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COMMUNICATIONS

Comparison of methods for determining speech voicing based
on tests performed on paired consonants and continuous speech

Jan Malucha, Milan Sigmund1

Voicing is an important phonetic characteristic of speech. Each phoneme belongs to a group of either voiced or unvoiced
sounds. We investigated and compared the performance of five algorithms widely used to estimate speech voicing. All
algorithms were implemented in Matlab and tested on both short consonants and continuous speech. Phonetically paired
consonants (voiced vs unvoiced) and parts of read speech from audio books were used in the experiments. The tuned
harmonics-to-noise ratio method gave the best results in both situations, ie for consonants and continuous speech. Using this
method, the overall voicing of Czech, Polish, Hungarian and English was investigated. Hungarian speech showed the highest
proportion of voiced parts, approx. 75%. In other languages, the proportion of voiced parts was around 70%.

K e y w o r d s: voiced and unvoiced speech, phonetics, evaluation of methods, statistical voicing characteristics of lan-
guages

1 Introduction

The standard transcription system widely used in lin-
guistics is the International Phonetic Alphabet (IPA) [1].
An updated IPA including acoustic pronunciation sam-
ples can be found on the interactive website [2]. In addi-
tion, there are specially designed alphabets. For Czech
and other slavic languages, the special slavic phonetic
alphabet (SPA) is most suitable [3]. Linguists studying
native american languages created the american phonetic
alphabet (APA) with its own alternative symbols [4]. In-
terestingly, as an equivalent to the IPA symbols [Ù, ñ, S, Z]
the APA contains the symbols [č, ň, š, ž], which are also
typical for the Czech language. To handle some special
sounds not covered by the original IPA, a symbol set
known as Extensions to the IPA (ExtIPA) was assembled.
The latest revision of the ExtIPA is described in [5].

In European languages, all vowels (with pronuncia-
tion short and long) are typical representatives of voiced
sounds. Also, vowel-like sounds, called semivowels, are
voiced, eg /l/, /r/. On the other hand, there are paired
phonemes in the consonant group (so called minimal
pairs), for example paired stops such as voiced /g/, /d/
eg unvoiced /k/, /t/ or paired fricatives such as voiced
/v/, /z/ eg . unvoiced /f/, /s/. Paired voiced phonemes
are not always strictly pronounced as voiced. Due to co-
articulation, they can change into their unvoiced coun-
terparts. These phonetic variations are a common phe-
nomenon in the Czech language.

There are several approaches to automatically dis-
tinguish between voiced and unvoiced speech segments.
From the signal processing point of view, voicing can be
defined as the presence of a fundamental tone. The phys-
ical energy source of this tone is the airflow from the

respiratory system, which is further modulated by the vo-
cal cords – the speed of their movement with the change
in the width of the gap between them (lat. glottis) de-
termines the voice’s varying frequency, ie pitch. The re-
sulting signal is then referred to as the glottal stream,
which is quasi-periodic and contains distinctive pulses [6].
It is further filtered by the speech organ cavities and con-
verted into individual voiced phonemes in the final speech
signal. The presence of glottal pulses can be measured
non-invasively using a special medical device – the elec-
troglottograph, and it can be understood as an objective
and highly accurate information about the sonority of a
given segment of speech. Computational detection of glot-
tal pulses in speech recording is dealt with by [7] or [8].
However, since these are in general computationally de-
manding methods, alternative methods suitable also for
very fast, low-power or real-time applications are being
developed.

The simplest methods work in the time domain. The
short-time energy (STE) method is presented, for exam-
ple, in [9]. The zero-crossing rate (ZCR) method based on
the relative number of signal zero crossings is described
in [10]. Several methods are based on the autocorrela-
tion function and its modifications. The study [11] deals
with the harmonics-to-noise ratio (HNR) method, which
obtains information about voicing from autocorrelation
peaks. In the method described in [12], voicing is deter-
mined by the ratio of autocorrelation function peaks of
speech signal after center clipping. Several methods deal
with determining the voicing from the spectral character-
istics of a signal. The method in [13] converts the short-
time spectrum of the signal into a normalized probabil-
ity distribution, where each subcarrier is understood as
a random variable, and voicing is evaluated according to
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probability concentrations. Other method based on cep-
strum can be found in 14]. However, no method is con-
sidered by experts in the field to be clearly the best in
terms of reliability and accuracy.

