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The speech features that cannot be separated linearly in
the input space can be separated linearly in the new
arbitrary high dimensional feature space.
In this research, we propose a speaker identification
system using a kernel method which is expected to model
the non-linearity of speech features well. We have been
using principal component analysis (PCA) successfully,
and extended to kernel PCA, which is used for many
pattern recognition tasks such as face recognition.
However, we cannot use kernel PCA for speaker
identification directly because the storage required for the
kernel matrix grows quadratically, and the computational
cost to compute eigenvector of matrix grows linearly with
the number of training vectors. Therefore, we use greedy
kernel PCA which can approximate kernel PCA with
small representation error.
In the next section, we introduce kernel principal
components analysis. Section 3 describes the greedy
KPCA, and section 4 reports experimental evaluation on
speaker identification. Finally, section 5 summarizes the
conclusions drawn from this study.

Abstract
We propose a robust speaker identification system in
noisy environments using greedy kernel principal
component analysis. We expect that kernel PCA can
project important information to some axes and the noise
to some other axes in the arbitrary high dimensional
space resulting in denoising of the input features.
However, it is not easy to use kernel PCA for speaker
identification because the storage required for the kernel
matrix grows quadratically, and the computational cost
grows linearly with the number of training vectors.
Therefore, we use greedy kernel PCA which can
approximate kernel PCA with small representation error.
In the experiments, we compare the accuracy of the
greedy kernel PCA with that of the baseline Gaussian
mixture models using MFCCs and PCA in noisy
environment. As the results, the greedy kernel PCA
outperforms conventional methods.

1. Introduction

2. Feature extraction using kernel PCA

With the emerging era of ubiquitous computing,
speaker recognition have a high potential to be an
effective solution of security problems.
Speaker
identification is a kind of speaker recognition which
identify human with their voices, and has many potential
applications. However, the level of the accuracy of the
current speaker recognition systems has not reached that
the users expect. The technology is still developing in
various aspects which include extracting good features for
speaker discrimination, building good speaker models,
and normalizing the scores. Conventionally, melcepstral
coefficients and Guassian mixture models[10] are the
most basic approaches for features and models
respectively.
These days, to cope with the nonlinearity of the speech
feature, kernel methods are used in speaker recognition.
Kernel methods can transform the features in the input
space to a new feature space with much higher dimension.
1

Principal component analysis (PCA)[13] and its
nonlinear version kernel PCA (KPCA)[3][6] are wellknown techniques for dimensionality reduction. The
coordinates in the eigenvector basis corresponding to the
maximum variance are called principal components. The
projected features onto principal components will retain
important information and be denoised by dropping
directions with small variances. In KPCA, the d
dimensional feature vectors X = [x1 ,..., x l ]T , x i ∈ ℜ d
(input space) are mapped to a very high dimensional
space (feature space) ℜ∞ via a mapping function φ , and
the PCA is performed in feature space.
(1)
φ : ℜd → ℜ∞ .
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The new coordinates for KPCA with centered features
Xφ = [φ (x1 ),..., φ (x l )]T can be calculated by the
eigenvalue decomposition problem of kernel matrix
K which is an l × l matrix whose elements K ij are

where B = [β1 ,..., β l ] , β is 1× m (i.e. B ∈ ℜ m×l )
coefficients of subset Sφ .
The mean square error is the objective function of the
reduced set to minimize:

defined as
K ij ≡ φ (x i ) ⋅ φ (x j ) .

ε MS =

(2)

We can employ mercer kernel function [3] to compute dot
product in feature space.
k (x i , x j ) = φ (x i ) ⋅ φ (x j )

ε iR

S = [s1 ,...s m ]T and X = [x1 ,...x l ]T

features

∑[β ] φ (s
i j

(6)

j)

β i is computed[1] to minimize ε MS as
β i = ( K s ) −1 k s ( x i ) ,

∀i ∈ I

(7)

where K s is m × m kernel matrix of selected subset Sφ ,
i.e. the elements [ K s ]ij of K s is defined as k (s i , s j ) , and

the vector k s (x i ) = [k (s1 , x i ),..., k (s m , x i )] contains the
result of kernel function between subset S and x i .
Equation 5 is re-expressed using equation 7.
ε MS =

mapped

= φ (x i ) −

j∈J

1
(k (x i , x i ) − 2K s k s (x i ) + k s (x i ) ⋅ K s k s (x i ))
l i∈I

∑

(8)
To select Sφ efficiently, two adjustments are proposed

Greedy kernel PCA (GKPCA) algorithm [1] can
compute KPCA using reduced training set. Let
Sφ = [φ (s1 ),...φ (s m )]T
and
Xφ = [φ (x1 ),...φ (x l )]T
the

(5)

2

(3)

3. Greedy kernel PCA

denote

∑

where ε iR is the reconstruction error defined as

Many researches[3][4][5] show that the KPCA is good
at analyzing nonlinear structure, however there are
disadvantages that the storage of the kernel matrix grow
quadratically with the number of feature vectors l , and it
is not feasible to compute eigenvectors where l is larger
than 5,000 or more because K is an l × l matrix. In
previous works to apply KPCA to speech
processing[4][5], they use randomly selected features to
compute KPCA. There are two types of solutions to solve
this problem. One is reducing the training set [1][11] and
the other is computing KPCA iteratively[12]. In this paper
we use the formal method called greedy KPCA
(GKPCA)[1]. In section 3, we show the method of
computing the reduced kernel matrix K .

(S φ ⊂ Xφ )

1
ε iR
l i∈I

in [1]. Firstly, we can select Sφ gradually using the mean
(t )
square error ε MS
in tth iteration. The mean square error

of

(t )
ε MS
can be upper bounded as the following inequality,

(S ⊂ X ) respectively.

