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ABSTRACT

Traditional speech processing methods for laryngeal pathology

assessment assume linear speech production, with measures de-

rived from an estimated glottal 
ow waveform. They normally
require the speaker to achieve complete glottal closure, which for

many vocal fold pathologies cannot be accomplished. To address

this, a nonlinear signal processing approach is proposed which
employs a di�erential Teager energy operator and the energy

separation algorithm to obtain formant AM and FM modula-

tions from bandpass �ltered speech recordings. A new speech
measure is proposed based on parameterization of the autocor-

relation envelop of the AM response. Using a cubic model of

the autocorrelation envelop, a three dimensional space is formed
to assess changes in speech quality. This approach is shown to

achieve exemplary detection performance for a set of muscular
tension dysphonias. Unlike 
ow characterization using numer-

ical solutions of Navier Stokes equations, this method is ex-

tremely computationally attractive, requiring only N logN+8N
multiplications and N square roots for N samples, and is there-

fore suitable for real time applications due to its computational

simplicity. The new non-invasive method shows conclusively
that a fast, e�ective digital speech processing technique can be

developed for vocal fold pathology assessment, without the need

for (i) direct glottal 
ow estimation or (ii) complete glottal clo-
sure by the speaker. The proposed method also con�rms that al-

ternative nonlinear methods can begin to address the limitations

of previous linear approaches for speech pathology assessment.

INTRODUCTION

It is well known that vocal fold pathology (VFP) alters the

mechanisms of speech production, and such disturbance is re-


ected in voice quality deterioration. The physics of human
speech production under both healthy and especially vocal fold

pathology conditions suggests that alternate production mod-

els other than traditional may be more appropriate. Although
modeling actual speech production using 
uid 
ow characteris-

tics would be useful, the ability to characterize 
uid 
ow prop-

erties in actual vocal fold pathology patients and maintain-
ing a non-invasive procedure would be di�cult. Instead, it is

suggested that features derived using a nonlinear speech frame-

work could reveal the potential of alternative speech models, to

the traditional linear approach. In the present study, a nonlin-

ear processing method is developed, based on the Teager energy
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operator, that can extract further information from the speech

signal, including nonlinear excitation sources, which are hy-
pothesized to play a crucial role in both healthy and nonhealthy

speech production. The study described here represents a for-

mulation which ultimately will address VFP assessment.

TEAGER ENERGY OPERATOR

PRINCIPLES

The ideas of vortex shedding as additional sources of acous-
tic energy that could in
uence signi�cantly the mechanisms

of sound production, were �rst introduced by Teager and

Teager[7], through a series of experiments using hot wire
anemometry. The results of their experiments strongly sug-

gest nonlinear processes to be the primary sound producing

mechanisms in the vocal tract during phonation and that sepa-
rated 
ow and the generated 
ow vortexes within the con�ned

geometry of the vocal tract are responsible for this phenomena.

The inclusion of additional sources of acoustic energy may help
improve intelligibility and voice quality, while at the same time

may provide key elements in voice quality assessment for clin-

ical applications.

Speech formants are characterized by the poles of the vocal
tract transfer function, when a linear model is used. Teager was

convinced that the speech resonances can change rapidly both

in frequency and amplitude even within a single pitch period,
possibly due to separated air
ow in the vocal tract [5]. The

nonlinear di�erential Teager energy operator can detect for-

mant AM-FM modulations by estimating the product of their
time-varying amplitude and frequency. The Teager operator

is considered a high-resolution energy estimator. The AM-FM

model proposed by Maragos, Kaiser and Quatieri [5] represents
a single speech resonance R(t) as an AM-FM signal

R(t) = a(t)cos(2�[fct+

Z
t

0

q(�)d� ] + �) (1)

where fc is the formant frequency value, q(t) is the frequency
modulating signal, and a(t) is the time-varying amplitude. The

instantaneous formant frequency of the signal is de�ned as

fi(t) = fc + q(t). To demodulate a speech resonance R(t) into
its varying amplitude ja(t)j and instantaneous frequency fi(t),

the energy separation algorithm (ESA) (developed by Maragos,

Kaiser and Quatieri [5]) is applied to the signal resonance R(t)
obtained after �ltering the speech signal around the formant

under consideration. The ESA is based on the Teager-Kaiser
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energy tracking operator, with discrete time domain represen-
tation of the form,

	[x(n)] = x
2
(n)� x(n+ 1)x(n� 1) (2)

and the ESA frequency and amplitude estimates using the
DESA-2 algorithm (Maragos, Kaiser and Quatieri [5]) are

f(n) �
1

4�T
arccos(1�

	[x(n+ 1)� x(n� 1)]

2	[x(n)]
) (3)

ja(n)j �
2	[x(n)]p

	[x(n+ 1)� x(n� 1)]
(4)

In this study, we developed a nonlinear speech processing
framework that uses the Teager energy operator and the energy

separation algorithm to extract the �rst formant AM modu-

lation characteristic from bandpass �ltered speech recordings.
Thia response is used for vocal fold pathology assessment based

upon parameterization of features that we believe to be corre-

lated to the regularity of vocal fold vibratory movement in a
healthy condition and to the asymmetry and irregular structure

for a vocal fold pathology condition.

