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Abstract

synthesiser that incorporates a self-oscillating model of the vocal folds. A similar approach was followed in [10] considering a formant-based synthesiser with a modified LiljencrantsFant (LF) glottal flow model [11]. This synthesis approach was
also considered in [12] to study the mapping of F0 contours
and voice quality on affect for different languages by modifying the parameters of modal stimuli. In [13], the LF model was
controlled by modifying the Rd glottal shape parameter [14] to
simulate the tense-lax continuum and explore its influence on
emotion perception. Similarly, an auto-regressive exogenous
LF model was proposed in [15] to analyse the contribution of
glottal source and vocal tract to the perception of emotions in
a valence-arousal space. Nevertheless, the study only evaluated
isolated vowels, and suffered from the considered prosody neutralisation process.
The aforementioned approaches have focused on the analysis and resynthesis of a small set of vowels or utterances, some
of them involving costly manual tuning processes. Nonetheless,
recent advances in inverse filtering and glottal source processing
techniques have facilitated the automatic decomposition of the
speech signal into glottal source and vocal tract features [16].
For instance, GFM-Voc (Glottal Flow Model-based Vocoder)
allows real-time voice manipulations, such as vowel formants
shifting and voice quality modifications related to the glottal
source [17]. Also included in this strand are glottal vocoders
like GlottHMM, whose features proved effective in the analysis of expressive nuances in [18]. More recently, its successor,
GlottDNN [19], was used to perform speaking style conversion to mimic the Lombard effect from natural speech [20]. A
GlottDNN-based analysis of the glottal source spectral tilt was
proposed [21] to introduce expressiveness in the 3D numerical
generation of isolated vowels through modifications of the Rd
parameter of the LF model. However, this proof-of-concept is
still far from generating natural expressive utterances.
As a next step towards this goal, in this work we analyse
the contribution of vocal tract (VT) and glottal source spectral (GSS) cues in the generation of emotional styles with tense
phonation. For this purpose, paired neutral, happy and aggressive utterances from a Spanish speech database are inverse filtered and parameterised using the GlottDNN vocoder. Then,
neutral utterances transplanted with prosody, and GSS and/or
VT from the expressive pairs are resynthesised and evaluated
through both objective and subjective tests, focused on vowels [a]; the most common vowel in the database.
The paper is organised as follows. Section 2 presents the
methodology proposed for the GlottDNN-based analysis and
synthesis of expressive utterances to study the contribution of
GSS and VT on tense voice emotional styles. Next, the conducted experiments are described and the obtained results discussed in Sections 3 and 4, respectively. Finally, conclusions
and future work are presented in Section 5.

At present, three-dimensional (3D) acoustic models allow
for the numerical simulation of vowels, diphthongs and some
vowel-consonant-vowel sequences using realistic vocal tract
geometries. While research is being done to generate more
phonemes and short utterances, some attempts have been made
to incorporate expressiveness into the 3D numerical simulation
of isolated vowels. However they are very preliminary and still
far from the generation of expressive utterances. To move towards this goal, this work analyses the contribution of vocal
tract (VT) and glottal source spectral (GSS) cues to the production of happy and aggressive vowels with respect to neutral
vowels. After parameterising with the GlottDNN vocoder the
paired neutral-expressive utterances from a Spanish database,
neutral utterances are transplanted with the target expressive
prosody as baseline, and subsequently resynthesised considering also the GSS and/or VT from their expressive pairs. Objective and subjective evaluations show that, both GSS and VT
have a statistically significant contribution to convey the tense
voice target emotions. VT prevails over GSS specially for aggressive. Best results are achieved when considering both GSS
and VT, which compared to the baseline permits an increase in
the perceived emotional intensity of 55.3% for happy and 62.8%
for aggressive utterances.
Index Terms: expressive speech synthesis, emotional corpora,
speech analysis, inverse filtering, glottal source, vocal tract, numerical voice production

