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Abstract
The presentation concerns a method that obtains the size and
frequency of vocal tremor in speech sounds sustained by nor-
mal speakers and patients suffering from neurological disorders.
The glottal cycle lengths are tracked in the temporal domain via
salience analysis and dynamic programming. The cycle length
time series is then decomposed into a sum of oscillating com-
ponents by empirical mode decomposition the instantaneous en-
velopes and frequencies of which are obtained via an AM-FM
decomposition. Based on their average instantaneous frequen-
cies, the empirical modes are then assigned to four categories
(intonation, physiological tremor, neurological tremor as well
as jitter) and added within each. The within-category size of
the cycle length perturbations is estimated via the standard de-
viation of the empirical mode sum divided by the average cycle
length. The tremor frequency within the neurological tremor
category is obtained via a weighted instantaneous average of
the mode frequencies followed by a weighted temporal aver-
age. The method is applied to two corpora of vowels sustained
by 123 and 74 control and 456 and 205 Parkinson speakers re-
spectively.
Index Terms: Parkinson’s disease, vocal tremor, empirical
mode decomposition

1. Introduction
Fast, small and involuntary cycle-to-cycle perturbations of vo-
cal cycle lengths are designated as vocal jitter and involuntary
low-frequency modulations of the vocal cycle lengths are re-
ferred to as vocal tremor. The latter have physiological (breath-
ing, cardiac beat and pulsatile blood flow) or neurological
causes. Conventionally, vocal jitter and tremor are tracked in
sustained speech sounds in which small cycle length perturba-
tions are less likely to be masked by intonation, accentuation or
segment-specific phenomena.

The objective of the presentation is to report estimates of
the vocal tremor frequency and vocal tremor depth in vowels
sustained by patients suffering from Parkinson disease and nor-
mal control speakers.

The analysis involves speech cycle features that are the cy-
cle peak amplitudes and saliences, which generate candidate
glottal cycle length time series. The final length time series is
obtained via the selection by dynamic programming of a cycle

length sequence the overall disturbance of which is a minimum.
The focus of the presentation is on the decomposition of

the cycle length time series into sub time series that are respec-
tively assigned to vocal jitter, neurological tremor, physiologi-
cal tremor and a residual trend, which is due to intonation and
declination, as well as the subsequent estimation of neurologi-
cal tremor frequency and depth.

The break-up is based on empirical modes that are assigned
to one of the four categories. Empirical modes are zero-mean
alternating functions, which are obtained via empirical mode
decomposition and the cycle length sub time series are obtained
by summing the modes assigned to a same category.

The size of vocal jitter and of physiological and neurolog-
ical tremor depths can so be estimated via the standard devia-
tions of the corresponding sub time series.

Ideally, the typical tremor frequencies could be estimated
via weighted averages of the instantaneous frequencies of the
empirical modes that belong to the neurological or physiologi-
cal tremor categories. However, one observes that due to mode
mixing large frequency components may appear in two adja-
cent modes that together do not contribute much to the corre-
sponding sub time series because they are out of phase. Com-
puting arithmetic averages of mode frequencies would there-
fore assign undue weight to frequencies that exist in individual
modes, but which do not contribute to the corresponding tremor
category. The solution that is explored here consists in estimat-
ing the instantaneous phase and amplitude of each empirical
mode. These then enable a complex mode to be assigned to
each empirical mode and the weighted average of the instanta-
neous mode frequencies is defined in the complex plane so that
only in-phase frequency components contribute to the final es-
timate.

Neurological tremor frequencies and depths are obtained
for two corpora of vowels sustained by 123 and 74 control and
456 and 205 Parkinson speakers respectively. Parkinson’s dis-
ease is a degenerative disorder of the central nervous system.
Possible vocal symptoms of the disease are vocal frequency
tremor and hoarseness [1]. In a study based on a large sample
of patients with Parkinson disease, it has been reported that be-
tween 70% and 90% of patients have problems related to speech
and voice impairments [2].



2. Methods
2.1. Cycle length tracking

Vocal cycle length tracking is based on a temporal method,
which does not rest on the assumptions that the signal is locally
periodic and the average cycle length known a priori. The vocal
frequency is assumed to be between 60Hz and 400Hz. The cy-
cle length tracking relies on the amplitudes and saliences of the
cycle peaks. Saliences are the lengths over which a cycle peak
is a local maximum. The selection of the final length time series
among several candidate series relies on dynamic programming
that extracts a cycle sequence the length perturbations of which
are minimal [3]. The so obtained cycle length time series is then
constant-step resampled for further processing.

