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Abstract

In this paper we introduce new phase-related featur
denoting the delay between the harmonics and the
fundamental frequency of a periodic signal, notadifly
voiced singing. These features are identified as
Normalized Relative Delay (NRD) and denote the phas
contribution to the shape invariance of a pericitimal.
Thus, NRDs are amenable to a physical and
psychophysical interpretation and are structurally
independent of the overall time shift of the sigreah
important property that is shared with the magrétud
spectrum in the case of a locally stationary sigkiéd
describe the NRD and report on preliminary studies
testing the discrimination capability of NRDs agglito
singing signals.

Index Terms: Singing voice, phase and delay features

1. Introduction

Time and frequency-domain techniques are commonly
used to analyze the singing voice which exhibits
specific acoustic characteristics and thus requires
specific signal processing techniques Rdr example,
inverse filtering techniques are used to extraa th
glottal excitation of the singing voice [2], andateor
complex filter banks are used to analyze the fraque
content of singing voice, typically in the form af
magnitude spectrum or a spectrogram [3]. Signal
features based on the magnitude spectrum are
commonly used in speech processing. On the other
hand, the phase spectrum is rarely used because it
difficult to interpret and manipulate. The phase
spectrum is frequently ignored despite evidence
showing that signals with the same magnitude spectr
but with different phase spectrum, in fact, sound
differently to a human listener [3].

In this paper we focus on the extraction of suéabl
features based on the phase spectrum for clagmifica
or identification purposes. A preliminary study was
conducted in order to validate the pertinence of ou
approach through experiments involving automatic
classification of sung vowels and involving singer
identification. Three main ideas and previous rtssul
support our approach. First, the phase informatias a
significant importance in the perceptual identifioa of
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a periodic sound such as a sustained voiced s@&]nd |
On the other handexperiments in speech modification
reveal that speech quality depends on the corteseg
synchronization between the harmonics [4]. In this
context, phase-related features that are indepérafen
time delay and of the fundamental frequency, are
desired. Finally, we hypothesize that phase-related
features may show a useful discrimination capabifit
automatic vowel classification and singer idendfion
tasks. The structure of this paper is as follows.
section 2 we present the NRD concept and the
associated estimation algorithmin section 3 we
describe the classification tests that have been
performed and the results that have been obtained.
Finally, in section 4 we address the main resuitthe
paper as well as future research.

2. Normalized Relative Delay

In this section, the NRD concept and its estimation
algorithm are describedkirst, we assume that a quasi-
periodic signal consists of M sinusoids harmonicall

related according to a fundamental frequetgy
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The A, ¢ andn parameters denote, respectively,

the magnitude, the frequency, the phase and the tim
delay of thei™ harmonic. If§rj is multiplied by a time

window Hr before time-frequency transformation, by

means of a DFT for example, one has access to the
spectral coefficients  X[k] =DFT{x[n]} where

Y =$§ih hh . Provided that there is sufficient spectral

resolution, it can be shown [5] that the phaseshef
harmonic peaks irX[K , are related to the arguments of

the sine functions in (1) and depend on the tindexm
in the sense that it corresponds to the group d=igye
time window Hri. Since this window is chosen to be

even-symmetric, the group delay is constant and is
independent of the frequency. In fact, the groufayde
corresponds to the center of the window, i.e. iENhe
length of the time window (and also the length loé t
DFT), the group delay is simply given by (N-1)/2
samples. Hence, when analyzing the harmonic peaks



in X[K , the time indexn takes the value of a constant

time reference corresponding to the group delay and
affecting equally all frequencies. In order to fecour
analysis on the delays of the harmonics relativéhto
same time reference ([6] provides a more detailed
explanation), we may ignore the influence rofin (1).

For simplicity, making this time reference equak&wo,

(1) becomes
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The NRDQ parameter represents the relative delay
difference between th& harmonic and the fundamental
frequency sinusoid, and is normalized by ithsinusoid
periodP;. Thus, NRD are simply defined as

_n-n

NRD P ©)
The NRDs coefficients inherit the underlying phase
properties, hence notions such as periodicity and
wrapping also applyThe NRD characterize the signal
waveform, independently of the overall time shiftaf
the fundamental frequenc¥his property is useful for
signal analysis, identification and transformatidiine
NRD algorithm is illustrated in Figure 1.
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Figure 1:Computation of the NR[2oefficients.

