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Abstract

In automatic speech analysis, voicing articulatory is often

defined as a binary decision: voiced or unvoiced. Lin-

guists agree that this articulatory should be continuous. In

this paper, we present a new approach to compute a con-

tinuous voicing indicator of a speech frame. This voic-

ing percentage is then evaluated in both a segmentation

process and a speech recognition task. Promising results

show that this continuous voicing percentage may be used

as a reliable voicing indicator.

1. Introduction

Reliable speech voicing indicator is of great importance

in speech recognition [1], lost speech frame estimation

[2] or speech synthesis. The aim of this indicator is to

determine if the speech produced involves the vibration

of the vocal chords, the sound is said voiced, or not (un-

voiced). Many approaches address this topic using pitch

detectors [3, 4], while other studies are based on classifi-

cation [5, 6].

Using pitch estimation as a voicing information or a

binary classification leads to some problems to introduce

this additional information in continuous models such

as classical continuous Hidden Markov Models. To get

round this difficulty, it is often simpler to consider two

different models: one for voiced frames and another one

for unvoiced frames [2]. Transitions between voiced and

unvoiced frames are handle with rules.

Specialists in linguistics agree that the voice articula-

tory feature is not binary as many articulatory features;

various degrees of voicing are observed. So it will be

interesting to have an efficient continuous representation

of the voicing; such a parameter may be used easily in

speech processing for recognition or prediction.

Only few continuous voicing features exist: among

the most common used, one can cite the periodicity[1],

the jitter[1] or the minimum of cumulative mean normal-

ized difference[4].

In the present paper, we present a study about a con-

tinuous voicing indicator based on a classical spectral

representation of the speech. Estimation is provided us-

ing a non linear filtering of the Power Spectral Density

(PSD). This feature, named the voicing percentage, can

be either used as a stand-alone tool for segmenting speech

in voiced / unvoiced parts, but it will be certainly more

interesting if it may be introduced in a speech processing

system: it may be used to adaptively weight the compo-

nents of a Gaussian Mixture Model for speech recogni-

tion or speech reconstruction, or to define continuous ar-

ticulatory movements in an inverse acoustic-articulatory

problem. So to assess this new feature in such various sit-

uations, we propose two experimental protocols. One is

dedicated to the binary situation where a threshold of the

voicing percentage leads to a voiced/unvoiced segmen-

tation; the other one consists of introducing the voicing

percentage in an acoustic-phonetic decoder.

Consequently, the next section presents the proposed

voicing percentage while throughout the third and fourth

sections are described the two experimental protocols and

their results.

2. Voicing feature extraction

The voice feature, called the voicing percentage and

noted v%, is defined as the ratio between the ”voicing

power” and the overall power of the analyzed speech

frame. Voicing power is estimated as the power of the

signal frame minus the power of its noise part. To evalu-

ate the spectral part of the noise in the PSD estimate, we

propose to extract the basis line of the PSD using a one

dimension median filter applied directly on the PSD. In-

tegral of this quantity leads to an estimation of the noise

power.

The voicing percentage is thus defined as

v% =

∫ 0.5

0

(

S(f̃)− median[S](f̃)
)

df̃
∫ 0.5

0
S(f̃)df̃

(1)

where f̃ is the normalized frequency and median[S](f̃)
denotes the output of the median filter applied on the

PSD.

Figure 1 illustrates this voicing percentage computa-

tion on a voiced frame (a) and an unvoiced one (b).
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Figure 1: Examples of voicing percentage estimation.

On this figure, the solid line represents the output of

the median filter, while the integral of the solid part of the

PSD minus the hatching part corresponds to the numera-

tor of (1).

One effect of the median filter on the PSD is to

remove the DC component. To avoid bias introduced

by non-zero-mean frames, we remove the offset before

the spectral analysis. In our application context, speech

frames are classically composed of only 20ms of signal.

Therefore, a simple periodogram is used as a PSD esti-

mator, including a windowing (Blackman window) of the

signal in order to have deeper harmonic gaps in voiced

frames. Thus, the effect of the median filter is more effi-

cient.

Figure 2 sums up the voicing percentage estimation

algorithm.

In practice, we rapidly remark this indicator is of no

sense when the speech frame is silence. In this case, the-

oretically, the algorithm leads to a non defined operation:

Figure 2: Voicing percentage estimation algorithm.

0/0; in pratice, it leads to ratio near to 0/0, due to the

power of the frame, close to zero. To improve the effi-

ciency of this indicator, it is coupled with a simple voice

activity detection based on an energy threshold.

