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Abstract
In this work we present a speaker verification system based
on 4 broad phonetic categories: vowels+diphthongs, fricatives,
glides+nasals, and silence+stops. Using these categories sep-
arately, it is observed that vowels, diphthongs, and fricatives
are the most important categories for speaker verification. This
observation confirms the results from the analysis of speaker
and channel variability in speech. Using NIST speaker verifica-
tion evaluation data, the performance of the phone based system
is compared with the conventional speaker verification system
based on Gaussian mixture model (GMM). The results show
that the phone-based system outperforms the conventional sys-
tem specifically when there is channel mismatch between train-
ing and testing data.

1. Introduction
Speaker verification is a process of verifying the identity of the
speaker based on his/her speech. In text-independent speaker
verification, different text can be used for training and testing.
Phone-based speaker verification is performed in many stages.
In the first stage, a sequence of phones is estimated from a given
utterance using a speech recognition system. Then speaker ver-
ification is performed separately for each phone to obtain a ver-
ification score. The score for each phone is weighted according
to the importance of the phone for speaker verification. The
final verification result is obtained by combining the weighted
results from all phones.

The main problem with the phone-based system has been
that, the sequence of phones can not be accurately estimated us-
ing a simple speech recognition system. This problem has been
addressed in several ways. Some researchers [1, 2, 3] have used
a small set of broad phonetic categories assuming that phones
with a category are equally important for speaker verification.
Others [4] have used a complex state-of-the art speech recogni-
tion system. In this work, we have used the first approach.

Among the previous work, Gupta and Savic [1] have used
four broad phonetic categories - voiced, fricative, nasal, and
plosive - in their system. The speech recognition was performed
in two steps. First, N state auto-regressive hidden Markov
model (HMM) was trained using the input utterance and the
trained HMM was used to segment the utterance into different
states. The state means were then associated with one of the
broad phone categories using rule-based approach. The speaker
verification was performed using class-specific features and fi-
nal score was obtained by a weighted combination of results
obtained using vowels, fricatives and nasals. It was concluded
that for the speaker recognition task, plosives are least effective
whereas the voiced phones and fricatives are the most effective
broad classes. Same microphone was used for training and test-
ing in this work. The size of the database was also rather small.

Parris and Carey [2] used HMMs for speaker verification
too. They showed that the log-likelihood ratio can be used to
characterize speaker discriminating ability of phones. In their
system, speech recognition was performed using speaker inde-
pendent sub-word models. The log-likelihood ratio between the
speaker independent model and the claimed speaker model was
used for speaker verification. It was concluded that a subset
of phones - front vowels, voiced fricatives and nasals - out-
performs the complete set of phones on the text-independent
speaker recognition task. However, the database used for these
experiments was collected over the same telephone line and the
size of the test database was rather small.

Koolwaaij and de Veth [3] reported speaker verification re-
sults on NIST 1998 evaluation data that is larger than the ones
used in previous works. They used vowel, fricative, plosive,
nasal, liquid and silence as broad categories. These categories
were obtained using a speech recognition system trained on an
independent database. Speaker verification results were ob-
tained independently for each category. The difference in the
performance for broad categories was attributed to their longer
duration and frequent occurrence. The combination of the pro-
posed system and the baseline system was shown to give a sig-
nificant improvement. However, the comparison of the system
with a state-of-the-art speaker verification system [5] was not
done.

In our previous work [8] the phone specific speaker and
channel variability was studied using analysis of variance
(ANOVA). We showed that vowels, diphthongs, nasals and
fricatives are the most important categories for speaker verifi-
cation. In this work we verify these results using a speaker veri-
fication system based on 4 broad phonetic categories. Section 2
describes the results of the analysis of variance (ANOVA). Sec-
tion 3 describes two SPVER systems : 1) baseline system using
Gaussian mixture models (GMMs) [6], and 2) the phone-based
system using HMMs. Section 4 describes the database and fea-
tures used in these experiments. The results are described in
Section 5 which show that the phone based system outperforms
the GMM-based system with the same model complexity. We
conclude the paper with the summary of results in section 6.

2. Estimation of phone specific speaker and
channel variability

Speech is primarily used to convey linguistic information. How-
ever, it also contains other sources of information like speaker
and communication channel (telephone handset and telephone
line). Here linguistic information refers to variability in the lan-
guage due to different phones. Speaker and channel informa-
tion refer to variation in speech signal introduced by different
speaker and channel characteristics respectively. In our pre-
vious work [8], we used ANOVA to estimate the speaker and
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channel variability for different phones. Figure 1 shows the re-
sults of the analysis for the broad categories. It shows that vow-
els, diphthongs, nasals and fricatives contain the highest amount
of speaker variability. Stops show the lowest amount of variabil-
ity for different speakers. In this work, we have verified these
results using speaker verification experiments. The verification
systems used in the experiments are described in the following
section.
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Figure 1: The phone-specific speaker and channel variability.
Solid line represents the speaker variability and dotted line rep-
resents the channel variability.

