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Abstract
This paper studies a deep neural network (DNN) based voice
source modelling method in the synthesis of speech with varying vocal effort. The new trainable voice source model learns
a mapping between the acoustic features and the time-domain
pitch-synchronous glottal flow waveform using a DNN. The
voice source model is trained with various speech material from
breathy, normal, and Lombard speech. In synthesis, a normal
voice is first adapted to a desired style, and using the flexible DNN-based voice source model, a style-specific excitation waveform is automatically generated based on the adapted
acoustic features. The proposed voice source model is compared to a robust and high-quality excitation modelling method
based on manually selected mean glottal flow pulses for each
vocal effort level and using a spectral matching filter to correctly
match the voice source spectrum to a desired style. Subjective
evaluations show that the proposed DNN-based method is rated
comparable to the baseline method, but avoids the manual selection of the pulses and is computationally faster than a system
using a spectral matching filter.
Index Terms: Speech synthesis, deep neural network, DNN,
voice source modelling, vocal effort, glottal flow

1. Introduction
Statistical parametric speech synthesis, also known as hidden
Markov model (HMM) based speech synthesis [1, 2], is a popular framework for synthesising speech and a good alternative
for the unit selection approach [3]. It has several benefits such
as the ability to vary speaking style and speaker characteristics [4–8], small memory footprint [9, 10], and robustness [11].
However, statistical speech synthesis suffers from lower segmental speech quality compared to the unit selection systems
that concatenate natural speech waveforms [3]. This degradation is thought to stem mainly from three factors: a) oversimplified vocoder techniques that are incapable of representing
natural speech waveforms in detail b) acoustic modelling inaccuracy, and c) over-smoothing of the generated speech parameters [2]. This paper addresses the first factor by introducing
a flexible voice source model that uses a deep neural network
(DNN), with the aim of better modelling variations in the voice
source signal and interaction between the source and the filter.
The modelling of the excitation signal in HMM-based
speech synthesis has greatly improved since the first vocoders
that used a simple impulse train excitation [12]. The quality of
such simple excitation is poor due to the unnatural zero-phase
character of the excitation. Mixed excitation [13] and two-band
excitation [14] has greatly improved the quality by mixing periodic excitation with aperiodic noise. This mixed excitation

scheme is also used in the most prevalent vocoder in speech synthesis, STRAIGHT [15, 16]. Also closed-loop training [17, 18]
and parametric models of the glottal flow [19, 20] have been
proposed for improving the speech quality.
Since the context-dependent characteristics of the glottal
flow waveform are difficult to represent using a simple parametric voice source signal, several approaches have utilised the excitation waveform per se in order to preserve the natural characteristics in the waveform. The idea is not new (see e.g. [21–23]),
but the development of statistical speech synthesis and vocoders
have given new applications for the approach. Recently, natural glottal flow pulses or residual waveforms have been used in
several vocoding approaches [24–31].
Reproducing different speaking styles has long been the
strength of statistical speech synthesis. Through adaptation and
similar techniques, a continuous degree of varying style can be
reproduced [4–8, 32, 33]. However, only few studies have explicitly investigated the modelling of the changes in the excitation waveform in response to changes in speaking style. In
consequence, while mostly changing the pitch and overall spectrum, the changes in the voice characteristics are rather limited compared to natural speech. In contrast, the experiments
in [33, 34] have shown that by using an appropriate glottal flow
pulse for synthesising a specific style, improvements in the perceived impression of the style are achieved. However, the current approaches need human intervention, such as manually extracting and selecting the style-specific excitation waveforms.
The aim of this work is to present and extend the work on
the DNN-based voice source modelling method, preliminary
presented in [35], and apply it to the reproduction of various
vocal effort levels similar to the study in [33]. The new DNNbased voice source modelling method is based on learning a
mapping between the acoustic features and the time-domain
glottal flow waveform using DNN. Thus, in synthesis, the excitation waveform can be directly generated from the acoustic
features. Subjective evaluations are performed to find out if the
new simpler and automatic DNN-based method can reproduce
the same quality and impression of vocal effort as the previously
published method without manual intervention.

