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Abstract  

Singing voice is one of the most challenging musical instruments to model and imitate. Along 

several decades much research has been carried out to understand the mechanisms involved in singing 

voice production. In addition, f rom the very beginning of the sound synthesis techniques, singing has 

been one of the main targets to imitate and synthesize, and a large number of synthesizers have been 

created with that aim.  

The goal of this thesis is to build a singing voice synthesizer capable of reproducing the voice of a 

given singer, both in terms of expression and timbre, sounding natural and realistic, and whose inputs 

would be just the score and the lyrics of a song. This is a very difficult goal, and in this dissertation 

we discuss the key aspects of our proposed approach and identify the open issues that still need to be 

tackled. 

This dissertation substantially co ntributes to the field of singing voice synthesis: a) it critically 

discusses spectral processing techniques in the context of singing voice modeling, and provides 

significant improvements to the current state of the art;  b) it applies the proposed techniques to 

other application contexts such as real-time voice transformations, museum installations or video 

games; c) it develops the concept of synthesis based on performance sampling as a way to model the 

sonic space produced by a performer with an instrument, focusing on the specific case of the singing 

voice; d) it proposes and implements a complete framework for singing voice synthesis; e) it explores 

the sonic space of the singing voice and proposes a procedure to model it; f) it discusses the issues 

invÐÆĈ¡w ¿Ì ý¼¡ mñ¡Vý¿ÐÌ Ð­ ý¼¡ õċÌý¼¡õ¿Ď¡ñîõ wVýVdVõ¡ VÌw ÜñÐĈ¿w¡ ýools to automate its generation; g) 

it performs a qualitative evaluation of the synthesis results, comparing those to the state of the art 

and to real singer performance; h) i t implements all  the research results into an optimized software 

application for singing voice analysis, modeling, transformation and synthesis, including tools for 

database creation; i) a significant part of this research has been incorporated to a commercial singing 

voice software by Yamaha Corp. 





Resum  

9V Ĉ¡Ă mVÌýVwV ¢õ ÜñÐdVdÆ¡É¡Ìý Æî¿ÌõýñĂÉ¡Ìý ÉĂõ¿mVÆ É¢õ mÐÉÜÆ¡Ċ ¿ É¢õ ñ¿m ¡Ì ÉVý¿õÐõ 

¡ĊÜñ¡õõ¿Ăõá ĐÆ ÆÆVñ´ w¡ ĈVñ¿¡õ w¥mVw¡õ õî¼V w¡w¿mVý ÉÐÆý wî¡õ­Ðño V ¿ÌĈ¡õý¿´Vñ ¿ ¡õýĂw¿Vñ Æ¡õ õ¡Ĉ¡õ 

propietats acústiques i a entendre els mecanismes involucrats en la producció de veu cantada, posant 

especial èmfasis en les seves particularitats i comparant-les amb les de la parla. A més, des de 

ÆîVÜVñ¿m¿Ñ w¡ Æ¡õ Üñ¿É¡ñ¡õ ý¥mÌ¿æĂ¡õ w¡ õÀÌý¡õ¿ w¡ õÐt õî¼V ¿Ìý¡ÌýVý ¿É¿ýVñ ¿ õ¿Ìý¡ý¿ýĎVñ Ü¡ñ mitjà de 

tècniques de processament del senyal.  

*Æ Üñ¿Ìm¿ÜVÆ ÐdÄ¡mý¿Ă wîVæĂ¡õýV ñ¡m¡ñmV wÐmýÐñVÆ ¢õ mÐÌõýñĂ¿ñ ĂÌ õ¿Ìý¡ý¿ýĎVwÐñ w¡ Ĉ¡Ă mVÌýVwV 

mVÜVo w¡ ñ¡ÜñÐwĂ¿ñ ÆV Ĉ¡Ă wîĂÌ mVÌýVÌý w¡ý¡ñÉ¿ÌVýt æĂ¡ ý¿Ì´Ă¿ ÆV õ¡ĈV ÉVý¡¿ĊV ¡ĊÜñ¡õõ¿Ñ ¿ ý¿Édñ¡t æĂ¡ 

soni natural, i que tingui com a entrades només la partitura i la lletra de una cançó. Aquest és un 

objectiu molt ambiciós, i en aquesta tesi discutim els principals aspectes de la nostra proposta i 

identifiquem les qüestions que encara queden obertes. 

