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Chapter 1

Kernel-Based Nonlinear
Signal Processing

1.1 Chapter Summary

In this chapter we discuss kernel-based nonlinear signal processing. Sec-
tions 1.3 and 1.4 present a brief introduction to the theory of reproducing
kernel Hilbert spaces (RKHS) and their application to nonparametric mod-
eling of nonlinear functions. We give special emphasis to nonlinear function
estimation and regression, and illustrate their relevance on several nonlinear
signal processing applications. In Section 1.5 we explore online kernel-based
function approximation. We focus on finite order modeling, sparsification
techniques and their application to online learning. In Section 1.6 we discuss
kernel-based online system identification, with emphasis on the popular ker-
nel least mean squares algorithm (KLMS) and its properties. In Section 1.7
we present an introduction to Gaussian processes as applied to nonlinear
regression, and we describe its application to spectral unmixing of hyper-
spectral images.
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1.2 Introduction

An effective way to extend the scope of linear models to nonlinear processing
is to map the input data u; into a high-dimensional space using a nonlinear
function (), and apply linear modeling techniques to the transformed data
@(u;). However, this strategy may fail when the image of ¢(-) lies in a
very high, or even infinite, dimensional space. More recently, kernel-based
methods have been proposed for applications in classification and regression
problems. These methods exploit the central idea of this research area,
known as the kernel trick, to evaluate inner products in the high dimensional
space without the knowledge of the function ¢(-). Well-known examples
can be found in [1,2]. This chapter discusses the application of kernel-based
methods to solve nonlinear function estimation and regression problems.

1.3 Reproducing Kernel Hilbert Spaces (RKHS)

This section briefly reviews the main definitions and properties related to
reproducing kernel Hilbert spaces [3] and Mercer kernels [4].

Let H denote a Hilbert space of real-valued functions (-) on a compact
U < R and let (-,-)y be the inner product in H. Suppose that the
evaluation functional L,, defined by L,[v] = ¢ (u) is linear with respect to
¥(-) and bounded, for all w in Y. By virtue of the Riesz representation
theorem, there exists a unique positive definite function u; — k(u;, u;)
in H, denoted by x(-,u;) and called representer of evaluation at w;, that
satisfies [3]

Y(uj) = W)k ui))u, YYeH (1.1)

for every fixed u; € U. A proof of this may be found in [3]. Replacing ()
by k(-,u;) in (1.1) yields

r(wg; wi) = CR( i), 505 ug))n (1.2)

for all u;, u; € U. Equation (1.2) is the origin of the now generic term
reproducing kernel to refer to k(-,-), which is also known as Mercer kernel.
Note that H can be restricted to the span of {k(-,u) : w € U} because,
according to (1.1), nothing outside this set affects v (-) evaluated at any
point of Y. Denoting by ¢(-) the map that assigns to each input u the
kernel function (-, u), (1.2) implies that x(u;, u;) = {@(u;), @(u;))n. The



1.4. NONLINEAR REGRESSION IN AN RKHS 3

kernel then evaluates the inner product of any pair of elements of &/ mapped
to H without any explicit knowledge of either ¢(:) or H. This key idea is
known as the kernel trick. The kernel trick has been widely used to transform
linear algorithms expressed only in terms of inner products into nonlinear
ones. Examples are the nonlinear extensions to the principal component
analysis [5] and the Fisher discriminant analysis [6,7]. Recent work has also
been focused on kernel-based online prediction of time series [8-12].

Classic examples of kernels are the radially Gaussian kernel x(w;,u;) =
exp(—|lui — u;]?/263), with By > 0 the kernel bandwidth, and the Laplacian
kernel k(u;,uj) = exp(—|u; —u;|/Bo). Another example which deserves
attention in signal processing is the g-th degree polynomial kernel defined
as k(u;,uj) = (no + ul u;)?, with o > 0 and ¢ € IN*. The nonlinear
function ¢(-) related to the latter transforms every observation w; into a
vector ¢(u;), in which each component is proportional to a monomial of
the form (u;1)* (u;2)* ... (u;,)* for every set of exponents (ki, ..., k) €
NP satisfying 0 < >P_; k, < ¢. For details, see [13,14] and references
therein. The models of interest then correspond to ¢-th degree Volterra
series representations.

1.4 Nonlinear Regression in an RKHS

The regression problem is an example of learning in which we want to predict
the values of one or more continuous variables (outputs) as a function of a
set of inputs that are measured or preset. Problems in which a collection of
known input-output pairs is available for training the regression model are
known as supervised learning problems. The regression is nonlinear when
the function to be modeled is nonlinear.

A nonlinear regression problem with a scalar output variable is characterized
by the expression

where d; is the i-th output, u; is the i-th input vector and n; is the so-called
noise sample, which in general represents the part of d; that can not be
modeled by 1(-). Noise n; is frequently modeled as a sample of a white
Gaussian process.