The speech signa[n] is first multiplied by a sine

window (square root of a shifted Hanning window) [5
and then is transformed to the frequency domaingusi
an Odd-frequency Discrete Fourier Transform (ODFT)
[7]. The next step consists of a harmonic analitséd
accurately identifies the harmonics in the harmonic
structure by estimating the amplitude, frequencd an

magnitude and phase information. These charadbsrist
are important when real-time constraints are mamgat
(e.g., biofeedback in singing).

3. Classifications tests

Automatic classification tests were performed idesr

to assess the discrimination capability of HRD using
singing.A database of 40 singing voice recordings was
used which includes short 200 ms segments of sung
vowels [a], [e], [i], [o] and [u]. These segment&re
extracted fromarpeggio vocalizations performed by 8
singers (identified as S1, S2, S3, S4, S5, S6NE7S8).
The sampling frequency is 22050 Hz.

For comparison purposes, our tests used two well-
established set of features with very high disanation
capability. One set of features consists of MFCC
coefficients that are widely used in speech redagni
We have used an MFCC analysis software that is
publicly available [8]. The second set of features
consists of time parameters that are extracted then
estimated glottal pulses and their derivativegdneral,
these parameters characterize the glottal flowgshas
well as their dynamics where most of perceptualteel
phenomena occur. The glottal pulse estimation
performed by the Iterative Adaptive Inverse Filbgri
algorithm that is implemented in a Matlab software
environment [9] that is also publicly available. heT
time parameters consist of the open quotient (@),
open quotient 2 (0Q2), the quasi-open quotient (ROQ
open quotient a (0OQa), closed quotient (CIQ), speed
quotient 1 (SQ1), speed quotient 1 (SQ2), amplitude
quotient (AQ) and the normalized amplitude quotient
(NAQ) [9]. These features are identified as GLOT_F.
The NRD and MFCC features are extracted from the
singing signal using 1024-sample frames with 50%
overlap. In the case of the GLOT_F features, alloca
average for each parameter was considered using abo
five glottal pulses.

is

In order to characterize the discrimination capgbil
of those features, we used the WEKA [10] [11] patte
recognition and classification environment. Thiskta
consisted of three main steps. First, the MFCC,
GLOT_F and NRD were extracted from each frame and
assumed as an instance for classification traiging

phase using a peak picking algorithm and subsequent testing. A combination of NRD and MFCC was also

interpolation [5]. Only the frequeney; and phase; are
used to compute the NRD coefficients. The period an
delay of thé"™ sinusoid are given respectively by:
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Finally, theNRD are obtained as explained earlier in
this section. It should be noted that both freqyesd
phase are estimated non-iteratively using X

a
o

tested. Then, a feature selection algorithm (inetlich

the WEKA environment) was used in order to selbet t
most significant features. The last step correspand
the classification and relative performance assestm
The Nearest Neighbor classifier and the 10-foldssro
validation method were chosen among the available
methods since it has shown better results in phedirg
tests. The F-measure was chosen to characterize the
identification performance. This measure is comgute
using (9) and involves the Precision and True R@sit
Rate (TPR) parameters that are computed usingn(Y) a
(8), respectively. The Precision is the proportioh



correctly identified signals among all instancessléed the other sets of features.
as a class, and the TPR reflects how much of thescl

was correctly captured. GLOT_F
. . Vowel Classified as: (%)
. . instances correctly classified as type )
PrecisionF—— . 7 [a] [e] [ [o] [u]
instances classified as type X @)
@] [967 0 33 0 0
. _ [e] 1,7 82 85 17 0
_instances. corectly classified as type [i] 1,7 6,8 814 85 1,7
nurber of type X instances (8) (] | 85 68 34 746 68
[u] 0 1,7 3,5 8,6 86,2
_ 2xTPRx Precisiol Table 3: Confusion matrix of vowel classification using
~ TPR+Precision ©) GLOT_F features.
Therefore, F-measure is an overall and more MFCC
informative measure of performance than just Piecis Vowel Clessies &5 ()
or TPR. a] [e] [] [o] [u]
@] [877 © 0O 88 35
[e] 0 94,9 3 0 0
4. Results [i] 0 51 949 O 0
This section presents the results of our testsrdaya [o] 86 35 0 88 52
o . . . [u] 0 0 0 52 948
the discrimination capability for vowel and singesing
different feature sets. Table 1 exhibits the fivesin Table 4:Confusion matrix of vowel classification using

efficient NRDs, glottal (GLOT_F) and MFCC features MFCC coefficients.
that were selected for vowel classification.
In particular, the F-measure resulting from the NRD