Aquesta tesi contribueix substancialment al camp de la síntesi de veu cantada: a) realitza una 

revisió crítica dels mètodes de processament espectral per al modelat de veu cantada, i aporta 

¿ÉÜÐñýVÌýõ mÐÌýñ¿dĂm¿ÐÌõ V Æî¡õýVý w¡ ÆîVñý÷ b) aplica les tècniques proposades a altres contextos tals 

com la transformació de veu a temps real, instal·lacions de museus or videojocs; c) desenvolupa el 

mÐÌm¡Üý¡ w¡ õÀÌý¡õ¿ dVõVwV ¡Ì ÉÐõýñ¡¿´ wî¿Ìý¡ñÜñ¡ýVm¿ÐÌõ mÐÉ ĂÌV ÉVÌ¡ñV w¡ ÉÐw¡ÆVñ Æî¡õÜV¿ õÐÌÐñ 

produït per un intèrpret amb un instr ument determinat, centrant -se en el cas específic de la veu 

cantada; d) proposa i implementa un sistema complet per a la síntesi de veu cantada; e) explora 

Æî¡õÜV¿ õÐÌÐñ w¡ ÆV Ĉ¡Ă mVÌýVwV ¿ ÜñÐÜÐõV ĂÌ ÜñÐm¡w¿É¡Ìý ´¡Ì¡ñVÆ Ü¡ñ V ÉÐw¡ÆVñ-lo; f) discuteix els 

aspectes involucrats en la creació de la base de dades del cantant i proporciona eines per a 

automatitzar -ne la creació; g) realitza una avaluació qualitativa de la veu sintètica, comparant -la amb 

Æî¡õýVý w¡ ÆîVñý i amb cantants reals; h) implementa els resultats de la investigació en un programa 

¿Ì­ÐñÉ\ý¿m ÐÜý¿É¿ýĎVý w¡w¿mVý V ÆîVÌ\Æ¿õ¿t ÉÐw¡ÆVýt ýñVÌõ­ÐñÉVm¿Ñ ¿ õÀÌý¡õ¿ w¡ ÆV Ĉ¡Ă mVÌýVwVt ¿ÌmÆÐ¡Ìý 

¡¿Ì¡õ Ü¡ñ V ÆV mñ¡Vm¿Ñ w¡ ÆV dVõ¡ w¡ wVw¡õ w¡Æ mVÌýVÌý÷ ¿ß ĂÌV ÜVñý ¿ÉÜÐñýVÌý wîVæĂ¡õýV ¿ÌĈ¡õý¿´Vm¿Ñ 

õî¼V ¿ÌmÐrporat en un sintetitzador comercial de veu cantada desenvolupat per Yamaha Corp. 

 

 

 





Resumen  

La voz cantada es probablemente el instrumento musical más complejo y el más rico en matices 

expresivos. A lo largo de varias décadas se ha dedicado mucho esfuerzo de investigación a estudiar sus 

propiedades acústicas y a entender los mecanismos involucrados en la producción de voz cantada, 

poniendo especial énfasis en sus particularidades y comparándolas con el habla. Desde la aparición de 

las primeras técnicas de síntesis de sonido, se ha intentado imitar dichos mecanismos y encontrar 

maneras de reproducirlos por medio de técnicas de procesado de señal.  

El principal objetivo de esta investigación doctoral es construir un sintetizador de voz cantada 

capaz de reproducir la voz de un cantante determinado, que tenga su misma expresión y timbre, que 

suene natural, y cuyas entradas sean solamente la partitura y la letra de una canción. Éste es un 

objetivo muy ambicioso, y en esta tesis discutimos los principales aspectos de nuestra propuesta e 

identificamos las cuestiones aún sin resolver.  

