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Abstract
Voice Onset Time (VOT) has been used by researchers as an acoustic measure
in order to gain some understanding about the impact of different motor speech
disorders in speech production. However, VOT values are usually obtained
manually, which is expensive and time consuming. In this paper we proposed
a method for the automatic detection of VOT based on pre-trained Recurrent
Neural Networks with Gated Recurrent Units (GRUs). Speech recordings from
50 Spanish native speakers from Colombia (25 male) are considered for the
experiments. The recordings include the utterance of the diadochokinesis task
/pa-ta-ka/ which is typically used for the evaluation of motor speech disorders
like those caused due to Parkinson’s disease. Additionally, the diadochokinesis
task allows us to train a system to detect the VOT of voiceless plosive sounds
in intermediate positions. Acoustic analysis is performed by extracting different
temporal and spectral features from the recordings. According to the results,
it is possible to detect the VOT with F1-score values of 0.66 for /p/, 0.75 for
/t/, and 0.78 for /k/ when the predicted values are compared with respect to
the manual VOT labels.
Keywords: Voice Onset Time, Voiceless stop consonants, Spanish language,
GRU, deep learning, acoustic analysis, recurrent neural network.
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1. Introduction
Voice Onset Time (VOT) is defined as the interval between the initial burst
of a stop consonant and the onset of voicing for the following vowel. VOT was
initially developed as a parameter to produce synthetic sounds of voiced and
5

voiceless stop consonants in spoken English [1]. Few years later, it was introduced as an acoustic feature to model the perception of stop consonants in the
syllable-initial position [2]. In the recent years, researchers have studied how to
use the VOT as an acoustic cue to understand several aspects of speech production and language development [3, 4, 5, 6]. Usually, VOT is labeled manually
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using a time-frequency representation of the speech signal. However, this is an
expensive and time-consuming task, which has motivated the research community to develop methods for the automatic detection of VOT. Several works
have addressed this task using different machine learning and signal processing techniques. For instance, the studies presented in [7, 8, 9, 10, 11] consider

15

Automatic Speech Recognition (ASR) systems for phoneme detection in speech
recordings containing stop consonants in word-initial positions. In these studies,
forced alignment is performed in order to extract speech segments containing
the stop-to-vowel transitions, then, further signal processing algorithms are applied to measure the VOT. The main limitation of this approach is that every
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sound file requires a phonetic transcription to perform the measurement, which
leads to a significant amount of manual work or assuming error free ASR. Other
approaches are based on energy content and zero-crossing rate to detect the initial burst and vowel onsets [7, 12, 13, 14]. In general, these methods are based
on the assumption that the energy content of the vowel is higher compared
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to the stop consonants in word-initial utterances. Thus, hand-crafted thresholds, which are commonly extracted from the amplitude envelope of the signal,
are used to differentiate between vowels and voiced/voiceless stop. However,
these methods fail when the energy of the vowel is lower than expected, e.g.,
in the case of unstressed vowels. In an attempt to perform the VOT detection
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automatically, pre-trained classifiers based on random forest and support vec-

2

tor machines have been also considered [9, 15]. In those works, the classifier
is trained with feature vectors extracted from stop-to-vowel transitions, which
are detected using either phoneme forced alignment (which requires phonetic
transcriptions) or a customized rule (which is not suitable for generalization).
35

In this paper we propose a deep learning-based approach for the automatic
detection of VOT considering Recurrent Neural Networks (RNN). The proposed
approach only considers VOT speech segments from the voiceless plosive sounds
/p/, /t/, and /k/ produced during the rapid repetition of the syllables /pa-taka/. This is called diadochokinesis (DDK) task and is typically used for the
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evaluation of motor speech disorders like those related to Parkinson’s Disease
(PD). Our final goal is to train a system that can be used later to evaluate motor
speech disorders produced by neurological diseases such as PD [13, 14, 16, 17].
Particularly, the articulation capability of the patients can be analyzed by considering the changes in the duration of the VOT with respect to a group of
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age-matched healthy speakers. For instance, producing a stop consonant requires the precise coordination of different articulators to produce the sound.
Thus, if the disease affects the motor coordination of the muscles involved in the
speech production, then, this problems can be detected by means of the VOT.
In this paper, VOTs are manually labeled by an expert in linguistics by con-
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sidering speech recordings with the rapid repetition of /pa-ta-ka/ uttered by 50
Spanish native speakers from Colombia (healthy speakers). The manual VOTs
are used as targets to train a stacked Bidirectional Recurrent Neural Network
with Gated Recurrent Units (BiGRU). The input to the network consists of sequences of feature vectors formed with temporal and spectral acoustic features

55

extracted from the speech recordings. The GRUs were proposed as a modification of the Long Short-Term Memory (LSTM) recurrent network, replacing
the separate input and forget gates with a reset gate to control the input information to the network. GRUs and LSTMs have provided similar results for
several tasks, including speech and language modeling [18]; however, the GRUs
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are faster to train and require less parameters [19], which makes these units
more suitable to be used when less training data are available. Additionally,
3

white noise is added to the speech signals in order to evaluate the robustness
of the model in different acoustic surroundings. The BiGRU is tested using
the speech recordings with Signal-to-Noise Ratios (SNRs) of 50 dB, 40 dB, and
65