ALGORITHM FORMULATION

Fig. 1 shows the 
ow diagram of the nonlinear procedure
used. A 10th order LPC spectrum analysis was performed on

the speech signal, in order to extract the �rst formant (F1) lo-

cation. The �rst formant was speci�cally chosen because this
formant can be associated with the region just above the vocal

folds. A �nite impulse response (FIR) bandpass �lter was ap-

plied to the original speech signal, around the �rst formant of
the original speech, and the �lter bandwidth was chosen to be

450Hz.

An estimate of the AM and FM modulation of F1 through
time was obtained from the Teager energy operator of both the

�ltered speech and its derivative, using the energy separation

algorithm developed by Maragos, Kaiser, and Quatieri [5, 4]. A
21-point median smoothing was applied to both AM and FM

components, at those locations where the value of the signal

exceeded the overall median value by 40%.
Pitch information was extracted from the AM signal by �nd-

ing the location of the �rst maximum in the AM autocorrela-

tion function. A window of 3 pitch periods was used to calcu-
late the mean and extract it from the AM component.

The autocorrelation function of the AM envelope was ob-

tained by performing a circular correlation. In a circular cor-

relation, a periodic extension of the sequence is used and only

one period of the result is taken. By adequate zero padding,

a circular correlation can be made identical to a linear corre-

lation. If a sequence s(n) is of length N , the resulting linear
autocorrelation has length N � 1, so N � 1 zeros need to be

appended to s(n) to yield identical results from a circular au-

tocorrelation. A circular correlation can be performed through
discrete Fourier transforms. The details of this procedure can

be found in Strum [6] (pp. 430-433).

The envelope of the AM component was obtained, using
a peak-picking turning point algorithm. The turning point

(TP) algorithm is described elsewhere (Tompkins and Webster,

1981)[8]. A simple slope calculation is performed to determine
the instants where changes in slope sign occur, which identify

the peaks (turning points) of the signal.
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Figure 1: Flow diagram of the nonlinear speech pro-
cessing algorithm.

The envelope of the AM component was modeled using a cu-

bic polynomial �t p(X) = C0+C1X+C2X
2+C3X

3. The coef-

�cients C1; C2; and C3 were obtained, while C0 was constrained
to 1, since this is the value of the autocorrelation function at

X = 0. The polynomial �t was used to calculate the accumu-

lated autocorrelation envelope area. The area was calculated
with respect to a �1 reference value.
To evaluate the performance of the proposed nonlinear

speech processing algorithm, the procedure was tested on
speech data obtained from the Scottish Rite Children's Medical

Center1. The speech sample consisted of eleven adult speakers

(ten female, one male) producing the vowel /e/ in the phrase
'he is', extracted from the 'Grandfather passage', a text frag-

ment commonly used by speech therapists to assess voice qual-

ity on their patients. The vowel /e/ was speci�cally chosen be-
cause its �rst and second formants are widely separated (over

1000 Hz separation), and therefore the AM-FM modulations of

the second formant will not in
uence the �rst formant AM-FM

modulations measured with this nonlinear speech processing

technique. From the eleven speakers, ten su�ered from muscu-

lar tension dysphonias (MTD) and one was completely healthy.

For some speakers, recurrent laryngitis was also present as a re-

sult of vocal abuse. The results of this evaluation are discussed

in the following section.

EVALUATION & DISCUSSION

An evaluation of the AM and FM components obtained for

the eleven patients with muscular tension dysphonias pre and

post voice therapy treatment revealed that the AM component
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Figure 2: First formant AM modulation pre and post voice therapy treatment for both a female and a male
speakers with muscular tension dysphonia. Also shown are the pre and post AM autocorrelation functions
and AM autocorrelation envelopes. Pre and post AM autocorrelation peaks are marked with 'o' and 'x',
respectively.

was better able to convey consistent information, believed to be

associated with the quality of speech under a muscular tension
dysphonia A complete set of the signals obtained in this eval-

uation can be found in Gavidia-Ceballos[2]. Note in the two

examples given in Fig. 2, the marked periodicity and regularity
of the AM component after successful voice therapy treatment,

as compared to that obtained pre treatment.

In order to quantify this distinctive feature, an autocorre-
lation of the AM component was performed. The decay in

the successive peak values of the AM autocorrelation function

represents a measure of the regularity and periodicity of the
signal. There is an inherent decay that arises from the fact

that the autocorrelation estimate is the biased estimate, so the

total number of points used to calculate the autocorrelation
decreases for each successive lag. However, this fact does not

a�ect the performance of the processing technique, since its ef-

fect on both pre and post signals is the same. If an unbiased
estimate is used instead, the envelope of the AM autocorrela-

tion is 
atter, but the separation between both pre and post

voice therapy treatment groups is still present, regardless of the
autocorrelation technique used. The biased autocorrelation es-

timate has the added advantage that it can be obtained using

the fast Fourier transform, which saves computational time.