Esta tesis contribuye substancialmente al campo de la síntesis de voz cantada: a) realiza una 

revisión crítica de los métodos de procesado espectral para modelado de voz cantada, y aporta 

importantes contribuciones al estado del arte; g) aplica las técnicas propuestas a otros contextos tales 

transformación de voz a tiempo real, instalaciones de museos o videojuegos; c) desarrolla el concepto 

de síntesis basada en muestreo de interpretaciones como una manera de modelar el espacio sonoro 

producido por un intérprete con un instrumento determinado, centrándose en el caso específico de la 

voz cantada; d) propone e implementa un sistema completo para la síntesis de voz cantada; e) explora 

el espacio sonora de la voz cantada y propone un procedimiento general para modelarlo; f) discute los 

aspectos involucrados en la creación de la base de datos del cantante y proporciona herramientas para 

automatizar su creación; g) realiza una evaluación cualitativa de la voz sintética, comparándola al 

estado del arte y a cantantes reales; h) implementa los resultados de la investigación en un programa 

informático optimizado dedicado al análisis, modelado, transformación y síntesis de la voz cantada, 

incluyendo herramientas para la creación de la base de datos del cantante; i) una parte importante de 

esta investigación se ha incorporado en un sintetizador comercial de voz cantada desarrollado por 

Yamaha Corp. 
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Notations  

 

Variables 

h  harmonic index 

t  continuous time variable in seconds 

f  continuous frequency variable in Hz 

u continuous oscillation frequency 

w angular frequency in radians/second ( 2w pu= ) 

n  discrete time variable 

k  discrete frequency variable 

sT  sampling interval in seconds 

sF  sampling rate in Hz 

1 2, ,...F F  Formant fr equencies 

m  frame index 

ha  amplitude of thh  harmonic 

hf  frequency of thh  harmonic 

0f  fundamental frequency 

0,hq  phase at time zero ( 0n= ) of thh  harmonic 

,h ma  amplitude of the thh  harmonic of the thm  frame 

,h mf  frequency of the thh  harmonic of the thm  frame 

0, ,h mq  phase at time zero ( 0n= ) of the thh  harmonic of the thm  frame 

,h mk  harmonic parameters of the thh  harmonic of the thm  frame, ( ), , , 0, ,, ,h m h m h m h ma fk q=  

 

Functions 

pitchT  pitch transposition transformation value as a ratio between output and input fundamental 

frequencies 

timeT  time-scaling transformation value as a ratio between output and input duration  

timbreT  timbre-scaling transformation value as a ratio between output and input frequencies 

()pitchT t  pitch transposition transformation function as a time -varying ratio between output and 

input fundamental frequencies 

()timeT t  time-scaling transformation function as a mapping between input and output time  

()timbreT f  timbre-scaling transformation as a mapping function between input and output 

frequencies 

( ), ,a fc q  a function or method which computes the discrete time domain signal of a sinusoid with 

parameters a , f  and q 

()x t   audio signal 

()s t  audio signal 

()s t¡  synthesis audio signal 

()w n  analysis temporal window 

()ovw n  synthesis overlapping temporal window 



 

tD  hopsize or time distance in seconds between consecutive frames 

()hg  harmonic mapping in harmonic-as-spectral-regions synthesis 

()h k 
 

segmentation window associated to thh  harmonic 

()harmH f  spectral envelope defined by harmonics 

À imaginary part of a complex number  

Á real part of a complex number 

 

Abbreviations 

FT  Fourier Transform  

DFT  Discrete Fourier Transform 

DTFT  Discrete-Time Fourier Transform  

FFT  Fast Fourier Transform  

STFT  Short-Time Fourier Transform  

MFCC Mel Frequency Cepstral Coefficients 

MFPA  Maximally Flat Phase Alignment  

EpR Excitatio n plus Resonances 

NBVPM  Narrow-Band Voice Pulse Modeling 

WBVPM  Wide-Band Voice Pulse Modeling 

TTS Text -to-Speech 

SP Singer Performance 

DS Dissertation Synthesis 

OS Other Synthesizers 

VS Vocaloid Synthesis 

 

 

 



 

 

Chapter 1   
Introduction  

1.1  Motivation  

The singing voice is probably the most complex musical instrument and the richest one with 

respect to expressive nuances. Much research along several decades has been devoted to study its 

acoustical properties and to understand the details of the mechanisms involved in singing voice 

production, putting special emphasis on its particularities compared to speech. 

