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ABSTRACT more realistic scenarios in which the glottal flow is to be estimated,
. . . . . for example, from continuous noisy speech. In these realistic sce-
In the analysis of speech production, information about the voicios. the accuracy of most GIF methods unfortunately deteriorates,
source can be obtained non-invasively with glottal inverse filtering,q this holds true especially for the (theoretically) more powerful
(GIF) methods. Current state-of-the-art GIF methods are capablgaia_of-the-art methods such as CP, CCD, and quasi closed phase
of producing high-quality estimates in suitable conditions (e.g. |°Wanalysis (QCP) [7], which require precise estimates for glottal clo-
noise and reverberation), but their performance deteriorates in NoQy, ¢ instants (GCls). More straightforward methods, such as IAIF,
ideal conditions because they require noise-sensitive parameter esji5 not require additional parameter estimation, which makes their
mation. This study proposes a method for noise robust estimation ofg formance more robust to noise. This in turn makes simple GIF
the voice source by creating a mapping using a deep neural netwofkethqds applicable in modern data driven applications, such as sta-
(DNN) between robust low-level speech features and the desired refigiical parametric speech synthesis [8-10], which call for estimation
erence, a time-domain glottal flow computed by a GIF method. They the glottal flow from continuous speech signals that might have
method was evaluated with two GIF methods, of which one (quasheen recorded in non-ideal conditions. Enhancing the robustness of
closed phase analysis, QCP) requires additional parameter estimgg state-of-the-art GIF methods could thus in principle result in a
tion and the other (iterative adaptive inverse filtering, IAIF) doespatier performance in practical applications, particularly for tech-
not. The results show that the proposed method outperforms the, e such as statistical speech synthesis, in which glottal source
QCP method with SNRs less than 50-20 dB, but the simple IAIFygtimates are used with model training from long speech recordings.
method only with very low SNRs. This study aims to enhance the robustness of the state-of-the-
Index Terms— Voice source estimation, glottal inverse filtering, art GIF methods in low signal-to-noise ratio (SNR) conditions by
deep neural network, noise robustness creating a multi-speaker mapping between robust low-level speech
parameters and the output of a reference GIF method. The mapping
is done by utilizing a deep neural network (DNN), which is a power-
ful tool for finding nonlinear interactions between input and output
. ) o . features, even if the data is highly correlated [11]. The motivation for
In the production of voiced speech, the quasiperiodic fluctuation ofy,q g4,y is to alleviate the effects caused by unreliable parameter es-
the vocal folds generates an input signal to the vocal tract. In acous;y,ation in the state-of-the-art GIE methods in low SNR conditions
tical terms, this excitation signal is referred to as the glottal volumeg,g e enabling more accurate estimation of the glottal flow in non-
yelocity Waveform or the glottal flow. More generally,_the_ Waveform ideal conditions. The DNN-based approach to glottal source mod-
is called the voice source or the glottal source. This signal carrie§jing ang estimation is relatively little explored, which is the reason
information about the type of phonation and pitch that can be asjy 'this study should most of all be treated as a proof-of-concept.
sociated with various vocal cues corresponding to the speaker, €.g,qround information on the research topic and the selected GIF
emotional state, individual speech characteristics, and possible Voi¢gaihods are presented in Section 2, and the proposed method is ex-

patholqgies. Unfortunately the real glottal flow _is elusive to direct, lained in detail in Section 3. The used speech database, experimen-
acoustical measurement due to the hidden location of the vocal fol I setup, and results are detailed in Section 4. Finally, summary of

inside the larynx. By using glottal inverse filtering (GIF), however, tﬂe findings and discussion are provided in Section 5.
the glottal source can be estimated non-invasively from the speec
pressure waveform recorded by a microphone outside the lips. GIF

1. INTRODUCTION

methods operate by applying such anti-resonances to a segment of 2. BACKGROUND
recorded speech that the effects of the vocal tract formants become . . . )
canceled, hence yielding an estimate of the glottal flow. In automatic speech recognition (ASR), DNNs have provided sig-

Examples of known GIF methods are closed phase covarianddficantimprovements in recognition_ accuracy compared to previous
analysis (CP) [1], iterative adaptive inverse filtering (IAIF) [2], and State-of-the-art methods [11]. Also in text-to-speech (TTS) synthe-
complex cepstral decomposition (CCD) [3] (for more details, seéiS: recent studies utilizing deep learning grchltectures have provided
recent reviews [4-6]). All the above methods, however, have beeRromising results (e.g. [12, 13]). These improvements are enabled
designed to work in ideal conditions in which the speech signal to b8Y the ability of a deep learning architecture to model complex de-
analyzed is typically a long sustained vowel produced in an environP€ndencies between input and output features and utilize correlated

