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ABSTRACT

Speakers with a defective velopharyngeal mechanism
produce speech with inappropriate nasal resonance. It is
of clinical interest to detect hypernasality as it is indica-
tive of an anatomical, neurological, or peripheral ner-
vous system problem. While clinical techniques exist
for detecting hypernasality, a preferred approach would
be noninvasive to maximize patient comfort and natu-
ralness of speaking. In this study, a noninvasive tech-
nique based on the Teager Energy operator is proposed.
Employing a proposed model for normal and nasalized
speech, a signi�cant di�erence between the Teager En-
ergy pro�le for lowpass and bandpass �ltered nasalized
speech is shown, which is nonexistent for normal speech.
An optimum classi�cation algorithm is formulated that
detects the presence of hypernasality using a measure of
the di�erence in the Teager Energy pro�les. The clas-
si�cation algorithm was evaluated using native English
speakers producing front and mid vowels. Results show
that the presence of hypernasality in speech can be re-
liably detected (94.7%) using the proposed classi�cation
algorithm.

1. INTRODUCTION

The speech communication process requires a trans-
lation of thoughts into spoken language. For a person
with an anatomic and/or neurological impairment, the
required vocal tract con�guration and/or excitation may
be compromised. The resulting speech will therefore be
of reduced quality. A speci�c example of a vocal tract
dysfunction that causes reduced speech quality, is that
of a defective velopharyngeal mechanism. Speakers with
this defect produce hypernasal speech (i.e., speech with
inappropriate nasal resonance) across voiced elements
(vowels). Since a defective velopharyngeal mechanism
and the corresponding hypernasal speech can be caused
by anatomical defects (cleft palate or other trauma),
central nervous system damage (cerebal palsy or trau-
matic brain injury), or peripheral nervous system dam-
age (Moebius Syndrome), it is important to be able to
detect hypernasal speech in a clinical setting.
Since hypernasal speech arises from inappropriate

nasal-oral coupling, researchers have attempted to use a
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nasal/oral ratio to detect hypernasality. Horii proposed
a measure of nasal coupling called the Horii Oral Nasal
Coupling index (HONC) [1]. A modi�cation of the mea-
surement technique[2], gave rise to another index called
the Nasal Accelerometric Vibrational Index (NAV I).
Another approach utilizing a nasal-oral ratio is employed
by an instrument dubbed NORAM (Nasal Oral RAtio
Meter), where one contact microphone is placed on the
alar wing of the nose while another is placed over the
lamina of the thyroid cartilage [3]. A third device using
a nasal-oral ratio is the Nasometer, based on the work of
Fletcher et al. [4]. The measurement apparatus consists
of a ba�e plate with microphones attached to the top
and bottom of the plate. Finally, the measurement of
pressure and 
ow values during the nonvocalic elements
(i.e. unvoiced consonants) has also been used to detect
hypernasality[5].
While the approaches discussed here are capable of de-

tecting hypernasality, each induces a somewhat arti�cial
speaking situation and is physically intrusive to some ex-
tent. In this study, an algorithm is proposed based on
the nonlinear Teager Energy operator and signal detec-
tion/estimation theory to achieve this goal.

2. ALGORITHM FORMULATION

Research studies have attempted to determine acoustic
cues for nasalization [6] which generally include (i) �rst
formant bandwidth increases and intensity decreases, (ii)
nasal formants appear, and (iii) antiresonances appear.
A model for normal speech is composed of formants at

various frequencies. This can be written as,

SNORMAL(!) =

IX
i=1

Fi(!) (1)

where Fi(!) is the ith frequency domain formant. In
contrast, nasalized speech is characterized by formants,
antiformants, and nasal formants,

SNASAL(!) =

IX
i=1

Fi(!)�

KX
k=1

AFk(!) +

MX
m=1

NFm(!) (2)

Research suggests that intensity reduction of the �rst
formant is a primary cue for nasality [6]. Therefore, (1)
and (2) can be rewritten to �lter out the higher formants.
The lowpass �ltered (LPF) equations reduce to,

SNORMAL�LPF (!) = F1(!) (3)



SNASAL�LPF (!) = F1(!)�

�KX
k=1

AFk(!) +

�MX
m=1

NFm(!) (4)

Here, the �ltered normal speech has a single component,
while the nasalized speech is multicomponent.
The multicomponent nature of the lowpass �ltered

nasalized speech can be exploited through the use of the
Teager Energy operator (TEO). The TEO was �rst used
by Teager in his work on speech production [7], and doc-
umented by Kaiser as [8]

	d[x(n)] = x
2(n)� x(n+ 1)x(n� 1): (5)

The TEO can be shown to be sensitive to multicompo-
nent signals. For multicomponent signals, the output of
the TEO is the TEO of each component plus cross terms.
While past speech studies using the TEO have employed
bandpass �ltering to avoid this cross-term property, we
chose to exploit it for nasalized speech. To illustrate this
property, the inverse Fourier transform of (3) and (4)
is taken and the TEO applied. The result for lowpass
normal and nasalized speech will be,

	d[sNORMAL�LPF (n)] = 	d[f1(n)] (6)

	d[sNASAL�LPF (n)] = 	d[f1(n)]�

�KX
k=1

	d[afk(n)]+

�MX
m=1

	d[nfm(n)] +

�K+ �M+1X
j=1

	cross[f1(n); af1(n); nf1(n); ::)] (7)

