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Abstract

This paper describes an approach for feature extraction in
speech recognition systems using kernel principal com-
ponent analysis (KPCA). This approach consists in repre-
senting speech features as the projection of the extracted
speech features mapped into a feature space via a non-
linear mapping onto the principal components. The non-
linear mapping is implicitly performed using the kernel-
trick, which is an useful way of not mapping the input
space into a feature space explicitly, making this mapping
computationally feasible. Better results were obtained by
using this approach when compared to the standard tech-
nique.

1. Introduction

Speech recognition systems have recently been devel-
oped with great success, as demonstrated by the variety
and high quality of software packages now commercially
available. Part of this success can be attributed to the ex-
tracted speech features, which play an important role in
the recognition system as a whole. Some examples of ef-
ficient feature extraction algorithms are MFCC [1], LPC
cepstrum [1], mel-cepstrum [2] and PLP [3].

Although these feature extraction techniques are ef-
ficient, the non-linear mapping of speech features onto a
new suitable space has potential for generating new fea-
tures that can better discriminate speech classes.

Kernel-based techniques have been applied to several
learning machines, including Support Vector Machines
(SVMs) [4] [5], Kernel Discriminant Analysis (KDA) [6]
and Kernel Principal Component Analysis (KPCA) [7]–
[10]. The latter two techniques have been extensively ap-
plied to image recognition [6]–[10]. Their performance
in speech recognition, however, has not been carefully
investigated.

In this work, KPCA was used for the feature extrac-
tion in a speech recognition system. Using KPCA, it is
possible to represent the speech features in a higher di-
mensional space which can possibly generate more dis-
tinguishable speech features. A simplified overview of
KPCA is shown in Figure 1, where Rn represents an
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Figure 1: Simplified overview of KPCA.

ensional input space, F represents a higher di-
ional space (feature space), Φ represents the non-
r transformation from the input space to the feature
, and the dashed line in the feature space repre-
the principal components. Assuming that, wi for
1, . . . , 3 and Φ(wi) for i = 1, . . . , 3 represent the
amples in Rn and F , respectively. The KPCA rep-
tation of these test samples, denoted by Wkpca

i for
, . . . , 3, is given by the projection of Φ(wi) onto the
ipal components. In this work, a word recognition
riment is conducted to evaluate the ability of KPCA.
his paper is organized as follows. In Section 2, the
A technique is described. In Section 3, the experi-
al conditions and results are presented. Finally, Sec-

presents the conclusions from this work and impli-
ns for future studies.

2. Kernel PCA – KPCA

Principal Component Analysis – PCA

is a well-established technique for dimensionality



reduction. It represents a linear transformation where the
data is expressed in a new coordinate basis that corre-
sponds to the maximum variance “direction” [7].

Assuming that the data set consists of M centered ob-
servations xk ∈ Rn, k = 1, . . . , M , and

∑M
k=1 xk = 0,

the covariance matrix corresponding to this data set is
given by

C =
1
M

M∑
j=1

xjxT
j . (1)

Diagonalizing C, we obtain the principal components,
which are the orthogonal projections onto the eigenvec-
tors, are obtained by solving the eigenvalue equation:

λv = Cv, (2)

where λ ≥ 0 and v ∈ Rn\{0}1. As Cv =
1
M

∑M
j=1(xj · v)xj , all solutions for v must be a linear

combination of x1, . . . ,xM , which can be expressed as

v =
M∑

j=1

αjxj (3)

where αj , for j = 1, . . . , M , are coefficients that satisfy
Equation (3). It can be said that Equation (2) is equiva-
lent, therefore, to

λ(xk · v) = (xk ·Cv), k = 1, . . . , M. (4)

2.2. Extension to Kernel PCA

The KPCA technique applies the kernel function to PCA
in order to obtain the representation of PCA in a higher
dimensional space [8].

Considering the mapped data as Φ(x1), . . . , Φ(xM ),
without assuming them as centered (

∑M
k=1 Φ(xk) �= 0).