30 dB. It is expected for the performance of the system to decrease as the SNR
of the recordings decreases. Thus, it is important to highlight that the purpose
of this experiment is just to show how the system performs when speech signals, recorded in different acoustic conditions than those considered to train the
model, are used to predict the VOT. There are, however, different strategies
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to cope with Gaussian and non-Gaussian noises. For instance, the studies proposed in [20, 21, 22] suggest to introduce nonlinear transformations to improve
the robustness of the system, resulting in a different analysis than the sourcefilter theory adopted in this study [23]. A more suitable approach, would be to
either include a pre-processing stage or to perform data augmentation to model
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the speech signals under different acoustic conditions [24].
1.1. Related work
Automatic detection using deep learning-based methods has been considered
before. In [25] a multi-class bidirectional LSTM (BiLSTM) with two recurrent
layers is used to predict whether a speech frame is silence, pre-voiced, burst,
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or vowel. These classes are used to determine whether a stop consonant is
pre-voiced (negative VOT) or not (positive VOT). For positive VOT, the authors considered speech recordings from 9 speakers who were asked to read
consecutive stop consonants in word-initials, e.g, pin bin bin pin. Seven acoustic features based on the energy of the signal computed from the Short-Time
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Fourier Transform (STFT) are computed from speech frames of 5 ms extracted
every 1 ms from the recordings. The RNN is trained with feature vector sequences extracted from the speech recordings of 4 speakers. Then, 15% of the
training data is considered for validation. The speech data of the remaining 5
speakers is used for testing the BiLSTM. The authors reported accuracies of
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up to 99% when the error between the manual and predicted labels is shorter
than 50 ms. The main limitation of this study is that the VOT speech frames
4

are predicted using isolated words where the stop consonant is produced in the
initial position of the utterance. Furthermore, the results reported by the authors are optimistic due to the low amount of speakers used for training and
95

testing. Later in [26], the same authors presented a methodology to extract
VOT segments from speech recordings by means of a 2-stacked BiLSTM. Two
different datasets were considered for the test. One consists of isolated words
uttered by 48 English speakers (24 native speakers) and the other one contains
spontaneous speech recordings from 4 English speakers from United Kingdom.
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Automatic word segmentation was applied and only the utterances with stop
consonants were used for the prediction of VOT. The authors reported accuracies of up to 97% to detect VOT speech frames. It is not clear, however, how
many utterances were considered for training/testing, which stop consonants
were annotated for the automatic detection of VOT, or if the stop consonants
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were produced in different positions within syllables. In [27], a similar approach
was presented with two differences: a BiRNN is used instead of a stacked BiLSTM and an adversarial network was included during the training process in
order to make the system dataset invariant. The authors reported accuracies of
up to 98 % when detecting the VOT from voiceless and voiced stop consonants.
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Similar to their previous work, the authors only considered isolated words with
stop consonants in the initial position of the utterance.
1.2. Contributions of this work
Automatic detection of VOT with RNNs has been addressed before; however,
according to the literature revision presented in this work, still there is space
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for more contributions as it is explained below:
• The studies in the literature only consider isolated words to measure VOT.
In our work, we consider speech recordings with the rapid repetition of
/pa-ta-ka/, which is a standardized speech test commonly used to evaluate
articulation problems in people with motor speech disorders such as those
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caused by PD. Thus, in the future we plan to use the proposed approach
to evaluate speech problems in PD patients.
5

• The systems described in the state-of-the-art only consider utterances with
stop consonants produced in the initial position. In the current study,
the BiGRU is trained to measure the VOT in stop consonants produced
125

in initial and intermediate positions between syllables and utterances of
/pa-ta-ka/.
• Previous works consider binary RNNs to detect whether a speech frame
is VOT or non-VOT. In our approach, a multi-class BiGRU is trained in
order to detect speech frames that are non-VOT or VOT produced within
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the stop consonants /p/, /t/, or /k/. This opens the option to perform
further analysis with reference to the place of articulation: lips for /p/,
alveolar ridge for /t/, and velum for /k/.

2. Materials and Methods
Figure 1 shows the stages of the proposed methodology. First, manual la135

bels of VOT values are annotated by an expert in linguistics considering speech
recordings with the rapid repetition of the syllables /pa-ta-ka/ uttered by Spanish native speakers from Colombia. Then, different acoustic features are extracted by performing temporal and spectral analyses of the speech signals.
Next, sequences of feature vectors and their corresponding VOT labels (grey
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filled circles in Figure 1) are used as inputs to a two-stacked BiGRU. The manual labels are used to train the BiGRU. In the test stage, the pre-trained BiGRU
is used to predict the VOT values from the feature vector sequences extracted
from the test data. During testing, the manual labels of the VOT are only considered to evaluate the performance of the network. The details of each stage

145

are described in the following sections.
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Figure 1: Methodology implemented in this study. The VOTs of speech recordings with the
rapid repetition of /pa-ta-ka/ are manually annotated by an expert in linguistics. The speech
recordings (and their corresponding VOT labels) are divided into train and test sets. The
speech signals are converted into sequences of feature vectors, which are time-aligned with
their corresponding VOT labels in order to train the recurrent network. The trained model
is used to predict the VOTs of the speech signals from the test set.

