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ABSTRACT

The objective of this study is to generate stressed syn-
thetic speech from neutral speech using a source gener-
ator framework previously employed for stressed speech
recognition [2, 3, 6]. This is achieved by formulating
speech parameter models for the various stressed speak-
ing conditions and perturbing the parameters of neutral
speech. The stress modeling scheme is applied to an ex-
isting low-bit rate CELP speech coder in order to investi-
gate (i) the coder’s ability and limitations in reproducing
stressed synthetic speech. and (ii) our abilitv to perturb
coded neutral speech parameters at the synthesis stage of
CELP so that the resulting speech is perceived as being
under stress. Four different stress perturbation algorithms
are proposed and evaluated. Results from formal listener
evaluations of the stress perturbed neutral speech show
successful classification rates of 87% for angry speech, 75%
for Lombard effect speech. and 929% for loud speech.

1. INTRODUCTION

Several factors degrade the performance of speech recog-
nition systems as well as impair the quality and intel-
ligibility of voice communications. These include (1)
speech spoken in nojse (l.e.. Lombard effect [8]). (2) task-
workload (flying an aircraft. operating an automobile),
(3) variable speaking style (e.g.. speech spoken loud. an-
gry. etc.), and (4) inter-speaker differences. When a
speaker is exposed to stress. or wishes to communicate
emotional state. production variations will occur in some
regular manner. The physical variations are reflected in
the speech modeling parameters, such as pitch, spectral
slope, and formant location. If models could be developed
to characterize the production system under stress, then
such models could be integrated within speech recogni-
tion and speech synthesis systems to improve recognition
of speech under stress, and the naturalness of synthetic
speech.

This research is aimed at identifving indicators of stress
for synthesis, and formulating mathematical/statistical
source-generator-based models to characterize speech
under stress. The source generator framework [7] assumes
that speech production can be described as a sequence
of speech articulator movements to achieve desired vocal
tract target shapes as shown in Fig. 1(a). The collec-
tion of speech articulator movements is represented by a
sequence of source generators 41....4,. each of which de-
scribes an isolated phoneme, a diphone-pair. or some tem-
poral partition. It is suggested that for a neutral word. as
shown in the parameter space in Fig. 1(b). the movement
from one source generator to another represents a well de-
fined path with some degree of natural variation. Under
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stress conditions. the resulting path deviates from that of
neutral due to the physical variations that occur when a
speaker wishes to communicate emotional state or phys-
ical stress. The physical variations are translated to the
speech production feature space which must be modeled.

In this work. the source generator framework will be
used to generate stressed perturbed speech from neutral

speech data.
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Figure 1: Neutral and stressed source generator
paths in the (a) speech production and (b) speech
parameter space.

2. STRESSED SPEECH SYNTHESIS WITH
APPLICATION TO CELP

It is desired to employ the source-generator-based fea-
ture perturbation approach for imparting stress on neu-
tral speech using a previously formulated code-excited LP
(CELP) speech coder as developed in [1, 5]. Using CELP
will allow us to evaluate the ability of a speech coder to
properly model and transmit the stressed content present
in a speech utterance. By employing CELP however, the
features and perturbations will be limited to those avail-
able within the CELP modeling framework.

In our application. two assumptions are made: (1) the
text of the input word is known to an input parsing algo-
rithm. and (2) the system has access to the CELP synthe-
sizer. The first assumption ensures that all utterances of
a word are parsed into the same sequence of source gener-
ators. The second assumption is required in order to have
access to the transmitted parameters prior to synthesis.

The evaluations of CELP parameters include analysis
of line spectral pairs. pitch delay, and pitch gain.

2.1 Neutral & Stressed Speech Model Formulation

CELP perturbation models are developed for (i) line-
spectral-pair (LSP) parameters, (ii} pitch delay, and (1ii)
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Figure 2: Angry pitch delay for the word south
before and after pitch smoothing. The bold line
represents the polynomial fitting.

pitch gain. LSP models are generated for all source gen-
erator classes. The LSPs of a source generator are as-
sumed to be Gaussianly distributed and are characterized
by their sample mean and variance. Under stressed speech
conditions, the LSPx are assumed to vary linearly accord-
ing to the following linear transformation

[y oy = in L~ v+ by . (1)

A i . i i

where lj.’,x(‘\v, represents the LSP distribution of source
generator v, under neutral conditions, [-:A,‘(.\-) represents
the LSP distribution of 4, under stress conditions. and
©x1s a point-by-point multiplication. The linear mapping
coefficients 4 . and 1.;71 will be unique for each source
generator class under each speaking style.

