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ABSTRACT

This paper describes a speech signal processing method to
measure fatigue from speech. The advantages of this
realtime approach are that obtaining speech data is non
obtrusive, free from sensor application and calibration
efforts. Applying methods of Non Linear Dynamics (NLD)
provides additional information regarding the dynamics and
structure of fatigue speech comparing to the commonly
applied speech emotion recognition feature set (e.g.
fundamental frequency, intensity, pause patterns, formants,
cepstral coefficients). We achieved significant correlations
between fatigue and NLD features of 0.29. The validity of
this approach is briefly discussed by summarizing the
empirical results of a sleep deprivation study.
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INTRODUCTION

The prediction and warning of drivers against impending
critical fatigue play an important role in preventing
accidents and the resulting human and financial costs.
Hence, many efforts have been reported in the literature for
measuring fatigue related states [1-5]. In contrast to
electrode- or video-based instruments, the utilization of
voice communication as an indicator for fatigue could
match the demands of everyday life measurement. Contact
free measurements as voice analysis are non-obtrusive (not
interfering with the primary driving task) and favorable for
fatigue detection since an application of sensors would
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cause annoyance, additional stress and often impairs
working capabilities and mobility demands. In addition,
speech is easy to record even under extreme environmental
conditions (bright light, high humidity and temperature),
requires merely cheap, durable, and maintenance free
sensors and most importantly, it utilizes already existing
communication system hardware. Furthermore, speech data
is omnipresent in many professional driver settings.
Nevertheless, several sources of noise during driving, as
e.g. motor sound, radio, and sidetalk can lead to difficult
recording situations. In sum, given these obvious
advantages, the renewed interest in computational
demanding analyses of vocal expressions has been enabled
just recently by the advances in computer processing speed.
An important aspect in the vocal tract during fatigue
influenced speech production is the generation of nonlinear
aerodynamic phenomena including non-laminar flow, flow
separation in various regions, generation and propagation of
vortices and formation of jets rather than well-behaved
laminar flow [6-8]. The collapse of laminar flow arises at
high reynolds number. Due to the relevant length and
subsonic speed of air flow in the vocal tract, this number is
very large, indicating that the air flow can be expected to be
turbulent. The air jet flowing through the vocal tract during
speech production includes convoluted paths of rapidly
varying velocity, which are highly unstable and oscillate
between its walls, attaching or detaching itself, and thereby
changing the effective cross-sectional areas and air masses.
Several issues are responsible for the generation of these
nonlinear effects: The vocal folds behave as a vibrating
valve, disrupting the constant airflow from the lungs and
forming it into regular puffs of air. Modeling approaches
which have their origin in fluid dynamics coupled with the
elastodynamics of a deformable solid understand this
phonation process as nonlinear oscillation: dynamical
forcing from the lungs provides the energy needed to
overcome dissipation in the vocal fold tissue and vocal tract
air. The vocal folds themselves are modeled as elastic tissue
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with nonlinear stress-strain relationship. These nonlinear
stretching qualities of the vocal folds are based on larynx
muscles and cartilage which produces nonlinear behavior.
Furthermore, vocal tract and the vocal folds are coupled
when the glottis is open resulting in significant changes in
formant characteristics between open and closed glottis
cycles. The movement of the vocal folds themselves is
modeled by a lumped two mass system connected by
springs again with nonlinear coupling. These nonlinear
phenomena produce turbulent flow while the air jet may be
modulated either by the vibration of the walls or by the
generated vortices. Several methods based on chaotic
dynamics and fractal theory have been suggested to
describe these aerodynamic turbulence related phenomena
of the speech production system [9-17] including the
modeling of the geometrical structures in turbulence
(spatial structure, energy cascade) utilizing fractals and
multifractals [15-19], nonlinear oscillator models [20-22],
and
state-space
reconstruction.
This
state-space
reconstruction is done utilizing the embedding theorem
which reconstructs a multidimensional attractor by
embedding the scalar signal into a phase space. The
embedding allows us to reconstruct the geometrical
structure of the original attractor of the system which
formed the observed speech signal. Moreover, it helps us to
discover the degree of determinism of an apparently
random signal, e.g. by applying measures like Lyapunov
exponents.
However, no empirical research has been done to examine
the turbulence effects in speech signals, which might be
induced by fatigue related change of heat conduction within
the vocal tract. Previous work associating changes in voice
with fatigue [23-24] has generally focused only on features
derived from speech emotion recognition [25] whereas
nonlinear dynamics based speech features [26] have
received no attention. Thus, the aim of this study is to apply
nonlinear dynamics (NLD) based features within the field
of speech acoustics in order to improve the prediction of
fatigue.
METHODS