2.1. Data
The speech recordings of the 50 healthy speakers (25 male) from the PCGITA
database are considered for the experiments [28]. The age of the male speakers
ranges from 31 to 86 years old (60 ± 11). In the case of the female, the age
150

of the speakers ranges from 49 to 76 years old (61 ± 7). The participants were
asked to perform the rapid repetition of /pa-ta-ka/ for at least 3 seconds. The
speech signals were captured in a sound-proof booth using a professional audio
card and an omni-directional microphone. The speech signals were sampled at
16 kHz with 16-bit resolution. Table 1 summarizes demographic information
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of the speakers and includes details of the speech recordings considered in this
paper.
Figure 2 shows VOTs estimated with the manual labels. It can be observed
that lower values are obtained for /p/ (12±3 ms), followed by /t/ (16±6 ms), and
/k/ (26 ± 6 ms). The Kruskal-Wallis test was applied and significant differences
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have been found between VOT values (p < 0.001). These differences can be
explained considering that the place of articulation is one of the factors that
7

Table 1: Information about the speakers and the duration of VOT. µ: Mean. σ: Standard
deviation. Repetitions: Average repetitions of /pa-ta-ka/. t/p/ , t/t/ , t/k/ : Mean duration of
the VOT for /p/, /t/, and /k/, respectively.

Male

Female

Number of speakers

25

25

Range of age [years]

31–86

49–76

Age [years] (µ ± σ)

60 ± 11

61 ± 7

Repetitions (µ ± σ)

9±3

9±3

3.7 ± 1.1

4.4 ± 1.8

t/p/ [ms] (µ ± σ)

13 ± 3

12 ± 3

t/t/ [ms] (µ ± σ)

18 ± 7

14 ± 3

t/k/ [ms] (µ ± σ)

27 ± 6

25 ± 6

Duration [secs]

affect the VOT, i.e., the values are longer as the place of articulation moves
from the front to the back: short values for the bilabial stop (/p/), intermediate
values for the alveolar stop (/t/), and long values for the velar stop (/k/) [29].
165

2.2. Manual labeling
The labeling procedure of the VOT was performed by an expert in linguistics.
Manual labels are placed at the initial burst of the consonants and vowel onsets
using the software Praat [30]. The complete procedure is as follows:
1. VOT in the absolute initial stop:
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Refers to the first /p/ in a repetition of /pa-ta-ka/.
• The zero crossing points are computed in order to set the starting
point of the initial burst visible in the time signal and the spectrogram
(Figure 3).
• The vowel onset is set at the beginning of a periodic-like signal. Thus,
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the formant frequencies and the presence of pitch are used to mark
the beginning of voicing in a stop-vowel transition. Figure 4.A shows
the position of the vowel onset in the time domain. The beginning

8

Figure 2: VOT values of /p/ (12 ± 3 ms), /t/ (16 ± 6 ms), and /k/ (26 ± 6 ms). Kruskal-Wallis
***p < 0.001. The diamond in the figure indicates outliers.
Zero crossing points

0.48

Amplitude

Initial burst
0

-0.35

0

15
Time [ms]

30

8

9.27

17.1
Time [ms]

Figure 3: Initial burst label for the stop consonant /p/. The vertical lines represent the zero
crossing points. Only the positive zero crossing points are displayed.

of voicing is marked by looking at the formants (F1, F2, F3, F4, and
F5) and pitch (f0) in the spectrum (Figure 4.B).
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• The VOT is labeled by the expert considering the time of the initial
burst and the vowel onset. Figure 5 shows the time stamps of the
VOT at the absolute initial stop for one of the utterances.
2. VOT in intermediate positions:
• The beginning of the stop consonant (/p/, /t/, or /k/) is located
9

Figure 4: Vowel onset label for the stop-vowel transition /pa/. The vertical dotted lines in
Figures 4.A and 4.B represent the vowel onset in time and frequency domain, respectively.
The labels at the right and left of the y-axis in Figure 4.B are the formant frequencies (F1,
F2, F3, F4, and F5) and pitch (f0) frequency values, respectively.

Figure 5: Voice onset time at the initial stop consonant /p/.
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by searching for the point of the lowest energy value between vowels
(Figure 6).
• After locating the beginning of the consonant the zero crossing points,
the frequency formants, and the presence of pitch are considered
to measure the VOT. Figure 7 shows the VOT for /t/ and /k/ in
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intermediate positions.
2.3. Distinctive features of voiceless stops
In the Spanish language, voiceless consonants are characterized by three
stages: closure, release, and aspiration. In the closure stage, an obstruction of
airflow is created by the articulators resulting in a silence region in the speech
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signal. Then, the articulators move away from each other during the release
stage producing an explosive burst of air with energy spread across the audible
10

Figure 6: Spectrogram of the first /pa-ta-ka/ uttered by one of the speakers considered in
this study. The minimum energy value between vowels is used to identify the beginning of
the consonants /t/ and /k/ at intermediate positions. The labels at the right and left of the
y-axis are the frequency and the energy values, respectively.

Figure 7: VOT labels for the consonants /t/ (top) and /k/ (bottom) in one of the recordings.

spectrum. After the burst, the air pressure (generated by obstruction of the
articulators) is decreased, which results in turbulent airflow with energy values
no longer spread across the spectrum. Figure 8 shows the three stages involved

11
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in the production of /p/, /t/, and /k/. Visually, the voiceless plosives can be
differentiated from each other by looking at the burst during the release stage.
In the case of the /p/ sound, there is a single burst “bar” (Figures 8.A.1 and
8.A.2), two “bars” for the /t/ (Figures 8.B.1 and 8.B.2), and a longer burst
“bar” for the /k/ (Figures 8.C.1 and 8.C.2) with respect to the /p/. In other

Figure 8: Time and spectral representations of the voiceless plosive sounds /p/ (Figures A.1
and A.2), /t/ (Figures B.1 and B.2), and /k/ (Figures C.1 and C.2). In the Figures, the
shaded regions represent the closure, release, and aspiration stages.
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cases, however, the production of the voiceless stops is affected by different
acoustic factors. Most of these phenomena occur at intermediate positions in
an utterance, i.e., in the vowel-consonant-vowel context. In the case of our data,
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the following acoustic factors were found:
1. Voicing: Is characterized by the presence of glottal pulses during the clo210

sure and release stages, i.e, the glottal pulses are present during the silence
region of the plosive and during the VOT. Figure 9 shows an example of
voicing in a speech segment with the transition from /ka/ to /pa/. Even
though the voicing is present during the production of the /p/ sound,
the burst can be visualized in the spectrogram (bottom picture), thus the
VOT can be measured.