With the appearance of sound synthesis techniques, special emphasis has been devoted to imitate 

the processes involved in singing voice production and to find ways to reproduce them by means of 

signal processing techniques (Kob 2002, Rodet 2002). Among the many existing approaches to the 

synthesis of musical sounds, the ones that have had the most success are without any doubt the 

sampling based ones, which sequentially concatenate samples from a corpus database (Schwarz 2007). 

The success of sampling relies on the simplicity of the approach.  I t just samples existing sounds, but 

most importantly it succeeds in capturing the naturalness of the sounds, since the samples are real 

sounds. However, sound synthesis is far from being a solved problem and sampling is far from being 

an ideal approach. The lack of flexibility and expressivity are two of the main problems , and there 

are still many issues to be worked on if we want to reach the l evel of quality that a professional 

musician expects to have in a musical instrument. Sampling based techniques have been used to 

reproduce practically all types of sounds and basically have been used to model the sound space of all 

musical instruments. They have been particularly successful for instruments that have discrete 

excitation controls, such as percussion or keyboard instruments. For these instruments it is feasible to 

reach an acceptable level of quality by using large sample databases, thus by sampling a sufficient 

portion of the sound space produced by a given instrument. This is much more difficult for the case 

of continuously excited instruments, such as bowed strings, wind instruments and especially the 

singing voice, and therefore recent sampling based systems consider a trade-off between performance 

modeling and sample reproduction (e.g. (Lindemann 2007)). For these instruments there are 

numerous control parameters and many ways to attack, articulate or play each  note. The control 

parameters are constantly changing and the sonic space covered by a performer could be considered 

to be much larger than for the discretely excited instruments.   

Probably the singing voice is the musical instrument that has been synthesized with the least 

success in the sound synthesis field, despite the many efforts devoted to achieve a realistic, natural 

sounding, and expressive result. Nowadays we find singing voice in almost every musical production. 

Thus, i t would be a dream for many composers, musicians and producers to have tools capable of 

synthesizing real sounding voices anytime anywhere. We share this dream and believe that this 

dissertation contributes one more step towards this challenging goal. 
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1.2  Goals  

The final goal of this th esis is to reach a singing voice synthesizer capable of reproducing the 

voice of a given singer, both in terms of expression and timbre, having as inputs simply the score and 

the lyrics of a song. In addition, the synthesis should  sound as natural and real istic as possible. This 

is a very difficult challenge, and in this dissertation we discuss the key aspects of our proposed 

approach and identify the open issues that still need to be tackled.  

We attempt  to use concatenative synthesis as the basis of our synthesizer. This implies 

transforming and smoothly connecting recorded samples from the target singer. Therefore, we want to 

explore and discuss different approaches based on spectral processing that aim at transforming those 

voice samples with the best quality and the highest flexibility.  In that sense, we point out the 

necessity of using spectral voice models that are aware and take advantage of the processes involved 

in voice production. We want to define an amplitude spectral voice model that distinguis hes and 

considers separately the voice source and the vocal tract, which deals with resonances and is able to 

ñ¡mÐÌõýñĂmý Ü¡ñ­¡mýÆċ ý¼¡ Ðñ¿´¿ÌVÆ õ¿Ì´¡ñîõ õÜ¡mýñĂÉ ĉ¿ý¼ VÆÆ ¿ýõ w¡ýV¿Æõ VÌw ÌĂVÌm¡õá This will give us 

the required quality and flexibility for transforming voice samples. Furthermore, we want to identify 

a spectral phase model able to predict the harmonic phase relationship at voice pulse onsets without 

altering the perceptual timbrical characteristics. Such phase model is essential to simplify the 

concatenation of contiguous samples when synthesizing. 

Spectral voice models can be considered as high-level models that work on top of low-level voice 

processing techniques. Our aim is to combine in a single technique the high temporal resolution 

typic al of time -domain algorithms with the high frequency resolution typical of frequency -domain 

methods. This way, we attempt  to have enough temporal resolution so to transform independently 

each of the voice pulses while at the same time being able to control independently each harmonic 

component. This will give us the flexibility to perform most types of voice transformations with high 

quality.  

