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Abstract: We propose a method for histogram equalization using supplement sets to improve the performance
of speaker recognition when the training and test utterances are very short. The supplement sets are derived using
outputs of selection or clustering algorithms from the background speakers’ utterances. The proposed approach is
used as a feature normalization method for building histograms when there are insufficient input utterance samples.
In addition, the proposed method is used as an i-vector normalization method in an i-vector-based probabilistic
linear discriminant analysis (PLDA) system, which is the current state-of-the-art for speaker verification. The ranks
of sample values for histogram equalization are estimated in ascending order from both the input utterances and
the supplement set. New ranks are obtained by computing the sum of different kinds of ranks. Subsequently, the
proposed method determines the cumulative distribution function of the test utterance using the newly defined
ranks. The proposed method is compared with conventional feature normalization methods, such as cepstral mean
normalization (CMN), cepstral mean and variance normalization (MVN), histogram equalization (HEQ), and the
European Telecommunications Standards Institute (ETSI) advanced front-end methods. In addition, performance
is compared for a case in which the greedy selection algorithm is used with fuzzy C-means and K-means algorithms.
The YOHO and Electronics and Telecommunications Research Institute (ETRI) databases are used in an evaluation
in the feature space. The test sets are simulated by the Opus VoIP codec. We also use the 2008 National Institute of
Standards and Technology (NIST) speaker recognition evaluation (SRE) corpus for the i-vector system. The results
of the experimental evaluation demonstrate that the average system performance is improved when the proposed
method is used, compared to the conventional feature normalization methods.
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1 Introduction

Current speaker recognition systems have
achieved good performance when the training and
test environments are well matched. When the train-
ing and test environments do not match, the sys-
tems show poor performance. Therefore, feature nor-
malization methods are applied to reduce the chan-
nel and acoustic mismatches. Conventional feature
‡ Corresponding author
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normalization methods, such as cepstral mean nor-
malization (CMN) (Atal, 1974) and cepstral mean
and variance normalization (MVN) (Viikki and Lau-
rila, 1998), are widely used to remove linear channel
effects. However, they are unsuitable for the removal
of nonlinear effects. To compensate for nonlinear ef-
fects, linear approximation methods such as the vec-
tor Taylor series (VTS) method (Moreno et al., 1996)
and static linear approximation (SLA) (Kim, 1998)
have been applied. Also, the European Telecom-
munications Standards Institute (ETSI) advanced
front-end (AFE) in the ETSI standard (ETSI ES
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202 212) (ETSI, 2005) has been introduced for noise
reduction using a Wiener filter approach.

Histogram equalization (HEQ) has also been
proposed for feature normalization. Originally, HEQ
was used for brightness and contrast adjustment in
digital images (Gonzalez and Wintz, 1987). Later,
HEQ was applied in speech recognition systems as
a feature normalization method (Segura et al., 2004;
Torre et al., 2005). The HEQ approach transforms
an input test sample to a reference value based on a
probability density function (PDF) (Segura et al.,
2004). Gaussian density may be appropriate for
the reference and test feature distributions of speech
utterances, as traditionally most of the models for
speech processing are based on Gaussian distribu-
tions. This approach can be used as a nonlinear
transformation, unlike conventional feature normal-
ization methods. In addition, various applications of
HEQ such as feature warping (Pelecanos and Srid-
haran, 2001) and modified segmental HEQ (Skosan
and Mashao, 2006) have been adopted in speaker
recognition systems. These approaches divide the
samples of an input utterance into small windows,
and transform the samples by applying HEQ to each
of them. The sizes of the windows should be at
least 3 s long. According to Blanco’s research, ap-
proximately 500 ordered samples are sufficient for an
effortless estimation of robust cumulative distribu-
tion functions (CDFs) (Blanco et al., 2000). How-
ever, when an input test utterance has fewer than
500 samples, the utterance may not be usable for
building histograms. The speaker recognition sys-
tems that use HEQ for building histograms with
fewer samples show poorer performance compared
to speaker recognition systems that use conventional
feature normalization methods.