ment with minimal noise and reverberation. Experiments conductefigh-dimensional data [11]. ) )
in ideal laboratory conditions, however, cannot be generalized to N ASRand TTS, amapping is created between acoustic and lin-
guistic features. In recent work on voice source modeling in statis-
This work has been supported by the EC-FP7 (2007-201287678  tical parametric speech synthesis [14, 15], a similar mapping using
(Simple*All) and the Academy of Finland (256961). DNN is created between acoustic speech features and glottal flow
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time-domain waveform. The results in [14, 15] indicate that the glot-

tal flow waveform can be successfully predicted from higher-level

speech features, and the DNN-based system was rated equal td a SPEECH Glottal inverse filtering

high-quality baseline system in subjective listening tests. The input DATABASE

features in [14, 15] included, e.g., spectrum, gain, and fundamen- GIF-based glottal flow
tal frequency of speech, which all contain information on the voice Speech

source, and can be rather easily and robustly estimated from a speech signal GCl detection and

signal. The DNNSs trained in those two studies were speaker depen- normalization

dent, but a speaker-independent voice source DNN was trained and Speech I

successfully used for synthesis in [16]. Utilizing the same principle, features

itis possible to predict the glottal flow signal from any speech frame ,—> Training of DNN Training
using a speaker-independently trained DNN, which may be useful part
also in domains outside TTS. Feature extractiol DNN weights

In the study by Kane et al. [17], artificial neural network was
successfully used for estimating the open quotient for different voice
qualities using spectral features of speech. In the current study, th
aim is to estimate the entire time-domain glottal flow waveform. Al-
though the glottal flow estimate predicted by the DNN might not be
as accurate as the one computed by a state-of-the-art GIF method
(e.g. [7]), there are benefits in the afore-mentioned approach, Firs
the glottal flow estimate can be predicted using simple and robust
speech features, which enables glottal flow estimation even if the
speech frame is corrupted by noise. Especially more complex glot-
tal inverse filtering methods that are subject to vulnerable parameter
estimation (e.g., extraction of GCIs) suffer from noise [18] and other

distortions (such as phase distortion [19]). Secondly, the estimatiofyte the length of the glottal flow segment is set to 400 samples,
of the entire glottal flow waveform instead of only few descriptive \yhich results in 400 neurons in the output layer. The DNN archi-
parameters may have more practical applications, as shown in speeglture is based on the experiments conducted in [15, 16], where 200
synthesis [14-16]. neurons in the hidden layers was found to perform best. Sigmoid ac-
In this study, the IAIF [2] and QCP [7] methods were selectedtjyation functions are used in the hidden layers and linear activation
for estimating the initial glottal flow. IAIF is a widely known GIF  fynctions in the output layer. The network weights are initialized by
method that works by in turn obtaining more accurate estimates qhndom Gaussian numbers with zero mean and standard deviation of
the spectral shape of the glottal flow and the vocal tract transfer fungy 1 The network is then trained using back-propagation. The DNN
tion. It does not require additional parameter estimation, so it is Sesggde is based on [20] and modified for the purpose of the study.
lected for the study on the grounds of being a noise-robust baseline fter the DNN training is converged, the DNN network can be
method. The QCP method is shown to provide better glottal flow esysed to generate estimates of the glottal flow using new, possibly
timates than IAIF [7], but requires additional parameter estimatiorhojsy speech data. The same feature extraction is applied to the new
that is sensitive to noise. speech signal, and the extracted features are then fed to the trained
DNN, which finally outputs the glottal flow estimate.
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Fig. 1. lllustration of the proposed method.

3. PROPOSED METHOD

o o 4. EXPERIMENTS
The flow chart of the proposed method is illustrated in Figure 1.

First, a large multi-speaker speech database is required in order {he experiments conducted in this study evaluate the SNR depen-
enable the glottal flow estimation for any speaker with a reasonablgent performance of the proposed method using various inputispeec
accuracy. The amount of data is also beneficial for the DNN trainfeatures. The performance, i.e., the accuracy of the glottal flow es-
ing, which usually performs better when the amount of data is intimation, is compared to the initial glottal flow estimates obtained
creased. Next, an existing glottal inverse filtering method is appliegyith the two selected inverse filtering methods, IAIF and QCP. All
to the speech database to estimate the glottal flow of voiced speeghplementations of the proposed method were trained and tested us-
The glottal flow signal is segmented to individual two-pitch-perioding a large multi-speaker corpus of high-quality speech recordings.
glottal flow segments, which are resampled to a constant length, win-
dowed using the Hann window, and normalized in energy. Speeclﬂ
features extracted from the database are then linked with the cor-
responding glottal flow segments, and a mapping is established by multi-speaker speech database was constructed for the study. Ten
training a DNN. The speech features can include any parametricigh-quality male speech databases, all designed for speech synthe-
representation of speech that enable predicting the glottal flow wavesis purposes, were used as the speech data. Only male speech was
form. The most obvious choices are, e.g., spectral information, fu selected for this preliminary study since the estimation of the voice
damental frequency, and frame energy, which all contain informatiosource from female speech is generally more difficult than from male
from the voice source. speech. Also training a mixed-gender DNN may result in less accu-
The DNN consists of the input layer, two hidden layers, and arrate results due to differences in male and female voice source char-
output layer. The size of the input and output layers are defined bgcteristics. Altogether, the speech database consisted of 11 042 sen-
the dimensions of the input feature vector and the size of the reences, comprising about 17.5 hours of speech data. The languages
sampled glottal flow waveform, respectively. With 16 kHz samplingand number of sentences of each speaker in the database are shown