We briefly describe the individual algorithms used to
estimate the voiced parts in speech signal and present the
experimental results to compare the success rates of the
tested method in selected phonetic situations. Further,
the same methods are compared on the continuous speech
signal of four different languages.

2 Used methods

1) Short-time energy (STE)

EST =

N−1
∑

n=0

[x(n)]
2
, (1)

where N is the number of signal samples x(n) in one
segment. Thanks to the noisy and low-energy nature of
unvoiced phonemes, the voicing of a segment can be de-
termined easily using a variable threshold. However, this
method is not sufficiently robust to signal dynamics and
a varying SNR level.

2) Zero crossing rate (ZCR)

RZC =

N−1
∑

n=0

∣

∣sgn [x(n)]− sgn [x(n− 1)]
∣

∣, (2)

where N is the number of signal samples x(n) in one
segment and sgn stands for the signum function. This
method roughly estimates the frequency distribution
of the segment. In general, voiceless phonemes have a
character of high-frequency noise. Therefore, a variable
threshold can be used to determine the segment’s voicing.
Unfortunately, this method is also sensitive to SNR and
is not very suitable for determining silent regions.

3) Harmonic-to-noise ratio (HNR)

RHN = 10 log10
r2

1− r2
, (3)

where r2 is normalized value of the second peak in the au-
tocorrelation function. This method is based on the rate
of signal harmonicity can be expressed as a ratio of nor-
malized autocorrelation peak versus its complement. The
ratio logarithm can be compared with a variable thresh-
old to determine voicing of the segment. This method
requires very accurate peak picking.

4) Spectral entropy (ENT)

H = −
∑

x∈X

xi log2 xi, xi =
Xi

∑N

i=1
Xi

. (4,5)

Here, xi is the segment’s spectral probability function,
Xi represents the energy of i -th frequency component
and N is the number of frequency components.

The segment spectrum is first computed using FFT.
Then the spectrum is normalized and converted into a

function, which can be treated as a classic spectral prob-
ability distribution, in other words, we obtain a function,
where each subcarrier represents a random process.

Entropy grows with increasing spectral noise. A high
concentration of energy around one subcarrier indicates
greater orderliness of the signal and thus presence of voic-
ing. We can again choose a threshold to compare the value
of entropy with. To increase accuracy, it is possible to
modify the algorithm by dividing the full-band spectrum
into sub-bands for separate entropy calculations [15].

5) Center clipping (CC)

At first, a clipping level for each i -th segment is cal-
culated

CLi = kmin{|MAXi−1||MAXi+1|}, (6)

where k is the so-called reduction factor (typical between
0.6 to 0.8) and MAXi−1 and MAXi+1 are the maxi-
mum values in adjacent segments i − 1 and i + 1. The
speech signal is then clipped and normalized in each seg-
ment to 3 levels as follows

x̂i(n) =











+1 for xi(n) > CL ,

0 for − CL ≤ xi(n) ≤ CL ,

−1 for xi(n) < −CL .

(7)

This means that all signal samples with an amplitude
between ±CL are set to zero and remaining amplitudes
are set to either +1 or −1. A standard autocorrelation
function is obtained from the normalized signal. This
method evaluates voicing based on the ratio of its first and
following significant peak. The entire algorithm, including
numerical parameters, is presented, for example, in [16].

3 Experimental testing of phonetic situations

The main goal of the experimental testing was to
briefly compare the ability of the selected methods to
identify voiced and unvoiced segments of the speech sig-
nal. Glottal pulses detected by the well-known program
Praat [17] were considered as a reference for the correct
detection of voiced speech. Detail shape of real glottal
pulses can be seen, for example, in [18].

In the first series of experiments, the methods were
compared on some special phonetic situations that cannot
be easily verified by ear. Special situations here mean, on
the one hand, the phenomenon of fading long vowels (usu-
ally at the ends of Czech words) and, on the other hand,
the distinction of the so-called minimal pairs of voiced
and unvoiced consonants. Experiments were carried out
on real recordings of male voice in following speech sig-
nals: fading of the phoneme /a/ twice at the end of the
words of the recording of the Czech phrase “škola volá”,
and distinguishing the voicing of phonemes in recordings
of the minimal pairs /p/ - /b/ (occlusive), /dz/ - /dž/
(semiocclusive) and /f/ - /v/ (constrictive). All record-
ings in these experiments were made using the laptop’s
built-in microphone, which appears to be one of the most
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Table 1. Comparison of investigated methods on phonemes