In this research, to build robust histograms, we
estimate the CDFs of the input utterance by select-
ing samples from the training set for the universal
background model (UBM) that is widely used for
modeling general speakers. We apply various algo-
rithms, such as the fuzzy C-means (Cannon et al.,
1986), K-means (Duda et al., 2012), and greedy se-
lection (Franc, 2005; Kim et al., 2008) algorithms, to
create the supplement sets. Each algorithm is ap-
plied to randomly selected speakers’ speech from the
UBM training set. A supplement set is created by
arranging the outputs of the selection algorithms in
ascending order.

We also propose a method to apply histogram
equalization to the state-of-the-art i-vector-based
(Dehak et al., 2011) probabilistic linear discrim-
inant analysis (PLDA) approach (Garcia-Romero
and Espy-Wilson, 2011) as an i-vector normaliza-
tion method. The proposed method is similar to the
rank norm method (Stolcke et al., 2008), which is
a Gaussian mixture model (GMM) mean supervec-
tor normalization method. Originally, rank norm
normalizes a GMM mean supervector to follow a
uniform distribution. Then, a Gaussianized rank
norm is introduced (Jiang et al., 2012) and the rank
norm normalizes an i-supervector to follow a Gaus-
sian distribution instead of a uniform distribution.
The Gaussianized rank norm is used as a whiten-
ing transform of i-supervectors. However, because
i-supervectors have high dimensionality and data
scarcities, it is difficult to apply a whitening trans-
form. In this study, we apply a Gaussianized rank
norm to i-vectors and propose a method using a re-
duced background set to shorten the processing time
for the rank norm. We show experimental results of
combining the proposed method and length normal-
ization, such as eigen factor radial (EFR) (Bousquet
et al., 2011) and spherical nuisance normalization
(SphNorm) (Bousquet et al., 2012), using common
data sets. The results show that we can reduce
processing time and improve speaker recognition
performance.

2 Conventional histogram equalization

The purpose of HEQ is to convert an input test
utterance distribution into a reference distribution,
e.g., a standard normal distribution. To achieve this
goal, HEQ transforms samples of the input test ut-
terance into corresponding values of the reference
distribution. Each sample is mapped onto a refer-
ence value that has the same CDF. The transform
function F for HEQ is given as

y = F (x) = C−1
ref (CX(x)), (1)

where X is the observed sequence, x is an element
of the observed sequence, y is the transformed value,
CX(x) is the CDF of the element x, and C−1

ref is
the inverse CDF of the reference distribution. A
lookup table is used for the transformation of the
sample. Fig. 1 shows an example of HEQ. The input
utterance (Fig. 1a) has a multimodal distribution,
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Fig. 1 Example of the transformed distribution using
histogram equalization: (a) distribution of an input
sequence; (b) distribution of the converted sequence

whereas the transformed samples (Fig. 1b) have a
unimodal distribution.

We use a standard normal distribution as the
reference distribution:

P (x) =
1√
2π

exp

(
−x2

2

)
. (2)

2.1 Cumulative histogram-based histogram
equalization

To estimate CDFs, the cumulative histogram-
based HEQ (CHEQ) (Skosan and Mashao, 2006)
counts the samples in each bin. The details of CHEQ
are as follows: define an observed sequence X con-
sisting of T frames of a particular (dth) component
as

X = Od = {od1, od2, · · · , odt , · · · , odT }. (3)

We then determine the minimum value, min(X), and
the maximum value, max(X). The range of val-
ues between min(X) and max(X) is divided into M

equally-spaced non-overlapping bins. The bins, B,

are defined such that a bin Bi has the range [bi, bi+1).

min(X) = b1 < b2 < · · · < bM+1 = max(X). (4)

These bins are used to construct histograms of the
observed sequence X . To build histograms, we count
the number of observations belonging to each bin.
Each bin is normalized by the total number of obser-
vations NX as follows:

pX(xt ∈ Bi) =
ni

NX
, (5)

where ni is the number of observations in Bi. The
computation of cumulative histograms is performed
by using a normalized histogram:

CX(xt ∈ Bi) =

i∑
j=1

nj

NX
. (6)

A transformed sequence can be obtained as follows:

yt = C−1
ref (CX(xt)), (7)

which is in direct correspondence to Eq. (1).