1. Introduction
Speech synthesis methods that rely on the acoustic theory
of voice production have traditionally considered simplified
source-filter models [1], such as the ones based on onedimensional (1D) representations of the vocal tract [2]. Recently, the increase in computing power has allowed the development of three-dimensional (3D) acoustic models, which have
been applied to generate vowels [3], diphtongs [4] and some
vowel-consonant-vowel sequences [5], overcoming the limitations of 1D-based models [6]. While researchers keep investigating on the production of other phonemes and short utterances [7], preliminary attempts to synthesise expressive vowels
have been made, but limited to basic modifications of glottal
source signals [8].
The relevance of glottal source and/or vocal tract cues in
the production of expressive speech has been explored in several studies using traditional source-filter based approaches on
an analysis-by-synthesis scheme. For example, the contribution of phonation types to the perception of emotions was analysed in [9]. To this end, a set of utterances was resynthesised
with different phonation types through an articulatory-based
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(a) Overall diagram.

(b) Detail of the GlottDNN analysis.

Figure 1: Framework proposed to study the contribution of vocal tract and glottal source spectral cues (VT and GSS) in the generation
of tense voice expressive (EXP) vowels, depicting the overall diagram of the process in (a) and the main elements of the GlottDNN
analysis in (b). M pairs of neutral and expressive utterances from parallel speech corpora are analysed using the GlottDNN vocoder,
and aligned through dynamic time warping (DTW). According to this alignment, the features of each neutral utterance uttiN (marked
with 0 ) are time-scaled and transplanted with the prosody of the corresponding expressive pair uttiE (F0E , ENE ). Finally, different
expressive output utterances are obtained by applying GSSX and VTY to the vowels –being X, Y either neutral (N) or expressive (E).

2. Methodology

voiced frames. Conversely, the vocoder features of the voiced
frames are input into a simple feed-forward deep neural network
to generate zero-padded two pitch-period glottal flow derivative
pulses. These signals are scaled according to ENE , and concatenated through the classic Pitch-Synchronous Overlap and
Add (PSOLA) algorithm [22]. This initial excitation is then
processed adding noise in the spectral domain as specified by
the HNRN besides modifying its spectra to match GSSX . Finally, the excitation signal is filtered according to the considered
VTY to obtain the synthetic speech output. It should be noted
that since this work focuses on the spectral characteristics of the
glottal source (i.e., GSS), the synthesis has been performed considering HNRN and using the GlottDNN pulse generation model
trained with neutral speech. The relevance of these two aspects
of the glottal source in the generation of expressive speech will
be analysed in future studies.

Figure 1 depicts the framework proposed to analyse the contribution of the spectral cues from glottal source and vocal tract
to the synthesis of tense voice expressive styles with respect to
parallel neutral speech data. The study takes the neutral utterances with the prosody transplanted from their expressive pairs
as the baseline. The contribution of GSS and VT is analysed
through different synthesis configurations, which are denoted
as GSSX VTY , where X and Y indicate the origin of the GSS
and VT applied to the vowels: N for the neutral utterance and E
for the expressive utterance (hereafter, this subindex notation is
applied for all the variables).
Firstly, each neutral-expressive utterance pair is parameterised using the GlottDNN vocoder. As depicted in Figure 1b,
for each input speech frame (either neutral or expressive), the
GlottDNN estimates its fundamental frequency (F0 in Hz) and
energy (EN in dB), and applies quasi-closed phase (QCP) inverse filtering to obtain the corresponding glottal source and
VT estimates, which are parameterised using Line Spectral Frequencies (LSF). Moreover, it computes the Harmonic-to-Noise
Ratio (HNR) of the glottal source estimate. Further details of
this process can be found in [19]. Next, a spectral tilt compensation module is included to compensate the tendency of QCP
to include residual spectral cues from the glottal source on the
vocal tract estimation [20]. In this module, the spectral tilt of
the vocal tract estimate is modelled with a first order linear prediction filter, and subsequently transferred to the GSS to adjust
it following [20].
Secondly, the prosody of the neutral utterance is transplanted by that from the expressive pair. On one hand, the
GlottDNN features of the neutral utterance (marked with 0 on
Figure 1a) are linearly interpolated to time-scale them to the
expressive target according to the alignment obtained through
dynamic time warping. On the other hand, F0N and ENN are replaced by those from the expressive utterance, that is, F0E and
ENE , respectively. Next, GSSE and/or VTE are transplanted into
the vowels depending on the selected synthesis configuration.
The GlottDNN synthesis process is briefly described below
(for further details the reader is referred to [19]). The GlottDNN
vocoder uses white noise sequences as input to generate the un-