Sometimes the mathematical form of () is known or can be reasonably
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inferred from practical or theoretical considerations, except for some param-
eters. In these cases, the objective is to estimate the unknown parameter
values as precisely as possible [15-17]. However, in several practical prob-
lems the underlying process is complex and not well understood. In such
cases, one possible approach is to use a family of functions that is flexible
enough to approximate a sufficiently large variety of functional forms. The
objective is then to estimate the parameters of the family of functions. Ex-
amples of popular families of functions are polynomial models and kernel
expansions in RKHS. Another approach that has recently gained popular-
ity in the signal processing community is to avoid the choice of specific
functional models and imagine that the output samples are samples from
a multivariate Gaussian distribution. The sequence of samples is modeled
as a Gaussian process characterized by a covariance function in RKHS [18].

This chapter reviews recent solutions to the nonlinear regression problem in
the RKHS.

To solve the nonlinear regression problem in the RKHS, let x : Y x4 — IR be
a kernel, and let ‘H be the RKHS associated with it. The problem is to deter-
mine a function ¢ (-) of H that minimizes a cost function > ;" | £(d;, ¥ (u;)),
where £(d;, 1 (u;)) is an appropriate loss. Considering the least-squares ap-
proach for instance, the cost function is the sum of n squared errors between
samples d; of the desired response and the corresponding model output sam-

ples w(’u’l) = <w()7 ’i(')ui)>7'l> namely,

min Y |d; — ¢(u)]. (1.4)
=1

PeEH —

While the solution to this problem is not unique, one often considers a
regularized cost function

n
min 3 [d; — (ui) [ + ¢ [ ()13 (1.5)
ver i3

where a regularization term is introduced in order to impose the uniqueness
and smoothness of the solution. The tradeoff between training errors and
smoothness of the solution is controlled by the tunable non-negative pa-
rameter €. Taking the functional derivative of the above cost function with
respect to ¢ (+) [19] and nullifying it, leads to

(di —(ui)) k(- ui) +ep(-) =0

1

n
1=
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where we have used the linearity with respect to (-) in ¥(u;) =
p(+), k(- u;) Y3, as well as the fact that ¢(+) is the derivative of the quadratic
form 1[4 (-)|3,. Therefore, the function ¢(-) of % minimizing (1.4) can be
written as a kernel expansion in terms of available data, namely

P() = aj k(). (1.6)
i=j

By injecting this expression in the problem (1.4), we obtain the optimization
problem ming |d — Ka|? + ea” Ko, where K is the Gram matrix whose
(4, j)-th entry is x(u;, u;) and d is the vector of desired output values whose
i-th entry is d;. By taking the derivative of this cost function with respect
to a and nullifying it, we get the n x n linear system of equations (K TK+
eK)a=K'd.

It is worth noting that the regularization term given in (1.5) is often dropped
in adaptive learning. In this case, the uniqueness and regularity of the
solution of (1.4) are controlled by other principles, such as the minimal
disturbance principle (see Section 1.6).

1.5 Online Kernel-Based Function Approximation

1.5.1 Introduction

Online solution of the nonlinear regression problem formulated in the RHKS
raises the question of how to process an increasing amount of observations
and update the model (1.6) as new data is collected. Because the order of
the model (1.6) is equal to the number n of available data w;, this approach
cannot be considered for online applications. Hence, one needs to look for
sparse solutions. One way to obtain a sparse solution is to consider fixed-size
models of the form

1/}() = Z Qj ”(‘711%0]‘) (17)
j=1

where the uy,,...,uy, form an m-element subset of the available input
vectors.

Online applications, however, impose time-varying input signals. Hence, it
is convenient to adapt the notation of (1.7) by denoting the input vector
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at time n by wu,, and by defining w;, 7 = 1,...,m to form a subset of
In = {1,2,...,n} corresponding to the time indexes of the m < n input
vectors chosen to build the m-th order model. Under this notation, (1.7)
becomes

%() = Z Qjn K‘("uwj)‘ (1-8)
j=1

Once the fixed-order model (1.8) is adopted, the next problem is to choose
an adequate set of m input vectors u,; to build the model. The m kernel
functions k(-, uw;) form the dictionary D, and the selection of the elements
to compose D must follow some sparsification strategy. In the following we
briefly review existing sparsification rules that can be used to this end.

Sparsification Rules

Discarding a kernel function from the model expansion (1.8) may degrade its
performance. Sparsification rules aim at identifying kernel functions whose
removal is expected to have negligible effect on the quality of the model. An
extensive literature addressing this issue in batch and online modes exists,
see, e.g., [20] and references therein. In particular, much attention has been
recently focused on least-squares support vector machines since they suffer
from the loss of sparsity due to the use of a quadratic loss function [21]. In
batch mode, this problem was addressed using pruning [22,23] and fixed-
size approaches [21,24,25]. Truncation and approximation processes were
considered for online scenarios [20].