2.2 Order statistic-based histogram equaliza-
tion

To estimate the CDFs, an order statistic-based
HEQ (OHEQ) (Segura et al., 2004) uses the ranks of
an observed sequence X consisting of T frames of a
particular (dth) component:

X = Od = {od1, od2, · · · , odt , · · · , odT }. (8)

Ranks are obtained using a sequence of X that is
sorted in ascending order:

xr(1) ≤ xr(2) ≤ · · · ≤ xr(t) ≤ · · · ≤ xr(T ), (9)

where r(t) is the index of the observed sequence (i.e.,
xr(t) is the tth element in the sorted sequence). A
CDF is estimated as follows:

Φt = (R(xt)− 0.5)/T, (10)

where R(xt) denotes the rank of xt in the sorted
sequence. A transformed sequence using the CDF
estimated by the order statistic can be represented
as

y = C−1
ref (Φ), (11)

which directly corresponds to Eq. (1).
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3 Feature reduction methods

In this section, we describe the methods to cre-
ate a supplement set for compensating for an insuffi-
cient number of samples for histogram equalization.
To make a supplement set, two types of algorithms,
clustering and selection algorithms, are considered.
We select two clustering algorithms, fuzzy C-means
(Cannon et al., 1986) and K-means (Duda et al.,
2012). A set of centroids of clusters is used as a
supplement set. We also select a greedy selection al-
gorithm. This algorithm solves large-scale problems
using training set reduction. The reduced training
set is used as a supplement set.

3.1 Fuzzy C-means

FuzzyC-means is a conventional clustering algo-
rithm that uses fuzzy memberships of clusters. The
fuzzy memberships are equivalent to the probabil-
ity in maximum likelihood estimation. An observed
sequence X consisting of T vectors is defined as
follows:

X = {x1,x2, · · · ,xt, · · · ,xT }. (12)

The C centroids of fuzzy C-means are given as

μ = {μ1,μ2, · · · ,μc, · · · ,μC}. (13)

The purpose of fuzzyC-means is to find memberships
minimizing the objective function J , which is given
as follows:

J =

C∑
j=1

T∑
i=1

ωm
ij ‖xi − μj‖2, (14)

where m is a free parameter (a real number greater
than 1) and ωm

ij is the membership of the observed
sequence with the clusters. The membership is ob-
tained as

ωij =

⎡
⎣ C∑
k=1

(‖xi − μk‖
‖xi − μj‖

) 2
m−1

⎤
⎦
−1

. (15)

The membership should satisfy the following
equation:

C∑
j=1

ωij = 1, i = 1, 2, · · · , T. (16)

Using Eq. (15), the centroids can be updated as
follows:

μ̂j =

∑T
i=1 ω

m
ij · xi∑T

i=1 ω
m
ij

. (17)

The centroids are updated using Eqs. (15) and (17)
iteratively. The iteration can be stopped when

C∑
j=1

|μ̂j − μj | < ε, (18)

where ε is a real number.

3.2 Greedy selection

A greedy selection algorithm is used to reduce
the training set for large-scale problems. The greedy
selection algorithm is used for greedy kernel PCA
(GKPCA) (Franc, 2005; Kim et al., 2008). The re-
duced training set is used to find the coordinates that
maximize the covariance. We define a training set X
consisting of T feature vectors as follows:

X = {x1,x2, · · · ,xt, · · · ,xT }. (19)

A reduced set G with L sample vectors is given by

G = {g1, g2, · · · , gl, · · · , gL}. (20)

The purpose of the greedy selection algorithm is
to obtain a reduced set G from the training set
(G ⊂ X). To obtain the reduced set G, the train-
ing set X and the reduced set G are mapped
into the feature space, having an infinite dimension
such as Xφ = {φ(x1), φ(x2), · · · , φ(xt), · · · , φ(xT )}
and Gφ = {φ(g1), φ(g2), · · · , φ(gl), · · · , φ(gL)}, re-
spectively. Let Γ = {1, 2, · · · , t, · · · , T } be the
set of indices of the training set X , and L =

{1, 2, · · · , l, · · · , L} be the set of indices of the re-
duced set G. Using Xφ and Gφ, we obtain the recon-
structed training set X̃φ:

X̃φ = BGφ, (21)

where X̃φ = {φ(x̃1), φ(x̃2), · · · , φ(x̃t), · · · , φ(x̃T )} is
a T ×∞ matrix, and B = {β1,β2, · · · ,βt, · · · ,βT }
is a T ×L matrix. βt is an L-dimensional row vector
with coefficients of the reduced set Gφ, which is an
L×∞ matrix. The objective function of the reduced
set to minimize the reconstruction error is the mean
squared error:

εMS =
1

T

∑
t∈Γ

∥∥∥∥∥φ(xt)−
∑
l∈L

βtlφ(gl)

∥∥∥∥∥
2

. (22)

The objective function can be re-expressed using a
kernel trick as follows:

εMS =
1

T

∑
t∈Γ

[k(xt,xt)− 2Kgkg(xt)

+ kg(xt) ·Kgkg(xt)], (23)
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where Kg is an L × L kernel matrix
of the selected set Gφ and kg(xt) =

{k(g1,xt), k(g2,xt), · · · , k(gl,xt)}. To select
Gφ, we use the mean squared error ε

(y)
MS in the

yth iteration. The mean squared error ε
(y)
MS can be

upper-bounded as the following inequality:

ε
(y)
MS ≤ 1

T
(T − y) max

t∈Γ\L

∥∥∥∥∥φ(xt)−
∑
l∈L

βtlφ(gl)

∥∥∥∥∥
2

.

(24)
In this study, we select a linear kernel k(x1,x2) =

xT
1 x2 instead of a Gaussian radial basis function

(RBF) kernel because HEQ transforms samples in
the linear space. The details of GKPCA were de-
scribed by Franc (2005) and Kim et al. (2008).

4 Proposed method

The proposed method is based on the order
statistic-based HEQ and helps in computing CDFs
for a short input test utterance for which it is quite
difficult to estimate robust CDFs. The proposed
method involves creating a supplement set that rep-
resents the entire distribution of the UBM training
set. The proposed method uses the centroids ob-
tained by applying clustering algorithms, such as
fuzzy C-means (Cannon et al., 1986), K-means, or
the greedy selection algorithm, to derive the supple-
ment sets. To describe the proposed method, we let
U be the set of utterances of P speakers that is used
to train UBM, given as

U = {u(1), u(2), · · · , u(p), · · · , u(P )}, (25)

where u(p) is the set of utterances of the pth speaker
consisting of Tp frames in the UBM training set. The
greedy selection algorithm selects N samples of a
particular (dth) component from each u(p). Let the
set of the selected sets of samples be

G = {g(1), g(2), · · · , g(p), · · · , g(P )}. (26)

The selected set of samples g(p), consisting of N

samples, can be presented as

M = gd(p) = {gd1 , gd2 , · · · , gdn, · · · , gdN}, (27)

where N is the number of samples selected from each
speaker (N � Tp). An observed input sequence X

consisting of L samples is given by

X = Od = {od1, od2, · · · , odl , · · · , odL}. (28)

We calculate two kinds of ranks of the samples in
the observed input sequence. One is composed of
the ranks of X in the reduced development set M

(denoted as rM ). The other is composed of the ranks
of the samples in sequence X (denoted as rX). We
then define a new rank as the sum of the two ranks
as follows:

rnew = rM + rX . (29)

Using the new rank, we define CDFs as follows:

Φnew =
rnew − 0.5

(P ·N + 1) + L
, (30)

where P · N is the number of elements in the sup-
plement set which has N frames of P speakers. The
‘plus-one’ term of the denominator is used to forbid
CDFs from exceeding 1.0, because the values over 1.0
are mapped to infinite by the inverse Gaussian distri-
bution function. Eqs. (29) and (30) can be rewritten
using the weight coefficients as

Φnew =
2(αrM + βrX )− (α + β)

2α(P ·N + 1) + 2βL
, (31)

where α + β = 1. Eq. (31) is equivalent to Eq. (30)
when α = β = 0.5. The samples are transformed
by using Eq. (1) with the estimated CDFs. The
mapping function is given as

y = C−1
ref (Φ

new). (32)

5 Experimental setups and results

We evaluate the proposed method in the acous-
tic feature space and i-vector space. In Section 5.1,
the experimental setups and results of acoustic fea-
ture normalization are shown for a speaker identifi-
cation system. In Section 5.2, we describe the setups
and results of i-vector normalization for a speaker
verification system.

