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Abstract
Speakers with velopharyngeal incompetence produce hyper-
nasal speech across voiced elements. Acoustical study [1] on
hypernasal speech and nasalized vowels of normal speakers re-
vealed the fact that there is an additional formant frequency in-
troduced in the low-frequency region, close to the first formant
of the phonations /a/, /i/, and /u/. Based on this observation, in
the current study, the focus is given to the low-frequency region
alone, by low-pass filtering the speech signal. From each frame
of the given speech signal, a three dimensional feature vector,
which comprises of the locations of first two highest frequency
peaks in the group delay spectrum and the ratio of the group
delay of these frequencies, is extracted. An Accumulated Min-
imum distance classifier and a Maximum likelihood classifier
are trained for each of the phonations separately, and tested to
make a decision between normal and hypernasal speakers. For
the current study, phonations /a/, /i/, and /u/ uttered by 45 speak-
ers with cleft palate who are expected to produce hypernasal
speech, and phonations of 26 normal speakers are considered.
Results show that the presence of hypernasality in speech can
be detected with 85% of accuracy using the statistical classi-
fiers which use the proposed three dimensional feature vector.

1. Introduction
Speakers with a defective velopharyngeal mechanism, produce
speech with inappropriate nasal resonances across voiced ele-
ments. From the literature it is found that researchers have de-
veloped algorithms to detect hypernasality by analyzing speech
of hearing impaired, synthesized hypernasal speech and nasal-
ized vowels. Stevens et al. [2] in their discussion on assessment
of nasalization in the speech of deaf children, took peak nasal
output as a measure to detect hypernasality. Marilyn Y. Chen
[3] has performed acoustic analysis of speech of hearing im-
paired children and nasalized vowels of normal-hearing speak-
ers. From the acoustic analysis, he has observed an extra peak
between the first and second formants. He claims that the differ-
ence between the amplitude of the first formant and amplitude
of the extra peak is a promising measure of nasality. Cairns et
al. [4] have proposed Teager energy operator for the detection
of hypernasality. The difference between low-pass filtered and
band-pass filtered Teager Energy profile of nasalized speech is
computed and quantified using correlation coefficient between
two profiles. A likelihood ratio is computed for the correlation
to discriminate normal and hypernasal speech.

The acoustic analysis on hypernasal speech, nasalized vow-
els of normal speakers and perceptual study have shown an ad-
ditional nasal frequency around 250 Hz gets introduced into the
resonances for the phonations /a/, /i/, and /u/ [1]. This extra for-
mant frequency introduced due to oral-nasal coupling is an im-
portant cue for the detection of hypernasality. Hence the region

of interest in the spectrum, for the detection of hypernasality
is the low frequency region. Based on this observation, for the
current study the speech signal is low-pass filtered with cutoff
frequency of 800 Hz.

The present study is carried out with the phonations of 45
speakers with cleft palate who are expected to produce hy-
pernasal speech and 26 normal speakers. Modified group de-
lay spectrum for the filtered speech signal is computed. The
spectrum of hypernasal speech shows an additional frequency
around 250Hz (F1) and there are only ripples for the normal
speech around that region. The actual formant frequency (F2)
in the low frequency range is also extracted and the correspond-
ing group delay are computed. Since the ratio of group delay of
F1 to F2 shows significant difference between normal and hy-
pernasal speech, the group delay ratio is taken as a third feature
apart from F1 and F2 for the detection of hypernasality.

Using the 3 features F1, F2 and the ratio of group delay of
F1 to F2, an accumulated Minimum Distance Classifier (MDC)
based on Vector Quantization (VQ) is trained and tested. As the
accumulated MDC takes only the actual values of the features
the influence of group delay ratio which has relatively smaller
values is not captured. The significance of group delay ratio is
realized using Maximum likelihood Classifier (MLC) based on
Multivariate Gaussian Mixture Model (GMM) which takes the
likelihood of the features which are normalized to 1, rather than
the actual values.

For the current study the accumulated MDC and the MLC
are trained and tested by varying the number of training speak-
ers and also by changing the number of mixtures for a given set
of training speakers, and the performance is analyzed.