The most informative sparsification criteria use approximate linear depen-
dence conditions to evaluate whether the contribution of a candidate ker-
nel function can be distributed over the elements of D by adjusting their
multipliers. In [26], determination of the kernel function which is best ap-
proximated by the others is carried out by an eigendecomposition of the
Gram matrix. This process is not appropriate for online applications, as its
complexity at each time step is cubic in the size m of D. In [10], the kernel
function k(-,u,) is inserted at time step n into D if the following condition

is satisfied
2
min HH(’, Up) — E v k(s 'u'w]-)
Y H
w;€Jn—1

> v (1.9)
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where £ is a unit-norm kernel®, that is, x(ug, ug) = 1 for all uj. The thresh-
old v determines the level of sparsity of the model. Note that condition (1.9)
ensures the linear independence of the elements of the dictionary. A similar
criterion is used in [8,9], but in a different form. After updating the model
parameters, a complementary pruning process is executed in [9] to limit the
increase in the model order. It estimates the error induced in v (+) at time n
by the removal of each kernel and discards those kernels found to have the
smallest contribution. A major criticism that can be made of rule (1.9) is
that it leads to elaborate and costly operations with quadratic complexity in
the cardinality m of D. In [8,9], the model reduction step is computationally
more expensive than the parameter update step, the latter being a stochastic
gradient descent with linear complexity in m. In [10], the authors focus their
study on a parameter update step of the RLS type with quadratic complex-
ity in m. To reduce the overall computational effort, the parameter update
and the model reduction steps share intermediate calculation results. This
excludes very useful and popular online regression techniques. In [27,28] a
coherence-based sparsification rule has been proposed which requires much
less computational complexity than the rules discussed so far. According to
this rule, kernel (-, u,,) is inserted into the dictionary if

max K (U, wg,)| < €0 (1.10)

J

with €9 a parameter determining the dictionary coherence. It was shown
in [28] that the dictionary dimension determined under rule (1.10) is always
finite.

The next section presents a set of kernel-based adaptive algorithms and
discusses their application to online time-series prediction

1.5.2 Algorithms for Online Time-Series Prediction
Consider the m-th order model at time step n, as given in (1.8), namely
Vn(-) = Z ®j.n “('7“%)
j=1

where the m kernel functions H(-,ij) form a ep-coherent dictionary, ob-
tained for instance by the coherence criterion (1.10). By injecting the above

'Replace (-, ur) with s(-, uz)/v/k(ur, ug) in (1.9) if (-, us) is not unit-norm.
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model in the problem (1.4), we get the optimization problem min,,, |d —
Hoay,|?, where H is the n x m matrix whose (i, j)-th entry is £(u;, uy,). By
taking the derivative of this cost function with respect to a, and nullifying
it, we get the optimal solution

o, = (H'H) 'H'd

assuming H ' H nonsingular and where o, = [a1m, ... ,am,n]T. In the
following, we provide adaptive techniques to estimate o, from its previous
estimate, o, 1.

We describe in details the Kernel Affine Projection (KAP) algorithm, and
then we present several variants. Under the minimal disturbance princi-
ple, the estimate is determined at each time step by projecting the previ-
ous estimate, subject to solving an underdetermined least-squares problem.
The latter is defined only on the p most recent inputs and outputs at each
time step n, respectively {tn, Un—1,..., Un—py1} and {d,, dp—1, ..., dn—pt1}-
In the following, H, denotes the p x m matrix whose (i,j)-th entry is
K(Wn—it1, 'U'wj)a namely,

H,=[hy hy 1 ... hyp1]"
where
hp—it1 = [K(Un—it1,Uuy) .. n(un,Hl,uwm)]T, i=1,...,p
and d,, is the column vector whose ¢-th entry is d,,_;+1 for any i = 1,...,p.

The affine projection problem is defined at time step n with the following
constrained optimization problem:

min |jo — o, |2 subject to d,=H, . (1.11)
(0%

In other words, «, is obtained by projecting a,,—1 onto the intersection of
the p manifolds defined, for ¢ = 1,2,...,p, by

{a:h)_jja—d, ;.1 =0}, i=1....p

At time step n, upon arrival of a new sample u,, one of the following al-
ternatives holds. If k(-,u,) violates the coherence-based condition (1.10),
the dictionary remains unaltered. On the other hand, if the condition (1.10)
is satisfied, k(-,u,) is inserted into the dictionary where it is denoted by
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K(+, Uy, ., ). The matrix H,, is augmented by appending to H,_; the col-
umn vector [K(tn, Uy, 1) K(Un—1,Uu.r) -+ K(Un—p+1, Uy, 1)] - One
more entry is also added to the vector a,,. The corresponding updating
rules, depending on the coherence-based sparsification rule, are detailed in
the following.

First case: max |m(un,uwj)| > gp

7j=1,....m

In this case, k(-,u,) is not appended to the dictionary, since it can be
reasonably well represented by the kernel functions already in the dictionary.

The solution to the constrained optimization problem (1.11) is determined
by minimizing the Lagrangian function

o = ap_1|? + AT (dy, — Hp) (1.12)

where A denotes the vector of Lagrange multipliers. Differentiating this
expression with respect to a, setting it to zero and solving for ¢ = oy, and
making d, — H,a, = 0 to determine A\, we get the following equations:

2(cty —0y_1)=H X and X=2(H,H))'(d, - Hya, 1). (1.13)

In order to ensure the nonsingularity of the matrix to be inverted in (1.13),
one may use the regularized version, with (H, H, + €I). Solving (1.13) for
«,, we obtain the following recursive update rule:

on=0a, 1 +nH (H, H +e)"Y(d, — Hya, 1) (1.14)

where we have introduced the step-size control parameter n. This update
rule requires inverting the usually small p x p matrix (H, H, + eI).

