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ABSTRACT
In this paper, acoustic cues and human capability for discriminating singing and speaking voices are discussed to develop
an automatic discrimination system for singing and speaking
voices. Based on the results of preliminary subjective experiments, listeners discriminate between singing and speaking
voices with 70.0% accuracy for 200-ms signals and 99.7%
for one-second signals. Since even short stimuli of 200 ms
can be correctly discriminated, not only temporal characteristics but also short-time spectral features can be cues for discrimination. To examine how listeners distinguish between
these two voices, we conducted subjective experiments with
singing and speaking voice stimuli whose voice quality and
prosody were systematically distorted by using signal processing techniques. The experimental results suggest that
spectral and prosodic cues complementarily contributed to
perceptual judgments. Furthermore, a software system that
can automatically discriminate between singing and speaking voices and such performances is also reported.

INTRODUCTION
Sounds from the human mouth include such acoustic events
as speaking, singing, laughing, coughing, whistling, and
lip noises. Humans communicate by creatively using these
acoustic events because they can instantaneously discriminate between such sounds by perceiving the various features
that characterize them. The purpose of our research is to clarify how humans discriminate between these voices.
Among such acoustic events, this paper focuses on the discrimination between singing and speaking voices. When humans sing, the vocal style can vary from the speaking voice
to some degree. Furthermore, singing voice is a vocal style
to which various emotions are added based on a song’s key
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and its lyrics; that is, vocal style represents various emotional
voices in an abstract form. Therefore, revealing the characteristics that influence the perception of the singing voice creates the possibility of applications that discriminate between
other vocal styles, such as irate or whispery voices.
Many research results have reported the characteristics of
singing voices, whose typical characteristics include F0 and
intensity that vary widely; the spectral envelope of the singing
voice has additional resonance at a medium frequency range
known as the singing formant [1]. Although the singing formant is observed in the voices of opera singers, it is not necessarily observed in amateurs. However, humans can discriminate a singing from a speaking voice in daily conversation even if these voices are produced by an amateur.
Also, previous work related to the singing voice includes a
control model of fundamental frequency (F0, perceived as
pitch) trajectory [2, 3], general characteristics [4, 5], acoustic differences between trained and untrained singers’ voices
[6, 7, 8], the subjective evaluation of common singing skills
[9], and singing voice morphing between expressions [10].
On the other hand, previous work related to the discrimination between singing and speaking voices includes a holomorphic model of the differences in glottal air flow [11, 12,
13] and the dynamic characteristics of F0 trajectory [14].
Therefore, most previous work has focused on either the
singing or the speaking voice. None of these works has presented knowledge based on subjective and objective evaluations of acoustic features that influence discrimination between voices. The goal of this study is to characterize the
nature of singing and speaking voices based on subjective
experiments and build measures that automatically discriminate between them.
The rest of this paper consists of the following sections. In
Section 2, after introducing the test samples, the human discrimination performance between singing and speaking is
discussed based on subjective experiments. In Section 3, signal measures for discriminating singing and speaking voices
are proposed. Experimental evaluations are shown in Section 4. Section 5 discusses the results. Section 6 concludes
the paper with discussion on directions for future work.
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Table 1. Listening samples based on signal length in
investigation of signal length necessary for discrimination
Signal length
Singing voice Speaking voice
100, 150, 200, 250,
500, 750, 1,000 ms
25 signals
25 signals
1,250 ms
20 signals
20 signals
1,500, 2,000 ms
10 signals
10 signals
Total
215 signals
215 signals
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Figure 2. Random splicing and low-pass filtering
techniques
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Figure 1. Human discrimination performance between singing and speaking voices as a function of
signal length

Human Performance of Discriminating Singing
and Speaking Voices
We investigated the human capability to discriminate between singing and speaking voices by conducting a subjective experiment. First, we introduce the voice database that
we used. Second, we show subjective experimental conditions and results.

Voice database
We used 7,500 sound samples excerpted from an original
voice database called the “AIST Humming Database” developed at the National Institute of Advanced Industrial Science
and Technology (AIST) [15]. Those samples, each about 7.0
to 12.0 seconds long, consist of 3,750 samples of singing
voices and 3,750 samples of speaking voices recorded from
75 subjects (37 males, 38 females). At an arbitrary tempo
without musical accompaniment, each subject sang two excerpts from the chorus and the first verses of 25 songs in
different genres (50 sound samples) and read the lyrics of
those excerpts (50 sound samples), resulting in a total of 100
samples per subject. The songs were selected from a popular music database, “RWC Music Database: Popular Music” (RWC-MDB-P-2001) [16], which is an original database
available to researchers around the world.

