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ABSTRACT

The universal background model (UBM) based classifiers
have recently been popular for speaker recognition. In this
paper, we propose a dimension reduction method using lo-
cal principal component analysis to improve the performance
of speaker verification systems, where maximum a Posteri-
ori (MAP) adapted vector quantization classifier (VQ-MAP
or VQ-UBM) is employed. The proposed system first parti-
tions the UBM data into disjoint regions (clusters) via con-
ventional VQ algorithm and PCA is performed on the set
of feature vectors in each region to obtain transformation
matrix. Then, multiple speaker model is constructed using
the set of transformed feature vectors closest to each clus-
ter through MAP adaptation. Conducting experiments on
NIST 2001 SRE, it is shown that transforming the data onto
a lower dimensional space by the proposed method improves
the recognition accuracy.

1. INTRODUCTION

Text-independent speaker verification has been a challenging
area in speech technology over decades. In speaker verifica-
tion the aim is to determine if the given identity claim is true
or false. Gaussian mixture model with universal background
model (GMM-UBM) [1] has become a standard technology
in speaker recognition. It shows great performance com-
pared to conventional systems such as vector quantization
(VQ) [2] and GMM [3]. Recently Hautamaki et. al. intro-
duced the maximum a Posteriori adaptation of VQ algorithm
(VQ-UBM) which adapts the centroid vectors via MAP algo-
rithm and showed that VQ-UBM provides recognition accu-
racy as good as GMM-UBM with a significant speed-up [4].
Kinnunen et. al compared the VQ-UBM with GMM-UBM
and support vector machines (SVMs) on text-independent
speaker verification and observed that VQ-UBM gives better
recognition accuracy than GMM and SVMs on longer train-
ing and test utterances [5].

Mel-frequency cepstrum coefficients (MFCCs) are the
most popular features used in speaker recognition. In
speaker recognition literature, it was shown that appending
the first and second order derivatives of MFCCs to the fea-
ture sets improves recognition accuracy significantly, so cur-
rent speaker recognition systems use dynamic features (also
known as delta and double delta coefficients) addition to
MFCCs. However, this addition improves the dimension-
ality so the computation time. There are plenty of work in
the literature which reduces the dimension of feature space
while keeping the performance. In [6], a Genetic Algo-
rithms (GA) based feature selection algorithm was presented
and compared with two well-known feature transformation
techniques, principal component analysis (PCA) and linear

discriminant analysis (LDA). In [7], Heteroscedastic Lin-
ear Discriminant Analysis (HLDA), which provides a lin-
ear transformation that can de-correlate the features and re-
duce the dimensionality, was applied to GMM-UBM speaker
recognition system. Seo et. al. reported that transform-
ing training and test data using principal component analysis
(PCA) with dimension reduction according to local informa-
tion improves the conventional GMM based speaker identifi-
cation rate while reducing the number of required parameters
[8]. In [8], the training data is first divided into disjoint re-
gions with K-means clustering algorithm and then the set of
feature vectors which belong to each region is used to con-
struct transformation matrix via PCA. Once the transforma-
tion matrix is obtained for each region then training and test
data are transformed into lower dimension space and for each
speaker multiple GMMs (one GMM per each region) are
constructed. In [9], Lee introduced local fuzzy PCA based
GMM which creates the regions using fuzzy clustering algo-
rithm followed by PCA for each region and concluded that
this technique also gives comparable speaker identification
rates with reduced dimension of data. The details about the
computation of required parameters in this methods can be
found in [8], [9]. Our work is different from [8] and [9] in
two ways: first we introduce local PCA on recently proposed
MAP adapted VQ (VQ-UBM) which is modern and accurate
on speaker recognition and second, we perform speaker ver-
ification whereas [8] and [9] use conventional GMM based
speaker identification. Furthermore, we report our results
on the more challenging NIST 2001 corpus which consists
of conversational telephony speech that is recorded over the
cellular telephone network.

The rest of the paper is organized as follows. The PCA
algorithm and local PCA based VQ-UBM is described in sec-
tion 2. In section 3 the experimental results are given in-
cluding speaker recognition database, feature extraction and
implementation of proposed system. Finally the conclusions
are summarized in section 4.