Second case: max |[r(un,uw;)| < g0

Jj=1,...m
In this case, the kernel function (-, u,) is included in the dictionary since it
cannot be efficiently represented by the elements already in the dictionary.
Hence, it is denoted by &(:, u.,,,,). The model order m in (1.7) is increased
by one, and H,, is updated to a p x (m + 1) matrix. To accommodate the
new entry au,+1 in o, the optimization problem (1.11) is rewritten as

min |, m — on_1]? + a2,y subject to d, = H,« (1.15)
«

where o, denotes the first m entries of the vector o and H,, has been
increased by one column as described before. Note that the (m+ 1)-th entry
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of &, namely o, 11, acts as a regularizing term in the objective function. By
following the same steps as in the derivation of (1.14), we get the following
update rule

an, = [0‘%—1] +nH](H, H +cI)™ (dn —H, [O‘%—lD . (1.16)

Next, we investigate the instantaneous approximations for the gradient vec-
tors, in order to derive the KNLMS and the KLMS algorithms.

Instantaneous approximations — The KNLMS algorithm

By considering an instantaneous approximation with p = 1, the affine pro-
jection algorithm described above leads to the kernel normalized least mean
square (KNLMS) algorithm. At each time step n, the algorithm described
above enforces a null a posteriori error, namely d,, = hZan, where h,, is the
column vector whose i-th entry is k(w,, uy,). The update rules (1.14) and
(1.16) reduce to

1. If max |k (wn, uy,)| > €0t Let Ry = [K(tn, Uy - - £(Un, U, )] T, then
¢ :

Q= 01 + (dn — hTTLan_l) h,. (1.17)

_n
€+ [

2. If max [k(n, Uy, )| < o0 Let hy = [K(tn, U, ) - .. £(Un, Us,,,,)] ", then

J
Op—1 n T | ®n—1
n = ———|d,—h h,,. 1.18
o {0]+e+1hn\2< [OD (1.18)

Instantaneous approximations — The KLMS algorithm

One of the easiest ways to derive an adaptive rule is to consider the stochas-
tic gradient of (1.4), which leads to the so-called kernel least mean square
(KLMS) algorithm. Since the a priori error at time step n is d, = h,) a1,
we get the same steps as in the KNLMS algorithm without the step size
normalization, and the update rules (1.17) and (1.18) become, respectively,

Qp = 0p_1+717 (dn - hzan—ﬁ h,
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and

1.5.3 Example 1

Consider the “Henon map” defined by the nonlinear system

dp=1-—m di_1 + 72 dp—2;

do = —0.3;
d; =0.
For v1 = 1.4 and v = 0.3, the corresponding time-series has a chaotic

behavior. The investigated model takes the form d,, = ¥ (d,,—1,d,—2). The
length of the time series was 2000 samples. We considered the Gaussian
kernel, and the value of its bandwidth was set to Byp = 0.35. The choice of
the threshold ¢y = 0.6 led to a dictionary with 52 entries. The relevance
of the proposed online kernel-based function approximation is illustrated
in Fig. 1.1. Figure 1.1(a) shows the evolution of the pairs (dy,d,—1) with
n corresponding to the actual Henon map, and those predicted using the
kernel-based nonlinear model with coefficients «a,, adapted using the KAP
algorithm with n = 1. Figure 1.1(b) shows the evolution of the quadratic
error.

1.6 Online Nonlinear System Identification

The adaptive algorithms presented above can be employed in any application
requiring the estimation of parameters associated with a time series. One
particularly important application is nonlinear system identification. The
block diagram of a kernel-based adaptive system identification problem is
shown in Fig. 1.2. Here, U is a compact subspace of R, k: U xU — R is a
reproducing kernel, (H,{:,-)3) is the induced RKHS with its inner product
and z, is a zero-mean additive noise uncorrelated with any other signal.

It is well known that a nonlinear adaptive filtering problem with input signal
in U can be solved using a linear adaptive filter [29]. The linear adaptive
filter input is a nonlinear mapping of U to an Hilbert space H possessing
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- Henon map
* Dictionary elements F
+ Estimated samples

T

quadratic error

0 500 1000 1500 2000

-1.5 -1 -0.5 0 0.5 1 1.5 iterations

(a) Evolution of the estimated map. (b) Evolution of the quadratic error.

Figure 1.1: Ilustration of the Henon map in two-dimensions (d,,d,—1),
and the evolution of the quadratic error. Elements of the dictionary are
illustrated by red stars.

a reproducing kernel. As discussed in Section 1.5.1, the order of the linear
adaptive filter can be finite if a proper input sparsification rule is employed
[28], even if the dimensionality of the transformed input in A is infinite as
in the case of a Gaussian kernel.