Another concern is to model the singer sonic space, find its most relevant dimensions, and define 

recording scripts that cover enough singing contexts as to capture most of the relevant phonetic and 

expressive aspects of the singer performance. An important aspect to study is how to minimize the 

length of these scripts so to shorten recording sessions, facilitate the database creation process and 

ñ¡wĂm¡ ý¼¡ õċÌý¼¡õ¿Ď¡ñîõ wVýVdVõ¡ õ¿Ď¡ ýÐ ÜñVmý¿mVÆ Æ¡Ĉ¡Æõá 2Ì Vww¿ý¿ÐÌt ĉ¡ ĉVÌý ýÐ VĂýÐÉVý¡ ý¼¡ 

database creation so to reduce the efforts put in such process and facilitate the creation of several 

voices. One more goal is to explore and develop methods to capture and model relevant aspects of the 

õ¿Ì´¡ñîõ ¡ĊÜñ¡õõ¿Ĉ¿ýċá Q¡ ÜÆVÌ ýÐ ñ¡Üñ¡õ¡Ìý ¡ĊÜñ¡õõ¿Ĉ¡ ñ¡õÐĂñm¡õ ĉ¿ý¼ ý¡ÉÜÆVý¡õ ÐdýV¿Ì¡w ­ñÐÉ 

performance examples that can be applied to other samples and produce a similar expression. 

Furthermore, for each template category we have to identify the controls that offer both natural 

sounding and flexible transformations.  

We attempt  to show as well that synthesis results are improved by obtaining samples from 

actual singing performances instead of mechanical and descontextualized exercises. In addition, we 

want to put the needed means to ensure the feeling of a continuous synthesis flow. In other words, we 

expect to minimize the sensation of listening to a sequence of disconnected samples coming from 

different contexts. More generally, along our research we want to adopt performance actions and 

physical constraints in order to convert what would be the basic sampling approach to a more flexible 

and expressive technology while maintaining its inherent naturalness. 

Last, but not less important, a  significant part of this research has been carried out in the 

context of a joint research project with Yamaha  Corp., with perspectives of developing a prototype to 

be afterwards turned into a commercial product  by this company. It is also a challenge then to 

combine the requirements of an academic research with the constraints and milestones of an 

industrial collaboration, which often implies a strict  schedule and includes the commitment of 

generating new intellectual property to be protected by patents. 
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1.3  Singing Voice Production  

We consider singing voice as ëý¼¡ sounds produced by the voice organ and arranged in adequate 

musical sounding sequencesì (Sundberg 1987). T he voice organ encloses the different structures that 

we mobilize when we produce voice: the respiratory system, the vocal folds, and the vocal and nasal 

tracts. More specifically, as shown in Figure 1.1, voice sounds originate from an airstream from the 

lungs that  is processed by the vocal folds and then modified by the pharynx, the mouth and nose 

cavities. The sound produced by the vocal folds is called the Voice Source. When the vocal folds 

vibrate, the airflow is chopped into a  set of pulses producing voiced sounds (i.e. harmonic sounds). 

Otherwise, different parts of the voice organ can work as oscillators to create unvoiced sounds. For 

example, in whispering, vocal folds are too much tense to vibrate but they form a narrow pas sage 

that  makes the airstream become turbulent and generate noise. The vocal tract acts as a resonator 

and shapes acoustically the voice source, especially enhancing certain frequencies called formants
1
 (i.e. 

resonances). The final step is the acoustic radiation though the lips.  

The Voice Source  

During phonation the respiratory system acts as a compressor and controls the pressure under 

the glottis or subglottal pressure ( Ps). When a certain threshold pressure is exceeded, the vocal folds 

at the glottis are  set into vibration and act as an oscillator. The vibration frequency is mainly 

determined by the length, tension and mass of the vocal folds, and in a minor grade by Ps. The 

resulting pulsating air -stream is called the Voice Source. It features a harmonic  spectrum whose 

fundamental frequency (f0) matches the vocal folds vibration frequency. The voice source is partially  

described by f0, amplitude and spectral descriptors, which relate to perceived pitch, loudness and 

timbre respectively. The voice source spectrum is mainly described by the fundamental amplitude 

and the spectral tilt. Due to the difficulty of directly recording the voice source, often the inverse 

filtering method is used to estimate it. It consists on removing the vocal tract transfer functi on from 

the radiated sound spectrum by subtracting estimated formants (Lindqvist Gauffin 1964) . Figure 1.2 

shows a radiated pressure waveform and its corresponding estimated voice source. Several parameters 

can be derived from such representation, being the most common ones those listed in Table 1.1. 