3. Voiced/unvoiced Segmentation

Including the voicing percentage in a segmentation pro-

cess implies to define a threshold. This will be discussed

in paragraph 3.1. Moreover, a smoothing to eliminate

short aberrant decisions is often necessary. To avoid this

post processing, we propose, in the paragraph 3.2, an al-

ternative approach where an a priori segmentation of the

signal is performed to locate stable segments and each

segment is labeled a posteriori as voiced/unvoiced by us-

ing the voicing percentage feature.

A first evaluation was made by comparing the seg-

mentation produced by thresholding the voicing percent-

age, and the one obtained by mapping the hand-made

phonetic labels from OGI to voiced or unvoiced labels.

Then a full evaluation is performed using a pitch based

automatic segmentation as reference in the paragraph 3.3.

For the assessment, we have used two well-known

databases:

• the phonetic segmented part of the OGI Multi-

lingual Telephonic Speech corpus (six languages:

English, German, Spanish, Mandarin, Japanese,

Hindi) [7]. The sample rate is 8kHZ and the quality

is a telephonic one.

• the French corpus BREF80 [8] (table 3 sums up the

BREF80 corpus). The corpus has been automat-

ically labeled in phonetic codes [9]. The sample

rate is 16 kHZ and the quality is quite good.

3.1. Threshold on voicing percentage

The proposed voicing percentage can be used as a stand-

alone tool for segmenting speech. The segmentation

is obtained by thresholding this voicing percentage for

voiced / unvoiced decision and thresholding the energy



for voice activity detection. Each decision is taken on a

frame, no smoothing is performed.
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Figure 3: Frame based segmentation.

Figure 3 illustrates the resulting segmentation, based

on this voicing percentage threshold. In a first step, this

segmentation is compared to the one obtained from the

phonetic labeling of the OGI corpus, from which a map-

ping has been made to voiced / unvoiced and silence. To

quantify the assessment, an error rate has been defined

as the ratio between time where both segmentations mis-

match and overall segmentation time [10]. Figure 4(a)

shows the evolution of this error rate as a function of

the threshold value. An optimal value of the threshold

is around 0.55 and 0.6. Moreover, we are interested in

analyzing the statistics of the voicing percentage during

wrong segmentation time in order to better understand the

reason of this mismatching.

Figure 4(b) presents an histogram of voicing percent-

age values corresponding to mismatching between both

segmentations. The shape of this histogram confirms that

wrong segmentations are due to the threshold level: when

a wrong decision is taken, values are close to the thresh-

old level.

However, this first segmentation comparison has been

made using the OGI labeling mapping as a reference seg-

mentation. It is interesting also to compare the proposed

segmentation with an automatic one, non depending on

any corpus labeling. Therefore, we propose to use as a

second segmentation reference, the results obtained by

using a pitch estimator, such as the YIN one [4]. Results

in terms of the previously defined error rate between the

proposed segmentation and the two reference segmenta-

tions are given in table 1. Note that results are quite com-

parable using any reference segmentation. Therefore, in
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Figure 4: Voicing percentage evaluation.

what follows, the segmentation based on the YIN pitch

estimator will be preferred as the reference segmentation,

since this is an automatic one which can be used on any

corpus.

3.2. A posteriori voicing percentage segmentation

Another way of using the proposed voicing percentage

in speech segmentation is presented hereafter. An a pri-

ori automatic segmentation is performed on the speech

signal. Infra phonetic segments are produced, they cor-

respond to stable units and transient ones [11]. As in the

previous system, silence/speech decision is based on a

threshold on the power of the segment. For each speech

segment, the decision voiced/unvoiced is taken according

to the voicing percentage of the 20ms middle part of the

segment (figure 5).

Thus, the voicing percentage is no more a stand-alone

tool for segmentation but, rather, a way to improve an a



Langage References

OGI labeling YIN

English 18.38 19.34

German 18.10 17.83

Spanish 14.83 16.46

Hindi 17.25 15.59

Mandarin 15.70 16.19

Japanese 17.82 16.14

Table 1: Frame based segmentation error rate in %.

priori segmentation, by adding a labeling on each seg-

mented part.
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Figure 5: Voicing percentage labeling with a priori seg-

mentation.

Note that the segmentation seems more accurate, al-

lowing to detect some silence part more precisely. Com-

parison with the chosen reference segmentation is con-

ducted in the next paragraph.