3. Speaker Verification systems
Figure 2 shows the block diagram of the speaker verification
system used in this work. SI model refers to speaker indepen-
dent model. This model is obtained from a large amount of
speech data from different speakers. SD model refers to speaker
dependent model. It is obtained by maximum-a-posteriori
(MAP) adaptation the SI model. Only the means of the Gaus-
sian components were adapted as follows.

m
sd

i = � �m
si

i + (1� �) �m
X

i ;

where m
sd

i is the i
th component of the adapted mean of the

speaker model, msi

i is the corresponding mean of the SI model,
m
X

i is the mean estimated from the training data, and � is the
adaptation factor. During testing, the log-likelihood of the utter-
ance - also referred as score - is calculated with respect to the SI
(LLSI) model and the SD (LLSD) model of the claimed speaker.
The difference between SD score and SI score is compared with
a threshold to validate the identity of the claimed speaker.

3.1. GMM-based system (baseline system)

Gaussian mixture model is a well known statistical technique
for modeling the data. It has been shown that an arbitrary distri-
bution can be modeled using sufficiently large number of mix-
tures. The log-likelihood of the d-dimensional data X = fxtg

for a given GMM � is estimated as follows,

log p (X=�) =

X

t

log p (xt=�)

where xt is a data vector at time t, and

p (xt=�) =

X

i

wi � p (xt=�i)

Figure 2: Block digram of the speaker verification system used
in this work
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;

and �i is the ith component of the mixture characterized by
mean, mi; covariance, �i; and weight, wi.

GMM has been shown to be very effective in speaker recog-
nition [5]. In this work, 256 component GMM was used. In
SI model training, these components were fitted to the data as
follows. First the data were divided into 256 bins using LBG
method [9]. Then the means and covariances were re-estimated
using Expectation-Maximization (EM) [10] algorithm.

As mentioned before, SD models were derived from SI
models using MAP adaptation and only means of the SI model
were adapted. During testing, 5 top scoring components were
recorded for each frame using SI model. These components
were used to estimate the likelihood of the data with respect to
the SI and SD models.

3.2. Phone-based system

The choice of phone categories was based on two reasons. First
it was observed that the phones within each broad category con-
tain similar amount of speaker and channel variability [8]. Sec-
ond, the broad categories can be recognized more accurately
(65%-75% accuracy) than the phones (45%-55%) using a sim-
ple speech recognition system.

In this work, we used 4 broad phonetic categories- vow-
els+diphthongs, fricatives, glides+nasals, and silence+stops - in
the speaker verification system. Each phone category was mod-
eled as hidden Markov model (HMM) using HTK toolkit [11].
HMM is widely used for modeling phonetic units in continu-
ous speech recognition [12, 13]. It is an extension of Markov
model technique. Markov models use states and inter-state tran-
sitions to model a sequence of observations where the transition
between states is modeled using the transition probability ma-
trix. In each state, the distribution of features is modeled us-
ing a mixture of Gaussians. Markov models assume that the
sequence of states is known and only the probability of obser-
vations within each states is trained. HMMs do not make this
assumption about the sequence of states and during training the
sequence of states needs to be estimated too.

HMMs are described using a triplet � = (A;B; �) where
A = faijg is the state-transition probability matrix, B =

fbj(k)g is the probability distribution within each state, � =

f�ig is the initial state distribution, i and j are a state indices,



Figure 3: Comparison between GMM and HMM. Circles rep-
resent states which contain mixture of Gaussians. Small hats
represent Gaussians. Loop for a state is the probability of re-
maining in that state and line between states is the transition
probability between states.

and k is number of components per state. In this work, we
have used 1-state, multi-component HMM, i.e., i = j = 1 and
k = 1; 2; ::; N where N is the number of Gaussian components
in a state. The probability of the d-dimensional data vector, xt
with respect to a mixture in a state is given by

p (xt=bj) =

X

k

ck � p (xt=bj(k)) ;

where bj(k) is defined similar to �i and ck is similar towi from
the GMM equation set.

The phone labels for speaker independent model training
data were obtained from the Center for Language and Speech
Processing at Johns Hopkins University. Using these labels,
HMMs for different categories were initialized by Forward-
Backward algorithm [13]. The initialized models were re-
estimated using Baum-Welsh algorithm to maximize the like-
lihood of the data with respect to each category. In the last step,
all the phone models were modified simultaneously to maxi-
mize the likelihood of the whole utterances using embedded re-
estimation algorithm [14].