Pitch delay models are generated for voiced source gen-
erators only, since the pitch delay for nonperiodic signals
s random. Pitch delay profiles are modeled by a third or-
der polynomial, and an overall mean duration. Pitch de-
lay profiles are generally smooth except for a few spikes.
as shown in Fig. 2. that represent an integral number
of pitch periods. For modeling purposes, the pitch delay
profiles are passed through a smoothing filter to eliminate
irregular pitch delay values present in the contour. The
bold line in Fig. 2 represents the resulting least-squares
polvnomial that best approximates the smoothed pitch
delay curve.

The pitch gain is characterized by a scalar representing
an overall average gain. Perturbation models are formu-
lated for each speaking style (e.g.. neutral. angry. loud.
and Lombard effect). These models will be used for per-
turbing the speech parameters of an input neutral speech.
resulting in stressed perturbed speech.

2.2 Perturbation of Neutral Speech Parameters

The flow diagram for speech parameter perturbation is
shown in Fig. 3. This block diagram consists of {i)
CELP speech analvsis for extracting speech parameters.
(ii) a speech parser for source generator classification.

1i1) a perturbation algorithm. (iv) a collection of source
:4
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Figure 3: Flow graph for generating stressed syn-
thetic speech via the CELP coder.

generator-based vocal tract and excitation models, and
{v) the CELP speech synthesis section. Perturbation
of mmput neuntral speech is done as follows. Given nput
neutral speech, speech parameters are extracted through
the CELP analyzer. The input speech is also processcd
by the parsing procedure to identify and partition the
source generator classes and boundaries. The parser is a
hidden Markov model (HMM) based phoneme classifier.
Once the source generators, 1, 7y2.....7,. are identified,
the perturbation algorithm selects the proper neutral and
The extracted
neutral speech parameters, the source generator bound-
aries, and the LSP, pitch delay and pitch gain models,
are presented to the perturbation algorithm where the

stressed source generator based models.

actual mapping is implemented. The perturbation can be

" done in one of four wayvs: (1) Line-spectral pair Mapping

(LM), (2) Gain mapping (GM}), (3) Pitch Delay Mapping
(PDM), or (4) Line-spectral pair. Pitch delay, and Gain
Mapping (LPGM). A linear mapping is applied to the
LSPs. a non-linear pitch profile mapping is applied to the
pitch delay. and a scalar translation is applied to the pitch
gain. Pitch delay perturbation is given by

PD‘[(P) = PD[(_\;) o (PDA’[(_\") i PDI’V/’“\?)), (2)

where PDIyy is the input ncutral pitch delay, PDM g,
and PDJM,y, are the stressed and neutral pitch delay

models after duration adjustment, and TDLM is the re-
sulting perturbed pitch delay input. The . and 7 rep-
resent a point-by-point multiplication and division. The
perturbed parameters are used for synthesis, and the re-
sulting speech is the original input word spoken under
stress conditions.

3. EVALUATIONS

The data used in this study is a subset from the SUSAS
{Speech Under Simulated and Actual Stress) database [7].
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Figure 4: The neutral (solid) and stressed (dashed) pitch delay models for the word go under (a) neu-
tral/angry conditions. (b) neutral/Lombard effect conditions. and (c¢) neutral/loud conditions. The lower
three graphs show the original (solid) and perturbed (dashed) pitch delay for the word go for (d) angry.

(e¢) Lombard. and (f) loud.

A total of 16 words, 2 tokens per word. spoken by nine
native American speakers were studied for neutral. angry.
loud, and Lombard speaking stvles. To generate a model
for a neutral (or stressed) word, two examples of the neu-
tral (or stressed) speech were chosen from each speaker.
resulting in a total of 18 tokens per speaker. The neu-
tral tokens used for the statistical modeling were excluded
from the final evaluation of generating stressed speech.