These parameters have been widely used to create and control several voice source models such as the 

well-known Liljencrants -Fant model (Fant 1986).  

Voice Processing  

In terms of signal processing, voice production is often modeled as a linear source-filter  system. 

The voice source signal ()vss t  corresponds to the source of the system, whereas the vocal and nasal 

tracts plus the lips radiation constitute the filter  of the system. Often the filter  is modeled as an 

AutoRegressive Moving Average (ARMA) filter followed by a differentiator filter. In such approach, 

the AR filter represents  the formants of the vocal tract, the MA filter models the antiresonances 

produced by the coupling between vocal and nasal tracts, and the differentiator filter represents the 

effect of signal radiation through the lips. Figure 1.3 illustrates the source-filter model, where ()p t  

would be the sound pressure captured by a microphone. Note that if the whole system is considered 

to be composed of Linear Time-Invariant (LTI) filters, then the filter order can be ch anged. This is 

the case if the filters are considered to vary very slowly respect to the fundamental period, so that 

they can be regarded as almost constant filters. It is a common practice to replace the ARMA filter 

by an AR filter. The reason relies in t he simplicity of the approach and the reasonably low error 

obtained in the majority of cases. 

                                            
1
 There also exist the antiformants or antiresonances, i.e. frequency regions in which the amplitudes of the voice 

source are attenuated. These are especially present in nasal sounds because nasal cavities absorb energy from 

the sound wave. 
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Of particular interest for signal processing is the detection of glottal closure instants (GCIs). The 

AR filter is a good approximation while the vocal folds are  closed. When they open the conditions 

change due to the coupling of the supra and subglottal cavities. The glottal opening produces a 

subglottal pressure and, due to the Bernoulli effect, the vocal folds close abruptly . This often 

produces a prominent excitation to the vocal and nasal tracts, and therefore CGIs are strongly 

correlated with local energy maxima. Particularly, many voice processing methods such as those 

based on pitch-synchronous overlap-and-add (PSOLA) use the CGI estimations to center analy sis 

frames. Figure 1.4 shows a recorded utterance together with its correspondent Liljencrants-Fant 

model representation of the transglottal flow and its derivative. Precise CGI estimations can be 

obtained by measuring the conductivity of the larynx  with a laryngograph , which mainly depends on 

the glottis opening coefficient. Figure 1.5 shows an example of a voice utterance and its corresponding 

laryngograph signal. 
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Figure 1.1 The voice organ. During voiced phonation, the airstream coming from the 

lungs is chopped by the vocal folds into a sequence of voice pulses. This sound produced 

by the vocal folds is called voice source, and in the frequency domain appears like a 

slowly decaying (around -6 dB per octave) train of harmonics. The voice source is then 

modified by the vocal and nasal tracts, which shape it by enhancing certain frequencies 

(i.e. formants) and attenuating others (i.e. anti -formants). Finally, the voice sound is 

radiated trough the opened mouth. Adapted from (Sundberg 1987). 
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Figure 1.2 Pressure waveform and estimated voice source derivative. On t op we see the 

waveform captured by a microphone of an /a/ Spanish vowel sung by a male. The 

middle view shows the corresponding estimated voice source obtained by inverse filtering 

using the Decap software by Svante Granqvist. The bottom view shows the voice source 

derivative. 