Fig. 2 shows two examples of AM components obtained pre

and post voice therapy treatment, for both a female and a

male speaker, respectively. Also shown are the AM autocor-

relation, and the AM autocorrelation envelope, obtained after

extracting the local maximas of the autocorrelation function,
and connecting them using a piece-wise linear approximation.

Note that in general, the AM autocorrelation envelope for all

the post cases can be approximated by a straight line, and its
amplitude is noticeably greater than those corresponding to

pathology (pre-treatment). Also note the irregularity in the

shape of the autocorrelation envelope for pathology.

The envelope of the AM component was modeled using a

cubic polynomial �t p(X) = C0 + C1X + C2X
2 + C3X

3. The

second and third order coe�cients C2 and C3 are expected to
be very small for the post therapy cases, since the shape follows

primarily a linear trend. The coe�cient C0 was set to 1, since

the value of the autocorrelation for lag zero is always one.

Table 1 shows the set of coe�cients C1; C2, and C3 obtained

for the cubic �t of the autocorrelation envelope for the eleven

patients considered in this study. Note the smaller order of
magnitude of the coe�cients for the post (healthy) cases. A

linear approximation discarding C3 and C2 in the post cases is

still adequate to represent the envelope. This is not the case
for the pre (pathology) cases.

Fig. 3 shows a spatial distribution on a 3-D plane of the

pre and post cases. The coe�cients C1; C2, and C3 are repre-
sented as the projection on the x; y and z axes, respectively. All

healthy cases tend to group in a cluster, whereas the pathol-

ogy cases are scattered throughout the parameter space. This
illustrates how healthy and non-healthy speech cases are dis-

tributed in the C1; C2; C3 space. We point out however that

without independent subjective assessment methods, it is not
possible at this time to quantify how overall speech quality is

improved as the response moves from pathology locations (i.e.,

marked with 'x'), towards healthy (marked with 'o').

Fig. 4 shows the autocorrelation envelopes of all pre and post

cases, using a piece-wise linear approximation and a cubic �t

polynomial, respectively. From the �gures, it is evident that
to be able to model the entire 25 msec segment using one sin-

gle polynomial �t in each case, an order higher than linear is

required to model pathology, whereas a linear �t is adequate

to model the healthy cases. Again, note the clear separation

between healthy and pathology groups. Further results using

other parameters extracted from the AM autocorrelation enve-

lope can be found in Gavidia-Ceballos[2], and Hansen, Gavidia-

Ceballos, and Kaiser[3].



C1 C2 C3

PRE POST PRE POST PRE POST

(e-02) (e-03) (e-04) (e-05) (e-07) (e-08)

-1.7398 -2.5816 0.9250 1.2603 -1.6502 -5.3053

-2.0952 -4.9701 1.3713 2.7528 -3.2492 -7.5690

-2.9916 -6.5875 3.0268 5.0556 -8.9327 -16.995

-1.3582 -4.8052 0.9225 2.3760 -2.0465 -6.0506

-3.7094 -8.1328 3.8540 6.6220 -11.973 -17.987

-3.5276 -1.7012 3.6167 -0.5126 -10.765 2.4104

-0.6088 -1.4213 0.1469 0.1090 -751.69 -0.0363

-3.2641 -2.3366 3.6416 0.5349 -11.592 -1.3707

-1.6690 -1.0490 1.6775 -0.4798 -4.9659 1.0523

-1.6472 -2.3363 0.9068 0.8410 -1.6023 -3.0186

-3.6123 -2.0386 4.1223 -1.2266 -13.059 4.3244

COEFFICIENT MEANS

-2.3839 -3.4509 2.2010 1.5757 -6.3556 -4.6248

Table 1: Coe�cients C1, C2, and C3 of the cubic �t
polynomial to the �rst formant AM modulation of
eleven subjects pre and post voice therapy treatment.
Also shown are the means for each coe�cient.

CONCLUSIONS

In this study, we have considered a nonlinear speech pro-

cessing technique which was proposed to extract features that
correlate well with the presence of vocal fold pathology. In par-

ticular, evaluation of this algorithm in the analysis of speech

with muscular tension dysphonias for both pre and post voice
therapy treatment showed that the analysis of the �rst for-

mant AM modulation characteristic allows the extraction of

features that we believe to be correlated to the regularity of
vocal fold vibratory movement in a healthy condition and to

the asymmetry and irregular structure for a vocal fold pathol-

ogy condition. The total number of multiplications required
with this procedure is N logN +8N , and N square roots for N

samples. Therefore, this procedure could be suitable for real
time applications due to its computational simplicity. Further

research is suggested on a larger speech database, to extract the

adequate parameters based on age, gender, and phoneme. In

addition, further studies to assess the degree of speech quality

improvement using the parameters obtained with this proce-

dure are suggested. An example would be an in-depth study

on how the response moves from healthy in the C1; C2; C3 space

in association with speech quality subjectively assessed. This

measure could also potentially provide a better way of measur-
ing speech quality for patients under speech therapy.

1We would like to thank Dr. J. Riski of Scottish Rite Children's
Medical Center, Atlanta, GA for his help in providing speech data
used in this study.
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