A proper design of an adaptive algorithm to solve the nonlinear system
identification problem depicted in Fig. 1.2, however, requires a good under-
standing of the algorithm properties in such an application. However, very
few analyses related to the behavior of kernel-based adaptive algorithms
are available in the literature. A statistical analysis of the behavior of the
KLMS adaptive algorithm using a fixed order dictionary D and a Gaussian
kernel for system identification has been presented in [30]. Other aspects
of the KLMS behavior have been studied in [30-33]. In the analysis, the
environment is assumed stationary, meaning that ¢)(u,,) is stationary for u,
stationary. This assumption is satisfied by several nonlinear systems used to
model practical situations, such as memoryless, Wiener and Hammerstein
systems. System inputs are assumed to be zero-mean, independent and iden-
tically distributed Gaussian (¢ x 1) vectors w,, so that E{u,_; u, _ i} =0for
i # j. The components of the input vector u,, can, however, be correlated.
Let Ry, = E{u,u,} denote their autocorrelation matrix.
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Z’/l
»| Nonlinear system ;O
+
Uy —>] f
Klw’n 6in g €n
> U —H > [0 7% —:

»| Adaptive algorithm

Figure 1.2: Kernel-based adaptive system identification.

For a dictionary of size m, let K, , be the vector of kernels at time n > m,?

that is,

Ryn = [Kl(un, uw1>a ) "f(um uwm)]T (1'19)

where u,, is the i-th element of the dictionary, with w,, # wu, for ¢ =
1,...,m. Here we consider that the vectors u,,, ¢ = 1,...,m may change
at each iteration following some dictionary updating schedule. The only
limitation imposed in the following analysis is that wy, n # Ww;n for i # j
so that the dictionary vectors which are arguments of different entries of
K. n are statistically independent. Note that this framework does not allow
the user to pre-tune the dictionary to improve performance. In [34] we
proposed a theoretical analysis of the KLMS algorithm with Gaussian kernel
that considers the dictionary as part of the filter parameters to be set.

To keep the notation simple, however, we will not show explicitly the de-
pendence of w; on n and represent u,,, ,, as u, for all 1.

From Fig. 1.2 and model (1.8), the estimated system output is

d(n) = &) K. (1.20)

2If the dictionary size m is adapted online, we assume that n is sufficiently large so
that the size m does not increase anymore.
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The corresponding estimation error is defined as

en = dp — d. (1.21)

Squaring both sides of (1.21) and taking the expected value leads to the
MSE

Jmsem = E{e2} = B{d%} — 2p} a0, + &) Ry vy (1.22)
where R, = E{kyn mln} is the correlation matrix of the kernelized input,
and p.; = E{d, Kwn} is the cross-correlation vector between K, , and d,.
It is shown in [30] that R, is positive definite. Thus, the optimum weight

vector is given by
opt = Ry Pra- (1.23)

The optimal estimation error is
eon = dp — nlnaopt (1.24)
and the corresponding minimum MSE is
Jmin = E{d??,} - p;;rd R;nl Prd- (1.25)

These are the well-known expressions of the Wiener solution and minimum
MSE, where the input signal vector has been replaced by the kernelized
input vector. Determining the optimum ap requires the determination of
the covariance matrix R, given the statistical properties of u, and the
reproducing kernel.

To evaluate R, we note that its entries are given by

_ E{’%Z(umuwi)}? i :j
[Reecly; = {E{Fc(un,uwi)m(un,uwj)}, i (1.26)

with 1 < ¢, 5 < m. Note that R, remains time-invariant even if the
dictionary is updated at each iteration, as uy, is stationary and wu,,, and wu,
are statistically independent for i # j. Also, we assume in the following the
use of the Gaussian kernel x(u;, u;) = exp(—|u; — u;|?/253).

Let us introduce the following notations
1? =y3 Q29

+ [un — uy,

Hun — Uy,

B 2 (1.27)

|wn — uy, = y?T Qsys, 1#]
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where | - || is the /3 norm and

- (1.28)
vs — (w]ulul))
and
o7 2 I -1
-I O 1

where I is the (¢ x ¢) identity matrix and O is the (¢ x £) null matrix. From
[35, p. 100], we know that the moment generating function of a quadratic
form ¢ = y'Qy, where y is a zero-mean Gaussian vector with covariance
matrix R, is given by

Ye(s) = BE{e*S} = det{I —2sQ R,} V2 (1.30)

Making s = —1/(263) in (1.30), we find that the (4, j)-th element of R, is
given by

~1/2 (1.31)

Rl - T = det {I +2Q Ro/B2} "%, i=j
T\ rea =det {Is + Qu Ra/BR} 7, i

with 1 <4, j < M. The main diagonal entries [R]:; are all equal to g
and the off-diagonal entries [Ry];; are all equal to roq because u,, and
u,; are iid. In (1.31), R, is the (g x gf) correlation matrix of vector y,,
I, is the (g¢ x ¢f) identity matrix, and det{-} denotes the determinant of a
matrix. Finally, note that matrix R, is block-diagonal with R, along its
diagonal.

The analysis in [30] uses the following statistical assumptions for feasibility:

Al: nw,nnln is statistically independent of v,. This assumption
is justified in detail in [36] and has been successfully employed
in several adaptive filter analyses. It is called here for further
reference “modified independence assumption” (MIA). This as-
sumption has been shown in [36] to be less restrictive than the

classical independence assumption [37].



16CHAPTER 1. KERNEL-BASED NONLINEAR SIGNAL PROCESSING

A2: The finite-order model provides a close enough approximation to
the infinite-order model with minimum MSE, so that E[eg,] ~
0.

. T . . .
A3: ey and Ky p Ky are uncorrelated. This assumption is also

supported by the arguments supporting the MIA (A1) [36].