NRD | GLOT F | MFCC feature set is more uniform than in the case of the
NRD1 0Q2 MFCC1 GLOT_F or the MFCC feature sets. The fact that
NRD2 ClQ MFCC2 GLOT_F features are able to discriminate among
NRD3 OQa MFCC3 vowels is a surprising result since GLOT_F should
NRD4 Q0OQ MFCC4 reflect only source-related information, not fikedated
NRD5S SQ1 MFCC5 information. A plausible explanation is that thedmse
Table 1:Selected NRD, glottal and MFCC features. ~ filtering process is not effective removing filter

information. The overall performance rate of cotlsec
classified instances is 86,3%, 85,4 and 91,1% tier t
NRD, GLOT_F and MFCC features sets, respectively.
Figure 2 represents the F-measure scores of thelvow
classification tests.

While the low-order MFCC coefficients convey
coarse spectral shape information, the NRDs
coefficients convey phase information pertaininghe
first few (and typically stronger) harmonics andigh
convey time shape information. 1

0.9

Tables 2 to 4 present the confusion matrices of the
vowel classification tests for the NRD, GLOT_F and
MFCC features. In general, the confusion matri¢esvs 0.7}
high scores of correctly classified vowels.

© 06}
2
NRD %“3 0.5[1
Vowel Classified as: (%) W 0.4}
a] [e] [1 [o] [u] 03}
[a] 875 47 47 31 0 02l
[e] 31 797 7.8 4,7 4.7
[i] 81 32 89 32 16 01
[0] 1,6 0 32 905 4,8 0
[u] 3,1 0 47 1,6 891 NRD GLOT_F MFCC
Features

Table 2:Confusion matrix of vowel classification using )
NRD features. Figure 2:F-Measure parameter for each vowel and for

each feature set

The results show that NRDs have a surprisingly

competitive discrimination capability in comparisian Table 5 shows the five most significant features in

the singer identification test. Table 5 shows esaly



the same behavior obtained in the tests with vaviels
the spectral information in the low frequency regio
appears to present more discrimination capability.

NRD GLOT_F MFCC
NRD1 oQ1 MFCC2
NRD2 0Q2 MFCC3
NRD3 AQ MFCC4
NRD4 OQa MFCC6
NRD13 QOQ MFCC7

Table 5: Selected NRD, MFCC and glottal features.

The confusion matrices regarding the singer
identification task are not shown due to its coesatble
size.

0.8
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NRD GLOT_F

Features

Figure 3:F-Measure parameter for each speaker and
for each feature set.

Figure 3 shows that NRD also presents competitive
results for singer identification. In this case, GL F
and MFCC have a small advantage over the NRD
coefficients. On the other hand, the NRDs presesrem
uniform F-measure scores considering all subjddts.
overall performance rate for the NRD, GLOT_F and
MFCC feature set is 86,1%, 90,9% and 90,3%,
respectively. The high score obtained by the GLOT_F
feature set just confirms that source informatien i
strongly related to speaker individuality.

The combination of NRD and MFCC features
presents an overall performance rate of 94,6% darel
classification, and 97,9% for subject identificatidn
terms of coefficients for vowel classification, NRDo
NRD4 and MFCC1, MFCC3, MFCC4 and MFCC6 to
MFCC8 were the most discriminative coefficients.
NRD2, NRD4, NRD11 and MFCCL1 to MFCC4 are the
most significant in the subject identification task

These results are very stimulating and overally the
confirm that the inclusion of phase information
improves recognition. It is also possible to codelthat
the NRD have a strong impact in subject identifaat
when they are combined with MFCCs.

5. Conclusion

A new set of phase-related features (NRDs) was
proposed to be used in the analysis of the singiicg.
The phase information may be used for classificatio
and preliminary tests show it can be quite comipetin
vowel and singer classification, when comparedne t
features such as glottal features or magnitudetspac
features such as MFCCs. In future work, the rolasstn
of NRDs features will be evaluated with runninggsingy
and speech in recognition tasks and real-time simEna
The combination with others set of features like th
MFCC may also increase significantly the efficierudy
the classification.
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