5.1 Acoustic feature normalization

In this section, we describe the experimental
setups and results for speaker identification in the
acoustic feature space. Fig. 2 shows the proposed
system flow for acoustic features. The samples se-
lected by the proposed method are used in both of-
fline and online steps. The system performance is
evaluated in the Opus codec environment.
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Fig. 2 Speaker identification system flow of the proposed method for acoustic feature normalization (CDFs:
cumulative distribution functions; MFCCs: mel-frequency cepstral coefficients; GMMs: Gaussian mixture
models)

5.1.1 Databases

To evaluate the proposed system, we use the
YOHO database (Linguistic Data Consortium), and
the Korean Speaker Recognition Database Record-
ing using Middle Price Microphone (Electronics and
Telecommunications Research Institute, ETRI). The
data in the YOHO database is recorded at 8 kHz, and
consists of enrollment and verification sessions. The
enrollment data is used for the adaptation of speaker
models, and the verification data is used for testing.
The data in the ETRI database is recorded at 16
kHz, and consists of week, month, and season modes
that are recorded in intervals of weeks, months, and
seasons, respectively. The week, month, and season
modes are composed of 100, 100, and 50 speakers, re-
spectively. Each mode consists of four sessions, each
of which consists of five trials. We use the sentence
parts numbered 10 to 19 of the first trial of the first
session in the week mode for the adaptation of the
speaker models. The same parts of the first trial of
the second, third, and fourth sessions in the week
mode are used to test the speaker identification sys-
tems. To train UBM, we use the sentence part of
the first trial of the first session in month and sea-
son modes. To match the sampling rate of YOHO
and ETRI databases, the waveforms are downsam-
pled from 16 kHz to 8 kHz. The total number of
utterances for UBM training is 1500 (150 speakers
× 10 sentences), the total number of utterances for
speaker model adaptation is 1000 (100 speakers ×

10 sentences), and the total number of utterances for
testing the systems is 3000 (3 sessions × 100 speak-
ers × 10 sentences). Each utterance consists of 200
to 300 sample feature vectors. This is reduced to 150
to 250 samples by silence elimination. To simulate
the test sets, we apply the Opus codec (Valin et al.,
2012) to the waveforms.

5.1.2 Baseline setup

To extract speech features from the waveforms,
the filtered waveforms are partitioned into frames
that are 25 ms long with 10 ms intervals. A Ham-
ming window is applied to each frame. After par-
titioning, we apply pre-emphasis with a factor of
0.97. The silence frames are eliminated using the en-
ergy threshold method. The frames are then filtered
by mel-scaled triangular filters, and the outputs of
the mel-scaled triangular filters transformed by dis-
crete cosine transformation into 18-dimensional mel-
frequency cepstral coefficients (MFCCs). For an
ETSI advanced front-end (AFE), we use the same
parameters as those of MFCCs. The statistics li-
brary in Scipy (Jones et al., 2001) is used for CDF
mapping in Eq. (1).

The Gaussian mixture model, universal back-
ground model (GMM-UBM) method (Reynolds
et al., 2000), is used for speaker modeling. In this
method, the speaker models are obtained from UBM
using the maximum a posteriori (MAP) adaptation
method (τ = 1). The UBM in this case consists of
128 mixture components.
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5.1.3 Experimental results

The proposed system was compared with MFCC
(the baseline system without a feature normalization
method), CMN, MVN, CHEQ (which has 1000 bins),
OHEQ, and AFE.

Fig. 3a shows the error rates in the YOHO
database. The proposed method outperforms other
feature normalization methods. Among these meth-
ods, the proposed method using greedy selection
with a supplement set consisting of 350 samples (10
speakers × 35 samples) shows the best performance.
The proposed method using K-means also shows bet-
ter performance than the other feature normalization
methods.
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Fig. 3 Speaker identification error rates of the pro-
posed method in the YOHO database: (a) according
to the size of the supplement set of 10 speakers; (b)
using greedy selection according to the number of
speakers

Fig. 3b shows the results according to the num-
ber of speakers in the YOHO database. In Fig. 3b,
we use greedy selection for the proposed method be-
cause the method has shown the best performance

in Fig. 3a. For simplification, we show only the re-
sults of MFCC and AFE. The results of the other
normalization methods are equivalent to those in
Fig. 3a. The proposed method is able to use fewer
supplement samples per speaker by increasing the
number of speakers. When the supplement set has
450 samples (30 speakers × 15 samples), the pro-
posed method has the best performance. There is
no significant difference among the performances of
the supplement set with 350 samples (10 speakers ×
35 samples). These results show that the proposed
method is dependent on the total number of supple-
ment samples to a greater degree than it is dependent
on the number of speakers.