Investigation of signal length necessary for discrimination
We investigated the signal length necessary for human listeners to discriminate between singing and speaking voices

by conducting a subjective experiment. In the experiment,
we used 5,000 voice signals (2,500 singing and 2,500 speaking voices) recorded from 50 subjects (25 males, 25 females) randomly selected from the voice database, and cut
them into 50,000 voice signals of 10 different lengths (from
100 to 2,000 ms). 10 subjects listened to 430 signals (215
singing and 215 speaking voices) randomly extracted from
those 50,000 voice signals (Table 1) and determined whether
the voice signal is singing, speaking, or impossible to discriminate.
Figure 1 shows that approximately one second is enough
for humans to discriminate between singing and speaking
voices. Even with a 200-ms signal, discrimination accuracy
is more than 70%. This suggests that not only temporal characteristics corresponding to rhythm and melody but also such
short-term features as spectral envelopes carry discriminative
cues between singing and speaking voices.

Investigation of acoustic cues necessary for discrimination
To compare the importance of temporal and spectral cues for
discrimination, we conducted subjective experiments using
two sets of stimuli whose voice quality and prosody were
distorted by using signal processing techniques, as shown in
Figure 2 .
The first set of stimuli was generated by randomly splicing
the waveform, i.e., dividing a signal into small pieces and
randomly concatenating them. In the set of stimuli, the temporal structure of the signal is distorted whereas short-time
spectral features are maintained [17, 18].
The second set of stimuli was generated by low-pass filtering, i.e., eliminating frequency component higher than 800
Hz. This set of stimuli maintains the temporal structure of
the original signal although short-time spectral features are
distorted [17].
In the experiment, we used 5,000 voice signals (2,500 singing
and 2,500 speaking voices) recorded from the 50 subjects (25
males, 25 females) used above, and obtained 15,000 voice
signals (7,500 singing and 7,500 speaking voices) by ran-

Table 2. Listening samples in investigation of acoustic
cues necessary for discrimination
Random Splicing
Length of pieces Singing voice Speaking voice
125 ms
40 signals
40 signals
200 ms
40 signals
40 signals
250 ms
20 signals
20 signals
Total
100 signals
100 signals
Low-pass filtering
Singing voice Speaking voice
Total
100 signals
100 signals

 


)

'(

% &  
"#
$ 
"#
!
   

~
v.|}
z y{
vx
tvwu

~
v.|} 

z y{ 
vx
t.vuw



 

(0

B 2
1
+.-/"
*+, % &





dom splicing, which cut one-second signals into small pieces
of three types (125, 200, and 250 ms) and 5,000 voice signals (2,500 singing and 2,500 speaking voices) generated by
low-pass filtering. 10 subjects listened to 200 signals (100
singing and 100 speaking voices) randomly extracted from
15,000 voice signals by random splicing and 200 signals (100
singing and 100 speaking voices) randomly extracted from
5,000 voice signals by low-pass filtering (Table 2), and answered whether the voice signal is singing or speaking.

Discrimination results by random splicing technique
In Figure 3, the discrimination results of singing and speaking voices are shown for one-second signals that were not
distorted at all. They are 99.3% and 100% respectively.
However, the accuracy rate declines by random splicing. The
accuracy rate of singing voices especially declines as the
length of the pieces shortens from 250 to 125 ms. When
the length of the pieces is 125 ms, the accuracy rate of the
singing voice is 70.6%, which is 28.7% lower than the results of original voices. On the other hand, when the length
of the pieces is 125 ms, the accuracy rate of speaking voices
is 95.0%, which is only 5.0% lower than the results of original voices. We obtained the following comments from listeners after this experiment:
• When I listened to prolonged vowel production, I judged it
to be a singing voice.
• I focused on the difference in voice quality between singing
and speaking voices.
• When the amplitude fluctuation degree of a voice signal
was great, I thought it was a singing voice.
• If the pitch varied widely, I thought it was a singing voice.
• It was easier to discriminate between singing and speaking voices in female voices than in male voices because
the difference in pitch between them is wider for female
voices.

Discrimination results by low-pass filtering technique
In Figure 3, the discrimination results of singing and speaking voices by low-pass filtering are 86.9% and 98.9%, respectively. As in the random splicing technique, the accuracy
rate of singing voice declines more than the speaking voice.
We obtained the following comments from listeners after this
experiment:
• By focusing on differences in tempo, rate of speech, rhythm,
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Figure 3. Accuracy rate of one-second signals by
random splicing and low-pass filtering
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Figure 4. Accuracy rate of one-second signals by
random splicing and low-pass filtering technique as a
function of vocal person’s gender

and pitch fluctuation, I could discriminate between singing
and speaking voices.
• If a voice signal contained a constant location in pitch, I
thought it was a singing voice.

