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ABSTRACT

The humanvoice is the mostdifficult musical instrument to
simulate convincingly.Yet a great deal of progress hbsen
made invoice codingthe parameterizatioand re-synthesis of a
source signahccording to an assumed voigedel. Source-filter
models of the human voice, particularly Linear Predictive
Coding (LPC), are the basis of most low-bitrate (speectding
techniques inusetoday. Thispaper introduces a technique for
codingthe singingvoice usingLPC and prior knowledge of the
musical score to aid ithe process ofencoding, reducing the
amount of data required to represent the voldgs approach
advances thesinging voice closerowards a structured audio
model in which musical parameters such as pitthiation, and
phonemes are represented orthogonally to thethesis
technique and cathus be modified prior to re-synthesis.

1. INTRODUCTION

A great deal ofresearch (primarily dealingvith speech) has
focused on voice codingsing an analysis/re-synthesipproach.
In this approach asource signal isnalyzed and re-synthesized
according to a source-filter model of the human voidas is
the general principle behind Linear Predicti®eding (LPC) of
speech.The primary advantage dhis technique over direct
transmission of a recordeabice signal isthe possibility of data
compression, which has bedhe goal of most researchnto
speech analysis/re-synthesigstemsresulting in thelow-bitrate
speech coders usedimany applications today.

during the vowel duration can be replaced by single filter
matched tahe desired vowel. The resultifgarameterization is
more compact thahPC and still maintains comparablsound.
The transitions between vowls (generally consonants) are
parameterized using traditional LPC. The resulting technique is
a hybrid voice codethat is both more efficient thanPC and in
some waysmore flexible.

2. BACKGROUND

This section presents backgrounatarial for the research that
follows in subsequent sections, particularggieselated tovoice
coding and theways in whichsinging differs from speech. A
definition of structured audio is presented andéfationship to
voice coding isexamined. The benefits afcore-based analysis
techniques are alsdiscussed.

2.1. Singing voice coding

Synthesis of théauman voicespeaking or singing, has proven to
be an elusive goakrom an acoustic standpoirthis isprimarily
due to the rapid acoustic variation involved in thgnging
process. In order tpronounce differentwords, a singemust
move their jaw, tongue, teeth, etc., changihg shape and thus
the acoustic properties of the vocal tra@ince no other
instrument exhibits theamount of physical variation of the
human voice, syhesistechniques that arevell suited toother
musical instruments often do napply well to singing synthesis.

The process of singing2] startswith the breath pressure
produced bythe lungs. The pressure forces oplea vocalfolds,

This research centers around the same analysis/re-synthesigvhich are thensucked back together by the Bernoulli force.

approach using LPC, but differs frotraditional voicecoding in
several \ays. First, onlythe singing voice, specificallyVestern
classical singing, is considered; this allotie use of apriori

Rapid repetition ofthis process results irphonation, which
correlates taur perception of the pitch. The shape of theral
tract, consisting ofthe throat, mouthnose,tongue, teeth, and

musical knowledge to aid in encoding process. Second, the goal idlips, acoustically filtersthe source soungroduced by thevocal

not only data compession, but also the creation of amore
flexible model for coding the singing voice that can be
manipulated in anusical contextThe separation of musical
parameters (such as pitch, duration, and lyrics—anything
defined by the musical score) fromthe sound generation

technique isone ofthe core concepts of the structured audio

paradigm [1]. And third, further insightwill be gained into
techniques thatcould benefit direct synttss of the singing
voice, without the requirement ofsaurce signal.

In this paper, techniques are introduced for detectowel
sounds in ainging-voice signal bgnticipating the vowelpitch,
and duration indicated in theusical score. Ashe onset and
release timings of vosls are detected, the LPC filtgrarameters
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folds. Reconfiguration of the vocadtact for different syllables
creates differentfilters, and the output from thestlters is
perceived as different phonemes. Vocal souards characterized
as voiced or unvoiced, depending on whethbBonation occurs
for the sound. For example,all vowels and some consonants
([m], [n], [1]) are voiced, while other consonar({§, [s], [f]) are
not. For unvoicedoundsthe source is no longahe phonation
of the vocal folds, but the turbulena@aused byair impeded by
the vocal tract. Some consonar({¥], [z]) are mixed sounds
that use both phonation and turbulence to create twerall
sound.