The following are the main results of the analysis presented in [30]. The
reader is directed to [30] for more details. Defining the weight error vector
Uy, = 0, — Opy leads to the KLMS weight-error vector update equation

Untl = Un +NepKun (1.32)

and the estimation error can be written as

T T
€n = dn — Ky, ,Un — Ky nOopt- (1.33)

The analysis in [30] shows that the mean behavior of the adaptive weights
is given by
E{vpi1} = I —nRu) E{v,}. (1.34)

For the analysis of the MSE behavior, we note that using (1.33) and the
MIA (A1), the second-order moments of the weights are related to the
MSE through [37]

Jms(n) = Jmin + trace{ Ry, Cy n} (1.35)

where C,,,, = E{v, v} is the autocorrelation matrix of v, and Jyi =
E{e§,,} is the minimum MSE. The study of the MSE behavior (1.35) re-
quires a model for C,,,. This model is highly affected by the transformation
imposed on the input signal w,, by the kernel. An analytical model for the
behavior of C , is derived in [30] and is given by

Cv,n-H ~ Cv,n -n (RHH Cv,n + Cv,n RKH) + 772 T, + 772 Rmn Jmin (1-363)

with
T, = E{kn Kk, vv) kpKl}. (1.36b)

The moments in (1.36b) are evaluated in [30], yielding the following recursive
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expressions for the entries of the autocorrelation matrix C, p:

M

[Coni1lii =(1 = 2nrma + 02u1) [Conlii + 113 Z [Conlee

/=1
i

M M
[vnzﬁ‘l'nﬂz Z[
e

= 1
00}

(1.37)

Mz

+ (20%p2 — 2n70d)

~

W
S
~

o~
s}—l

+ 772 T'md Jmin
and, for j # i,

[Cv n+1] (1 - 2r'?”“md + 277 ,US) [Cv,n]ij + 772M4 Z [Cv,n]M
(=1
e£{i,j}

+ (1P p2 — n7od) ([Conlii + [Cunljs)

m

+ (20*ua —mea) Y, ([Comlic + [Cunlje) (1.38)
)
+77,u,5 Z Z Uﬂ€p+77 Tod Jmin
Z#{m} p#{l,j 1)
where Tq = [Ruxli and 7oq = [Rexlij with j # 4, as defined in
(1.31), = [det{Ts +4Qy Ro/82}| "/, 12 = [det{Is + Qy Ry/B2}] "2,

ps = [det{Is + 2Q4 R;),/@’g}]—l/27 ps = [det{I, + Q, R4/ﬁ§}]_1/2 and
s = [det{I5 + Q5 Rs/B2}]~/? with Q, and Q; defined in (1.29) and

AT =3I -I
Qy=| -31 31 O |. (1.39)
I O I

a1 -2I -1 -1
—2I 21 O O

Q=57 o 1 o (1.39D)
-I O O I
AT I -1 —-I -I
-I I O O O

Q;=| -1 o 1 0 O (1.39¢)
-I O O I O
-I O O O I
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The interest reader is referred to [30] for stability and steady-state analyses
of the KLMS algorithm. In the following we illustrate the accuracy of the
analytical model through a simulation example.

1.6.1 Example 2

Consider the problem studied in [38,39], for which

Yn—1 3
Yo = T —
Tl " (1.40)
dn = Yn + 2n

where the output signal y, was corrupted by a zero-mean white Gaussian
noise z, with variance o2 = 10~%. The input sequence u(n) is zero-mean
i.i.d. Gaussian with standard deviation o, = 0.15.

The proposed method was tested with a maximum MSE J.x = —21.5 dB,
a coherence level g = 107° and a set of kernel bandwidths By € {0.0075,
0.01, 0.025, 0.05}3. For each value of £y, 500 dictionary dimensions m;,
i=1,...,500, were determined using 500 realizations of the input process.
The length of each realization was 500 samples. Each m; was determined
as the minimum dictionary length required to achieve the coherence level
go9- The value m(f3y) was determined as the average of all m;, rounded to
the nearest integer. The values of Juin(8y) were calculated from (1.25) for
each pair (8y, M). To this end, second-order moments p,;, and E{d2} were
estimated by averaging over 500 runs.

The step size value for each values of 5y was chosen as 7 = 7ax/10 with
Nmax determined using the stability analysis in [30]. Table 1.1 shows the
values of By and n used in the simulations. For each simulation, the order
m of the dictionary remained fixed. It was initialized for each realization by
generating input vectors in U and filling the m positions with vectors that
satisfy the desired coherence level. Thus, the initial dictionary is different
for each realization. During each realization, the dictionary elements were
updated at each iteration n so that the least recently added element is
replaced with w,,_1.

Figures 1.3 illustrates the accuracy of the analytical model for the four

3These values of By are samples within a range of values experimentally verified to be
adequate for the application.
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Table 1.1: Summary of simulation results for Example 1.
60 m n Jmin Jmse(oo) ch(oo) Ne
[dB] [dB] [dB]
0.0075 | 17 | 0.143 | -22.19 | -22.04 | -36.85 | 1271
0.01 | 13| 0.152 | -21.84 | -21.69 | -36.27 914
0.025 | 6 | 0.007 | -21.53 | -21.52 | -49.15 | 7746
0.05 3 | 0.011 | -21.52 | -21.51 -47.00 | 2648

cases presented in Table 1.1. Figure 1.3 shows an excellent agreement be-
tween Monte Carlo simulations, averaged over 500 runs, and the theoretical
predictions made by using (1.35).