2.2. Empirical mode decomposition

The vocal cycle length time series is analyzed via Empirical
Mode Decomposition. EMD breaks up iteratively a time series
x(t) into a sum of Intrinsic Mode Functions ci(t) and a residue
r(t).

x(t) =

I∑
i=1

ci(t) + r(t) (1)

An IMF is a zero-mean function alternating with respect to
the horizontal axis and the residue is monotonic. The first IMF
contains the finest scale components of the original time series
and the successive IMFs contain increasing longer cycle varia-
tions. A property of empirical mode decomposition is that the
original time series can be exactly recovered by summing the
empirical modes. Another property is that the method does not
rely on basis functions that are fixed a priori. The orthogonality
between consecutive IMFs is not guaranteed theoretically, how-
ever. Therefore, mode mixing may occur, which means that 2
successive IMFs may overlap substantially in the frequency do-
main.

2.3. Instantaneous frequencies of IMFs and AM-FM de-
composition

2.3.1. Overview

Given that IMFs are narrow-band functions locally, the instanta-
neous amplitude and frequency can be estimated for each. Each
mode function ci(t) is therefore rewritten as a product.

ci(t) = ai(t) cos(θi(t)) (2)
The first factor, ai(t), is the time-varying IMF envelope

(AM component or instantaneous amplitude) and the second,
cos(θi(t)), is the FM component, or carrier, with unit amplitude
and instantaneous phase θi(t). A necessary condition for (2)
to be meaningful is that ci(t) is mono-component and narrow-
band so that the spectra of the AM and FM components do not
overlap [4].

2.3.2. Empirical AM-FM decomposition

The empirical AM-FM decomposition is iterative and involves
the following steps [4].

1. Initialization : y(t) = ci(t) and ai(t) = 1, ∀t.
2. Detection of the local maxima of the value of |y(t)|.
3. Cubic spline interpolation of the envelope e(t) of |y(t)|

via the positions and amplitudes of the local maxima.

4. Update : ai(t)→ ai(t) · e(t) and y(t)→ y(t)
e(t)

.

5. Test whether all maxima of |y(t)| have amplitude ≤ 1.
If yes, stop. If no, loop to step 2.

Residual y(t), which is the carrier, is requested to be ≤ 1
in absolute value because of identity (3). Result ai(t) corre-
sponds to the time-varying envelope of ci(t) and the oscillating
component cos(θi(t)) is obtained via a division.

cos (θi(t)) =
ci(t)

ai(t)
(3)

2.3.3. Computation of the instantaneous frequency

Instantaneous frequency fi(t) is obtained by a numerical differ-
entiation of instantaneous phase θi(t) after phase unwrapping.
The numerical phase differentiation relies on a 6th-order poly-
nomial [5].

fi(t) =
1

2π

dθi(t)

dt
(4)

2.4. Categorization of IMFs

The next step consists in grouping IMFs in four categories fol-
lowed by summing : trend, physiological tremor, neurological
tremor, and vocal jitter. Individual modes are assigned to one of
the four categories on the base of their weighted instantaneous
frequency averaged over the analysis interval. The weights are
instantaneous amplitudes ai(t).

• The residue of the empirical mode decomposition is as-
signed to the trend, i.e. intonation and declination.

• The IMFs with weighted average instantaneous fre-
quency < 2Hz are assigned to physiological tremor.

• The IMFs with weighted average instantaneous fre-
quency ≥ 2Hz and ≤ 15Hz are assigned to neurologi-
cal tremor.

• The remaining IMFs are assigned to jitter.

x(t) =

 iJ∑
i=1

ci(t)


︸ ︷︷ ︸

xjit(t)

+

 iN∑
i=iJ+1

ci(t)


︸ ︷︷ ︸

xneur(t)

+

 I∑
i=iN+1

ci(t)


︸ ︷︷ ︸

xphysio(t)

+ r(t)︸︷︷︸
xtrend(t)

(5)

Lower limit of 2Hz enables to discard heart beat and breath-
ing, and the upper limit of 15Hz includes the frequency interval
of the great majority of tremor types [6]. The categorization is
illustrated in Figure 1.

2.5. Typical neurological tremor frequency

Here, only empirical modes assigned to the neurological tremor
category are considered. The neurological tremor time series
xneur(t) is given by the sum of the assigned modes ci(t).

xneur(t) =

iN∑
i=iJ+1

ci(t) (6)



Figure 1: Categorization : cycle length time series, vocal jit-
ter, neurological tremor, physiological tremor and trend (in that
order) for a fragment of vowel [a] sustained by a Parkinson
speaker.