Historically, speechand singingresearch havéeen closely
linked, but in some ®ays, singing voiceparameterizationposes
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an easier problem. The vast majoritysoundsgenerated during
singing are voiced whereasspeech contains a much larger
percentage of unvoicesbundsBecause ofheir periodic nature,
voiced soundsare easier to analyzeand generateausing linear
signal processg theory. In Westernmusic, each note that is
sung isfairly constant and quantized in pitch, apposed to
speech, in whichpitch varies unpredictably and continuously.
This simplifies the task afjenerating an accurate pitch track of
a singing voice gnal. In the most commouglassical singing
technique, knowras belcantqg singersare taught thatvowel
sounds are mosffecient for singingand should be held as long

as possibldetween consonants. Singalso learn to develop a  oqrdings. Scheirerssystem tracked keyboardonsets and

high _degree of consistency the pronunciation olowels. This . releases based ompredictions made from thescore. The
consistency makes it easier to determine the vowel from analysis,

X ; o approachused inthis paper isbased uporthat earlier system,
of ttme S|\?Vnalt.Mostllmpprti':ltntl)é_;‘pr the pres_etnt reste?rdm?lng with significant modifications for the acoustic properties of the
in the vvesternclassical tradition IS an Inteérprétation of - a singing voiceversusthose ofthe piano. In particular, ndmbral
predefined musicalscore. Knowledge ofthe score provides

Lo . . . h modelwas required in thecase ofthe piano, whereasne is
significant advantages in parameter extraction, in particular by needed for voice in order to identify different vowels
showing what to look for in pitch and vowel selection. ’

There are several othesuccessfulapproaches teosinging
voice coding. The homomorphic vocoddB], which is based on 3.
cepstralanalysis,was used torestore old recordings ofEnrico
Caruso. Aother coding technique is sinusoidalanalysis/

and LPC. Thigechnique is calledeneralized audio codinfg],
and canlead to hybridcoding techniques combining aspects of
traditional audio coders withthe flexibility of synthesis. An
example of this kind of hybridoder, anextension ofLPC, is
proposed in thigpaper.

2.3. Score-basedranscription and analysis

The use of score-based analysis in this paper is inspired by
previous work byScheirer[10] that usedprior knowledge of a
piano score to extraaxpressiveperformance information from

SCORE-BASED PARAMETER EXTRACTION

The analysis model presented here takdigitized source signal
synthesiq4] in which the individual partials of the singing voice  from a humansinger (singingfrom a pre-defined score) and
are tracked. Both of these techniquessult in high-quality outputs the standariPC pammeters of pitchgain, andfilter
sound,but require more bandwidth than most LPC-based coders.coefficients. For simplicitythe datausedfor this experiment
Sinusoidal analysis/synthesis relso beenused aghe basis for a wasthe phrase “Alleluia, Amen”, performed by a trained singer.
direct synthsis systemfor the singing voice [5]. Physically This phraseconsists of only fourowel soundsthe International
modeled synttss of singing[6] could conceivably beused for Phonetic Alphabetsymbols for which are [a], [e], [u], and
voice coding asvell, but extraction of physical parameters of the (briefly) [i] and threeliquid voiced consonantgl], [m], and [n].
vocal tract from an acoustic signamains problematic. While this is asmall subset othe possiblephonetic choices, the
techniques forvowel identification and analysis may be

2.2. Singing in the Structured Audio Context

extended to include other vowels.
Vercoeet al. [1] coined the ternstructured audido tie together

research on the creation, transmission, and rendering of

parametric sound repgsentations, or morsimply put, model-

Score
Audio .
Signal el =" s
e o
based audio. Manylow-dimensional pametric instrument

models exist for simulating high-qualitpstrumentsounds that \

can be represented in current algorithmic structured audio ¢ ¢ ¢
implementations, such as MPEG-4 Structured Audio As of 4 v
yet there is nsuchlow-dimensional model for the singing voice. Pitch LPC Pole Vowel Onset/
A structuredsinging voicemodelwould beable touseknowledge Detection Analysis Release Detection
about themusic itself (the score, lyrics, etc.) for verycompact v v
representation. More importantly, the @areters insuch a Vowel
model could also be modifiable, creating mangportunities for tﬁ Determination <
interaction thanwith a naturally coded audisignal.