2. LOCAL PCA BASED VQ-UBM

The local PCA based speaker recognition system is shown
in Figure 1. In this section we briefly describe the PCA al-
gorithm and local PCA based VQ-UBM speaker recognition
system.

2.1 PCA Algorithm

PCA algorithm [10] (also known as Karhunen-Loeve Trans-
form) is a powerful technique for feature extraction (espe-
cially in image processing) and dimension reduction. It
projects the high dimensional data onto lower dimensional
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Figure 1: Local PCA based speaker recognition system

orthogonal space. In literature, PCA algorithm has been used
in many speaker recognition systems. In our earlier study
we proposed to use PCA as a classification method based
on minimum projection error for text-independent speaker
identification [11]. In [12], a new classifier presented called
principal component space and with another PCA classi-
fier, it was used as a hybrid classifier for speaker recogni-
tion. PCA algorithm can be briefly described as follows:
Suppose that X is the set of n dimensional feature vectors,
X = {x1,x2, ...,xT}.The covariance matrix of X is calculated
as:

Σ =
1

T
(X −X)(X −X)T (1)

where X is the sample mean of X . Let {λ1,λ2, ...,λn} be
the eigenvalues of covariance matrix, Σ, ordered from largest
to smallest and Φ = {w1,w2, ...,wn} be the corresponding
eigenvectors. The matrix Φ is defined as the transformation
matrix which projects the original data X onto orthogonal
feature space. The feature vectors are transformed as:

Y = ΦX (2)

If the aim is to reduce the dimension of data, the transfor-
mation matrix Φ will consist of first L eigenvectors which
is associated with largest L eigenvalues, where L is the new
dimension.

2.2 Local PCA Based VQ-UBM

VQ-UBM algorithm is based on MAP adaptation of cluster-
ing algorithm. It first creates a codebook with desired model
order (number of centroid or size of codebook) using UBM
data and then each speakers feature vectors are adapted using
background model through MAP adaptation.

Local PCA based VQ-UBM algorithm can be described
as follows. First the UBM data is mapped to K disjoint re-
gions, R j , j = 1,2, ...,K via conventional K-means clustering
algorithm. Each region is represented by its own reference
vector (centroid). Then the set of feature vectors of UBM
data for each region is found, S j = {x ∈ R j}. PCA algorithm
is performed on the set of vectors for each region and the
data of each region are transformed onto orthogonal space.
The transformation matrix of each region, Φ j, j = 1,2, ...K,
is stored in order to be used in training and testing phases
of speaker recognition system. The background model, U,
for each region is created using conventional VQ algorithm
with model order M, U = {U1,U2, ...,UK}. Where U j is the

codebook of jth region that is created using the set of feature

vectors which are closest to jth region.
During training of a speaker, the feature vectors of the

speaker, X = {x1,x2, ...,xT}, are assigned to regions, R j , j =
1,2, ...,K, and feature vectors are transformed by using the
transformation matrix of each region and a speaker model
(codebook) is constructed via MAP adaptation with the set
of transformed feature vectors for each region. For a single
speaker, K models are created, Ci = {Ci

1,C
i
2, ...,C

i
K}, where

Ci
j is the codebook of ith speaker for jth region.

In the testing phase, given a sequence of transformed fea-
ture vectors Y = {y1,y2, ...,yN} and claimed identity model,

Ci = {Ci
1,C

i
2, ...,C

i
K}, a match score is computed. The match

score is computed as:

Score =
K

∑
j=1

MSE(Y j,U j)−
K

∑
j=1

MSE(Y j,C j) (3)

where Y j, U j and C j are the set of vectors, background model

and speaker model for the jth region, respectively. MSE is
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the mean squared error which is defined as:

MSE(X ,Y ) =
1

|X | ∑
xi∈X

min
yk∈Y

‖xi − yk‖
2 (4)

where ‖xi − yk‖
2 is the squared Euclidean distance between

the vectors xi and yk .

3. EXPERIMENTAL SETUP

3.1 Corpora

Experiments are conducted on NIST 2001 speaker recogni-
tion evaluation (SRE) [13]. NIST 2001 database consists of
174 speakers (74 males and 100 females) with 22,418 trials
(2038 target trials and 20,380 impostors). Database contains
conversational telephone speech in English. The duration of
training data for each speaker is two minutes and length of
test data varies from a few seconds up to one minute. We
used developments set of database to create UBM models.