Discrimination results for vocal person’s gender
Figure 4 shows discrimination results by random splicing and
low-pass filtering techniques for vocal person’s gender. The
accuracy rate of female singing voices by random splicing is
80.5%, which represents a mean accuracy rate of 125, 200
and 250 ms by length of the pieces. On the other hand, the
accuracy rate of male singing voices is 74.0%, which is a
decrease of 6.5% compared to female singing voices. The
accuracy rate of male singing voices by low-pass filtering
is 83.8%, a decrease of 6.2% compared to female singing
voices. These results show that discrimination between male
singing and speaking voices is harder than between female
singing and speaking voices.

Discussion
Because the temporal structure of the original singing voices
that correspond to rhythm and melody has been distorted to
render them unavailable for discrimination, the accuracy rate

of singing voices by random splicing technique declined. It
is also considered that listeners confused singing voices with
speaking voices because of the short vowels of singing voices
divided by the random splicing technique. Based on the investigation of vowel length for a certain signal that confused
singing with speaking voices, the vowel length of the original singing voice averaged 146.7 ms, and vowel length by
random splicing averaged 73.3 ms: that is, half the vowel
length of the original singing voice. On the other hand, in a
signal that contained the same lyrics read by the same subject, vowel length by random splicing averaged 60.0 ms. This
only slightly changed compared to the original average vowel
length of 70 ms. Vowel length is clearly an important cue
for discrimination. Consequently, the results clarified that
a speaking voice generated by random splicing resembles a
speaking voice; on the other hand, a singing voice generated
by random splicing also resembles a speaking voice.
Despite eliminating frequency component higher than 800
Hz, a speaking voice can be distinguished from a singing
voice by perceiving the remaining prosody and tempo. However, a singing voice by low-pass filtering is not always easy
to distinguish from a speaking voice because the distinction
requires short-time spectral features. Although the cut-off
frequency of the filter is 800 Hz in this experiment, by varying this value, which frequency bands are important for discrimination remains a matter of future research.
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Figure 5. F0 contour of singing and speaking voices
corresponding to identical lyrics

Table 3. Analysis conditions of voice signals
Sampling rate 16 kHz
Window
Hamming
Frame length
25 ms
Frame time
10 ms
Mel-filterbank 24

Discrimination Measures
From subjective experiments, human listeners distinguished
between singing and speaking voices with 100% accuracy
for one-second signals. On the other hand, even if the signal length was as short-term as 200 ms, the discrimination
rate was 70.0%. Moreover, it was found that not only temporal characteristics but also short-term spectral features are
important for discrimination.
Therefore, to objectively clarify how these features contribute
to the discrimination of the two styles, we propose an automatic vocal style discriminator that can discriminate between singing and speaking voices by using two different
measures — short-term and long-term feature measures. The
short-term feature measure exploits the spectral envelope
represented by using Mel-Frequency Cepstrum Coefficients
(MFCC) and their derivatives (∆MFCC). The long-term feature measure exploits the dynamics of F0 extracted from
voice signals.

Short-term spectral feature measure
To measure a spectral envelope, Mel-Frequency Cepstrum
Coefficients (MFCC) and their derivatives (∆MFCC), which
are successfully used for envelope extraction in speech recognition applications, were used. As shown in Table 3, every
10 ms, MFCC are calculated for 25-ms hamming windowed
frames; ∆MFCC is calculated as regression parameters over
five frames.

F0 derivative measure
Since the singing voice is generated under the constraints of
melodic and rhythm patterns, the dynamics of prosody differ from the speaking voice. Therefore, the dynamics of
prosody extracted from voice signals are expected to be cues
for automatically discriminating between singing and speak-

ing voices (Figure 5).
F0 is estimated by using the predominant-F0 estimation method
of Goto et al. [19] that estimates the relative dominance of
every possible harmonic structure in the sound mixture and
determines the F0 of the most predominant one. Relative
dominance is obtained by treating the mixture as if it contains all possible harmonic structures with different weights,
which are calculated by Maximum A Posteriori Probability
(MAP) estimation.
Using the method, we determined the F0 value for every 10
ms, and then a F0 trajectory was smoothed by a median filter
of a 100-ms moving window. Furthermore, ∆F0 is calculated by five-point regression, as in the MFCC case.