The results with the ETRI database (Fig. 4a)
are similar to those with the YOHO database. Us-
ing the ETRI database, the proposed method out-
performs other feature normalization methods. The
proposed method using greedy selection with a sup-
plement set consisting of 350 samples (10 speakers ×
35 samples) gives the best performance.

Fig. 4b shows the results according to the num-
ber of speakers for the ETRI database. Greedy se-
lection is also used for the proposed method which
shows the best performance in Fig. 4a. Other nor-
malization methods, except MFCC and AFE, are
removed in Fig. 4b for simplification. The results of
other normalization methods are equivalent to those
in Fig. 4a. These results also show better perfor-
mance than the conventional feature normalization
methods when the supplement set has a number of
features between 300 and 500.

Table 1 shows the relative error reductions ob-
tained by the proposed methods with their best per-
formance as shown in Figs. 3a and 4a.

Figs. 5a and 5b show the results when the test
utterances are limited to 1.5 s in each database.

Table 1 Relative error rate reductions when the
proposed methods have the best performance in the
YOHO database (Fig. 3a) and the ETRI database
(Fig. 4a)

Method
Relative error reduction rate (%)

YOHO ETRI

MFCC 37.84 29.06
CMN 19.64 45.88
MVN 21.98 41.83
CHEQ 23.98 49.98
OHEQ 26.58 45.42
AFE 17.24 21.12
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Fig. 4 Speaker identification error rates of the pro-
posed method in the ETRI database: (a) according to
the size of the supplement set of 10 speakers; (b) using
greedy selection according to the number of speakers

A duration of 1.5 s is the shortest duration of the
databases. We restrict the duration of test utter-
ances and evaluate the proposed method. In Figs. 5a
and 5b, our proposed method using greedy selection
has shown the best performances in both databases.
In both cases good performances have been obtained
when the supplement set has 300–400 samples.

Figs. 6a and 6b show the results of the
proposed method with the weight coefficients applied
for Eq. (31). We evaluate with three values of weight
coefficients (α, β), i.e., (0.75, 0.25), (0.50, 0.50), and
(0.25, 0.75). α and β denote the weight coefficients
of the supplement set and a test utterance, respec-
tively. Three types of conditions have shown almost
identical speaker identification performances when
the proposed method using greedy selection is used.
However, the difference of coefficients changes the
quantity necessary for the supplement set. It shows
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Fig. 5 Speaker identification error rates of the pro-
posed method according to the size of the supplement
set with 10 speakers using test utterances with lim-
ited duration of 1.5 s in the YOHO database (a) and
the ETRI database (b)

a slightly better performance when α = 0.5 and
β = 0.5.

Now we give an analysis on how the method is
affected by the input sample size. Figs. 7a and 7b
show the performance plotted against the input sam-
ple size to see whether our proposed method breaks
down at some sample sizes. We choose the supple-
ment set of 350 samples (10 speakers × 35 samples)
which show the best performances in Figs. 3a and 4a.
The test utterances are merged and divided into spe-
cific durations (2.5, 3.0, 3.5, 4.0, 4.5, and 5.0 s) in
the feature space. Our proposed method shows bet-
ter performances than the other methods when the
test utterances have a longer duration than 2.5 s.
The results show that the proposed methods will not
fail for longer utterances.

Fig. 8 shows the distributions of the first
dimension of MFCCs of the supplement set
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Fig. 6 Speaker identification error rates of the pro-
posed method with the weights applied using greedy
selection according to the size of the supplement set
of 10 speakers in the YOHO database (a) and the
ETRI database (b)

consisting of 350 samples (10 speakers × 35 sam-
ples). Fig. 8a–8d are the distributions of UBM, the
supplement set using greedy selection, the supple-
ment set using K-means, and the supplement set of
fuzzy C-means, respectively. The greedy selection
and K-means methods properly extract supplement
samples according to the density of the distribution
of UBM, whereas fuzzy C-means extracts narrowly
distributed supplement samples. Greedy selection
extracts more widely distributed supplement sam-
ples from UBM than K-means. We can interpret the
results as indicating that the method explaining the
entire distribution of UBM, which represents the en-
tire acoustic feature space, affects the performance
of the proposed methods.

