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Abstract—Kernel adaptive filters (KAFs) have garnered signif-
icant attention for their efficacy in nonlinear function approx-
imation within the framework of Reproducing Kernel Hilbert
Space (RKHS). However, a critical limitation of KAFs lies in
their susceptibility to bias induced by input noise and impulse
noise at the observation side. To address these issues, we propose a
bias-compensated kernel maximum correntropy (BC-KMC) algo-
rithm, which integrates bias compensation mechanisms into KMC
to further mitigate noise-induced bias. It is expected that BC-
KMC consistently outperforms conventional bias-compensated
kernel least mean square (BC-KLMS) in scenarios characterized
by low signal-to-noise ratios (SNR) and strong impulsive noise,
thereby underscoring its effectiveness in challenging environ-
ments.

Index Terms—Nonlinear system identification, kernel adaptive
filter algorithm, maximum correntropy criterion, bias compensa-
tion, impulse noise robustness.

I. INTRODUCTION

Kernel methods have become indispensable tools for non-
linear system identification, owing to their robust learning
capabilities. In the field of signal processing, kernel adaptive
filters (KAFs) utilize the reproducing kernel Hilbert space
(RKHS) framework [1] to enhance the efficacy of adaptive
filtering. Prominent examples include the Kernel Least Mean
Square (KLMS) algorithm [2], which facilitates efficient
sequential learning.

To enhance robustness, the Kernel Maximum Correntropy
(KMC) algorithm [3] integrates KLMS with the Maximum
Correntropy Criterion (MCC), mapping input data into RKHS
while minimizing discrepancies between the desired output
and filter response. This improves nonlinear system model-
ing accuracy and strengthens resilience against various noise
types. Despite their advantages, KAFs remain susceptible to
input noise, which can stem from environmental interference,
sensor inaccuracies, or system imperfections. Recently, a bias-
compensated method for KLMS (BC-KLMS) algorithm has
been presented in [4]. However, the impulsive measurement
noise may severely degrade the performance of the compen-
sation method. To our knowledge, the system identification
problem that accounts for both input noise and impulsive ob-
servation noise in KAFs has not been systematically examined.
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Fig. 1. Block diagram of the nonlinear system identification problem under

impulse noise.

II. KEY IDEAS PROPOSED: BIAS COMPENSATION KERNEL
MAXIMUM CORRENTROPY ALGORITHM

A. System Model

Figure 1 illustrates the block diagram for nonlinear system
identification. To represent the nonlinear regression function
1 : RO — R, we adopt a finite-order model as follows:

M

Yn = (U, w) = Z w(m)k(un, uy,(m)), (1

m=1

where M is the size of the dictionary D, consisting of stored
vectors represented as D = {u,(1),...,u, (M)}, The input
u,, is an O-dimensionalvector with its o-th element denoted
as u,. Using the Gaussian kernel, the kernelized input for the
m-th dictionary element is given by:
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where o > 0 is the kernel bandwidth. Defining the unknown
weight vector as w = {w(1),...,w(M)}, we rewrite Eq.(1)
in a compact matrix form:

Yn = w(unvw) = wTHw(un)a (3)

2600



where £, (u,) € RM*1 represents the kernelized input vector,

with each element corresponding to a kernel evaluation. The
system’s observable output is modeled as:

dp = Yn + Vn, 4

where v, is the observation noise. The output signal-to-noise
ratio (SNR) is defined as SNR, = E [y2] /E [¢2]. Similarly,
the input noise ¢, follows an additive white Gaussian noise
(AWGN) model with zero mean and variance 2. The input
SNR is given by SNR; =E [u7] /E [¢2].

For the case where noisy inputs are present, i.e., U, = U, +
Cn, the KMC filter’s output is expressed as:

where @,, represents the weight vector used by the KMC
filter. The standard KMC algorithm updates this weight vector
iteratively using the following rule:
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where 7 denotes the learning rate and the error signal under
noisy conditions is given by €, = d,, —Y,,.

B. Proposed BC-KMC algorithm

In this section, we use the bias introduced by the presence
of additive input noise (,

Assuming that the weight vector of the adaptive filter
satisfies w,, = w, we employ a Taylor series expansion of
the nonlinear regression function around ¢, as follows :

1
v(utn) =) +n" Vo) + on Huwn, ()
where V(u) represents the gradient of ¢ (@) at u and H(u)
denotes the Hessian matrix of (1), given by:

0*Y(u)

H(u) = Ou;0u;’

i,j=1,...,0. (8)

If the additive input noise is assumed to be independent and
Gaussian-distributed, the expectation of the bias term can be
written as:
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where 7 := 1 (U,;w). Based on this observation, we propose
incorporating the bias term into the conventional MSE cost
function, resulting in the following modified expression:
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Where v > 0 serves as a regularization parameter, balancing
the trade-off between fitting accuracy on the training data and
the algorithm’s resilience to input noise. Defining:
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Applying the steepest descent method, the gradient of J(w)
with respect to w is derived as:
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For an input vector of dimension O, the Hessian matrix
H(u,,) can be reduced to a,, as follows :
2
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where b, ,, € RM*! is defined with its m-th element given
by:
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It is important to note that u,(m) =
[tw,1(m), ... ,uw,o(m)]T represents the m-th dictionary

vector element. The final expression for the proposed
BC-KMC algorithm is given by:

Wnp41 = Wy
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