The centered points used in the algorithm evaluation are
expressed as

Φ̂(xi) = Φ(xi) − 1
M

M∑
j=1

Φ(xj), (5)

and the covariance matrix is given as

Σ̂ =
1
M

M∑
j=1

Φ̂(xj)Φ̂(xj)T . (6)

The eigenvalue equation for this matrix Σ̂, is expressed
as, λ̂V̂ = Σ̂V̂, where λ̂ ≥ 0 is an eigenvalue and V̂ ∈
F\{0} is an eigenvector. Through an analogous process
presented in Section 2.1, it can be said that λ̂V̂ = Σ̂V̂ is
equivalent to

λ̂(Φ̂(xk) · V̂) = (Φ̂(xk) · Σ̂V̂), k = 1, . . . , M (7)

1It means that v is in {0}-excluded �n.
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i, for i = 1, . . . , M , are coefficients that satisfy the
wing equation,

V̂ =
M∑
i=1

α̂iΦ̂(xi). (8)

following expression is obtained substituting Equa-
8) in (7),

α̂i(Φ̂(xk) · Φ̂(xi)) =

=
1
M

M∑
i=1

α̂i


Φ̂(xk) ·


 M∑

j=1

Φ̂(xj)Φ̂(xj)T Φ̂(xi)






=
1
M

M∑
i=1

α̂i


Φ̂(xk) ·

M∑
j=1

Φ̂(xj)


(Φ̂(xj) · Φ̂(xi)

)
,

= 1, . . . , M. (9)

onsequently, the previous equation can be expressed

λ̂K̂α̂ =
1
M

K̂2α̂,

h can be simplified to

Mλ̂α̂ = K̂α̂, (10)

e K̂ is an M × M matrix formed by

K̂ij = (Φ̂(xi) · Φ̂(xj)) (11)

ˆ = [α̂1, . . . , α̂M ]T . Solving the Equation (10) for
zero eigenvalues λ̂1 ≤ λ̂2 ≤ . . . ≤ λ̂M , the solu-
α̂m, . . . , α̂M , where λ̂m is the first non-zero eigen-
, are obtained.
fter performing the normalization of α̂m, . . . , α̂M ,

ted by (V̂k · V̂k) = λ̂k( α̂k · α̂k) = 1, k =
. , M , the kernel nonlinear principal components,
sponding to Φ̂, which are projections on the eigen-
rs V̂k in F , are finally obtained. Supposing that wi,
= 1, . . . , S, is a set of test vectors and its centered
e in F is Φ̂(wi), the KPCA representation is given

V̂k · Φ̂(wi) =
M∑

j=1

α̂k
j (Φ̂(xj) · Φ̂(wi)), (12)

e Φ̂(xj) · Φ̂(wi) will be calculated by using kernel
ion K̂(xj ,w) = Φ̂(xj) · Φ̂(wi), as will be shown in
on 2.3. Equation (12) can be rewritten as

V̂k · Φ̂(wi) = K̂(test) α̂k (13)

e the elements of K̂(test) are given by K̂
(test)
ij =

i) · Φ̂(xj), where j = 1, . . . , M .
t can be noticed that K̂ and K̂(test) cannot be calcu-
directly, because they depend on the centered data



Φ̂, however, K̂ and K̂(test) can be expressed in terms
of the non-centered data Φ. Substituting Equation (5)
in (11), the following expression is achieved:

K̂ij = Φ̂(xi)T · Φ̂(xj)

=

(
Φ(xi) − 1

M

M∑
m=1

Φ(xm)

)T (
Φ(xj) − 1

M

M∑
n=1

Φ(xn)

)

= Φ(xi)T Φ(xj) − 1
M

M∑
m=1

Φ(xm)T Φ(xj) − 1
M

M∑
n=1

Φ(xi)T Φ(xn) +
1
M

M∑
m,n=1

Φ(xm)T Φ(xn). (14)

Generalizing Equation (14) for i, j = 1, . . . , M , the
general formulation,

K̂ = K − 1MK− K1M + 1MK1M , (15)

is obtained, where 1M is an M × M matrix, whose el-
ements are given by (1M )ij = 1/M , and K is also an
M × M matrix, whose elements are given by Kij =
Φ(xi) · Φ(xj). Through an analogous evaluation,

K̂(test) = K(test) − 1(S)
M K − K(test)1M + 1(S)

M

K1M , (16)

is obtained, where 1(S)
M is an S × M matrix, whose el-

ements are given by (1(S)
M )ij = 1/M , and K(test) is

also an S × M matrix, whose elements are given by
K

(test)
ij = Φ(wi) · Φ(xj), where wi, for i = 1, . . . , S, is

a set of test samples.

2.3. Kernel Functions

The matrices K̂, K̂(test) and K, in Section 2.2, are de-
fined by the dot product of mapped variables in the fea-
ture space F , obtained using kernel functions [4], [11].
These functions are widely used to solve the problem of
nonlinear mapping to a higher dimensional space,

Φ : Rn �→ F
x �→ X

without using explicit mapping, which would be compu-
tationally unfeasible.