1.7 Bayesian Approaches to Kernel-Based Nonlin-
ear Regression

1.7.1 Gaussian Processes for Regression

The more classical solutions of the nonlinear regression problem (1.3) using
Bayesian techniques assume the knowledge of function () except for a set of
parameters that can be included in a parameter vector 8. This includes the
cases in which the nonlinear function 9 (-) is actually known from physical
considerations and cases in which 1 (+) represents a family of functions that
can approximate a wide range of functional forms. In the former case, the
entries of 8 tend to have physical interpretations. In the latter, they are
usually parameters of an expansion to be fitted to the unknown function
¥(+). Kernel-based classical Bayesian solutions use the form (1.7) for ().
Then, using the fixed size model (1.6) in (1.3), the nonlinear regression
problem becomes

m
di= Y ajr(wi )+, i=1,...,m (1.41)
j=1

with 8 = [al,ag,...,am,ag]T, where 7; ~ /\/’(0,0,2]) is assumed.
The solution of the problem includes defining a prior distribution p(@)
for the unknown parameters and determining the posterior distribution
p(0]dy,...,dy). Once the posterior distribution is determined, an estima-
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Figure 1.3: Theoretical model and Monte Carlo simulation of KLMS for dif-
ferent kernel bandwidths. Ragged curves (blue): simulation results averaged
over 500 runs. Continuous curves (red): Theory using (1.35).
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tion criterion such as the minimum mean-square (MSE) error or the maxi-
mum a posteriori (MAP) can be used to estimate 6. Such classical Bayesian
techniques are well documented and have given rise to popular estimators
such as the least absolute shrinkage and selection operator (LASSO) pro-
posed in [40] or the ridge regression [41]. The reader is referred, for instance,
to [42,43] for more details.

An alternative Bayesian approach that has gained popularity recently is to
assume that the sequence of samples d;, ¢ = 1,...,m is characterized by a
zero-mean Gaussian process (GP) with covariance function in an RKHS [18]
given by r(u;,uj). A common choice is the Gaussian kernel x(u;, u;) =
exp(—|lui — u;|?/263), where B is the kernel bandwidth.

Defining the matrix U = [uy,...,uy,] and d = [di, ...,d,]" we define the
prior distribution for d as

d~N(0,K +0.1) (1.42)

with K the Gram matrix whose entries K;; = r(u;,u;) are the kernel
(covariance) functions [44] of the inputs w; and w;, and I is the m x m
identity matrix.

Gaussian process regression aims at inferring the latent function distribution
of fx for a new (or test) input u,. Using the marginalization property [18],
(1.42) can be obtained by integrating out f, in the following joint distribu-
tion of (d, f+)"

d K +02I k
~N (o, U ¥ D 1.43
B Rl R (42
with k)] = [K(ws,u1), ..., 5K(Us, Up)] and Ky = K(us, uy). The predictive

distribution of f, or posterior of f,, can be obtained by conditioning (1.43)
on the data as

Feld, U g ~ N (n;[ [K +020) ' d, ke — k] [K +020] " n*) o (1.44)

Using the Gaussian kernel to model the Gaussian process, the function esti-
mation is done in an RKHS with universal approximating capability [29, p.
35] due to the smoothness and non-informativeness of this kernel.
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1.7.2 Spectral Unmixing of Hyperspectral Images

The problem of unmixing hyperspectral images has been receiving an in-
creasing interest in the recent years for various remote sensing applications
(see for instance review papers [45,46] and references therein). Spectral un-
mixing (SU) consists of identifying the spectral signatures of the pure mate-
rials (referred to as “endmembers”) contained in a hyperspectral image and
estimating the proportions of these materials (referred to as “abundances”)
in each pixel of the image. A classical model used for this unmixing pro-
cedure is the linear mixing model (LMM), which expresses a given pixel of
the image y € RY (acquired in L spectral bands) as a linear combination of
a given number R of endmembers m,.:

R
y=2armT—|—n=Ma+n (1.45)
r=1

where a, is the abundance of the material m, in the pixel y, a =
(ai,...,ar)", M = [my,...,mpg] is a matrix built with the different end-
members contained in the image and n € R” is an additive noise vector.
Under this model, the abundances are required to satisfy the so-called pos-
itivity and sum-to-one constraints

a >0, Y a =1 (1.46)

when the vectors m,. for r = 1, ..., R form set of all pure materials contained
in the image. The LMM (1.45) has shown interesting properties for the SU
of hyperspectral images. However, as explained in [46], this model has some
severe limitations when the image contains intimate mixtures or when the
light scattered by a given material reflects on other materials before reaching
the sensor (leading to multipath effects). In these cases, nonlinear mixing
models should be preferred to identify the endmembers contained in the
image and to estimate the abundances of the pure materials in each pixel of
the image. A generic model for nonlinear spectral unmixing can be written
as

y=f(M,a)+n (1.47)

where f is a nonlinear function whose shape can be difficult to be known a
priori. In this context, Gaussian processes can be investigated to infer this
nonlinear function and thus to perform nonlinear unmixing of hyperspectral
images.
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To apply Gaussian processes to the SU problem, we first define s; as the
transpose of the i-th row of matrix M. Hence, siT contains the contributions
of all endmembers to the spectral component y; of y in the LMM, and
yi = a's; +n; in (1.45).