5.2 i-vector normalization

Fig. 9 shows the entire system flows using i-
vectors, which is the state-of-the-art feature for
speaker recognition. The system has online and
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Fig. 7 Speaker identification error rates of the pro-
posed method with the fixed size of the supplement
set in the longer utterances of the YOHO database
(a) and the ETRI database (b)

offline steps. The offline step is composed of rank
normalization, length normalization, and PLDA pa-
rameter estimation. In the rank normalization step,
we perform K-means to collect centroids of the entire
background set. In the acoustic feature space, greedy
selection shows the best performance. However, the
method is limited by data scarcity. Therefore, K-
means is performed in the entire background i-vector
set, because only one i-vector is extracted from an
utterance, whereas many acoustic features are ex-
tracted from one utterance. Therefore, instead of
greedy selection, K-means is performed in the entire
background i-vector set. Then, we use rank normal-
ized i-vectors to estimate parameters of length nor-
malization. Length normalization is performed with
estimated parameters and followed by PLDA param-
eters estimation. In the online step, target and test
i-vectors are normalized by rank normalization and
length normalization processes consecutively. Then,
the i-vector system processes the PLDA scoring and
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Fig. 9 Speaker verification system flow of the proposed method for i-vector normalization (PLDA: probabilistic
linear discriminant analysis)

score normalization steps. Finally, the i-vector sys-
tem makes a speaker verification decision.

5.2.1 Baseline setup

We use 50-dimensional MFCCs parameters
(19 MFCCs, 19Δ, 11ΔΔ, and ΔE) from a pre-
emphasized speech signal every 10 ms using a 25
ms Hamming window. The extracted features are
subjected to an energy-based silence removal pro-
cess and are applied to cepstral mean and variance
normalization (MVN). We use a gender-dependent
UBM containing 512 Gaussian components. The
UBM is trained using the NIST 2004 speaker
recognition evaluation (SRE) corpus. We use a

gender-dependent total variability matrix and a to-
tal variability subspace of 400 dimensions. The total
variability matrix is trained using NIST 2005 SRE
and Switchboard II phases 1, 2, and 3.

The linear discriminant analysis (LDA) matrix
and the probabilistic LDA (PLDA) parameters are
trained using the same corpora used in the total vari-
ability matrix training. By using a trained 400 × 200
gender-dependent LDA matrix, 400-dimensional raw
i-vectors are projected to 200-dimensional i-vectors.
A speaker variability subspace of 200 dimensions is
used for the PLDA based system.

For evaluation of the proposed method, we use
the male part of the telephone conditions (det 6
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and det 7) of the short2-short3 condition of NIST
2008 SRE. The i-vectors in the experiments are 200-
dimensional LDA-projected i-vectors. We use the
PLDA classifier with LDA-projected i-vectors as the
baseline. S-norm is used for score normalization
(Kenny, 2010). The i-vector platform is based on
the ALIZE 3.0 open source platform (Larcher et al.,
2013).

5.2.2 Experimental results

We apply length normalization methods such
as eigen factor radial (EFR) and spherical nuisance
normalization (SphNorm). The parameters of the
length normalization methods are estimated using
the same corpora as in PLDA training. We per-
form length normalization with two iterations. Our
proposed method is performed with K=500 and
K=1000, where K denotes the number of centroids
of the K-means.