3. Experiments
This section describes the conducted experiments, detailing the
main characteristics of the emotional speech database and the
configuration of the GlottDNN vocoder, together with the design of the objective and subjective evaluations.
3.1. Emotional speech database
The experiments have been conducted on an emotional Spanish
speech database explicitly designed to elicit expressive speech
and recorded by a female professional speaker at a sampling
frequency of 16 kHz [23].
Three out of the five expressive styles of that database have
been chosen as the ones characterised by a modal or a tense
phonation, namely: (i) neutral; (ii) happy; (iii) and aggressive.
These corpora count with a set of 1250 paired short utterances
(with an average of 1.2 words per utterance) that ensure phonetic coverage for Spanish text-to-speech synthesis purposes.
Out of them, 841 utterances have been used in this work, specifically those containing at least a vowel [a]; the most common
vowel in the database. As a result, a total of 1171 paired vowels
have been considered in the experiments.
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Table 1: Mean values of the spectral distances (either ItakuraSaito, or dIS , and Kullback-Leibler, or dKL ) computed from
the analysed configurations to the expressive configurations for
happy and aggressive [a] vowels.

dKL(GSSXVTY, GSSEVTE)

Happy

0

Aggressive

dIS (GSSN , GSSE )

0.14

0.08

dIS (VTN , VTE )

3.11

3.79

dKL (GSSN VTN , GSSE VTE )
dKL (GSSE VTN , GSSE VTE )
dKL (GSSN VTE , GSSE VTE )

2.27
1.17
0.45

2.42
1.90
0.17

Aggressive

VT N
VT E
VT N
SN
SE
SN
S
S
S
G
G
G

VT N
VT E
VT N
SN
SE
SN
S
S
S
G
G
G

1
2
3
4
5
6

3.2. GlottDNN-based analysis and synthesis

Happy

Figure 2: Boxplots of the Kullback-Leibler distances from the
analysed configurations to the target configuration (GSSE VTE )
for happy and aggressive. Dotted lines represent the mean of the
distributions, and whiskers are set to 5th and 95th percentiles.

The analysis and synthesis of utterances have been done using
the default GlottDNN settings1 , parameterising GSS and VT
with 10 and 30 LSF coefficients per frame, respectively, and
considering voiced frames of 25 ms, and unvoiced frames of
15 ms. The whole neutral corpus (of 2.4 h length) has been
used to train the GlottDNN pulse generation model [19].

gastar, agravar and MACBA (in English, they correspond to
shovel, cup, layer, spend, aggravate and MACBA –the name of
a museum in Barcelona). Two versions of the test were prepared, each one consisting of 7 evaluation sets (three words per
emotion plus one control point to validate the evaluator consistency according to the Pearson correlation coefficient r). In
each set, the participants were asked to rate the perceived emotion intensity for each one of the four versions of the word on a 0
to 100 scale. A GlottDNN-based resynthesised utterance different from those evaluated was included in the test as an example
of the target happy/aggressive emotion. In order to determine if
the differences between the evaluated configurations are statistically significant, the Wilcoxon signed-rank test [27] has been
applied to both objective and subjective results.
Forty-four Spanish native speakers with an average age
of 28.9 took one of the two versions of the online test using
headphones and the Web Audio Evaluation Tool [28]. Among
them, 61.9% of the participants are engineering students in their
final year, 42.9% have experience in playing and/or producing music, 21.4% in audio software/hardware design and the
28.6% in audio or speech research. Once the perceptual test
was concluded, the responses of eight participants were discarded since they presented significant criteria inconsistencies
(i.e., with r < 0.5).