If the function K(xi,xj) = Φ(xi) · Φ(xj) is a sym-
metric positive function that obeys the Mercer’s condi-
tion [5], then it can be said that this function represents
the inner product of the variables xi and xj in the fea-
ture space. Thus the nonlinear mapping can performed by
using kernel functions as the dot product of the mapped
variables: Φ : x · y → K(x,y) = Φ(x) · Φ(y). Some
examples of kernel functions are shown in Table 1. In
this paper, the polynomial kernel function, described in
Table 1, is applied.
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Table 1: Some examples of kernel functions.

Kernel function Equation
ynomial function K(x,y) = (x · y + 1)p

ssian RBF (GRBF) K(x,y) = e− ||x−y||2
2σ2

moid function K(x,y) = tanh(κx · y − δ)

3. Experimental Work

rder to evaluate the efficiency of this technique,
aker-independent isolated word recognition exper-
t was conducted. The experiment involved 520
ese words from the C set of the ATR Japanese
h database, spoken by 80 speakers (40 males and 40
les). From the whole experiment, 10400 utterances
used as training data and the remaining 31200 utter-

s were used as test data.

Conditions

sampling rate of speech signal was 10 kHz. Mel-
ral coefficients [2] were extracted through a 12-th
mel-cepstral analysis using 25.6 ms Hamming win-
with 10 ms shifts. The KPCA features were ex-
d from the 13 mel-cepstral coefficients including
ero-th coefficient and their delta (∆) and accelera-
(∆∆) coefficients, corresponding to a vector of 39
cients.
s described in Section 2, in order to calculate the

ix K, it would be necessary to use all the training
In this experiment, about 1,000,000 frames were

as training data, and the calculation of matrix K
this amount of data is computationally unfeasible.
der to reduce the number of frames, N frames were
mly picked up from the training data. The number

as chosen such that the system were computation-
easible, N=1024 frames. Although some techniques
developed to deal with sparsity problems [12] [13],
s decided to use as initial approach the randomly

en frames.
ach word was modeled using 12 state left-to-right
s with single mixture of diagonal covariance.

Results

baseline error rate of the standard features was
, where 13 mel-cepstral coefficients and their ∆
∆ were used as a feature vector.

he results presented in Table 2, refer to the error rate
e word recognition task, using KPCA with polyno-
kernel functions. The speech features used in this
recognition task consisted of the KPCA features

heir ∆ and ∆∆ coefficients. The first column of Ta-
lists the dimensionality of KPCA features, and the



Table 2: Error rate (%) of the system using polynomial
kernel function. The use of PCA is represented by p=1,
i.e., 1st degree polynomial kernel function.

dim\kernel p=1 p=2

8 8.82 7.65
13 7.45 6.71
16 8.19 6.84
32 10.37 6.53
64 N/A 8.96
128 N/A 16.31
256 N/A 36.97

second and third columns show the results for the poly-
nomial kernel function of degree 1 (p=1) and 2 (p=2),
respectively. Comparing to the baseline, it could be ob-
served a certain improvement in accuracy due to the use
of KPCA (column p=2). The column p=1 of this table
represents the performance of PCA technique without us-
ing kernel functions, hence the maximum dimensionality
that could be represented in this column is 39, i.e., the
input data dimension.

Observing Table 2, it is clearly noticed that the best
performance was achieved by using polynomial kernel
with degree 2, with most results, in this column, having a
higher performance than the baseline. The best score was
6.53% of error rate (2nd degree polynomial kernel func-
tion, p=2, and 32 dimensions), corresponding to 12% and
22% error reductions over the PCA best result (1st degree
polynomial kernel function, p=1, and 13 dimensions) and
baseline performance, respectively.

Further experiments using other kernel functions are
being evaluated in order to observe the influence of
KPCA in speech recognition, in detail.

4. Conclusions

A kernel based technique applied to a 520-word-
vocabulary speech recognition task was presented in this
paper, and according to the experimental results (Table 2)
the effectiveness of KPCA has been confirmed, however,
further experiments are being conducted, in order to ob-
serve carefully the impact of KPCA in speech recogni-
tion.

As future work, further research on KPCA and other
kernel-based techniques should be carried out, in order to
observe their effectiveness applied to speech recognition
tasks with differing levels of complexity.
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