1. Speech data
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Table 1. Details of the speech data. Table 2. Evaluated input parameters and the GIF method used in the

| Speaker| Gender[ Language | Sentences Length (min) ] computation of the output glottal flow estimate.
1 Male | Finnish | 429 27 __System | Input  Output |
2 Male Assamese| 1466 127 IAIF-GlottHMM | fo, E, 30xLSFvt, 10xLSFs | IAIF
3 Male English 1138 80 IAIF-LSF18 fo, E, 18xLSF 1AIF
4 Male English 1131 51 IAIF-LSF30 fo, E2, 30xLSF 1AIF
5 Male Guijarati 450 123 IAIF-LSF46 fo, B/, 46xLSF 1AIF
6 Male Hindi 875 121 IAIF-MFCC13 fo, L3xMFCC 1AIF
7 Male Finnish 692 67 IAIF-MFCC30 fo, 30xMFCC 1AIF
8 Male English 2022 134 IAIF-MFCC46 fo, 46xMFCC 1AIF
9 Male Rajasthani| 1369 133 QCP-GlottHMM | fo, E, 30xLSFvt, 10<LSFs | QCP
10 Male Telugu 1470 187 QCP-LSF18 fo, B/, 18xLSF QCP
\ \ \ [11042 [ 1050=17.5h] QCP-LSF30 fo, E, 30xLSF QCP
QCP-LSF46 fo, B/, 46xLSF QCP
in Table 1. All speech was sampled at 16 kHz. Before feature ex- QCP-MFCC13 | fo, 13xMFCC QCP
traction and glottal inverse filtering, the loudness of the speech files QCP-MFCC30 | fo, 30xMFCC QCP
was normalized using the method in ITU-T P.56 [21]. The polarity | QCP-MFCC46 | fo, 46xMFCC QCP

of each database was checked and corrected in case it was inverted

in order to guarantee correct modeling of the glottal flow waveform-raple 3. Average errors over all SNRs for the 14 systems in Table 2
and for the two reference GIF methods, IAIF and QCP. NAQ error is
relative, H1IH2 and SD errors are in dB, MSE is absolute. Smallest
errors of the test systems are highlighted with bold font.

4.2. Experimental setup

The speech data was analyzed using 30 ms frames at 15 ms int

vals, resulting in a total number of 1 917 832 voiced frames. Thj System ‘ NAQ ‘ H1H2 ‘ MSE ‘ SD ‘
frames were divided into a training set consisting of 98% of the total‘ IAIF-Ref ‘ 0.10 ‘ 1.32 ‘ 0.34 | 420 ‘
number of frames, and a test set containing the remaining 2%. The IAIF-GlottHMM | 0.25 2.32 0.44 7.11
frames were inverse filtered with the IAIF [2] and QCP [7] methods | IAIF-LSF18 0.25 2.32 0.44 6.68
and input feature extraction was performed on the frames according IAIF-LSF30 0.26 2.27 0.44 6.53
to the desired system setups. Fundamental frequéeiyand frame IAIF-LSF46 0.26 2.26 0.44 6.36
energy ) were included in all test systems (for MFCCs in the form | JAIF-MFCC13 0.24 2.35 0.43 6.58
of MFCC-0), along with a varying spectral feature representation.| |AIF-MFCC30 0.20 238 0.40 6.71
The selected spectral features contained varying parameter ofders 0 |AIF-MFCC46 0.22 235 0.40 6.87
line spectral frequencies (LSFs) [22], mel-frequency cepstral-co
ficients (MFCCs), and also GlottHMM vocoder [9, 10] vocal tract [ GO I _LeE 050 [EEE |
and voice source LSF estimates. The total number of different inpu QCP-GlottHMM | 0.29 2.43 0.45 >.98
vector combinations was 7, resulting in a total number of 14 systems QCP-LSF18 0.23 2.41 0.43 6.18
for the whole experiment. A detailed list of the evaluated input and| QCP-LSF30 0.25 2.35 0.43 5.92
output parameter combinations is presented in Table 2. QCP-LSF46 0.22 2.37 0.43 6.34