Using the joint distribution (1.43) with inputs w; = s;, it is straightfor-
ward to show that the posterior distribution (also referred to as predictive
distribution) of f, for a new input s, can be written as

fely, M, ss ~ N (nl [K + UzI]_ly r——y [K + U,%I]_l K‘,*) (1.48)

where k)] = [k(84,51),...,K5(84,51)] and ks = K(Sx, Sx).

The extension to a multivariate predictive distribution with test data M , =
[S41,...,84]" is straightforward and yields

fily, M, M, ~/\/'<K* [K +02I] 'y, .
1.49
Koo~ K. [K +020] 7 K])

where [K*]U = K(S*i,Sj) and [K**]l] = m(s*i,s*j).

The predicted function f, can finally be estimated by computing the mean
of (1.49) following the MMSE principle. Then,

FYMSE _ KL (K + 021y (1.50)

Assuming the choice of the Gaussian kernel k(s;,s;) =
exp(—|s; — s;j|?/282), the practical evaluation of FMMSE  pequires the
values of the model parameters @ = [(y,02] to be estimated. Following
a Bayesian approach, a prior has to be defined for 8 and the posterior
p(0|M,y) has to be maximized with respect to 8. Using the type II
maximum likelihood approximation [18], another solution for estimating
0 is to maximize the marginal likelihood logp(y|M,vy) with respect to 6,
where

1 -1
logp(y|M,y) = — §yT [K +02I] y

- . (1.51)
~3 log |K + UTQLI’ — 510g(27r).



24CHAPTER 1. KERNEL-BASED NONLINEAR SIGNAL PROCESSING

1.7.3 Example 3

Consider a nonlinearly mixed hyperspectral image pixel generated using the
simplified generalized bilinear model (GBM) used in [47] with a new scaling
that permits the control of the degree of nonlinearity for each nonlinear pixel
generated. More precisely, the nonlinearly mixed pixels are generated using
the following model

y=kMa+p+n (1.52)

where 0 < k < 1, p = y 20! Zf:iﬂ a;a;m; © m; is the nonlinear
term, v is the parameter that governs the amount of nonlinear contri-
bution, ® is the Hadamard product, and n is an additive white Gaus-
2 Given the parameters M, a, v and o2,

this model generates samples with same energy and SNR as the LMM if
k= [—QEgu + ¢4E§u — 4E,(E, - E@)] /2E,, where E; = |y, |? is the en-

sian noise with variance o

ergy of a noiseless linear pixel (i.e., a' M ™ a), By, = y;u is the “cross-
energy” of the linear and nonlinear parts, and E, = ||u|? is the energy of the
nonlinear contribution. The degree of nonlinearity of a pixel is then defined
as the ratio of the nonlinear portion to the total pixel energy

_ 2kEy +E,
k2B + 2kEy, + B,

Md (1.53)

so that 0 < ng < 1. For the simulations presented here, the endmember
matrix M was composed of R = 3 materials (green grass, olive green paint
and galvanized steel metal) extracted from the spectral library of the soft-
ware ENVI™ [48]. Each endmember m;, i = 1,2,3, has L = 826 bands.
The model parameters were @ = [0.3, 0.6, 0,1]", k = 0.3162 and v = 6.1464
so that 7y = 0.9 and 02 = 4.074 x 10~ was chosen to produce an SNR. of
25dB.

Figure 1.4 shows the actual values of a test observation vector y, (in blue)
and the estimations using both a least squares fitting assuming a linear
model (1.45) (in green) and a nonlinear Gaussian process based nonlinear
fitting (in magenta). These results clearly illustrate the better fitting prop-
erties of the Gaussian process model for nonlinear regression problems.
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Figure 1.4: Gaussian process based nonlinear function estimation. Actual
pixel: Blue ragged curve. Least squares prediction assuming a linear model:
Green curve. Gaussian process based nonlinear prediction: Magenta curve.

1.8 Conclusion

This chapter have presented a brief introduction to kernel-based nonlinear
signal processing. This is a vast area that encounters a multitude of ap-
plications, and constitutes a very active area of research. To introduce the
basic principles we concentrated on the nonlinear function estimation and
regression problems, as they appear in a significant amount of nonlinear
signal processing applications. After a brief introduction to reproducing
kernel Hilbert spaces we discussed online kernel-based function approxima-
tion and presented a set of recursive algorithms to solve this problem. We
then discussed online nonlinear system identification using the KLMS al-
gorithm with emphasis on a methodology to study the stochastic behavior
of the kernel-based adaptive estimator. Finally, we returned to the non-
linear function estimation problem, this time using a Bayesian approach
based on Gaussian processes, and discussed its application to the unmixing
of hyperspectral images. We presented illustrative examples for each of the
applications discussed. We hope that this brief introduction will provide
the reader with an appreciation of the potential of kernel-based methods for
solving nonlinear signal processing problems.
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