 0.1.
Then, the volume of /" is 1" = 1 and the volume of the neighborhood is 0.1". This
implies the probability that a measurement data (u[k — 1], u[k — 2], ..., u[k — n])
is in the neighborhood of (xi, x5, ..., x,,) is 0.17 /1 = 0.1" that goes to zero expo-
nentially as the order or dimension n gets larger. Let N be the number of total data
measurements. For a large N, it is likely there are N - 0.1" measurements in the
neighborhood. Unless N is huge, there is not enough data in a neighborhood for
identification purpose even for a modest n.
Now, consider the proposed method for alow-order factor term system, say for an 2-
factor term system. The aim of the method is not to estimate the high-dimensional f
directly but to estimate the unknown interactive terms f; and f;, ;, or the orthonor-
mal functions ¢;’s. Moreover, identification of each interactive term is decoupled
with each other. This is very beneficial. For instance, let n = 5. Then, the prob-
lem becomes identification of five 1-dimensional 1-factor terms f;(ul[k — jl),
Jj=1,2...,5, and ten 2-dimensional 2-factor terms f; ;, (ulk — jil, ulk — j21),
1 < j; < j» < 5. Though the number of identifications is increased, the complex-
ity of identification is reduced drastically. Because of decoupling, the probability
of an u[k — j] in the neighborhood of x; for one-dimensional identification is
0.1/1 = 0.1 and the probability of (u[k — j;], u[k — j»]) in the neighborhood of
(xj,,x},) is 0.12/1 = 0.1%. Suppose the total number of data points is N = 10*.
This implies that it is likely there are 10° or 10?> measurements in the neighbor-
hood for identification of 1-factor or 2-factor terms, respectively. Recall that if the
five-dimensional f(xy, x», x3, X4, xs5) is identified directly, the probability that a
data vector is in the neighborhood of (x|, x3, x3, x4, x5) is 0. 1°. With N = 10%, the
probability that there is one measurement in a neighborhood is 0.1. That makes
that identification is nearly impossible in the presence of noise. Clearly, the per-
formance of identification of the 1-factor or 2-factor term can be substantially
improved for the same N, compared to the identification of a five-dimensional
problem f. This effectively combats the curse of dimensionality. In a sense, the
approach proposed here is to replace a difficult high-dimensional problem by a
number of less-difficult and manageable low-dimensional problems.

e Combined residual analysis and statistical test: A version of the Box—Pierce test is
developed in the context of nonlinear system identification. The reason behind this
choice is that traditional Box—Pierce tests do not work well if there is a nonlinear
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Table 6 Goodness-of-fit as a function of N and §

N = 20000 N = 10000 N = 5000
§=0.12 0.9280 0.9186 0.9204
§=0.1 0.9411 0.9376 0.9062
5 =0.08 0.9457 09174 0.8994

dependence and could give misleading conclusions [32]. The modified Box—Pierce
test overcomes this problem. Moreover, any Box—Pierce test assumes that the null
hypothesis is true and then tests based on a measured data set if the null hypothesis
should be accepted with a given probability. It alone can never answer the question
of the second type error as discussed in the work. The contribution of the work is
to deal with this problem by combining the Box—Pierce test with residual analysis.
This reasonably guarantees that the null hypothesis is true before the Box—Pierce
test.

In the Box—Pierce test and the residual analysis, the choices of the level of signif-
icance and other parameters are always tricky and subjective. Whether the level
of significance 0.01 or 0.03 is enough is tightly connected to the intended purpose
of the model. If prediction is the intended purpose, the identified model should
be validated on a fresh data to verify if the identified model fulfills the intended
purpose. It may take several iterations to have some good design parameters for a
particular application.

e Finite data performance: The proposed method is convergent. The convergence
rate is 0(J5+7) for a system upto 2-factor interactive terms and is O( J5+7) for
a system upto to I-factor interactive terms. Like most of nonlinear identification
algorithms, the analysis of finite data performance of the proposed method is very
hard to carried analytically. We provide numerical simulations to demonstrate the
finite data performance in terms of robustness of the choices with respect to the data
length N, the bandwidth §, and the order determination. To see the effect of data
length N on the order determination, the same example (23) was simulated under
the same simulation conditions for N = 20000, 10000, and 5000 respectively. The
results are in Table 1 and fairly consistent even N experiences a large variation
from 5000 to 20000. To test the effects of the data length N and the bandwidth
8 on the obtained model, we use the goodness-of-fit (24) as an indicator. Table 6
shows goodness-of-fit for various N and §. Again, the identified model, in terms of
prediction error, is robust with respect to variations of design parameters N and §.

10 Concluding Remarks

In this work, a data-driven orthogonal basis function approach is proposed for
nonlinear system identification. The main advantage is that it eliminates the guess-
ing works when there is a little priori information on the structure of the unknown
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system. Further the data driven basis functions are orthogonal and thus enjoy many
preferable properties. We are working on extending the results presented in the work
to IIR nonlinear systems.