The rest of the paper is organized as follows. The follow-
ing Section describes the feature extraction procedure. Section
3 presents a brief description of Minimum Distance Classifier
and results. In Section 4, the Maximum likelihood classifier is
described and the performance is analyzed.

2. Feature Extraction
Acoustic analysis on hypernasal speech and nasalized vowels of
normal speech revealed the fact that there is an additional fre-
quency introduced in the low frequency region close to the first
formant for the phonations /a/, /i/, and /u/ [1]. The additional
frequency is not resolved using conventional formant extraction
techniques like Linear Prediction, Cepstrum smoothing tech-
niques due to influence of adjacent poles and poor frequency
resolution. The poor resolution can be overcome by group de-
lay based formant extraction technique [5]. The acoustic anal-
ysis revealed the region of interest to be low-frequency range
in the spectrum. Moreover the influence of adjacent poles can
be overcome by filtering the speech signal. Combining these
two facts, the speech signal is low-pass filtered with a linear
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phase FIR filter with a cutoff frequency of 800Hz around the
first formant frequency of the phonations /a/, to have common-
ality between all the 3 phonations. The formant frequencies are
extracted from the filtered speech signal using modified group
delay function based formant extraction technique [5].

The group delay function can be computed directly from
the signal using the following equation [5].
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where � � � � , � � � � are the N-point DFTs of the sequences' � ) � and ) ' � ) � . The subscripts R and I denote the real and
imaginary parts, respectively. The denominator is the magni-
tude spectra derived from cepstrum smoothing technique. If the
numerator and the denominator are raised to the power of + and
the denominator is raised to the power of , , the group delay
function is called modified group delay function [5].

From the group delay spectrum, the first (F1) and the sec-
ond (F2) highest frequency peaks are extracted. For the hyper-
nasal speech, F1 is the additional formant frequency introduced
into the spectrum of vowels due to velopharyngeal incompe-
tence or insufficiency (refer Figure 1 (a)).
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Figure 1: Group delay spectra of (a) a hypernasal speaker show-
ing an additional frequency around 250Hz for the phonation /a/,
and (b) a normal speaker showing ripples around 250Hz for the
phonation /a/.

But in the case of normal speech F1 is a small peak or rip-
ple that is due to pitch harmonics in the low-frequency region
(refer Figure 1(b)). The F2 is the actual first formant frequency
corresponding to the phonations /a/, /i/, and /u/ for both normal
and hypernasal speech (refer Figure 1 and 2). For /i/ and /u/, as
the actual F1 itself is around 300Hz, they are slightly shifted.
For some hypernasal speakers, even for the phonation /a/, the
first formant frequency (here F2) is shifted (refer Figure 3).

Figure 2 and 3 describe the distribution of first and second
formant frequencies respectively, for 5 hypernasal speakers (+
sign) and normal speakers (dots). From Figure 2 it is observed
that F1 of hypernasal speech varies from 250Hz to 300Hz which
is the extra frequency due to oral-nasal coupling. But for the
normal speech, the F1 which is due to the pitch harmonics, are
distributed around 425Hz to 675Hz. From Figure 3 it is ob-
served that the F2, which is the actual first formant frequency

for both hyernasal and normal speech, is distributed between
500Hz and 800Hz. For all the five normal speakers, the F2
shows a confined distribution around 675 Hz. But in the case
of hypernasal speech, there is no such confinement and it varies
between speakers.
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Figure 2: Figure showing the distribution of F1 of 5 hypernasal
speakers (+ sign) and 5 normal speakers (dots) for the phonation
/a/
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Figure 3: Figure showing the distribution of F2 of 5 hypernasal
speakers (+ sign) and 5 normal speakers (dots)