2. DNN-based voice source modelling
The proposed DNN-based voice source modelling method and
its use in synthesis of various speaking styles is illustrated in
Figure 1. In the training part, acoustic features are first extracted from a speech database at 5-ms intervals. As the aim
is to reproduce different speaking styles, the speech database
should contain both normal and style-specific speech, labelled
accordingly. The feature extraction uses iterative adaptive in-

verse filtering (IAIF) [36] in order to decompose speech signals into the vocal tract filter and the voice source signal. This
enables the further parametrisation of the voice source characteristics and the segmentation of the glottal flow waveforms.
Speech features described in Table 1 are extracted, i.e., the fundamental frequency (F0), frame energy, harmonic-to-noise ratio
(HNR) of five frequency bands, voice source linear prediction
(LP) spectrum converted to line spectral frequencies (LSF), and
vocal tract LP spectrum converted to LSF. The acoustic features
of normal style are used for training an HMM-based voice, after
which it can be adapted to different speaking styles.
The output voice source signal by the IAIF algorithm is
used for extracting pitch-synchronous glottal flow pulse segments. First, glottal closure instants (GCIs) are detected from
the differentiated glottal flow signal using peak picking at fundamental period intervals, and two-pitch-period, GCI-centred
glottal flow waveform segments are extracted. The pulse segments are interpolated to a constant duration of 25 ms (400 samples at 16 kHz sampling rate), windowed with the Hanning window, and normalised in energy. The pulses are stored in a codebook and linked with the corresponding acoustics features of the
frame. The duration of the pulses is selected as a compromise
between minimising the amount of data stored and limiting the
loss of spectral information in the pulses. A mapping between
the acoustic features and the glottal flow waveform segments
is established by training a DNN. Random initialisation of the
DNN weights is used, after which back-propagation is applied.
In order to train a flexible voice source model, speech parameters from all speaking styles were used for the DNN training.
The normal voice is adapted as in [8] to a desired style
using the style-specific data and an interpolation/extrapolation
coefficient, which defines the amount of adaptation from the
normal voice to the desired style. After the adaptation of
the voice, style-specific acoustic features are generated from
context-dependent HMMs (CD-HMM) according to text input
as in [25]. The acoustic features are used as input to DNN,
which outputs the context and style-specific glottal flow waveforms. The generated glottal flow waveforms are interpolated
to a desired length according to F0, scaled in energy, and mixed
with noise according to the HNR measure as in [31]. The individual two-pitch-period waveforms are overlap-added in order
to create a continuous excitation, which is filtered with the vocal
tract filter generated from HMMs to create speech.

3. Experiments
3.1. Speech material
Two speech corpora, a male and a female speaker [33], were
used in the experiments. For both speakers, three different vocal effort levels were utilised: breathy, normal, and Lombard.
The normal style consists of 1450 sentences, comprising approximately two hours of speech for both speakers. Lombard
speech was elicited by playing babble noise with 80 dB SPL
Table 1: Acoustic features used for training the HMM-based
voice and the DNN-based voice source model.
Feature
Number of parameters
Energy
1
Fundamental frequency
1
Harmonic-to-noise ratio 5
Voice source spectrum
10
Vocal tract spectrum
30
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Figure 1: Illustration of the proposed DNN-based voice source
modelling method for synthesis of varying speaking styles.
to the speaker’s ears through headphones while recording, and
feeding back the speaker’s own voice through headphones, corresponding to a level of speaking in a normal room without
headphones. The Lombard style consists of 300 sentences. The
breathy speaking style was elicited by increasing the level of the
speaker’s feedback through headphones as well as instructing
the subjects to speak softly without whispering. 200 sentences
were read in the breathy style. The recording and processing of
the speech data are described in more detail in [33].
3.2. Training of deep neural networks
A DNN [37] is a feed-forward, artificial neural network that
has at least two layers of hidden units between input and output
layers. Recently, DNNs have been successfully used for both
automatic speech recognition [37] and speech synthesis [38],
and DNNs have shown improvements over conventional HMMbased systems. In this work, a DNN is used in conjunction with
an HMM-based approach for mapping between the acoustic features and the time-domain glottal flow waveform. The input for
the DNN is the 47-dimensional acoustic feature vector, consisting of the features described in Table 1, and the output is the 400
sample duration normalised glottal flow waveform. For the hidden and output layers, sigmoid and linear activation functions
are used, respectively. The DNN is trained by back-propagating
derivatives of the mean squared error (MSE) cost function that
measures the discrepancy between the target and actual outputs.
Previously in our research on DNN-based voice source
modelling [35], a rather large DNN with two hidden layers and
1000 neurons per layer was proposed for learning the mapping
between the acoustic features and the glottal flow waveform. In
our recent studies, smaller DNN architectures have been shown
to learn the mapping more efficiently, while also taking less
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Figure 2: Demonstration of the DNN-based excitation modelling by interpolating and extrapolating different HMM-based speaking
styles from original breathy (1.0), normal (0.0), and Lombard speech (−1.0), and generating the DNN-based pulses corresponding
to the generated speech parameters of various degrees of the styles. The resulting pulses (without interpolation in time, scaling in
magnitude or adding noise) are shown for female vowel [u] and male vowel [a].
time to train. In this work, a 2-hidden-layer DNN is used with
100 and 200 neurons in the first and the second hidden layers, respectively, which achieved convergence much earlier and
gave lower final errors than the DNN architecture in [35].
In addition, restricted Boltzmann machine (RBM) pretraining, used in [35], turned out to achieve fast initial reduction
in training error, but the error curves saturated also very rapidly
and did not achieve even nearly as low errors as random weight
initialisation. This seems to indicate that the RBM pre-training
helped in learning the main characteristics of the glottal flow
waveform, but reduced the flexibility of the model to learn the
multitude of variations in the glottal waveform shape. Thus, in
this work, random initialisation of the DNN weights is used.
Since the 400-sample-length glottal flow waveform is rather
high-dimensional, an approach using principal component analysis (PCA) was also experimented with. The glottal flow waveforms in the training database were decomposed into 40 principal components (PCs) and the corresponding weights, and a
mapping between the 47 acoustic features and the 40 PCs were
then established using a DNN. The results were similar to the
sample-based approach, but glottal flow waveform was inconsistent when using unseen or noisy input data. Thus, the timedomain glottal flow waveform is used in this work.
Due to occasional small errors in the GCI estimation, and
due to the averaging effect of the DNN training, the GCI peaks
of the generated pulses are slightly smoother than those in the
waveform inverse filtered from natural speech. In order to compensate this constant difference in spectral domain, a fixed preemphasis is applied at synthesis stage. The amount of preemphasis is estimated by comparing the spectra of the voice
source signals over all styles synthesised with the DNN-based
method and conventional GlottHMM synthesis using natural
glottal flow pulse and a source spectral matching scheme [25].
Best match between the two spectra was achieved with firstorder differentiator with α = 0.387.