3.3. Comparison with a pitch based automatic seg-

mentation

Thus, the proposed voicing percentage can be used either

as a stand-alone tool for speech segmentation, either as

a complementary tool to improve some a priori segmen-

tation. Both using are compared with the segmentation

produced by an automatic pitch estimator. In this ref-

erence segmentation, the YIN [4] algorithm is used for

extracting the fundamental period. The voiced/unvoiced

detection and the pitch extraction are completely tied, the

pitch is computing over a frame if and only if the frame is

estimated voiced. The decision is taken over each frame

Corpus Language Stand-alone A posteriori

English 19.34 16.57

German 17.83 15.47

OGI Spanish 16.46 14.45

Hindi 15.59 14.35

MLTS Mandarin 16.19 14.22

Japanese 16.14 15.04

All 17.00 15.10

BREF80 French 10.74 13.77

Ratio in % between wrong segmented time and overall

segmented time using YIN automatic segmentation as

reference

Table 2: Segmentation results

as in paragraph 3.1. Results are given in table 2, in terms

of the error rate defined in paragraph 3.1. Both using

of the voicing percentage are evaluated and compared:

’stand-alone’ stands for using the voicing percentage as

a stand-alone tool for speech segmentation, as presented

in paragraph 3.1, while ’a posteriori’ corresponds to an

a posteriori using of the voicing percentage for improv-

ing some pre-segmentation, as detailed in paragraph 3.2.

The binary implementation of the voicing percentage suc-

ceeds in reaching quite good performance. These results

are very promising which lead us to investigate the inter-

est of such an indicator as a fully continuous parameter.

4. Voicing percentage and acoustic-phonetic

speech recognition

Before using the voicing percentage in speech prediction

or inverse problem, it appears necessary to assess its in-

fluence in a classical speech recognition system, more

precisely in an acoustic-phonetic decoder. Most of the

acoustic-phonetic decoders are based on Hidden Markov

Models (HMM); the introduction of non homogeneous

features in the observation vectors, as articulatory fea-

tures, doesn’t guarantee an improvement in terms of per-

formance. We have elabored an experiment to quantify

the consequence of adding the voicing percentage in the

feature vector, in such a decoder.

4.1. Baseline decoder

The acoustic-phonetic decoder is based on the classical

HMM framework. As we use the corpus BREF80, a

French corpus, 35 phones are defined as in [12]. An

HMM with three states is proposed for each phone and

the observation pdf is assumed to be a Gaussian Mix-

ture Model with thirty-two components. To train the 35

context-independent phone models on the French corpus

BREF80, the same phonetic labels as in the paragraph 3

are used. The repartition between the train corpus and



the test corpus is detailed in the table 3. Note that none

phonetic grammar is considered.

Part Subpart Length

Train male 4:33:12

female 5:41:45

total 10:14:57

Test male 0:27:46

female 0:29:58

total 0:57:44

Table 3: BREF80 Corpus

The observation vector is composed of 12 linear pre-

dictive cepstral coefficients, energy, deltas; a cepstral

subtraction is applied.

The development of this acoustic phonetic decoder

has been made using the HTK toolbox.

Performances of the baseline phonetic decoder (see

table 4) are similar to the state-of-art ones[12], when

no grammar is introduced. The accuracy value is about

59,9% while the phone correct rate (PCR) is around

67,9%.

4.2. Impact of the voicing percentage

To assess the impact of the voicing percentage feature in

the recognition process, it has been added to the vector

observation. Thus, the observation vector includes lin-

ear predictive cepstral coefficients, energy, deltas, cep-

stral subtraction and voicing percentage.

The learning process was similar to the baseline pho-

netic decoder.

The introduction of the voicing percentage into the

feature vector leads to a small gain in the phonetic recog-

nition (table 4). The accuracy value is about 60.4% while

the phone correct rate is around 68.4%. This result is very

interesting because it shows the compatibility between

non homogeneous observations and offers new perspec-

tives to exploit this property.

Model Accuracy PCR

Baseline decoder

LPCESTRA E D Z
59.92% 67.92%

Proposed decoder

LPCESTRA E D Z + V%

60.39% 68.42%

Table 4: Phonetic speech recognition rates

5. Conclusion

In this paper, we have presented a new continuous voicing

estimator which can be used either as a voiced/unvoiced

segmentation tool or as a new feature in speech process-

ing based on Hidden Markov Models.

Promising results shown by this continuous voicing

percentage may be used as a reliable voicing indica-

tor. Future work will explore its potentiality to adapt

the GMM weights in a speech recognition system and to

guide a speech prediction process in the case of inverse

acoustic-articulatory and packet loss concealment prob-

lems.
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