Figure 9: Voicing effect present in the speech transition from /ka/ to /pa/. The vertical lines
in the time domain signal (top) are the glottal pulses extracted with Praat.
215

2. Partial voicing: It can identified by the presence of glottal pulses during
the closure stage of the plosive sound but not in release and aspiration
stages, i.e, the glottal pulses are present in the silence region but not in
the VOT. Figure 10 shows an example of a partially-voiced /t/ sound.
220

The glottal pulses are present during the closure stage, but not during the
VOT.
3. Consonant weakening: This phenomenon occurs mainly in /p/ sounds. Is
characterized by the absence of the burst. As a result, the /p/ sound is
weaker and perceived as a /b/ sound. Figure 11 shows an example of the
13

Figure 10: Partially voiced /t/ sound extracted from a transition from /pa/ to /ta/. The
vertical lines in the time domain signal (top) are the glottal pulses extracted with Praat.

weakening effect in a /p/ sound.

Figure 11: Consonant weakening of the /p/ sound in an intermediate position. The vertical
lines in the time domain signal (top) are the glottal pulses extracted with Praat. Note the
absence of the burst in /p/.
225
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3. Feature Extraction
Time and spectral acoustic features are extracted from the speech signals in
order to capture similar information considered by the annotator to manually
label the VOTs. Each speech signal is divided into frames of 40 ms (Section 3.1)
230

~ = {~s1 , ~s2 , ..., ~sT }. Then, 42
taken every 1 ms, resulting in a (time) sequence S
acoustic features (18 temporal, 24 spectral) are extracted by iterating ~st , with
~ is then converted into a
t = {1, 2, . . . , T }. The sequence of speech frames S
~ = {~x1 , ~x2 , . . . , ~xT }, where T is the number of
sequence of feature vectors X
frames extracted from the speech recording.
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3.1. Temporal analysis
The temporal information of the speech signals is modeled by extracting the
pitch, zero-crossing rate (ZCR), and four descriptors calculated from Intrinsic
Mode Functions (IMFs): the Root Mean Square (RMS), the mean, the standard
deviation, and the maximum amplitude. The IMFs are obtained by means of an
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iterative algorithm called Empirical Mode Decomposition (EMD). The aim of
the EMD algorithm is to decompose a signal into a finite number of amplitude
and frequency modulated time series that satisfy the following two conditions:
• The number of extrema and the number of zero-crossings are equal or
differ at most by one.
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• At any point, the mean defined by the upper and lower envelopes is zero.
The number of IMF components N to be considered was determined by selecting the number of IMFs containing at least 80% of the total energy from all
components [31]. The energy of each component is computed as
L

En =

1X
(cn )2
L

(1)

l=0

where cn is the nth IMF component extracted from each ~st , L is the number of
samples in ~st . The relative energy of each component is computed as:
En (%) =
15

En
E

(2)

where E is the total energy of the IMFs. Table 2 shows the relative energy
of all IMF components extracted from the speech recordings of the speakers
described in Section 2.1. The relative energy is computed for the IMFs of the
speech segments manually labeled as VOT (EVOT ) and the non-VOT signals
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(ERES ), individually. The results indicate that both EVOT and ERES have more
than 80% of the energy is contained in the IMF components 1 to 4 thus N =
4. In this study, the IMF decomposition is performed in Python using the
Table 2: Relative energy of the IMF components extracted from the recordings. EVOT :
Relative energy of the speech segments manually labeled as VOT. ERES : Relative energy of
the non-VOT speech segments.

IMF Components
Relative Energy

1

2

3

4

5

6

7

8

9

10

EVOT (%)

6.15

21.98

31.23

24.34

11.65

4.15

0.49

0.01

0.00

0.00

ERES (%)

6.32

22.14

29.64

23.17

13.52

4.62

0.57

0.02

0.00

0.00

PyHHT module1 . In the case of the pitch, the periodicity detector algorithm
implemented in the software Praat is considered for extraction [32]. According
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to Praat’s documentation, the analysis window should be long enough to contain
at least three periods of the minimum pitch. By default Praat considers that
the minimum pitch value to be detected is 75 Hz which leads to an analysis
window of 40 ms. In the case of ZCR, the number of zero crossings in each
speech frame is calculated. Figure 12 shows the pitch contour, ZCR, and RMS
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values of the third IMF component (3-IMF) extracted from three utterances
of /pa-ta-ka/ from one of the recordings. The amplitude of the signal, pitch
(dashed gray lines), ZCR (dotted black lines), and 3-IMF values (straight black
lines) were re-scaled with respect to their respective maximum value in order to
depict comparable curves in the same picture. In general, the voiced segments
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can be detected using the pitch information, the ZCR can be used to detect the
stop consonants, and the RMS values of 3-IMF are suitable to detect the start
1 https://pyhht.readthedocs.io/en/latest/index.html
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and end of a syllable, i.e, /pa/, /ta/, or /ka/. However, in some cases these
features may fail to correctly differentiate between voiceless and voiced sounds,
which affects the automatic the detection of VOT. In Figure 12, this situation
270

can be observed in the transition between the second /ka/ to the third /pa/. In
this case, pitch values are present during the utterance of /p/ due to the voicing
effect presented in this consonant (Section 2.3).