It is also found that the ratio of group delay of F1 to F2
clearly discriminates hypernasal speech from normal speech.
Since F1 is due to additional nasal frequency introduced for hy-
pernasal speech, and is due to pitch harmonics in case of nor-
mal speech, the ratio of group delay corresponding to F1 to F2
will have a larger value for hypernasal speech and a very small
value for normal speech. Figure 4 describes a distribution of
the group delay ratio for 5 speakers. From the distribution of
the group delay ratio of the normal and hypernasal speech, a
threshold function can be derived as given below.
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From the Figures 2, 3, and 4, it can be observed that there
is some overlap between the two classes when each of the di-
mensions of the feature vectors is considered separately. But,
as a 3 dimensional feature vector, it can be noticed that the two
different classes are reasonably separated (refer Figure 5).
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Figure 4: Figure showing the distribution of ratio of group de-
lay of F1 to F2 of 5 hypernasal (circles) speakers and 5 normal
speakers (dots) for the phonation /a/
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Figure 5: A 3D figure showing the distribution of the feature
vectors F1,F2 and the ratio of gpd of F1 to F2 for 5 hypernasal
and normal speakers for /a/

Using the features extracted as described above, an accu-
mulated MDC is trained and tested by tuning the parameters
(training size and the codebook size) and is described in the fol-
lowing Section.

3. Minimum Distance Classifier (MDC)
The MDC is used to classify unknown data to classes which
minimize the distance between the data and the class in multi-
feature space. The distance is an index of similarity so that the
minimum distance is identical to the maximum similarity. For
the current study, the distance used is the Euclidean distance
which is defined as,
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In Equation 4,
� � �� � �

is the euclidean distance of the ith
cluster-center of the � th class, � �� is the ith cluster-center of the

� th class, and � is the unknown data (feature vector). Dur-
ing testing, for each frame, the Euclidean distances between the
test vector and the codewords in the codebooks are computed.
Among the distances of the all the codewords ( � ) the minimum

distance alone is considered, as given below.
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Similarly, the minimum distances are computed for the all
the frames ( � ) of the test speech signal, and these distances
are accumulated for each class ( � ). In the present work, the
number of classes is two, namely hypernasal, and normal. The
accumulated distance for kth class ( � � � ) is given by,

� � � �
��
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(6)

The decision ( � ! ) is made based on the following criterion:

� ! � # % ' � � �� � � � �
� � � � � (7)

The three dimensional feature vectors extracted from the
training data are clustered using K-means algorithm and tested
as explained above. For the current study, the MDC is trained
initially with 5,10 and 15 speakers’ speech data, each with
2 codewords (cluster centers) and tested with 30 hypernasal
speakers’ speech data and 11 normal speakers’ speech data.

Table 1 describes the performance of accumulated MDC for
the phonations /a/, /i/, and /u/ trained with 5,10 and 15 speak-
ers with codebook size of 2. Since the total number of normal
speakers considered for the study is 26, and hypernasal speakers
is 45, the training is stopped with 15 speakers to avoid biasing
towards hypernasality. In all the following experiments, testing
is not done for the phonation /u/ for the case of normal speech,
since the data was not sufficient. From Table 1 the performance
of MDC trained with 15 speakers is found to be better than the
others. To improve the performance, the codebook size is var-
ied from 3 to 5 for a training set of 15 speakers and the per-
formance is tabulated in Table 2. From Table 2 it is found that
there is slight improvement in the performance of accumulated
MDC with increase in codebook size.

Table 1: Performance of MDC trained with 2 codewords and
varying training size, for the phonation /a/, /i/ and /u/

Phone No. of spkrs Hyper Normal Overall

/a/ 5 21/30 9/11 30/41
10 22/30 7/11 29/41
15 22/30 8/11 30/41

/i/ 5 20/29 6/10 26/39
10 19/29 6/10 25/39
15 20/29 6/10 26/39

/u/ 5 19/27 - -
10 18/27 - -
15 19/27 - -

Among the 3 dimensional feature vectors taken for the de-
tection of hypernasality, i.e., F1, F2 and the group delay ratio
of F1 to F2, the group delay ratio is comparatively a very small
quantity. As accumulated MDC takes only the actual values
of the features, the influence of group delay ratio is not cap-
tured. To make the group delay ratio more significant, the fea-
tures should be normalized. For the current study, a Maximum
Likelihood Classifier (MLC) which takes only the probability
of occurrence (likelihood) of the feature rather than the actual
values, is trained and tested with hypernasal and normal speech
data and is described in the following Section.