In order to demonstrate the ability of the proposed DNNbased voice source model to create natural glottal flow waveform despite data sparsity, two training sets were constructed
with the other one missing a part of the input parameter values.
A data set of 280,651 input vectors and output pulse waveforms
were used to train a baseline DNN using the male speech data.
Since energy of the speech frame is highly dependent on the
speaking style, and the glottal pulse waveform shows considerable changes in relation to changes in energy (see [35]), it was
chosen as a feature to be altered in this experiment. The energy
in the original training set ranged from −23.3 dB to 41.0 dB.
A modified training set was constructed by removing all data
points with energy values from 0 dB to 15 dB. After discarding
the specific data, the number of training samples in the modified set was 227,777, removing around 19% of the total samples and corresponding exemplars of glottal flow waveforms.
Both DNNs were trained similarly and the errors of the generated glottal flow waveforms were measured using a test set
with i) all data, ii) in-domain data, iii) out-of-domain data. The
mean, maximum, and minimum relative change in errors (E)
are shown in Table 2. The results show that the overall error is
only slightly increased when moving from the in-domain data
(0.73%) to the out-of-domain data (2.07%), indicating that the
model can rather successfully interpolate/extrapolate the output.

3.3. Handling data sparsity

Table 2: Mean, maximum, and minimum change in the error E
over the generated glottal flow waveforms when using a training
data with induced data sparsity in comparison to using all data.
Test data
∆mean(E) ∆max(E) ∆min(E)
All data
1.17 %
1.37 %
−7.86 %
In-domain data
0.73 %
1.37 %
−7.86 %
Out-of-domain data
2.07 %
−1.89 %
36.18 %

Robustness to data sparsity is a crucial property of a generative model, and especially in speech synthesis, data sparsity is
a common problem. It is often not possible to include all possible input cases in the training material, and thus it is important
that a model can interpolate or extrapolate an appropriate output
from input parameters that are not included in the training set.