Table 2 shows the experimental results. ‘Base-
line’ denotes the standard i-vector/LDA/PLDA sys-
tem. EFR and SphNorm denote the standard i-
vector/LDA system, followed by EFR and SphNorm-
based PLDA processing, respectively. ‘Rank norm’
denotes an i-vector performed by LDA followed by
rank normalization. ‘Proposed’ denotes the pro-
posed method instead of rank normalization. We
obtain 10.3% and 4.23% improvements in the rel-
ative equal error rates (EER) for the det 6 condi-
tion compared to the baseline system with EFR and
the rank norm with EFR, respectively. We also ob-
tain 17.7% and 0.3% improvements in the relative
EER for the det 7 condition compared to the base-
line system with EFR and the rank norm with EFR,
respectively. In the det 7 condition, we do not ob-
tain significant improvements. However, we obtain
performance that is comparable to that of a large
background set. The proposed method has a com-
putational advantage when the proposed system es-
timates the rank of an input i-vector, because the
size of the reduced background set is much smaller
than the size of the original background set which
has 21 391 utterances used in the rank norm. Rank
estimation with the large background set of an input
i-vector is a time-consuming task. However, our pro-
posed method uses a small background set that can
reduce the processing time.

Table 3 shows the processing time for 100
utterances. We obtain 92.6% and 91.7% relative re-

Table 2 Results of the male set evaluated on the dets 6
and 7 conditions of the NIST 2008 SRE short2-short3
condition

Method
EER DCF

det 6 det 7 det 6 det 7

Baseline 5.95% 2.93% 0.0353 0.0180
+ EFR 5.61% 2.79% 0.0329 0.0154
+ SphNorm 5.85% 2.91% 0.0332 0.0158

Rank norm 5.97% 2.95% 0.0351 0.0169
+ EFR 5.25% 2.31% 0.0295 0.0158
+ SphNorm 5.39% 2.31% 0.0301 0.0157

Proposed (K=500) 5.50% 2.91% 0.0326 0.0161
+ EFR 5.14% 2.71% 0.0279 0.0151
+ SphNorm 5.11% 2.30% 0.0282 0.0154

Proposed (K=1000) 5.68% 2.75% 0.0329 0.0159
+ EFR 5.03% 2.55% 0.0276 0.0154
+ SphNorm 5.13% 2.48% 0.0281 0.0158

The numbers in bold represent the best performance achieved
by the combining methods

ductions of the processing time with the proposed
method with K=500 and K=1000, respectively. The
processing time of each method is measured in a sin-
gle thread with a 2.5 GHz Xeon CPU using Python
2.7.3 on Ubuntu 12.04.

Table 3 Processing time of 100 utterances of the rank
normalization and the proposed method

Method Processing time (s)

Rank norm 8.378
Proposed (K=500) 0.621
Proposed (K=1000) 0.691

6 Conclusions

We have proposed a novel approach to HEQ
using a greedy selection algorithm. The greedy se-
lection algorithm is generally used to select a set of
samples that can represent the entire set with a re-
duced number of samples. In the proposed method,
we used the samples obtained from the UBM train-
ing set by applying the greedy selection algorithm to
estimate a robust cumulative distribution function.
The experimental results demonstrate the variation
in the system performance according to the num-
ber of samples selected and the number of speakers.
The system performance was evaluated in the Opus
codec environment. The results showed that the sys-
tem performance was improved when the proposed
method was used with the GS, KM, and FCM al-



Kim et al. / Front Inform Technol Electron Eng 2017 18(5):738-750 749

gorithms, as compared to the conventional feature
normalization methods and AFE. Good performance
was achieved with the proposed method when the
supplement set consisted of 10 speakers and had 20–
40 sample vectors. The number of sample feature
vectors of the test utterances ranged from 150 to 250.
We observed similar performance when the number
of speakers was increased from 10 to 30. We could
improve the system with state-of-the-art i-vector fea-
tures by using the proposed method.

The method we propose suffers from two inher-
ent limitations. On the one hand, it adopts a ‘bag-
of-frames’ representation while equalizing a speech
utterance. On the other hand, it is not feasible for
real-time or online processing because of the ‘look
ahead’ that would be required. The former is an in-
herent limitation of speaker recognition using Gaus-
sian mixture models, because the models do not con-
sider the temporal relationships of the frames. The
latter can be overcome by using short windows of
frames that are long enough to take advantage of
the proposed methods, although the response time
is not critical because our goal is to focus on short
utterances that take short processing time.

In further work, we plan to use a few well-
practiced nonparametric density estimation algo-
rithms that can also be used to facilitate accurate
estimation of feature distributions. We also plan to
find a method to determine the optimal size of the
supplement set to decrease the recognition time, and
find a correlation with the system performance and
the distribution of the supplement set.
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