The training data for the speaker models were labeled using
the SI model, Forward-Backward algorithm and Viterbi decod-
ing. For decoding, a simple grammar was used – any category
can follow any other category. Using the labels, phone mod-
els for each speaker were derived from the SI phone models.
During testing, the utterance was labeled using the SI model.
The likelihood of the data with respect to the categories was es-
timated separately. These likelihoods were merged depending
upon the type of the experiment.

3.3. Comparison of the two systems

The components of the GMM can be related to a sub-phone
class. However, there are significant differences between sub-
phone HMM and Gaussian component. Firstly GMM assumes
that the consecutive frames are independent. This means that
it does not model any temporal information. It does not model

the duration of the units either. HMM models the sequence in-
formation across states but within a state the observation are
assumed to be independent (Note that GMM can also be con-
sidered as a 1-state HMM (see Figure 3).). The recognition pro-
cedure is very simple for GMMs as the recognition can be per-
formed using only the given frame. For HMMs, the decision
about any frame is based on the likelihood whole utterance and
Viterbi algorithm used in recognition is computationally expen-
sive.

4. Experimental Setup
In these experiments, NIST 1996 speaker verification develop-
ment data was used for training the SI model. The data con-
tains conversations from Switchboard-1 corpus. For training,
we have used 2 minutes of data from 40 male and 40 female
speakers.

For the SD model training and testing, we used 1999 and
2000 NIST speaker verification evaluation data. This contains
conversations from Switchboard-2 corpus. The 1999 evalua-
tion data consists of 539 speakers ( 230 males + 309 females )
and 2000 evaluation data consists of 1003 speakers ( 457 males
+ 546 females ). In both cases, approximately 2 minutes of
data was used for training the speaker models. For testing, we
used 37620 trials (all the durations) from 1999 evaluation data
and the 47797 trials of 15-45 s duration from 2000 evaluation
data for the experiments. We analyzed the results under two
conditions: 1) when the same handset type is used for training
and testing (referred as TELOUT condition) and 2) when dif-
ferent handset types are used for training and testing (referred
as HSTOUT condition).

Twenty three Mel frequency cepstral coefficients (MFCCs)
were used as features in our experiments. They were estimated
using 25 ms speech segment. The adjacent segments were over-
lapped by 15 ms. As the utterances were recorded over tele-
phone line, 19 filter-banks in the range of 300 Hz - 3300 Hz
were used to compute the spectrum. The logarithm of spec-
trum was computed and it was projected on 19 discrete cosines
to obtain MFCCs. First cepstral coefficient (C0) was ignored
as it is shown be sensitive to the channel variability. The long
term mean over the utterance was removed from each trajectory
too, as it is also shown to be sensitive to the channel distortions.
Finally delta coefficients were calculated using these features
over a 5 frame window and were appended to MFCCs resulting
in a 36 dimensional feature vector. We empirically observed
that variance normalization of each cepstral coefficient gives
best results for the phone based system and whitening [15] of
the cepstral features gives the best results for the GMM-based
system. Hence system specific feature normalization technique
was used.

5. Results
The results are presented in terms of ROC curves and equal er-
ror rate (EER) points. This statistics is estimated as follows.
During testing, each file was compared with 11 punitive speak-
ers. For each file, the identity of the target speaker was provided
by NIST after the evaluation. Using this information the scores
for target and imposter speakers were segregated. These scores
were sorted and the each score value was used as a threshold.
At each step, the false acceptance FA and the false rejection FR
probabilities were calculated. The resulting curve of FA verses
FR is called an ROC curve. The EER point on this curve rep-
resents FA = FR (denoted by a cross on ROC curve). Note



Table 1: Comparison of equal error rate (EER) using differ-
ent broad phone categories. 1=silence+stops, 2=glides+nasals,
3=vowels+diphthongs and 4=fricatives. Note that the combina-
tion (3 4) with 128 component mixture performs comparable to
the complete system with 256 component mixtures.

Broad %EER Gaussian
Phone TELOUT HSTOUT Components

Category Condition Condition
1 22.8 30.9
2 18.4 26.8
3 17.2 24.3 64
4 16.7 23.7

1 2 18.0 25.9
1 3 17.4 25.7
1 4 17.9 26.0 128
2 3 15.5 23.5
2 4 15.2 23.1
3 4 14.0 21.3

1 2 3 15.5 23.4
1 2 4 15.7 23.6 192
1 3 4 15.4 22.7
2 3 4 14.0 22.3

1 2 3 4 14.3 21.9 256

that EER weights both the probabilities equally. NIST penal-
izes FA more than FR and the corresponding optimal point is
represented by a circle on ROC curve.