In the complex domain, each time series ci(t) may be de-
scribed on the basis of a complex time series zi(t) characterized
by instantaneous phase φi(t) and envelope ai(t) :

ci(t) = ai(t) cos (φi(t)) = Re
{
ai(t) e

jφi(t)
}
= Re {zi(t)}

(7)

As a consequence, a complex neurological mode zi(t) may
be assigned to each empirical mode and a complex tremor time
series zneur(t) is therefore assigned to real sum (6).

zneur(t) =

iN∑
i=iJ+1

zi(t) = |zneur(t)| ejφneur(t) (8)

The derivative of complex time series (8) is calculated to

obtain instantaneous frequency
1

2π

dφneur(t)

dt
. Assuming that

the envelope evolves more slowly than the carrier, term
dai(t)

dt
may be disregarded, and, after some manipulations, one obtains:

fneur(t) =
1

2π

dφneur(t)

dt
≈

iN∑
i=iJ+1

wi(t) fi(t)

iN∑
i=iJ+1

wi(t)

with wi(t) = ai(t) cos
(
φi(t)− φneur(t)

)
(9)

As a consequence, the typical neurological tremor fre-
quency fneur(t) is given by the weighted sum of instantaneous
empirical mode frequencies fi(t). The weights, wi(t) are ob-
tained by projecting complex modes zi(t) on sum zneur(t).
A large and positive weight is so assigned to empirical modes
that are in phase with neurological tremor. Adjacent empirical
modes that are out of phase (owing to mode mixing) zero each
other and do not contribute to overall neurological tremor.

2.6. Vocal cues

2.6.1. Vocal frequency

Vocal frequency F0 is obtained via the inverse of the average of
the trend.

2.6.2. Perturbation levels

Vocal jitter σjit, neurological and physiological tremor modula-
tion depths, σneur and σphysio, total tremor depth σtre and total
perturbation σpert are respectively the standard deviation of the
jitter time series, the physiological and neurological tremor time
series, the sum of the physiological and neurological tremor
time series and the sum of the jitter and total tremor time se-
ries, divided by the average of the trend.

2.6.3. Typical neurological tremor frequency

Inspired by development (9), the typical neurological tremor
frequency f̂neur(t) is estimated on the base of a weighted sum
of individual mode frequencies fi(t).

f̂neur(t) =

iN∑
i=iJ+1

wi(t) fi(t)

iN∑
i=iJ+1

wi(t)

(10)

Figure 2 illustrates a typical estimated neurological tremor
frequency time series obtained for a stationary fragment of
vowel [a]. One observes that the frequency f̂neur(t) can be
locally negative. One reason is the occasional negativity of
weights wi(t), which is the consequence of particular phase re-
lations between the complex sum of the modes and individual
modes.

Another reason is the negativity of instantaneous mode fre-
quencies fi(t). The instantaneous frequencies of individual
modes are positive given their definition, but negativity may ap-
pear because of the iteration involved in the empirical AM-FM
decomposition that may turn a mode inflection point into a pair
of a local maximum and minimum. A local non-negative min-
imun or non-positive maximum causes the instantaneous fre-
quency to become locally negative.

The estimated neurological tremor frequency time series
is therefore smoothed by means of a moving average filter of
length 0.2s.

This instantaneous frequency time series is summarized
by its temporal average µf̂neur

and standard deviation σf̂neur

weighted sample-by-sample by module |zneur(t)|.

3. Corpora
The corpora comprise vowels [a] sustained by normal speakers
and patients suffering from Parkinson’s disease. The first corpus
[74 controls (42♂,32♀), 205 Parkinson speakers (129♂,76♀)]



Figure 2: Raw and smoothed typical estimated neurological
tremor frequency time series for a fragment of vowel [a] sus-
tained by a Parkinson speaker

has been recorded at a sampling frequency of 44.1 kHz in WAV
format in the same recording environment and by means of the
same equipment at the Department of Neurology of Bochum
University Clinic. The second corpus [123 controls (50♂,73♀),
456 Parkinson speakers (302♂,154♀)] has been recorded at the
Neurology Department of Pays d’Aix Hospital [7]. The sam-
ples of the Parkinson speakers group derive from patients in all
the different stages of the disease (from mildly to very severely
affected) and with very different disease durations.

The two corpora have been pooled with a view to analysing
tremor depth and tremor frequency. The number of pooled
control speakers has been 197 (92♂, 105♀) and the number of
pooled Parkinson speakers has been 661 (431♂, 230♀).