Seventeen students, recruited from the University of
Wuppertal (Germany), took part in this study voluntarily.
The participants were instructed to maintain their normal
sleep pattern and behaviour. We conducted a within-subject
sleep deprivation design (8.00 p.m to 4.00 a.m). During the
night of sleep deprivation a well-established, standardized
self-report fatigue measure, the Stanford Sleepiness Scale
(SSS), was used by the subjects and two experimental
assistants just before the recordings to determine the fatigue
state. On this scale, a score of 1 point indicates “feeling
active and vital, alert, wide awake” and a score of 7 points
indicates “almost in reverie, sleep onset soon, losing
struggle to remain awake” (M = 5.06; SD = 2.02). During
the night, the subjects were confined to the laboratory and
supervised throughout the whole period. Between sessions,

they remained in a room, watched DVD, and talked. Non
caffeinated beverages and snacks were available ad libitum.
Speech Material and Recording. The recording took place
in a laboratory room with dampened acoustics using a highquality, clip-on microphone (sampling rate: 44.1 kHz, 16
bit). The input level of the sound recording was kept
constant throughout the recordings. Furthermore the
subjects were given sufficient prior practice so that they
were not uncomfortable with this procedure. The verbal
material consisted of a long vowel [o:] extracted from a
German phrase: “Rufen Sie den N[o:]tdienst” (“Please call
the ambulance”). The sentence was taken from simulated
communication with a driver assistance system. The
participants recorded other verbal material at the same
session, but in this article we focus on the material
described above (17 subjects x 4 sentences = 68 speech
samples).
Seventeen students, recruited from the University of
Wuppertal (Germany), took part in this study voluntarily.
The participants were instructed to maintain their normal
sleep pattern and behaviour. We conducted a within-subject
sleep deprivation design (8.00 p.m to 4.00 a.m). During the
night of sleep deprivation a well-established, standardized
self-report fatigue measure, the Stanford Sleepiness Scale
(SSS), was used by the subjects and two experimental
assistants just before the recordings to determine the fatigue
state. On this scale, a score of 1 point indicates “feeling
active and vital, alert, wide awake” and a score of 7 points
indicates “almost in reverie, sleep onset soon, losing
struggle to remain awake” (M = 5.06; SD = 2.02). During
the night, the subjects were confined to the laboratory and
supervised throughout the whole period. Between sessions,
they remained in a room, watched DVD, and talked. Non
caffeinated beverages and snacks were available ad libitum.
Speech Material and Recording. The recording took place
in a laboratory room with dampened acoustics using a highquality, clip-on microphone (sampling rate: 44.1 kHz, 16
bit). The input level of the sound recording was kept
constant throughout the recordings. Furthermore the
subjects were given sufficient prior practice so that they
were not uncomfortable with this procedure. The verbal
material consisted of a long vowel [o:] extracted from a
German phrase: “Rufen Sie den N[o:]tdienst” (“Please call
the ambulance”). The sentence was taken from simulated
communication with a driver assistance system. The
participants recorded other verbal material at the same
session, but in this article we focus on the material
described above (17 subjects x 4 sentences = 68 speech
samples).
Feature Extraction. The following feature families within
nonlinear time series analysis are computed: (a) State space
features (375#). To extract the nonlinear properties of the
speech angle signal, we computed a three-dimensional state
space (sound pressure, Δ sound pressure, ΔΔ sound
pressure), and a reconstructed phase space (d = 3,4 ; τ = 1;
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sound pressure t0, sound pressure t1, sound pressure t2). The
geometrical properties of the resulting attractor figures were
described by trajectory based descriptor contours (angle
between consecutive trajectory parts, distance to centroid of
attractor, length of trajectory leg). The temporal
information of the contours was captured by computing
functionals; (b) Fractal features (110#). They try to
quantify self-affinity and underlying complexity of the
speech signal, e.g. box counting dimension, Cao’s
minimum embedding dimensions, correlation dimension,
fractal dimension, information dimension; (c) Entropy
features (5#). They assess the regularity/irregularity or
randomness of speech signal fluctuations, as e.g. the
Lyapunov exponents, which characterize the system’s
“degree of chaos” by estimating the exponential rate of
divergence or convergence of nearby orbits on its phasespace. Positive Lyapunov exponents indicate divergence of
nearby orbits and thus long-term unpredictability.