y

All instruments share what is known as tlmcoding
problem, or the extraction of control parameters from an audio
signal. The control parametersan be used in astructured
representation of the music to re-synthesizeatdio. LPC can
also be used to alter soundther than the humanoice in a
musical context [8]. One of the benefits ofLPC is that
parameter extraction is straightforward, the cost being that LPC
is a relatively high-dimensional model. Th&PC filter
parameters aralso difficult to relate to perceptual features,
which are thekind of pammeters ideally suited to low- The singing sourcessed inthis experiment weraligitized at a
dimensional instrument models. The coding technique presentedsampling rate 0fl1025Hz. The systemusesprior knowledge of
in the next section of this paper takes steps towards defnicly  the musical score to aid irthe determination of theurrent
a relation. pitch and vowebeing sungThe parameters are estimated on a

Algorithmic implementations of structureaudio, as in the per-frame basis,where each &me is approximatelyd5ms in
MPEG-4 standard, can besad toemulate the behavior afther length (500 samples)Frames were overlapped H0% and
audio codingtechniques, includingerceptual transforncoding windowed using d&lanningwindow prior to processing.

Parameter Estimates:
« Pitch
« LPC filter coefficients
« Amplitude (gain)

Figure 1:Block diagram of analysis system

3.1. Analysis blocks
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The information presented in thescore includedthe time
signature, the tempo (beats per minute), dheetand offset of

polynomials, the pole angles generally correspond to the
formant frequencies. An order pE8 was used sthat each pole

each note (in beats within a measure), and the primary vowel of pair would locate one dhe four largestormants.

each note. Thecoreformat was designed topresent thesame
amount of information as standandusicalnotation.

3.1.1. Pitch Detection

Pitch extraction irthis system igperformed by findingthe peak
of an autocorrelation of theimdowed signalthat is targeted
within a specific ange defined bghe score(from the current
pitch period to the next pitch period). this way, most errors

The gain parameter in each framas calculated from the
energy inthe error predictionsignal. This isthe standard
method for determining the gain [11].

3.1.3. Vowel Onset and Releag¥etection

Training data forvowel identification was collected by having
the singersing each of the voels [a], [e], and [u] at seven
different pitches. The LPC filter parameters wesedculated and

are avoided, such as octave errors common to pitch detection byaveraged for eactowel to obtain avowel template.

simple autocorrelation. This method was chosen for
computational simplicity, and becauseautocorrelation is also

used ineach frame for the calculation of the LPC coefficients.

3.1.2. Linear Predictive Coder

The systenimplements asubset oftraditional LPC techniques.
As mentionedpreviously, bel canto singing consists mostly of
vowel sounds, sahe identification of consonansounds is
ignored in thisexperiment; they arsimply coded usind-PC.
Because most singing is voiced, acam/unvoiced determination
is not made and only entirely voiced examples wsetl.

The goal of linear predictive anabis is to establish an
estimate, §[n] to the source signal §n], using a linear
combination ofp past samples dhe inputsignal:

gn|= Zaks[n—k] (1)

The transfer function relating theource signabnd thesignal
estimate is shown [11] to be afl-pole filter:

H[Z] :% @)

wherethe denominator idefined adollows:

P

A7 =1- Z az" 3)

This showsthat linear predictiveanalysis isequivalent to a
source-filter model, wher¢he vocaltract response isnodeled
using atime-varying all-pole filter function of ordep. The

primary contributions to the filter are the resonances of the
vocal tract, but also include all variations not represented by an

impulse train source(radiation Iss, glottal pulse shape). The
derived filter will never be the true vocatact filter, but in
practice it is a reasonable approximation.

The autocorrelation methodvas used to establish the
parametervalues a, for each analysis frame.This technique

The systemfirst looks for vowel onsets byexamining the
energy ofthe input signal. An onset |eation prediction is
calculated from the score and the indicated termbis used to
locate a detectiowindow. The detectionwindow spansfrom
halfway between the predicted onsetd the previous calculated
onset to the midpoint between the predicted oaset the next
predicted onset. The current system is resicted to sounds
without diphthongs (consecutiveowel sounds), sovowel onset

will occureither at a note onset or after a consonant. The energy

of a vowel is likely to begreater than the energy ofc@nsonant
becausethe vocaltract is open for vowels and closed for
consonantsThus,the location ofthe vowel onset isaken to be
the local maximum derivative of thelosest tothe predicted
onset, which amunts for bothcases in whichthe vowel is
preceded by a consonant amdses in whichthe vowel is
preceded by silenc€alculatedonsetsare used to readjust the
tempo estimate, which adjusts the next predicted onset.
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Figure 2:Vowel onset detection of [e] in ‘alleluia’.