3.4. Voice building
The HMM training and adaptation procedures were identical
to the experiments done in [33]. The training of the normal
voices followed the standard HTS method [39]. Speech features described in Table 1 were extracted using the GlottHMM
vocoder [25] and delta, and delta-delta features were added.
Semi hidden Markov models were used as acoustic models, and
features were trained in individual streams except the vocal tract
LSFs and energy were trained together.
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Figure 3: Results of the quality test.
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In order to create the low and high vocal effort voices
(breathy and Lombard), the normal voice models were adapted
with constrained structural maximum a posteriori linear regression combined with maximum a posteriori (CSMAPLR +
MAP) adaptation technique [8]. The speaker-dependent voice
source model DNNs were trained using all speech material including breathy, normal, and Lombard speech.
For demonstrating the interpolation and extrapolation characteristics of the DNN-based voice source modelling, both
voices were adapted to various degrees of vocal effort from very
breathy to very Lombard, and corresponding speech parameters
were generated. Normal training voices being at point 0.0 and
adaptation samples at points 1.0 (breathy) and at −1.0 (Lombard), adapted voices were created between 2.0 (very breathy)
and −2.0 (very Lombard) with a step size of 0.2. The parameters of each voice were then fed to the DNNs to generate stylespecific glottal flow waveforms. Generated waveforms for female vowel [u] and male vowel [a] are shown in Figure 2.
3.5. Subjective evaluation
In order to evaluate the performance of the proposed method,
subjective evaluations were conducted using three vocal effort
levels. The final voices used in the subjective evaluation were
created at points 1.0 (breathy), 0.0 (normal), and −1.0 (Lombard) for both speakers. A high-quality mean glottal flow pulse
excitation scheme was selected for a reference baseline system,
which has been successfully used in synthesising speech with
varying vocal effort [33]. The baseline system uses a stylespecific mean glottal flow pulse for each of the three styles [33]
(corresponding to the PCA-based excitation in [29]), and a spectral matching scheme [25,33], where a pole-zero filter is used to
filter the excitation signal in order to apply the desired spectral
properties defined by the generated voice source spectrum.
Two types of tests were conducted to compare the proposed
and the baseline systems. First, a comparison category rating (CCR) test was conducted to evaluate the speech quality.
In a CCR test, listener hears two different samples and rates
the quality difference between them on the 7-point comparison mean opinion score scale ranging from much worse (−3)
to much better (3). A total of 14 native Finnish listeners evaluated 60 sample pairs each, and the preference of the methods
was evaluated by averaging the listener scores for each method.
Secondly, a similarity test was conducted in order to assess
the speaker and style similarity between the two methods. In
the similarity test, listener is presented with two speech samples
synthesised by the two methods, and a natural reference sample
corresponding to the speaker and style of the synthetic samples.
The task of the listener is to choose which of the two samples
is more similar to the reference in terms of speaker and style, or
no preference between the samples. A total of 14 native Finnish
listeners evaluated 60 sample pairs each.
The mean scores of the quality test are shown for each vocal effort level with 95% confidence intervals in Figure 3. Only

DNN

np

PCA

DNN

np

PCA

DNN

np

PCA

Figure 4: Results of the similarity test. The middle bars labelled
as np stand for no preference for either of the methods.
with Lombard speech, the difference between the two methods
is statistically significant with the proposed method being rated
higher in quality. Figure 3 presents the results of the similarity
test, showing the proportion of answers (with 95% confidence
intervals) for each method and for each vocal effort level. Only
in the case of breathy speech, the results are statistically significant, where the baseline method is rated more similar.

4. Discussion and conclusions
The experiments show that the proposed DNN-based voice
source modelling method is capable of successfully reproducing different degrees of vocal effort, and that it improves the
synthesis quality with Lombard speech in comparison to the
baseline method. Although the proposed method was able to
generate breathier waveforms than the baseline system, and although the resulting breathy voice was perceptually softer based
on informal listener reports, the similarity of the breathy voice
was slightly decreased due to the absence of the spectral matching, as is used in [25,33]. In comparison to the baseline method,
the proposed method avoids manual intervention needed for
the voice style variation, and enables continuous style variation
within an utterance, which is required for plausible expressive
speech synthesis. Moreover, the generation of pulses from a
DNN is computationally less expensive than filtering the excitation signal with a pole-zero spectral matching filter.
The study shows that the approximate shape of the glottal
flow waveform can be successfully modelled by the proposed
approach in order to generate various speaking styles. However, the proposed method does not seem to greatly improve the
segmental quality of speech compared to using a pre-selected
glottal flow pulses. This indicates that even though the DNNbased modelling approach is capable of generating the gross
shape of the glottal flow pulse, it introduces an averaging effect
that removes detailed variations of the pulse needed to achieve
quality close to natural speech.
The existence of interaction between the source and filter
is well known (see e.g. [40]), but it is hardly utilised in speech
technology or in speech synthesis. In this work, the glottal flow
waveform is predicted based on features including the vocal
tract spectrum, but it seems that modelling the source and filter
interaction by the proposed method is not adequate for greatly
improving the segmental speech quality. Future directions of
the study will be concentrated on the more accurate modelling
of the source-filter interaction using the DNN-based approach.
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