The evaluations consist of two parts : (1) a subjective
assessment of speech under neutral and stressed condi-
tions based on subjective listener evaluation. and (2) an
objective evaluation based on neutral. stressed. and per-
turbed speech parameters.

3.1 Parameter Variations

Evaluations conducted on pitch delay profiles of periodic
signals under stressed speaking conditions demonstrated
shifts in average pitch delay. pitch delay contour. and
overall pitch delay duration. For illustration. average
pitch delay profiles are shown in Fig. 4 for the voiced
sound /o/ under neutral. angry. Lombard and loud speak-
ing conditions. These pitch delay models (Fig. 4a. 4b, 4c)
are used for mapping the neutral pitch delay profile (solid)
to each of the stressed styvles as shown in Fig. 4(d. e. f).
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3.2 Subjective Listening Test

Listening tests were designed with the following goals in
mind : (1) the ability of listeners to correctly classify a
speaking stvle as being neutral. angrv. Lombard. or loud ,
and (i1} the ability of CELP to reproduce stressed speech.
The listening test consisted of a pairwise comparison be-
tween the original neutral word and its perturbed version.
Details of the listener test setup can be found in [4]). The
perturbed stressed speech was generated according to one
of the four algorithms described in Sec. 2.2.

Detailed listener results of the generated loud speech
are given in Fig. 5. Here. the results show that LSP mod-
ification alone (LM) does not convey the emotional state
of speech to the listener. Gain modification (GM) alone
does not convey sufficient stress cues either. The two
most effective mapping algorithms were the pitch delay
mapping {(PDM) and the combination of LSP, pitch de-
lay. and pitch gain modification (LPGM). In addition, the
results show that the original loud speech was correctly
classified 83% of the times, while the LPGM perturbed
loud speech was classified 92% of the times as sounding
loud.

A summary of the results for the three stressed speak-
ing styles is given in Fig. 6 for PDM and LPGM perturbed
speech. The LPGM perturbed loud speech resulted in the
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Figure 5: A detailed bargraph from a subjective
listening test illustrating the percent of times the
generated loud synthetic speech was chosen as
more stressed then the original neutral.

highest classification rate. and was perceived 929 of the
time as sounding loud. LPGM perturbed angry was per-
ceived 87% of the time as sounding angrv. Finally, LPGM
perturbed Lombard was correctly classified 75% of the
time. This suggests that listeners emplov a combination
of acoustic cnes in their perception of stress/emotional
speech content.

Formal subjective listening results of CELP coded
stressed speech demonstrated a slight loss in CELP’s abil-
ity to reproduce stressed speech. Certain speaking styles
were better reproduced by C'ELP than others. CELP
coded angry speech. for -example, was judged 8% of
the time as sounding less angry than the original angry
speech. While C'LELP coded loud speech was judged only
3% of the time as sounding leéss loud than its original se-
quel.  Finallv, CELP coded Lombard speech was better
reproduced than any other stressed styvle with only 2%
loss in CELP’s ability to reproduce it.

4. DISCUSSION AND CONCLUSION

This study has considered feature perturbation within a
source generator framework for generating stressed speech
from neutral input data. A new approach for produc-
ing speech which possess stressed speech features has
been presented and demonstrated using a 4800 bps CELP
vocoder. Listening results showed that the combination
of LSP, pitch delay. and gain modification (LPGM) pro-
duced the highest subjective listener- results. Listeners
judged the LPGM angry speech to sound angry 88% of
the time, and the LPGM Lombard speech 75% of the time.
The highest score was for the LPGM loud speech which
was judged 92% of the times as sounding loud. Subjective
listening tests also showed an 8% loss in CELP’s ability
to reproduce stressed speech. The results suggest that
feature perturbation in a source generator framework can
be successful for generating stressed speech from neutral
speech.
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Figure 6: A summary of the subjective listen-
ing test illustrating the performance of two stress
perturbation algorithm : PDM. LPGM. The bar-
graph shows the percent of times the generated
stressed synthetic speech is correctly classified.
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