3.3. Objective and subjective evaluation
The objective contribution of GSS and VT on the generation of
happy and aggressive emotions has been evaluated through the
computation of spectral distances between the [a] vowel pairs
taking the expressive vowel as the target reference.
Given a neutral-expressive vowel pair, 2 GSSs and 2 VTs
are obtained: from the neutral vowel (GSSN , VTN ) and from
the expressive vowel (GSSE , VTE ). The similarity between the
GSSN and the GSSE is computed as the Itakura-Saito LPCbased spectral distance, i.e., dIS (GSSN , GSSE ). The same is
done for the VT, i.e., dIS (VTN , VTE ). GSS and VT are parameterised by the GlottDNN as LSF vectors at a frame level,
from which LSF vectors at vowel level are obtained using the
median to reduce coarticulation effects. Finally, LSF are translated into LPC to compute the Itakura-Saito distances [24].
Regarding the synthesis, a total of 4 configurations per emotion have been considered to evaluate the contribution of GSS
and VT to the production of the tense voice target emotion,
considering in all of them the target expressive prosody: (i)
GSSN VTN as the baseline configuration; (ii) GSSE VTN ; (iii)
GSSN VTE ; and (iv) GSSE VTE as the expressive target configuration. In order to evaluate how close is each vowel version to the expressive target, their long term average spectrum
(LTAS) have been computed as the Welch’s power spectral estimate, with a 15 ms hamming window, 50% of overlap and
a 2048-point FFT [8]. Then, the similarity of each vowel obtained from configurations (i) to (iii) with the expressive target
has been measured as the symmetrical Kullback-Leibler spectral distance [25] between its LTAS and the corresponding one
in configuration (iv), i.e., dKL (GSSX VTY , GSSE VTE ) .
Regarding the subjective evaluation, the perceived emotional intensity for the different synthesis configurations has
been assessed through a MUSHRA (MUltiple Stimuli with Hidden Reference and Anchor) perceptual test [26]. Six words from
the speech database subset containing only [a] vowels were used
to evaluate the contribution of GSS and VT to the perception of
the two target emotions through the four aforementioned configurations. The words included in the test are pala, taza, capa,

4. Results and discussion
In this section, the results of both the objective and subjective
experiments are presented and discussed in detail.
4.1. Objective results
Table 1 lists the mean values of the spectral distances computed
from the analysed GSS and VT configurations for happy and
aggressive [a] vowels. It is to note that the differences between
all the configurations are statistically significant according to
the Wilcoxon signed-rank test (with p < 0.01).
Regarding the comparison of GSSN and VTN with respect
to GSSE and VTE , it can be observed that GSS differences are
higher for happy than for aggressive, while the opposite is happening in the case of the VT. Looking at the spectral KullbackLeibler distances between the synthesised vowels (see the bottom of the Table 1), it can be observed that the GSS contribu-