In addition, methods are proposed for order determination and regressor selection.
These topics are generally very hard for nonlinear system identification. The methods
proposed have potential to be applicable to many nonlinear system identification
schemes and we felt they deserve more studies.

Finally, two structure identification methods under deterministic inputs are pro-
posed to estimate the structure of the system before a full scale system identification
is performed. They can efficiently simplify the procedure of system identification.

Appendix

Proof of Theorem 1: The first part is directly from the definition of ¢;’s. Also from
the definition, it is easily verified that E¢;[k] =0 for j =1, ..., n. E¢;[k] =0,
j=n+1,.., M follows from Ef; ; (ulk — ji], ulk — j>]) =0. We now show
E¢; [klpulk1 = 0. For 0<ji<jo<n, Ed;lklp,lk]=Ep;kIEg, k] =0
because of independence of u[k — j;] and u[k — j,]. The proofs for other j, and
J» follow from the same arguments as

E¢1[k1pnr1[k] = E¢i(ulk — 1D)ny1(ulk — 1], ulk —2])
= E{¢: (ulk — 1DE{@n41 (ulk — 1], ulk —2]) | ulk — 1]} = 0.

To show the third part, observe

YIKl=c+ ) fiwlk—jD+ Y fiplk— il ulk — j]) + vIk],

J=1 I<ji<ja=n

Eylk] = c = ¢p
E{ylkllulk — jl=xj} =c+ fij(xj)) =do + ¢j(x;), j=1,....,n
E{y[k] | ulk — j1] = xj,, ulk — jol = xj,}
=c+ [0+ Fp ) + i i X5)
b0+ @) (xj) + ) () + iy jp (K xjp)s L<ji<jp<n

Then, the conclusion follows from the definition of ¢;’s.
Proof of Theorem 2: The first part is from Theorem 1 and the law of large numbers,

~ 1
G0 =~ D _ Ikl — Eylk] = ¢.
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For the second part, from the assumptions § — 0,8N — oo as N — 00, the number
of samples u[k — j]’s in the interval,

@j(xj, k) = lulk — jl —x;[ <
converges to 2y (x;)§ N — oo, where the probability density function of the input at

Xj, ¥ (x;),is assumed to be positive, or the number of elements /; — 2y (x;)dN —
0o. Now,

N
16, 0c)) — ¢ (el =1 > wixj. b)yIk] — ¢, (x;) — ol

k=1

N N
= 1D wix;, k) (o — do) + D wi(x;, k)@, (ulk — j1) — ¢ (x)))

k=1 k=1
n N M N N
+ Y0 D owilg bgiulk — i+ D Y wixg, gkl 4+ wj(x;, kvIK]|
i=l,i#j k=1 j=n+1k=1 k=1
Lj Lj
=1 wjilej,miD)po — o) + Y wj(xj, miD);ulm;d) — j1) — ¢ (x;)
Inl ’ =1 . ’
+ Y D wiG m )i ulm (1) — i)+ Y Y wyCxgm ()i m; D]+
i=l,i#j I=1 j=n+11=1

l 1

0 g mpOWIm O < 1S wyCem (1) @ — @0l

=1 =1
Lj
1Y Iy m () (@ ulm (1) = j1) — ¢ (c))]
I=1
n lj
+ Z ij(xjamj(l))¢i(u[mj(l)—i])|
i=l,i#j I=1
M I
j=n+11=1 P

With L being the Lipschitz constant and from the orthogonal properties of ¢;,
lj
l; > oco,wj(xj,m;()) >0and > ., w;(x;,m;(l)) =1,
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lj
> wiCx.mi(D)(do — po) = do — Po.

=1

lj
| Z [w;Cxj,mi))(@;lm;() — j1) —¢;(x;)| <L,

=1
n l;

Y g my )i ulm (1) — i

i=li#j I=1

- 1
. — ; J— 7 _— . 2 —
- Ii:?,i#E{@(u[k iDlulk —jl=x;}"+ 0(5N)’
M l;

| D> wiCempD)gIm (D1

j=n+1 I=1

M
1
= | 2 Elgslk] ulk — j1=x;}* + OG0,

j=n+1

l.
d 1
| D wi Gy myOWim DI — [EVIKI + O ().
=1

Therefore,

—~ —~ 1
|p;(x;) —@;j(x;)| = |do — ¢pol + 6L + O(E) —0,j=1,..,n

This completes the proof of the second part. The proofs of the third part are similar.
The only difference is that the convergence rate is 0(\/5;27) as N — oo.
Proof of Theorem 3: It is easily verified that

oo oo oo .
/ |K (x)]|dx < o0, / |/ K(x)e '"dx|dw < oo.
—oo0  J—00

o]

The rest part of the proof follows directly from Lemma 2 of [19].
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