Figure 12: Example of pitch (dashed gray lines), ZCR (dotted black lines), and 3-IMF values
(straight black lines) extracted from three utterances of /pa-ta-ka/. The values of each signal
(y-axis) have been re-scaled in order to have comparable curves in the same picture.

3.2. Spectral analysis
The set of spectral features includes the first and second formant frequencies
(F1 and F2 ), the ratio between formant frequencies (F1 /F2 ), 13 Mel-Frequency
Cepstral Coefficients (MFCCs), and two Hilbert spectrum-based features: the
RMS value and centroid of the marginal spectral energy of each IMF component.
The Hilbert spectrum H(ω, t) is obtained with the Hilbert-Huang Transform
(HHT) by applying the Hilbert transform to each component [33]. Then, the
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Hilbert spectrum of each nth IMF is defined as


an (t)
ω = ωn (t)
Hn (ω, t) =

0
otherwise

(3)

where an (t) is the amplitude envelope and ωn (t) is the instantaneous frequency
(in radians). The resolution of the Hilbert spectrum is then defined by equalsized frequency bins [34]. Once we get Hn (ω, t), then marginal spectral energy
is defined as
Ts

Z

H(ω, t) dt

G(ω) =

(4)

0

where Ts is the duration of the signal. The RMS value of the marginal spectral
energy of each IMF is defined as:

SERMS

v
u
Nb
u 1 X
=t
G2 (i)
Nb i=1 n

(5)

where Nb is the number of frequency bins in the Hilbert spectrum and Gn (i)
is the spectral energy of the nth IMF component at the frequency bin i. The
spectral centroid is defined as
PNb
SECEN =

i=1 f (i)Gn (i)
PNb
i=1 Gn (i)

(6)

where f (i) is the value of the frequency at bin i. For the case of the formant
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frequencies, F1 and F2 are obtained by computing the Linear Prediction Coefficients using the Burg’s algorithm, which is implemented in Praat. The MFCCs
are simply obtained by applying a triangular filter bank (on the Mel scale) to
each speech frame ~st . Then, the discrete cosine transform is calculated upon
the logarithm of the energy bands.
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4. Model Architecture
Figure 13 shows the configuration of the recurrent network used in this study.
As described in Section 3, each speech recording is converted into a sequence of
~ = {~x1 , ~x2 , ..., ~xT } formed with temporal and spectral acoustic
feature vectors X
18

features. The input sequence is then processed by two bidirectional recurrent
layers (BiGRU-1 and BiGRU-2) with shared weights on each time frame t. Bidirectional recurrent layers are used in this study because of their ability to consider as much contextual information as needed from the sequence, i.e., for every
input data ~xt in the sequence, the network has sequential information about
the data points before (~x1 , . . . , ~xt−2 , ~xt−1 ) and after (~xt+1 , ~xt+2 , . . . , ~xT ) [35].
~ is fed to the first
As shown in Figure 13, the sequence of feature vectors X
→
−
recurrent layer (BiGRU-1), which computes the forward ( h 1 ) and backward
←
−
( h 1 ) hidden sequences. The super-index “1” denotes operations performed in
→
−
the first recurrent layer. The sequence h 1 is computed by iterating Equation 7
←
−
from t = 1 to t = T . In the case of h 1 , the hidden states are computed by
iterating Equation 8 from t = T to t = 1 [36]. The size of the hidden states is
512, which was chosen experimentally in a grid-search process.
→
−1
→
−
1
~ ~→
~→
− ~
− 1→
− h1
h t = tanh(W
x +W
− 1)
t−1 + b→
X h1 t
h h1

(7)

←
−
←
−
1
~←
~ ~←
− ~
− ←
− h1
x +W
h 1t = tanh(W
−1 )
t+1 + b←
X h1 t
h1 h1

(8)

h

h

~ and b are the weight matrices and bias, respectively. The output of
where W
→
−
the first recurrent layer is the sequence ~r1 formed with the concatenation of h 1
←
−
and h 1 . For each time frame, the output of the BiGRU-1 is defined as
→
−
−
~→
~ −1 1 ←
−1 1 h 1
rt1 = (W
h 1t ) + br
t ⊕ W←
h r
h r

(9)

where the symbol ⊕ denotes concatenation. The second recurrent layer is fed
with the sequence ~r1 , thus, the hidden states in the BiGRU-2 are computed as
→
−2
→
−
2
~ 1→
~ 1→
− ~
− h2
h t = tanh(W
r1 + W
− 2)
t−1 + b→
~
r h2 t
~
r h2

(10)

←
−
←
−
2
~ 1←
~ ~ 1←
− ~
− h2
h 2t = tanh(W
r1 + W
−2 )
t−1 + b←
~
r h2 t
h h2

(11)

h

h

→
−
←
−
The hidden states h 2 and h 2 are concatenated and the resulting sequence is
processed by a softmax activation function to predict the VOT labels, thus, the
19

output of the network at each time frame is defined as
−
→
−
~ −2 ←
~→
−2 h 2
h 2t ) + by
yt = (W
t ⊕ W←
h y
h y

(12)

The output of the network is a time sequence of VOT predictions y = {y1 , y2 , ..., yT }.