NLD Features

r

skewness of vector length within state space = (sound
pressure, Δ sound pressure, ΔΔ sound pressure)

-.21*

skewness of vector length within reconstructed phase
space = (τ = 1, d = 3)

-.22*

mean of Cao’s minimum embedding dimensions = (τ
= 1, dmax = 3, number nearest neighbors = 3)

.25*

mean of Cao’s minimum embedding dimensions = (τ
= 8, dmax = 4, number nearest neighbors = 3);

.25*

mean of Cao’s minimum embedding dimensions = (τ
= 10, dmax = 4, number nearest neighbors = 3)

.26*

mean of Cao’s minimum embedding dimensions (τ =
8, dmax = 5, number nearest neighbors = 3);

.27*

mean of Cao’s minimum embedding dimensions (τ =
10, dmax = 5, number nearest neighbors = 3).

.29*

Table 2. Correlation of NLD Features and fatigue; * p < .05.
DISCUSSION

Figure 1. Reconstructed phase spaces (d = 3 ; τ = 10; sound
pressure t0, sound pressure t1, sound pressure t2) for an alert
(left) and fatigue (right) speech sample [a:]. The geometrical
properties of the resulting attractor figures were described e.g.
by trajectory based descriptor contours (angle between
consecutive trajectory parts, distance to centroid of attractor,
length of trajectory leg) or entropy features as Lyapunov
exponents, which characterize the system’s “degree of chaos”
by estimating the exponential rate of divergence or
convergence of nearby orbits.

RESULTS

In order to quantify the association between fatigue and (a)
commonly applied SER speech features and (b) NLD
features, we computed Pearson’s correlation coefficients
The significant correlations are displayed in Table 1 and 2.
SER Features

r

standard deviation of intensity

-.29*

range of fundamental frequency

-.24*

jitter (small fundamental frequency perturbations)

-.33*

mean of delta-mel-frequency cepstrum coefficient 7

.34*

mean of formant 3 position (third maximum of vocal
tract transfer function; resonance frequency)

.29*

Table 1. Correlation of SER Features and fatigue; * p < .05.
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Due to several nonlinear phenomena producing turbulent
air flow applying NLD speech feature might provide
additional information regarding the dynamics and structure
of sleepy speech comparing to the commonly applied SER
feature set. We achieved significant correlations between
SSS and the NLD feature ‘Cao’s minimum embedding
dimension’ of .29, which indicates a higher complexity of
fatigue speech samples. Explanations for this effect might
be found in the following effect chain: fatigue induced
decreased body temperature → reduced heat conduction
within the vocal tract, changed friction between vocal tract
walls and air, changed laminar flows, jet streams, and
turbulences → higher complexity of a more turbulent
speech signal.
Several factors might have influenced the results obtained
by NLD methods and consequently have to be considered,
e.g. recording duration, degree of stationarity, and
superimposed noise. Furthermore, it would seem advisable
that future studies address the main topics of enriching the
NLD feature set with further fractal (multifractal analysis,
power-law correlation, detrended fluctuation analysis),
entropy (approximate entropy/sample entropy, multiscale
entropy, compression entropy), symbolic dynamics
measures, and delay-vector-variance [1,27]. Additionally, it
would seem beneficial that future studies address the main
topics of enriching the steering feature set with easy
accessible driving related informations as e.g. pedal
movement behaviour. Finally, it has to be emphasized that
up to now a reference measure of fatigue (gold standard of
fatigue) is lacking. But approximating fatigue by
concordance of self and several observer ratings might act
as an intermediate solution, that follows the general
procedure of finding ground truth values within the speech
emotion recognition research community. In conclusion,
methods derived from NLD could offer promising insights
into fatigue induced speech changes. They supply
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additional information and complement traditional timeand frequency-domain analyses of speech.
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