3.2 Feature Extraction

We use mel-frequency cepstrum coefficients (MFCC) as
speaker-specific features in the experiments. First an energy
based voice activity detector is applied to the speech sig-
nal to remove silence parts. MFCCs are extracted using 30
milliseconds Hamming windowed frames with 10 millisec-
onds overlap. 27-channel triangular filterbank is used dur-
ing the extraction. Logarithmic filterbank outputs are con-
verted into cepstral coefficients by discrete Cosine transform
(DCT). The deltas (∆) and double deltas (∆∆) are appended
to MFCC features which yields 36 dimensional feature vec-
tors. Delta features are obtained by convolving the MFCC
feature vectors with the kernel h = [1 0 −1 ] and double deltas
are computed by applying the same kernel to the delta fea-
tures as in [5]. The last step is the cepstral mean and variance
normalization (CMVN) to obtain features with zero mean
and unit variance for removing the contribution of convolu-
tional noises.

3.3 Experimental Results

In the experiments we used equal error rate (EER) as the per-
formance criterion. EER is the threshold value which gives
equal false acceptance rate (FAR) and false rejection rate
(FRR). M = 128 and M = 256 model orders (size of code-
book) were used. First we analyzed the effect of number of
dimension and regions on each gender separately. 74 male
speakers of database consist of 850 target and 8500 impostor
trials whereas 100 female speakers of database contain 1188
target and 11,880 impostor trials. Figure 2 and Figure 3 show
the relationship between the system performance, number of
regions, K, and number of dimension of transformed feature
vectors, L, for male and female speakers, respectively. In fig-
ures the baseline system (dotted line) corresponds to conven-
tional VQ-UBM algorithm with model order M = 128. It can
be seen from both figures using local information of K = 2
regions improves the verification performance with reduced
feature dimension (L = 26). For female speakers L = 25 with
K = 2 regions gives almost equal EER with the baseline sys-
tem. For both gender using two regions (K = 2) is superior
to the case of using four regions (K = 4)in local PCA.

Next we investigated the proposed system performance
of all trials (males and females). Number of regions and
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Figure 2: EERs for K = 2 and K = 4 for male speakers with
model order M = 128
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Figure 3: EERs for K = 2 and K = 4 for female speakers
with model order M = 128

number of transformed feature dimensions are fixed to K = 2
and L = 26, respectively. The detection error trade-off (DET)
curves are given in Figure 4 and Figure 5 for model orders
M = 128 and M = 256, respectively. It can be seen from fig-
ures 4 and 5 that proposed system improves the recognition
accuracy for both model orders. As seen from figures, the
proposed method with M = 128 yields better speaker recog-
nition performance than the baseline VQ-UBM system with
M = 256 model order. If we simply define the model com-
plexity of baseline VQ-UBM as the feature dimension (n)
times model order (M), Cb = n×M, and the complexity of
proposed method as the number of regions (K) times num-
ber of reduced feature dimension (L) times number of model
order (M), Cp = K × L ×M, then it can be computed that
Cb = 9216 (n = 36 and M = 256) and Cp = 6656 (K = 2,
L = 26, and M = 128). From the results it can be concluded
that, using local information yields to construct more repre-
sentative speaker models and proposed system outperforms
the baseline system performance with less model complex-
ity.
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Figure 4: DET curves for all trials with model order M = 128
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Figure 5: DET curves for all trials with model order M = 256

4. CONCLUSIONS AND FUTURE WORK

We have introduced the local PCA algorithm on the recently
proposed MAP adapted VQ (VQ-UBM) on speaker verifica-
tion. The experiments show that the using local information
and reducing the dimension of feature vectors via PCA al-
gorithm improves the speaker verification performance. It
is observed that using K = 2 local regions and L = 26 (the
dimension of transformed vector) are the best choices of pa-
rameters for the proposed system. For future work, applying
the proposed system to the GMM-UBM and comparisons of
results with baseline GMM-UBM performance will be inter-
esting. It would also be interesting to analyze the proposed
method for the case of fuzzy clustering algorithm employed
instead of conventional K-means algorithm.
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