Training the discriminative model

In this approach, the distribution of MFCC vectors or ∆F0
values are represented by 16-mixture Gaussian Mixture Models (GMM) trained on the training set using the expectation
maximization algorithm for both singing and speaking voice
signals. The variances of distributions were modeled by a
diagonal covariance matrix. Discrimination was performed
through the maximum likelihood principle:
dˆ =

N
1 X
argmax
log f (xn ; Λd ),
N n=1
d=singing, speaking

(1)

where xn is the nth feature vector, N is input signal length
and Λd (d = sing, speak) are the GMM parameters for the
distribution of MFCC vectors. Function f calculates posterior probability by using all GMM parameters for both
singing and speaking voices.
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Figure 6. Comparing and integrating two measures
using a spectral envelope (MFCC) and ∆F0

Evaluation of Proposed Method
In this section, we show experimental evaluations for automatic discrimination between singing and speaking voices.
In evaluating the discrimination performance using the spectral envelope and the dynamics of F0, 7,500 sound samples
of singing and speaking voices from 75 subjects were used to
train the GMMs of the feature vectors and to test the method.
A fifteen-fold cross-validation approach was used for evaluation. First, sound samples from 75 subjects were divided
into fifteen groups. Eight of the fifteen groups were used for
GMM training, and the rest were used as a test. An average discrimination rate was obtained from the fifteen crossvalidation tests.
In Figure 6, discrimination results using MFCC+∆MFCC
and ∆F0 are plotted. MFCC was used up to the 12th coefficients. In both measures absolute performance improved
when a longer signal was available. For input signals shorter
than one second, MFCC performed better, whereas ∆F0 performed better for signals longer than one second.
Finally, two measures were integrated into a 25-dimensional
vector. It can be seen from Figure 6 that discrimination performance is improved by 2.6% for two-second signals.

Discussion
The results clarified that the two measures can effectively
capture the signal features that discriminate between singing
and speaking voices. Discrimination using MFCC and ∆MFCC
is effective for less than one-second signals. The difference between the spectrum envelopes of singing and speaking voices is a dominant cue for the discrimination of short
signals. On the other hand, discrimination using ∆F0 is effective for signals of one second or longer. The GMM of
∆F0 appropriately deals with the differences of the global
F0 contours of singing and speaking voices by modeling the
local changes of F0.
Furthermore, we compared automatic discrimination performances with the results of subjective experiments. When
the temporal structure of the signal is distorted by a random splicing technique, human capability for discriminat-
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Figure 7. Comparing automatic discrimination performances with results of subjective experiments

ing between singing and speaking voices decreased because
the vowel length is shorter than the original singing voice
signals. However, when the length of the pieces in the
random splicing technique is 125 ms, human capability is
70.6%. Based on this result, the short-term spectral features
of signals affect discrimination. When comparing the automatic discrimination results of 200-ms singing voices using
MFCC and ∆MFCC with the human capability of 200-ms
singing voices, although the automatic discrimination result
decreased by 9.3% compared with human capability, this human capability is more similar to the automatic discrimination result using MFCC and ∆MFCC than any other automatic discrimination results in the above chart of Figure 7.
Consequently, this result shows the importance of spectral
features for automatically discriminating between singing
and speaking voices. MFCC is successfully used to represent
the phoneme structure in speech recognition applications;
however, to discriminate between those voices, we need to
focus on the unrepresented features of MFCC. In the future,
we plan to propose new measures to improve the automatic
discrimination performance.
Even though short-term spectral features are distorted by
eliminating frequency component higher than 800 Hz, humans can distinguish between those voices by perceiving
such temporal features of signals as melody and rhythm patterns. In other words, the temporal features included in longterm signals are important for discriminating between those
voices. When comparing the automatic discrimination results using ∆F0 with the subjective experimental results, the
discrimination results are low, as shown in Figure 7. In
this paper, ∆F0 is calculated as regression parameters over
five frames (50 ms) of F0 that are estimated continuously.
However, from the subjective experimental results, humans
distinguish between those voices by perceiving continuous
changes of F0 longer than 50 ms. Therefore, a longer ∆F0
calculation method that considers the F0 interpolation of un-

voiced sounds is needed to further improve the performance.

Conclusion
In this paper, we discussed acoustic cues and human capability for discriminating singing and speaking voices. When investigating the signal length necessary for singing and speaking voice discrimination, we showed that humans can discriminate singing and speaking voices 200-ms long and onesecond long with 70.0% and 99.7% accuracy, respectively.
By conducting subjective experiments with voice signals whose
voice quality and prosody were systematically distorted by
signal processing techniques, we showed that spectral and
prosodic cues complementarily contributed to perceptual judgments.
Furthermore, by hypothesizing that listeners depend on different cues based on the length of signals, we proposed an
automatic vocal style discriminator that can distinguish between singing and speaking voices by using two measures:
spectral envelope (MFCC) and F0 derivative. In our experimental results, when voice signals longer than one second are discriminated, the F0-based measure outperforms the
MFCC-based measure. On the other hand, when voice signals shorter than one second are discriminated, the MFCCbased measure outperforms the F0-based measure. While
discrimination accuracy with the F0-based measure is 85.0%
for two-second signals, a simple combination of two measures improves it by 2.6% for two-second signals. However, compared with human capability, discrimination performance is low, especially when the test signal is shorter than
one second. In the future, we plan to clarify the differences
of spectral features between singing and speaking voices and
to discuss a longer F0 contour modeling method.
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