The vowel releases are hlted after all the onsets have been
found. A releasaletectionwindow spans from halfway between
a note’s predicted release aitgl calculatedvowel onset to the
calculatedvowel onset ofthe next note or thend ofthe file.

minimizes the mean squared prediction error in each frame to Again a consonant ailence follows eactvowel, sothe energy
calculate the filter parameter values [11]. The prediction error is Of the signal is used tdetermine the release location. The vowel

the difference between the source signaland the predicted
signal. Thusthe squared prediction error is:

E, = (S[n]-&[n])’ )

m

The calculated filter parameters form a polynomial, which can

be factored to determine thpole locations. For loworder

release is taken to be the point at which ¢hergy fallsbelow
60% ofthe maximumenergy inthe note (between the times of
consecutive onsets). Thepace betweethe onsetand offset is
the vowel duration. Spaceutsidethe vowel duration (silence
and note transitionsisually indicative of consonants) is encoded
using standard.PC parameterization.
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Figure 3:Vowel release detection of [e] in ‘alleluia’.

3.1.4. Vowel identification and compression

Vowels within thevowel duration are identified by the locations
of the formants. The formants are ordered filwquency and
compared to formantocations calculated for different vowels
from training dataThe vowel with the smallest sum of absolute
distances between orderéormants is taken to be theowel.
The frame’s calculated LPC filter coefficients ahen replaced
with generic coefficients fothe given vowel, which are also
calculated from averaged training dagince the majority of
analysis frameswill consist of vowels,the data required to
represent a note can be greatly reduced. Of cotlniseis at the
expense ofsound quality, but the resulting re-synthesis is
perceptuallyclose to the regularlyPC codedre-synthesis.
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Figure 4:Sum of formant distances towel templates
for ‘alleluia’. Smaller distance indicates better match.

3.2. Hybrid Coding Format

As with LPC, pitch and gain pameters are transmitted for
each analysis frame. For frames in which elswccur, nofilter
coefficients are needed, since they are replaced with values from
the vowel templates.Thus, a codebookontaining thesevowel
templates must also be included in the transmission. Ignoring the
overhead of thecodebook, this coding scheme results in a
bitstream for the given sound example that is aldddithe size

of a LPCencodedbitstreamwith comparable sound quality.

4. FUTURE DIRECTIONS

An obvious improvement to the curresgstem would be to add
support forthe detection andynthesis ofother vowvels and
voicedand unvoiced consonant$his wouldrequire making a
voiced/unvoiced determination; there are well-documented
techniques fordoing that in the LPC literature, [12] for
example. The increased numberobfoiceswould lead tomore

confusion in the detection, so a better hdigigother than
simple formant distance) for phonetic matchimgy beneeded.

The current system could also be easily extended using
different orders ofLPC analgis for the vowel ratching analysis
and theaudio analysis/re-synthesi$he currentsystem uses a
small number ofpoles (eight) to makeformant selection, and
thus vowel detection,easier. A low ordet.PC analgis could be
used for formant detection, and a higher order couldidesl for
the actual coding. The replacemerdwel templateswould also
need to beecalculated at the higher order. The greatember
of poles inthe re-synthesis would result in better sound quality.

The techniques presented tinis paper are notexclusively
limited to LPC. LPCwas chosen because it allovilse formant
frequencies to be trackedasily. However, other analysis/re-
synthesis methodssuch asthe homomorphicvocoder [3] or
sinusoidal modeling/4] could beused asthe primary coding
engine. Sincevowel onset and release timing éalculatedusing
the time-domainenergy ofthe signal, it isindependent of the
coding technique. Thedifficulty would be in determining
formant locations using anothanalysis/re-synthesisystem. A
peak-picking heuristicwould need to beused to determine
formants in either the homomorphigocoder or sinusoidal
modeling.Once the formants were determined, ttosvel could
be determinedusing the techniques outlined in the previous
section. The replacemermbwel tenplates would also need to be
converted according to the synthetshniqu eébeing used.
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