Feature vector sequence

BiGRU-1

GRU

GRU
GRU

GRU
GRU

GRU

Hidden states

BiGRU-2

GRU

GRU
GRU

GRU
GRU

GRU

Hidden states

Output layer

Softmax function

Prediction of VOTs
Figure 13: Architecture of the network considered in this work. The sequence of feature
~ = {~
vectors X
x1 , ~
x2 , . . . , ~
xT } is fed to the first recurrent layer (BiGRU-1), whose outputs are
processed by the second recurrent layer (BiGRU-2). The resulting sequence of hidden states
is processed by a softmax activation layer to predict the VOT labels for each time frame.
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4.1. Training of the stacked BiGRU
The network architecture considered in this study is implemented using PyTorch’s deep learning modules [37]. In order to train the model, feature vector
~ i = {~xi , ~xi , ..., ~xi } are computed considering speech segments
sequences X
j
1j
2j
Tj
of 500 ms extracted from every recording, where j is the jth speech recording in the database, i is the ith feature vector sequence extracted from j, and
T is the number of feature vector extracted from j. In this study, T = 500
since the acoustic features are extracted every 1 ms (Section 3). For every time
~ i , there is a corresponding time sequence of targets
frame t in the sequence X
j
Lij = {l1 , l2 , . . . , lT }, with lt = {1, 2, 3, 4}. Each target label represents one of the
following classes: (1) non-VOT frames, e.g., silence, vowels, (2) VOT frames of
the /p/, (3) VOT frames of the /t/, and (4) VOT frames of the /k/. The Adam
optimization algorithm with a learning rate of η = 10−4 is considered for training [38]. The cross–entropy between the target labels Lij = {l1 , l2 , . . . , lT } and
the predictions of the network is used as the loss function. Additionally, class
weights are computed for the targets l = {2, 3, 4} (VOT frames from /p/,/t/,/k/
sounds, respectively) since those are the classes with the lowest count of samples
(feature vectors) compared with respect to the class l = 1 (non-VOT frames).
Thus, the loss function is described as2 :
loss(p, l) = w[l](−p[l] + log(

X

exp(p[k])))

(13)

k

where p are the posterior probabilities of the sequences obtained from the output
285

layer y = {y1 , y2 , . . . , yT }, l are the target labels, and w are the class weights.
The optimization algorithm, learning rate, and the loss function were chosen
based on a previous study where a set of parallel BiGRUs are trained to learn
the representation of several phoneme classes grouped according to different
phonological rules [39].
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The performance of the multi-class BiGRU is measured at frame level by
means of precision, recall, and F1-score. Precision measures the proportion of
2 https://pytorch.org/docs/stable/nn.html#crossentropyloss
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predicted VOT and non-VOT speech frames that are correctly classified. Recall
measures the proportion of actual VOT and non-VOT speech frames that are
correctly classified. The F1-score measures the performance of the BiGRU to
295

classify all speech frames, which reaches its best value at 1 and worst score at
0. These three measures are computed as in [40].
4.2. Post-processing of predictions
As described in Section 4.1, the stacked BiGRU processes the speech signals
in segments of 500 ms, which may produce discontinuities in the signal and
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causing errors in the predicted VOT. One solution is to apply a median filter
mask of 5 ms to the sequence of predicted VOTs in order to interpolate the
missing values. An example illustrating this situation is shown in Figures 14.A
and 14.B.

Figure 14: Prediction of a VOT segment (shaded regions) before (Figure A) and after postprocessing (Figure B). A median filter mask of 5 ms is applied to the sequence of predicted
VOTs in order to interpolate the missing values.

5. Experiments and Results
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The stacked BiGRU is trained and tested following a 5-fold cross-validation
strategy. The average size of the training and test sets are 1434 and 358 feature
vector sequences, respectively. Speaker independence is guaranteed during the
training stage. Additionally, the network is trained considering three feature
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sets: temporal features, spectral features, and the combination of both. Ta310

ble 3 shows the obtained results for the automatic detection of VOT feature
vectors. The lowest performance is achieved when the BiGRU is trained only
with the temporal features (Total F1-score=0.65). This can be explained considering that temporal features are more sensible to acoustic phenomena such
as voicing, as showed in Section 3.1. The highest performance is achieved when
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spectral and temporal features are combined (Total F1-score=0.78), particularly, the precision of the system to detect VOT feature vectors increases for
/p/, /t/, and /k/. Considering that the recall values are relatively high in all
cases, an increase in the precision indicates that including the temporal features
improves the performance of the system to correctly predict the time stamps of
the initial burst and vowel onset. Regarding the detection of VOT segments,
Table 3: Performance of the stacked BiGRU for the detection of the VOT speech frames from
/p/, /t/, and /k/. Non-VOT: Non-VOT speech frames. Fusion: Combination of temporal
and spectral features. Prec: Precision. Rec: Recall. F1: F1 score.
/p/