At this point, consider a comparison between the output
of the TEO of speech that has been bandpass �ltered
(BPF) around the �rst formant,

	d[sNORMAL�BPF (n)] = 	d[f1(n)] (8)

	d[sNASAL�BPF (n)] = 	d[f1(n)] (9)

and the TEO of lowpass �ltered speech as in (6) and
(7). As can be seen, the output of the TEO for lowpass
�ltered and bandpass �ltered nasalized speech is appre-
ciably di�erent, while the output of the TEO is the same
for normal speech in each case. This comparison forms
the basis of the hypernasal detection system.
The proposed TEO based detection system was in-

spired by prior studies by Cairns and Hansen in classify-
ing speech as stressed/normal [9] or normal/hypernasal
[10]. The results of these studies showed that the shape
of the Teager Energy pro�le is a useful criteria for anal-
ysis and classi�cation of non-normal speech. For normal
speech, the comparison should show little or no di�er-
ence, while for hypernasal speech, the comparison should
show a measurable di�erence. To illustrate this, Fig.'s
1(a) and (b) show Teager Energy pro�les for LPF and
BPF versions of one frame of normal and hypernasal
speech. The di�erence resulting from the additional
terms in (7) is clear. To quantify the di�erence, the

correlation coe�cient r = C
�LPF�BPF

between the two

TEO pro�les is determined, and a likelihood ratio detec-
tor formulated to make a normal/hypernasal decision.

3. HYPERNASAL DETECTION SYSTEM

In order to perform analysis, a pitch detector is used to
mark pitch epochs across a consonant-vowel-consonant
(CVC) utterance (i.e., pitch synchronous analysis). A
speech window is passed to the formant tracker which
locates the �rst formant and computes the TEO pro�le
of the bandpass �ltered �rst formant. The same speech
window is also lowpass �ltered to exclude the second and
higher formants, and the TEO pro�le computed. The
cross-correlation coe�cient between the two TEO pro-
�les is then determined, and a likelihood ratio detector
computes a normal/hypernasal decision for the current
speech window. This procedure terminates when the �-
nal pitch epoch is encountered (n = N ). An overall
normal/hypernasal decision is then made based on the
percentage of speech windows classi�ed as normal.

3.1 Pitch Detector: The pitch detector employed esti-
mates the glottal closure instant (GCI). The GCI is
determined using a modi�ed dyadic wavelet transform
(DyWT ) pitch detector. Kadambe and Boudreaux-
Bartels �rst formulated a DyWT based pitch detector
[11]. See [10] for further pitch detector details.

3.2 Formant Tracker: Once pitch synchronous informa-
tion is available, the �rst formant track is estimated
for the vowel in the CVC. It has been suggested that
formants can be modeled as amplitude modulated, fre-
quency modulated (AM-FM) signals. Given an AM-FM
model for speech, Maragos, Kaiser, and Quatieri [12] de-
veloped the energy separation algorithm (ESA) to isolate
the AM and FM components. The separation equations
are represented as [12]

f(n) �
1

2�T
arccos(1 �

	[y(n)] + 	[y(n+ 1)]

4	[x(n)]
) (10)

ja(n)j �

s
	[x(n)]

1� (	[y(n)]+	[y(n+1)]
4	[x(n)]

)2
; (11)

where y(n) = x(n)� x(n� 1), 	[�] is the discrete TEO,
f(n) is the FM contribution at sample n, and a(n) is
the AM contribution at sample n. It was later shown
that the FM signal could be used to iteratively re�ne
the formant center frequency[14],

f
i+1
c =

1

N

NX
n=1

f(n): (12)

where f i+1c is the formant center frequency on iteration
i+ 1. Given an initial formant estimate, the speech sec-
tion is BPF and (12) applied to determine the center
frequency on the next iteration. The �lter and re�ne pro-
cedure, called the iterative energy separation algorithm
(IESA), continues until the formant center frequency
converges. The advantage here is that not only are for-
mant locations found, the individual formants TEO pro-
�les are produced as a byproduct of the computations.

3.3 LPF/Teager Energy Operator: Estimation of the

TEO pro�le from lowpass �ltered speech is the second





0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

5

10

15

20

25

Correlation Coefficient

D
en

si
ty

 F
un

ct
io

n 
A

m
pl

itu
de

EXPERIMENTAL AND ANALYTICAL DENSITY FUNCTIONS (HYPOTHESIS H0) FOR (/i/)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

5

10

Correlation Coefficient

D
en

si
ty

 F
un

ct
io

n 
A

m
pl

itu
de

EXPERIMENTAL AND ANALYTICAL DENSITY FUNCTIONS (HYPOTHESIS H1) FOR (/i/)

Figure 2: Analytical density function �tted to exper-
imental data for vowel /i/ (male speaker set).
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Figure 3: Example ROC for /i/ for Male speakers.

data is identi�ed as that type of speech. Given this crite-
ria, the results show that 16 of the 17 evaluations (94.1%)
correctly label a speaker as normal, and 16 of 16 eval-
uations correctly label a speaker as hypernasal (speaker
FS1 was unable to nasalize). Since the standard used in
this study for determining whether a speaker is normal
or hypernasal is the Nasometer, these results indirectly
show that the proposed algorithm correlates with listener
judgements of hypernasality as well as the Nasometer.

6. CONCLUSIONS

In this study, a hypernasal detection algorithm based
on the nonlinear Teager Energy operator is proposed.
Using a property of the Teager Energy operator, a useful
measure of hypernasality is derived. This measure was
tested on native English speakers for front (/i/) and mid
(/A/) vowels, achieving average identi�cation rates for
normal/hypernasal speech of 94.7/94.7%and 93.0/93.3%
respectively. These results indicate that this algorithm is
a promising approach for noninvasively detecting hyper-
nasal resonance. Also, the lack of specialized hardware
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Figure 4: Correct identi�cation rates for /i/.

required allows this algorithm to be easily utilized in
clinical and nonclinical settings.
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