4. Results and discussion
Table 1 reports the quartiles of the neurological and physiolog-
ical tremor depths, the size of jitter, the size of the total tremor
and of the total perturbations (all in %). The last three lines of
the table report the tremor frequency, the tremor frequency stan-
dard deviation and the average F0 (all in Hz). Quartiles Q0 to
Q4 report the feature values at 5%, 25%, 50%, 75% and 95%
of the feature value range of the pooled data.

A two-way analysis of variance has been carried out for
each feature with independent variables ”gender” and ”pathol-
ogy”. Physiological tremor depth σphysio, size of jitter σjit and
neurological tremor frequency standard deviation σf̂neur

do not
differ statistically significantly between control and Parkinson
speakers or between male and female speakers. They are not
discussed further.

The other features differed statistically significantly be-
tween control and Parkinson speakers. Neurological tremor
depth σneur (< 0.05), neurological tremor frequency µf̂neur

(< 0.001) and F0 (< 0.001) also differed statistically signifi-
cantly between male and female speakers. The interaction be-
tween variables ”gender” and ”pathology” was statistically sig-
nificant for neurological tremor depth σneur (< 0.05) and F0

(< 0.001).
Interactions between ”gender” and ”pathology” were due

to the following. A non-parametric Wilcoxon test showed that
F0 differed statistically significantly between male control and
Parkinson speakers only and that neurological tremor depth
σneur differed between female control and Parkinson speakers
only. In addition, F0 increased for male Parkinson speakers and

decreased for female speakers compared to the control speakers
(loose from any statistical significance).

The remaining features, total tremor σtre (in %), total
perturbations σpert (in %) and neurological tremor frequency
µf̂neur

(in Hz) increased for the Parkinson speakers compared
to the control speakers, irrespective of the gender.

MALE FEMALE
CTRL PARK CTRL PARK

σneur(%)
(? ? ?)

Q0 0.48 0.5 0.33 0.41
Q1 0.76 0.77 0.59 0.76
Q2 1.03 1.02 0.79 1
Q3 1.37 1.44 1 1.44
Q4 2.76 2.92 1.88 3.02

σphysio(%)

Q0 0.3 0.25 0.23 0.3
Q1 0.55 0.53 0.48 0.59
Q2 0.77 0.75 0.78 0.81
Q3 1.03 1.06 1.14 1.13
Q4 2.12 2.46 1.93 2.91

σjit(%)

Q0 0.14 0.14 0.13 0.14
Q1 0.23 0.29 0.24 0.28
Q2 0.35 0.4 0.35 0.41
Q3 0.57 0.76 0.55 0.65
Q4 2.11 2.88 2.85 2.35

σtre(%)
(??)

Q0 0.63 0.67 0.46 0.64
Q1 0.98 0.99 0.84 1.02
Q2 1.32 1.34 1.17 1.34
Q3 1.73 1.8 1.53 1.88
Q4 3.51 3.53 2.68 3.69

σpert(%)
(??)

Q0 0.66 0.72 0.61 0.67
Q1 1.05 1.09 0.93 1.13
Q2 1.4 1.49 1.29 1.46
Q3 1.89 1.99 1.66 2.07
Q4 3.86 4.29 3.27 4.23

µf̂neur
(Hz)

(? ? ?)

Q0 2.72 3.15 2.84 3.05
Q1 3.94 4.23 3.86 3.90
Q2 4.54 4.91 4.28 4.49
Q3 4.99 5.70 4.93 5.28
Q4 8.00 7.93 6.87 7.24

σf̂neur
(Hz)

Q0 0.83 1.15 1.24 1.20
Q1 1.69 1.80 1.77 1.68
Q2 2.15 2.25 2.04 2.14
Q3 2.60 2.65 2.47 2.48
Q4 3.63 3.63 3.58 3.74

F0(Hz)
(?)

Q0 83 87 135 123
Q1 104 112 163 165
Q2 115 128 184 179
Q3 129 146 200 198
Q4 173 220 265 243

Table 1: Quartiles of the neurological and physiological tremor
depth, the size of jitter, the size of the total tremor and of the
total perturbations (all in %). The last three lines of the ta-
ble report the tremor frequency, the tremor frequency standard
deviation over the analysis interval and the average F0 (all in
Hz). Quartiles Q0 to Q4 report the feature values at 5%, 25%,
50%, 75% and 95% of the feature value range. Symbol ? refers
to the statistical significance of the differences between control
and Parkinson speakers [? : p < 0.05, ?? : p < 0.01, ? ? ?
: p < 0.001] within the framework of the two-way analysis of
variance.
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