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•
K

ernel
adaptive

filters
(K

A
F

s)
are

im
portant

tools
to

s
o

lv
e

n
o

n
lin

e
a

r

p
ro

b
le

m
s

•
T

he
inputvector

x
(n
)
∈
R

N
is

p
ro

je
c

te
d

in
to

a
h

ig
h

d
im

e
n

s
io

n
fe

a
tu

re

s
p

a
c

e
F

as
ϕ
(
x
(n
)),w

here
a

standard
linear

adaptive
filter
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em

ployed

•
K

e
rn

e
l

tric
k:

ϕ
(
x
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Tϕ
(
x
′)
=
κ
(
x
,
x
′),w

here
κ
(·,

·)
is

a
M

ercer’s
kernel

N
onlinear

S
ystem

x
(n
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R
N
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Ω
(n

−
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e(n
)

y
(n
)
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(n
)
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)

ϕ
(
x
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K
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S
applied

for
nonlinear
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here
v
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a

m
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T

he
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k
e

rn
e
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le
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e
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com
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=
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=
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‖
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′‖

2

2σ
2

)

-
Q

K
L

M
S

:
Q

u
a

n
tiz

e
d

K
L

M
S

,
w

hich
is

sim
ilar

to
the

sparsified
K

LM
S

w
ith

novelty
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=
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≤
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)
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b
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e
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p
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n
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n
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e
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d
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e
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µ
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•
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C
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•
S

I-Q
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S
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K
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M
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C
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K
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0.1
0.5

1.6
2.8

15
0

0.2
0.5

1.6

•
R

-M
I-Q

K
LM

S
outperform

s
otherm

ultikernelschem
es

forthe
considered

range
ofS

N
R

,especially
for

low
S

N
R

s

N
o

n
lin

e
a
r

s
y
s
te

m
id

e
n

tifi
c
a
tio

n
4©

S
e
ttin

g
s
:
σ
1 =

1,σ
2 =

0.1,µ
α
=
µ
α
1 =

µ
α
2 =

1

•
C

C
-Q

K
LM

S
perform

s
as

the
bestcom

ponentfilter

•
S

I-Q
K

LM
S
2

outperform
s

S
I-Q

K
LM

S
1

in
the

identification
of

the
firstsystem

butfor
the

second
system

,
S

I-Q
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