/t/

/k/

Non-VOT

Total

Feature

Prec

Rec

F1

Prec

Rec

F1

Prec

Rec

F1

Prec

Rec

F1

F1-score

Temporal

0.35

0.62

0.45

0.51

0.72

0.60

0.52

0.80

0.63

0.98

0.91

0.94

0.65

Spectral

0.47

0.88

0.61

0.57

0.90

0.70

0.62

0.92

0.74

0.99

0.91

0.95

0.75

Fusion

0.53

0.86

0.66

0.64

0.91

0.75

0.67

0.92

0.78

0.99

0.93

0.96

0.78

320

the lowest performance is obtained for /p/, then /t/ and then /k/. This can be
explained considering the acoustic phenomena described in Section 2.3, particularly, the voicing and consonant weakening phenomena that commonly occurs
in the /p/ sounds produced in intermediate positions, e.g., in the transition
325

from one utterance of /pa-ta-ka/ to another. Figure 15 shows an example of
the predicted VOT segments extracted from one of the recordings. The shaded
regions represent the VOT segment manually labeled by the expert and the
dotted black lines are the predictions of the system, after post-processing the
posterior probabilities. Most of the mistakes of the network are made in the
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prediction of the time for the initial burst and the vowel onset, however, the
system is able to correctly identify the occurrence of the VOT, which explains

23

the performance obtained for the precision and recall reported in Table 3. The

Figure 15: Predicted VOT values and manual labels for the first two utterances of /pa-ta-ka/
from one of the speakers. The shaded regions represent the VOT measured by the expert and
the dotted black lines are the predicted segments.

errors between the real and predicted time stamps of the initial burst (EBurst )
and the vowel onset (EVowel ) are calculated and reported in Table 4. These re335

sults can be explained considering that each speech frame is 40 ms long, resulting
in a poor time resolution to compute the spectral features, thus, future work
should include narrowband and wideband spectral analysis in order to improve
the precision in the prediction of VOT speech frames. Regarding the duration
Table 4: Prediction error of time stamps of the initial burst and vowel onset for the VOT of
/p/, /t/, and /k/. EBurst : Time error between the predicted time and the manual label of
initial burst. EVowel : Time error between the predicted time and the manual label of vowel
onset. µ: Mean. σ: Standard deviation.

/p/

/t/

/k/

AVG

EBurst [ms] (µ ± σ)

5.2 ± 2.4

4.1 ± 1.8

5.6 ± 3.6

5.0 ± 2.8

EVowel [ms] (µ ± σ)

4.1 ± 1.5

4.6 ± 1.6

5.3 ± 2.9

4.7 ± 2.2

of the predicted VOT segments, Figure 16 shows the box plots for the real and
340

predicted VOT segments. Kruskal-Wallis test was applied and significant differences have been found between real and predicted VOT values (p < 0.001),
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which can be explained considering that there is a difference of approximately
5 ms between the predicted time stamps of the initial burst and the vowel onset
(Table 4).

Figure 16: The white boxes represent the real VOT values of /p/ (12 ± 3 ms), /t/ (16 ± 6 ms),
and /k/ (26 ± 6 ms). The gray boxes represent the predicted VOT values of /p/ (18 ± 3 ms),
/t/ (22 ± 4 ms), and /k/ (31 ± 5 ms). Kruskal-Wallis p-value: ***p < 0.001. The diamonds
in the figure indicate outliers.
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5.1. Experiments with white noise
The speech recordings considered in this study were captured in a soundproof
booth. In order to simulate different acoustic settings, white noise is added to
the speech signals. For the experiments, the BiGRU is trained with the original speech recordings (clean signals) and tested with clean and noisy signals.
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Furthermore, the model considered for testing is trained with the temporal and
spectral features. Only the F1-score is reported in order to evaluate the general
performance of the model when it is tested in different acoustic conditions. Figure 17 shows the F1-scores for the automatic detection of VOT speech frames
from the consonants /p/ (dark grey bar), /t/ (light grey bar), and /k/ (white
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bar). The BiGRU is tested with clean signals (original) and noisy signals with
25

SNRs of 50 dB, 40 dB, and 30 dB. As expected, the performance of the BiGRU

Figure 17: F1-scores for the automatic detection of VOT speech frames from the consonants
/p/ (dark grey bar), /t/ (light grey bar), and /k/ (white bar). The BiGRU is trained with
the combination of temporal and spectral features extracted from the clean signals (original).
The model is tested using clean signals (original) and noisy signals with SNRs of 50 dB, 40 dB,
and 30 dB.

decreases as the noise level of the signal increases (lower SNR). Nevertheless,
relatively good results are obtained when the model is tested with speech recordings with SNRs of 50 dB and 40 dB. These SNRs correspond to more realistic
360

scenarios, for instance, when the speech recordings are captured in a quiet room
and using a standard microphone. The performance of the model decreases
considerably when the model is tested with signals upon 30 dB SNRs. Thus,
future work should include training strategies to improve the robustness of the
model again different acoustic conditions.
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6. Discussion
Automatic detection fo VOT speech frames was possible with F1-scores of
up to 0.66 for /p/, 0.75 for /t/, and 0.78 for /k/. On average, the time error
between the predicted VOT frames and the manual labels is 5 ms ± 2.8 ms for
the initial burst and 4.7 ms ± 2.2 ms for the vowel onset. Previous works in