5.1. Verification using broad phonetic categories

Table 1 shows the speaker verification results using the four
broad categories. It shows that fricatives performs better
than glides+nasals in both TELOUT and HSTOUT conditions.
Fricatives also perform comparable to vowels+diphthongs. This
surprising result was attributed to under-fitting of the 1 state, 64
component HMM for the vowels+diphthongs category, which
has approximately twice the data as fricatives. This conclusion
was verified by increasing the components of HMM from 64 to
128. With new models, it was observed that vowels+diphthongs
outperformed the fricatives category. Note that these results are
in agreement with the results based on ANOVA (see section 2).

Table 1 also shows the results obtained by combining dif-
ferent phonetic categories. The combination of silence+stops
with other categories does not change their individual perfor-
mance. Combination of glide+nasals and vowels+diphthongs
gives similar results as combination glide+nasals and fricatives.
The best results are obtained using vowels, diphthongs and
fricatives categories. Adding silence+stops to this degrades the
performance and adding glides+nasals to this combination does
not improve the performance further. Note that the combina-
tion of vowels+diphthongs and fricatives with 128 components
performs comparable to the complete system with 256 compo-
nents.

5.2. Comparison of the SPVER systems

For these experiments we used gender dependent SI models.
The phone-based system was modified based on the results of
the previous experiment. Vowels and diphthongs were modeled
using 128 component HMM. The remaining categories were
modeled using 1-state, 64 component HMMs. While testing,
the likelihood for silence and stops category was excluded from

the calculation of likelihood of the utterance.
Figure 4 shows the performance of the phone-based system

and GMM-based system on the NIST speaker verification eval-
uation tasks. It shows that the phone-based system outperforms
the GMM-based system in both TELOUT and HSTOUT con-
ditions. For 2000 evaluation task, EER for phone-based system
was 11.8 % and 17.9 % and for baseline system was 12.6 % and
22.4 % for TELOUT and HSTOUT conditions respectively. For
1999 evaluation task, EER for phone-based system was 10.2 %
and 18.8 % and for baseline system was 12.5 % and 26.2 % for
TELOUT and HSTOUT conditions respectively.

The performance improvement using the phone-based sys-
tem is attributed to two factors. First, note that both GMM-
based and phone-based systems ignore around 30% of the test
data. But the fraction of frames ignored within each category
is different in two systems. The GMM-based system uses en-
ergy based speech-silence segmentation and ignores the frames
with low energy. Therefore GMM-based system would ignore
unvoiced fricatives but would use voiced stops during testing.
The phone-based system performs the speech-silence segmen-
tation by ignoring the silence+stops category. Therefore it uses
both the voiced and unvoiced fricatives for testing and ignores
both voiced and unvoiced stops. Our experiments have shown
that ignoring the unvoiced fricatives degrades the performance
of the phone-based system.

Second factor is about the modeling. It has been shown
that there is an overlap between glides and vowels in the feature
space. In GMM-based system, the Gaussian components in the
common space are shared by both the categories. The phone-
based system, however, would model the common space twice;
once for each category. This might be a suboptimal strategy
as far as modeling is concerned. But the speaker information
represented by two categories might be different and a separate
modeling of these categories might be beneficial for the SPVER
task.

6. Conclusions
In the previous work, speaker and channel variability in 6 broad
phonetic categories - vowels, diphthongs, fricatives, glides,
nasals and stops was analyzed using ANOVA. The results
showed that vowels, diphthongs, nasals, and fricatives contain
the most useful speaker variability. The stops were observed to
vary the least across different speaker variability.

Based on these results, we designed a speaker verifi-
cation system that uses 4 broad phonetic categories: vow-
els+diphthongs, glides+nasals, fricatives, and silence+stops.
We compared the performance of each phonetic category us-
ing NIST speaker verification evaluation data. The results show
that vowels and diphthongs are the most useful categories for
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Figure 4: (a) Eval 99 performance and (b) Eval 00 perfor-
mance. Cross indicates EER points where FA=FR. Note that
phone-based system outperforms the GMM-based system in
both TELOUT and HSTOUT conditions.

speaker verification and silence and stops are the least important
categories. These results confirm our conclusions from the anal-
ysis of phone specific speaker and channel variability in speech.
They also agree with the previous phone-based speaker verifi-
cation results [1, 2, 16, 3].

The speaker verification system was modified based on
these results. The category of vowels and diphthongs was mod-
eled using 1 state, 128 component HMM and 1 state, 64 compo-
nent HMM was used for the other categories. The silence and
stops category was ignored during testing phase. This system
was compared with the 256 component GMM-based system on
the 1999 and 2000 NIST speaker verification evaluation tasks.
Note that both the systems used same number of components
in testing. Both systems also ignored approximately 30 % of
the data - GMM based system uses energy-based threshold and
phone-based system ignores stops+silence category. The results
showed that the phone-based system outperforms the GMM
based system in both TELOUT and HSTOUT conditions.
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