Correct identification (%)

STE ZCR HNR ENT CC

Fading 79.49 89.74 84.62 87.18 87.18

Occlusive 92.68 85.37 92.68 87.81 87.81

Semiocclusive 67.65 85.29 97.06 55.88 82.35

Constrictive 95.83 95.83 91.67 81.25 91.67

Mean 83.13 88.95 91.39 76.78 87.18

Table 2. Comparison of investigated methods on continuous speech
in different languages

Correct identification (%)

STE ZCR HNR ENT CC

Czech 78.90 75.75 77.63 77.24 50.30

Polish 76.86 73.76 78.29 78.36 56.39

English 72.10 77.80 83.60 82.64 66.71

Hungarian 80.64 77.19 82.00 82.35 65.37

Mean 77.06 76.11 80.34 80.11 59.30
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Fig. 1. Comparison of methods on the czech phrase “škola volá”,
where positive value of the blue lines indicates a voiced speech and

zero value shows unvoiced or(almost)silent parts

common interfaces in the average user’s environment. The
basis for statistical comparison of all evaluated methods
are the binary voicing curves along the time axis of the
recordings for each method, as illustrated in Fig. 1 (blue
lines).

The voicing curves obtained by the programmed al-
gorithms were then compared to the corresponding refer-
ence curve from [17] to determine the percentage accuracy
of each tested method in the given phonetic situations. It
is necessary to point out that the variable thresholds in
the individual methods were tuned up automatically to
achieve the highest possible percentage similarity with the
reference method of glottal pulses. The results achieved
are summarized in Tab. 1.

Subsequently, the ability to identify voicing was tested
on recordings of continuous speech on a group of profes-
sional recordings of Czech, Polish, Hungarian and English
read speech with a length of 10 minutes, again spoken by
male voices (audio books). All the texts are extracts from

classical literature. Long stretches of silence and breath-
ing were manually cut out from all recordings, so only
parts of voiced and unvoiced speech were left for further
processing. The results are presented in Tab. 2.

Obviously, the harmonics-to-noise ratio (HNR) method
can be tuned to give the best overall results, which is
shown in both tables. At the same time, it can be stated
that center clipping is the weakest method when analyz-
ing continuous speech; this may be due to the low robust-
ness of the peak-picking algorithm. Some of the methods
themselves are susceptible to various acoustic phenom-
ena, such as noise or non-zero energy after phoneme fad-
ing, which can further deteriorate their performance to
varying degree.
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Fig. 2. Distribution of voicing in various languages derived from
the presence of glottal pulses in speech signal

Interestingly, the overall ratio of voiced and unvoiced
segments is very similar in all four languages, as is shown
in Fig. 2. In addition, this has been also proven for the
Swedish and German languages in further testing. This
fact alone may provide a basic indicative measure of
voicing detection accuracy for various methods and al-
gorithms while analyzing longer continuous streams of
speech in European languages. The binary histograms
in Fig. 3 graphically compare the percentage of un-
voiced/voiced relationships estimated by two selected
methods, ie HNR and ENT, against the glottal pulse
method. Both methods HNR and ENT return the best av-
erage results for continuous speech and their results differ
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Fig. 3. Comparison of voicing distributions in various languages
estimated by glottal pulses, HNR, and ENT

very little (see Tab. 2). It is evident, that both methods
have a slight tendency more often to classify a not suffi-
ciently clear speech segments as voiced, even if they are
voiced. This may be since both methods sometimes fail
to respond in time to the phoneme fading, where the ref-
erence algorithm no longer detects exciting glottal pulses,
which can be clearly seen in Fig. 1.

4 Conclusion

Voicing is one of the basic features of speech signals
and it is of great importance for several speech process-
ing applications, primarily in language learning including
synthetic speech [19]. Some special approaches in speech
analysis are based only on voiced segments, for example
stress monitoring [20], detection of deception [21], signal-
ing of some neurodegenerative diseases such as Parkin-
son’s disease [22] or Alzheimer’s dementia [23].

In future work, we will test the algorithms under
acoustic conditions that may affect their reliability, such
as presence of non-stationary noise [24] and vocal effort
fluctuations [25]. Our goal is to find an optimal fusion of
effective algorithms for the correct classification of voiced
and unvoiced sounds in continuous Czech speech.
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menty v češtině, Praha, Univerzita Karlova, Filozofická fakulta,
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