Table 2: Performance table for VQ trained with 15 speakers for
the phonation /a/, /i/ and /u/

Phone Codebook size Hyper Normal Overall

/a/ 2 22/30 8/11 30/41
3 21/30 8/11 29/41
4 24/30 7/11 31/41
5 24/30 7/11 31/41

/i/ 2 20/29 6/10 26/39
3 17/29 8/10 25/39
4 18/29 8/10 26/39
5 22/29 8/10 30/39

/u/ 2 19/27 - -
3 19/27 - -
4 20/27 - -
5 20/27 - -

4. Maximum Likelihood Classifier (MLC)
In the current study, Maximum Likelihood (ML) parameter es-
timation method, based on iterative Expectation-Maximization
(EM) algorithm is adopted for classification of data modeled as
mixtures of multivariate Gaussian distribution. The MLC finds
the probability of occurrence (likelihood) of the features rather
than the actual values of the feature as in MDC. Hence the fea-
ture vectors are now normalized to 1.

The discriminant function for MLC with multivariate Gaus-
sian distribution (i.e., the probability density function of the test
feature vector � , for the ith mixture of the kth class) is given
by,
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(8)
The parameters are estimated using an iterative EM algo-

rithm. For the current study, the GMMs are trained for hyper-
nasal and normal speakers’ speech data separately. Initially, the
GMMs are trained with 5, 10, and 15 speakers’ speech data
each with 2 Gaussian mixtures with full covariance matrix and
tested with 30 hypernasal speakers’ speech data and 11 normal
speakers’ data. The discriminant function is calculated for the
test feature vectors frame-wise and accumulated for each class.
The test speaker is declared either as hypernasal or normal de-
pending upon the class with highest value of the discriminant
function and the results are tabulated (Table 3).

From Table 3, it is found that the performance of MLC
trained with 15 speakers and 2 Gaussian mixtures performs bet-
ter than the other training sets. To improve the performance
further, the number of mixtures are varied from 3 to 5 and the
performance is tabulated (refer Table 4). Comparing Table 2
and 4, it is found that MLC outperforms MDC.

5. Conclusions
The additional nasal frequency introduced into the vowels of
hypernasal speech due to velopharyngeal incompetence or in-
sufficiency is an important cue for the detection of hypernasal-
ity. The ratio of group delay of F1 to F2 is another feature
which shows significant difference between hypernasal and nor-
mal speech. Apart from these two features the second formant
frequency which is the actual frequency of the phonations are

Table 3: Performance table for MLC trained with 2 mixtures
and training speakers 5,10,15 for the phonations /a/, /i/ and /u/

Phone No. of spkrs Hyper Normal Overall

/a/ 5 21/30 10/11 31/41
10 25/30 8/11 33/41
15 25/30 8/11 33/41

/i/ 5 19/29 9/10 28/39
10 17/29 9/10 26/39
15 19/29 9/10 28/39

/u/ 5 19/27 - -
10 18/27 - -
15 19/27 - -

Table 4: Performance table for MLC trained with 15 speakers
for the phonation /a/, /i/ and /u/

Phone No. of mixers Hyper Normal Overall

/a/ 2 25/30 8/11 33/41
3 26/30 9/11 35/41
4 24/30 9/11 33/41
5 24/30 10/11 34/41

/i/ 2 19/29 9/10 28/39
3 16/29 8/10 24/39
4 22/29 9/10 31/39
5 24/29 8/10 32/39

/u/ 2 19/27 - -
3 18/27 - -
4 19/27 - -
5 21/27 - -

taken as feature vectors for the detection of hypernasality. With
these features accumulated MDC is trained and tested, but as it
takes only the actual values of the features, the significance of
group delay ratio is not captured. To overcome this problem,
MLC is trained and tested which takes the likelihood of the fea-
tures and outperforms MDC.
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