In the experiment, white Gaussian noise was added to the test QCP-MFCC13 | 0.24 2.29 0.43 5.75
set frames according to the desired SNR. The SNR was varied from QCP-MFCC30 | 0.24 2.37 0.43 5.94
virtually clean speech (80 dB) to highly corrupted speech (0 dB) us{ QCP-MFCC46 | 0.23 2.47 0.42 6.01

ing 10 dB steps. Clean and corrupted inverse filtering estimates were

then obtained with both GIF methods. The DNN input parametergl.4. Results

were computed from the corrupted frames and fed into the DNN to

obtain the estimates, which were then compared to the clean sign&he obtained average results are shown in Table 3, and a detailed
estimates of the respective methods. graph of the results is presented in Figure 2. All of the tested sys-
tems are able to reproduce the output of the reference method with
very similar accuracy compared to each other. Figure 2 also illus-
trates that the error of the DNN output stays very stable with vary-
The accuracy of glottal flow estimation in comparison to the clearing SNR, which suggests that the DNN-based systems are robust
reference was measured using four metrics. The normalized ante noise. However, even though the errors for the IAIF and QCP
plitude quotient (NAQ) [23] was used, which is a widely used andbased systems are similar, the proposed method is only truly advan-
robust measure of voice quality. The magnitude difference betweetageous for the QCP method for SNR cases below 50-20 dB, de-
the first and the second harmonics, denoted as H1H2 [24], was useénding on the used error metric, as those are the levels where the
for measuring the performance in the spectral domain. The meaarrors of the proposed method become smaller than the errors for the
squared error (MSE) between the initial glottal flow estimate and theeference method. For IAIF, most of the metrics give errors smaller
one predicted by the DNN was also measured, which is maybe ththan the baseline reference only for very low SNRs from around 0
most important measure here, since the objective of the proposed 10 dB. These results are in line with the initial speculations on
method is to estimate the entire glottal flow signal. Finally, specthe performance of the proposed method, i.e., the method requir-
tral distortion (SD) [25] was also measured, which is a widely usedng noise-sensitive parameter estimation can benefit from the DNN
distortion measure that quantifies distortion along all frequencies. mapping, whereas the more simple method is noise-robust in its own

4.3. Evaluation methods
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An illustration on the ability of the proposed method to produce 80—\
noise robust glottal flow estimates is presented in Figure 3, whert ——/\\fﬁM ’/\/fw
the output of the QCP-LSF46 system is compared to the referenc 0| N~ | 4\\["”’\& A/\/M
outputs of the QCP and IAIF methods with varying SNR. The DNN- 60—\~ ] —NW ——/\/M

based method outputs a slightly averaged glottal flow waveform _ 50—\
missing some of the finer details of the reference waveform with & 4
higher SNRs. However, in this example the shape of the referenc £

QCP waveform starts to deteriorate starting from SNR of 40 dB, after ® 30— Ny~

which the deterioration is very severe. Meanwhile, the DNN output 20— ;=" «WW M/W\A&
is very consistent until 10 dB SNR, after which the overall shape 10*../\[/.\« R s y— _/\/\M
starts to slightly shift, but still preserving the shape of a glottal flow 0 ||
derivative waveform. The IAIF reference deteriorates less than the M\(m T

QCP reference, but also with very low SNRs, the glottal flow shape 0 200 200

is severely distorted, while the DNN output maintains a consisten Sample number

shape.

Fig. 3. Example glottal flow waveforms generated by the proposed
DNN-based method (QCP-LSF46), and the QCP and IAIF methods
using varying SNR. The DNN-based method clearly gives more con-
sistent results with decreasing SNR.

The experiments show that the proposed DNN-based voice source

estimation method yields noise robust estimates of the glottal flowics, the MSE instead shows that the glottal flow signal is very close
signal. However, the commonly used voice quality metrics, such at the clean reference estimate. With lower SNRs, the DNN map-
NAQ and H1H2, show relatively high errors at all SNRs, even with aping is very robust to noise, being able to yield reasonable glottal
clean signal. This is due to the averaging effect of the DNN, whichflow estimates when other methods give very distorted output (see
for example, outputs pulses with slightly over-smooth waveform afigure 3). Moreover, the studies in [14-16] show that despite the
the GCI, which in the natural glottal flow signal shows a rathersomewhat over-smooth characteristics of the glottal flow output from
abrupt discontinuity. Since NAQ is higly sensitive to the abrupt-the DNN, the generated glottal flow signal is useful and feasible in
ness of the signal at the GClI, it is obvious that the errors of thespeech synthesis. This suggests that estimating the entire glottal flow
DNN-based methods measured with NAQ are rather high. Despitsignal instead of predicting only a few descriptive parameters (such
the relatively high errors in these conventional voice quality met-as in [17]) may be useful in other applications as well.

5. DISCUSSION
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