In GKPCA, the subset Sφ = [φ (s1 ),...φ (s m )]T is selected
T

from the total training set Xφ = [φ (x1 ),...φ (x l )]

2

which

(t )
ε MS

minimizes the cost function (defined in equation 5) over
the total training set Xφ and the size m of Sφ should be

1
≤ (l − t ) max φ (x i ) −
j∈I \ J
l

∑[β ] φ (s
i j

Secondly, we can use
W = [ w1,..., w m ] gradually.

as small( m << l ) as possible to compute kernel matrix K
and its eigenvectors. Let I = {1,..., l} denote indices of the
total training set Xφ and J = {1,..., m} denote indices of

j)

.

(9)

j∈J

φ (~x ) = Wφ (z )

orthonormalized

basis

(10)

m selected subset Sφ . The reconstructed training set
~
Xφ = [φ (~
x1 ),...,φ (~
xl )]T from subset Sφ can be expressed

where φ (z ) is a new representation of φ (x) . Using the

as follows

orthonormal condition that W T W is an identity matrix,
~
Xφ = S φ B

the optimal z minimizing the reconstruction error ε R is
computed as

(4)
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φ ( z ) = W T φ ( x) .

As the result of equation 10, the reconstruction error ε
in equation 6 is computed as

ε

R

= φ ( x) − φ (~
x)

2

= φ ( x) ⋅ φ ( x) − φ (z ) ⋅ φ ( z ) .

⎛
⎜ 1 xi − x j
k (x i , x j ) = exp⎜ −
σ2
⎜ 2
⎝

(11)
R

⎞
⎟
⎟
⎟
⎠

(14)

To compute kernel function effectively, the feature
vectors are normalized to be in the range -1 to 1.
We compared the system using GKPCA with the
baseline system using MFCCs feature vectors and PCA.
Figure 2, 3 and table 1 show the error rate of speaker
identification results. As the results, robust feature vectors
derived by GKPCA show 25.85% and 13.90% error rate
when babble noise and restaurant noise are added
respectively with SNR 15dB, and
7.45%, 3.25%
respectively with SNR 20dB. The average relative error
rate reduction over baseline system is 16.8%.

(12)

The detailed algorithm can be found in [1] which selects
Z = [ z1,..., z m ]T instead of Sφ using Gram-Schmidt
orthogonalization process. Finally, the kernel matrix can
be computed by using Z .
K ≈ ZT Z .

2

(13)

The reduced kernel matrix K is an m × m matrix where
m << l . Therefore, we can compute KPCA in feasible
time.

Training
data
(clean)

4. Experiments and results

Test
data
(noisy)

Training step

Test step

Feature
extraction
(MFCCs)

We used the YOHO database which consists of 138
speakers prompted to read combination lock phrases, for
example, “67 34 85.” The YOHO database has ‘enroll’
and ‘verify’ mode. The ‘enroll’ consists of 4 sessions with
24 utterances in each session, and the ‘verify’ consists of
10 sessions with 4 utterances in each session. We used 50
speakers, labeled from 101 to 154, for speaker
identification task. We use only the first session in
‘enroll’ for training and all sessions in ‘verify’ for testing.
In the verification data, we added noises (‘babble’,
‘restaurant’ in Aurora2 database[9]) with SNR 15dB and
20 dB artificially using FaNT[7][8].
Each frame was represented by 12 mel-frequency
cepstrum coefficients, the log energy, and their first- and
second-order time derivatives (delta and delta-delta
features), for a resulting 39-dimensional feature vector,
with 20ms window and 10ms shift from the audio
recording. The frames of data corresponding to silence
were removed from the utterances using energy threshold.
To build the speaker models, we use GMMs with 128
mixtures.
Figure 1 shows the flow of the robust speaker
identification system. Firstly, we extract speaker feature
vectors using MFCCs, and derive the new coordinates
using GKPCA from clean speech for training. Then we
project MFCCs onto new coordinates and apply the robust
feature vectors to training models and to speaker
identification task.
We used radial basis kernel function with σ 2 = 2 to
compute equation 3.

Projection
onto new
coordinate

Feature
extraction
(MFCCs)

Computing
new
coordinate

Projection
onto new
coordinate

Robust
feature
vectors

Robust
feature
vectors

GMM
GMM
GMM
Models
Models
Models

Identification

Figure 1. The flow of the robust speaker
identification system
Table 1. Error rate of speaker identification

SNR15dB
SNR20dB

MFCCs

PCA

GKPCA

Babble

27.65

33.00

25.85

Restaurant

18.25

16.00

13.90

Babble

8.25

8.25

7.45

Restaurant

6.50

4.00

3.25

15.16

15.31

12.61

average
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Figure 2. Error rate of speaker identification with
SNR 15dB
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Figure 3. Error rate of speaker identification with
SNR 20dB

5. Conclusions
We have proposed a noise-robust speaker
identification system using greedy kernel principal
component analysis (GKPCA). The basic assumption in
this research is that speech features are not linearly
separable, hence we expect that the performance of
speaker identification will improve if we transform the
features into an arbitrary high dimensional space where
the speech features can be separated linearly. Kernel
principal component analysis is one of the methods which
can find efficient axis system in the arbitrary high
dimensional space, but it is not practical to use it because
we should compute eigenvectors of the l × l matrix where
l is the number of feature vectors. Therefore, we applied
greedy kernel PCA which can approximate kernel PCA
by selecting relevant feature vectors incrementally. As the
result, the average relative error rate reduction over
baseline system is 16.8%. The proposed system can be
effective where the training data are very limited because
KPCA cannot make full use of the large amount of
training data.
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