1 https://github.com/ljuvela/GlottDNN
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as such in the MUSHRA test unless VTE is also transplanted.
This result could be explained by analysing the differences between GSSN and GSSE in Table 1, which are more subtle in
aggressive than in happy vowels. On the other hand, VT contribution is significantly relevant for both happy and aggressive,
as observed in both the objective and perceptual analyses.
Although our work has been somehow inspired by that presented in [15], there are some important differences. Since our
aim was to study the relevance of GSS and VT in resembling
the target emotion, the effect of prosody has been neutralised as
done in the second experiment of [15]. Nevertheless, in contrast
to that work, GSS and VT contributions have been evaluated
with a prosodic pattern coherent with the target emotion instead
of using the neutral one, thereby avoiding the undesired neutralisation of the conveyed emotion as observed in the MUSHRA
results. Moreover, using short utterances has not only allowed
us to study vowels in their phonetic context, but also to ask evaluators about the perceived emotional intensity, instead of only
evaluating isolated vowels in the arousal-valence space.
Finally, although the contribution of GSS and VT have been
analysed through both objective and perceptual relative comparisons, these preliminary analyses should be completed in order
to generalise the obtained results. In future works, we plan to
consider more vowels and expressive styles, such as those with
lax phonation, as well as other speakers covering different genders and ages.
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Figure 3: Results of the MUSHRA perceptual test. Boxplots
depict the perceived emotion intensity scores reported by the
participants. The dotted lines represent the mean of the distributions, and whiskers are set to 5th and 95th percentiles.

tion is more relevant in happy than in aggressive vowels. Thus,
compared to the baseline, the incorporation of GSSE is able to
reduce the spectral distances to the target by 48% and 21%, respectively. The VT has a greater contribution than GSS, reducing the spectral distances by 80% for happy and by 93% for
aggressive vowels.
The distributions of the computed Kullback-Leibler distances are depicted in Figure 2. It can be observed that both GSS
and VT have a relevant contribution to the generation of happy
and aggressive vowels, which is statistically significant according to the Wilcoxon test results. However, it is worth mentioning that VT dominates over GSS for both emotions, specially
for aggressive vowels.

5. Conclusions
In this work, the contribution of the GSS and VT to the generation of happy and aggressive emotional vowels has been studied on vowels [a] from a Spanish database composed of paired
utterances by means of GlottDNN-based analysis and resynthesis. The objective and subjective evaluations with respect to the
baseline reference (with expressive prosody, GSSN and VTN )
show that both GSS and VT have a statistically significant contribution to convey the tense voice target emotions. Specifically,
VT prevails over GSS specially for aggressive, where GSS perceptual contribution is statistically significant only when VTE
is also transplanted. Finally, it is to note that the best results
are achieved when both GSSE and VTE are applied. When they
are compared to the baseline the perceived emotional intensity
is increased by 55.3% for happy and 62.8% for aggressive utterances, respectively. Properly modelling of both GSS and VT
seems therefore instrumental for the upcoming 3D numerical
generation of happy and aggressive vowels.
To that effect, future work will be focused on developing
further analyses to extend the results obtained on vowel [a],
by considering more phonemes and other expressive speaking
styles and phonation types. Moreover, we envision the integration of the results within a 3D-based numerical synthesis workflow by introducing the observed relevant subtle changes in the
glottal flow waveform together with the proper variations of the
3D vocal tract geometry in order to generate the desired expressive speaking style.

4.2. Perceptual evaluation results
Figure 3 depicts the results obtained from the MUSHRA test.
According to the computed Wilcoxon signed-rank test, the differences between the four configurations are statistically significant with p < 0.01, except between GSSN VTN and GSSE VTN
in aggressive utterances. The baseline configuration (with expressive prosody, GSSN and VTN ) obtains the lowest perceived
emotional intensity (mean score of 47 for happy and 43 for
aggressive). For happy utterances, GSSE and VTE do significantly contribute to increase the perceived emotional intensity
by 10.6% and 38.3%, respectively (from 47 to 52 and 65 points
in the MUSHRA scale). When both are considered the increase
is of 55.3%, thus reaching a mean score of 73 points. Regarding
aggressive utterances, while GSSE does not increase the perceived emotional intensity, VTE leads to an increase of 58.1%
(the mean score increases from 43 to 68). When both are incorporated the increase is of 62.8%, achieving a MUSHRA mean
score of 70.
4.3. Discussion
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