370

the literature have reported accuracies of up to 99% detecting VOT segments
with time errors of up to 15 ms. However, it is not possible to make fair com-
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parisons between the systems described in Section 1.1 and our approach due
to the following reasons: First, those systems are binary classifiers limited to
differentiate between VOT and non-VOT speech segments. In our approach a
375

multi-class system is trained in order to predict VOT labels from three different
stop consonants. Second, the systems described in the literature only considered stop consonants produced in the initial position of isolated words. The
speech recordings considered in our study include stop consonants produced in
different positions between syllables and utterances. Third, the performance of
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the models it’s measured in different ways. The studies in the literature only
reported the proportion of correctly classified VOT segments when the time error between the prediction and the manual labels is less or equal to a predefined
threshold (15 ms). In the current study, we measure the performance of the
model taking into account the proportion of speech frames that are correctly
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classified among the predictions (precision) and the actual labels (recall).
Regarding the acoustic features, the results in Table 3 indicate that the performance of the stacked BiGRU mostly relies on the information provided by
the spectral features. However, even if the network makes more mistakes when
it’s trained with the temporal features, it can be observed that VOT speech
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segments are modeled better when acoustic features from the time domain are
combined with the spectral ones. These results show the importance of considering prior knowledge to process information from speech signals when using deep
learning methods. The low performance obtained with the temporal features
can be explained considering the acoustic factors that affect the production of
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voiceless stop consonants, for instance, the presence of glottal pulses during the
release and aspiration stages indicate that the vocal folds are vibrating, resulting in the presence of pitch values during stages that normally are not periodic.
One explanation for this phenomenon may be that the speakers perform rapid
movements of the articulators during the DDK task, resulting in difficulties
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to control the movement of the vocal folds when alternating from vowels to
voiceless stop sounds [41].
Regarding the detection of the VOT for each consonant, the highest perfor27

mance of the network to predict VOT labels is achieved for the /k/, followed by
the /t/, and the /p/. These results indicate that the BiGRU is able to better
405

model VOT segments with longer durations. As described in Section 2.1, the
duration of the VOT is related to the place of articulation, thus, a short duration
is obtained for the bilabial stop /p/, intermediate values for the alveolar stop
/t/, and long duration for the velar stop /k/. Additionally, it can be observed
that the prediction of VOT frames from the consonant /p/ was considerably
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lower with respect to the /t/ and /k/. This can be explained considering acoustic phenomena such as the consonant weakening, which in our database was
found to affect mainly the /p/ sounds located in intermediate positions. Such
a phenomenon is characterized by the absence of the burst during the release
stage resulting in a “weaker” production of the voiceless stop /p/. Future work
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will include labels of the different acoustic phenomena affecting the production
of stop consonants in order to better model the speech signals.
The present study has some limitations. First, the detection of VOT segments is limited to the standardized DDK task, thus, the proposed approach
is not suitable to automatically detect VOT segments from recordings contain-
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ing continuous speech, e.g., monologues, picture descriptions, conversations.
Second, the stacked BiGRU is trained only with speech recordings of elderly
speakers, which may present articulation disorders related to the aging process [42]. Nevertheless, our system was trained with a standardized speech task
(repetition of /pa-ta-ka/) uttered by elderly speakers because in the future we
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plan to use the proposed approach to evaluate motor speech disorders in PD
patients. Third, the accuracy of the model decreases when noisy speech signals
are considered for the test. Thus, future work will include a data augmentationbased approach in order to improve the robustness of the model against signals
recorded in non-controlled acoustic conditions.
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Regarding the computational cost, most of the heavy work is performed
during the training stage. For practical applications, only the pre-trained model
is used to perform acoustic analysis, thus, most of the computational cost is
produced during the feature extraction stage, particularly when computing the
28

IMF-based features, due to the fact that such descriptors are computed after
435

extracting all components by means of the EMD, which is an iterative algorithm.

7. Conclusions
In this study a methodology is presented to automatically detect VOT segments in voiceless stop consonants produced during the rapid repetitions of
/pa-ta-ka/ by Spanish native speakers from Colombia. Temporal and spectral
440

analyses are performed by an expert in linguistics in order to measure the VOT.
For the automatic detection, we extract different acoustic features in the time
and spectral domains in order to include similar information considered by the
expert to label the VOT. As a result, the speech recordings are transformed into
feature vector sequences that, together with the VOT labels, are used as input
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data to train a multi-class BiGRU to classify between non-VOT (silence, vowels)
and VOT feature vectors of /p/, /t/, and /k/. According to the results, the
spectral features proved to be better than temporal features for the detection
of VOT segments, however, the highest performance was obtained when both
spectral and temporal features were considered for automatic detection. Re-
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garding the detection of individual VOT segments, the lowest performance was
obtained for the /p/, which can be explained considering that there are different acoustic phenomena that affects the /p/ sounds produced in intermediated
positions. Such phenomena include consonant weakening (weak production of
a voiceless plosive) and voicing (vocal fold vibration during the release stage
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in a voiceless plosive). Additionally, the error between the predicted and real
labels in the prediction of the initial burst and vowel onset was also calculated.
According to the results, our system is able to predict the VOT segments with
an average error of 5 ms for both the initial burst and vowel onset, with respect
to the manual labels given by the expert. Currently, the VOT segments of
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the rapid repetition of /pa-ta-ka/ are being labeled considering speech recordings of Parkinson’s disease patients, thus, in a future we expect to evaluate the
proposed approach to analyze pathological speech.
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[13] M. Novotný, J. Pospı́šil, R. Čmejla, J. Rusz, Automatic detection of voice
onset time in dysarthric speech, in: 2015 IEEE International Conference

505

on Acoustics, Speech and Signal Processing (ICASSP), IEEE, 2015, pp.
4340–4344.
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