 

vocal and 

nasal tracts 
radiation  ()vss t  ()p t  

ARMA filter  
differentiator filter  

voice source 

vocal and 

nasal tracts 
radiation  ()vss t  ()p t  

LTI ASSUMPTION  

ARMA filter  voice source derivative 

Figure 1.3 The voice-source filter model of the voice production system 

 

period duration  T 0 inverse of vocal fold vibration frequency 

flow amplitud e Û maximum flow amplitude  

open phase duration T op 
duration of the phase within a period in which 

vocal folds are separated 

closed phase duration T cl 
duration of the phase within a period in which 

vocal folds are approximately closed 

closed quotient Qclosed ratio between closed and open durations 
0

clT
T

 

closed phase mean flow 
DC 

flow 

mean flow during closed phase, due to glottal 

leakage 

peak-to-peak flow PtP  flow difference between Û and DC flow 

maximum flow declination rate  MFDR  
minimum of the flow derivative, i.e. peak speed 

of flow decrease during closing phase 

 Table 1.1 Voice source parameters 
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Figure 1.5 The top view shows a voice pressure waveform captured by a microphone. The 

bottom view shows the corresponding laryngograph signal. Peaks in the laryngograph signal 

mark the CGIs. Data obtained from the Keele Pitch Database, Keele University (UK).  

Figure 1.4 Glottis opening/closing cycle. The bottom view shows the recorded waveform 

corresponding to a fry utterance of an adult male (reference audio [1]). Top and middle views 

show respectively the corresponding simulated glottal flow and glottal flow derivative using the 

well-known Liljencrants -Fant model (Fant 1986). Glottal closure instants (GCI) are marked 

with vertical dashed lines.  
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1.4  Singing Voice Synthesis  

In a broad sense, and according to whether the focus is put on the system or its output, synthesis 

models can be classified into two main groups: spectral models and physical models. Spectral models 

are mostly based on perceptual mechanisms of the listener while physical models focus on modeling 

the production mechanisms of the sound source. Any of these two models could be suitable depending 

on the specific requirements of the application, and they might even be combined for taking 

advantages of both approaches. Next we overview most common methods used in singing voice 

synthesis. 

Physical Models  

Generally speaking, physical models focus on understanding and modeling the mechanisms 

involved in the sound productio n process. In other words, some knowledge of the real-world 

mechanisms must be brought on the design. Typically this implies to make use of differential 

equations to emulate the way pressure waveforms originate, interact and propagate trough the 

different elements of the instrument being modeled. 

The controls of a physical model are closely related to the ones the performer activates to control 

the instrument. In the case of the singing voice, the performer is controlling his own vocal system and, 

therefore, the controls are related to the movements of the vocal apparatus elements: jaw opening, 

tongue shape, sub-glottal air pressure, tensions of the vocal folds, etc. Although it could seem that 

the controls of the physical model are quite intuitive, it is no t the case for the singing voice. The 

reason is that the singer is not aware of how he is actually moving the different elements of his voice 

organ, since most of these movements are unconscious and originate from automated behaviors learnt 

by speaking and singing over the years. Instead, the singer consciously performs principally melodies 

and notes, words and phonemes. Moreover, the mapping of those controls of the production 

É¡m¼VÌ¿õÉ ýÐ ý¼¡ ­¿ÌVÆ ÐĂýÜĂý Ð­ ý¼¡ ÉÐw¡Æt VÌw õÐ ýÐ ý¼¡ Æ¿õý¡Ì¡ñîõ Ü¡ñm¡¿Ĉ¡w æuality, is not a trivial 

task.  

The first digital physical model of the voice was based on simulating the vocal tract as a series of 

one-dimensional tubes (Kelly y Lochbaum 1962) , afterwards extended by means of digital waveguide 

synthesis (Smith 1992) in SPASM (Cook 1992). Physical models are evolving fast and becoming more 

and more sophisticated, 2-D models are common nowadays providing increased control and realism 

(Mullen, et al. 2004) (Mullen, et al. 2006) , and the physical configuration of the different organs 

during voice production is being estimated with great detail combining different approaches. For 

example, 2D vocal tract shapes can be estimated from Functional magnetic resonance imaging (fMRI) 

(Story, et al. 1996), X-ray computed tomography (CT) (Story 2003), or even audio recordings and 

EGG signals by means of genetic algorithms (Cooper, et al. 2006). 

Spectral Models  

Spectral Models, as their name suggests, deal with the spectral characteristics of the audio, that 

is, with its frequency domain content. The human auditory system  performs a spectral analysis of the 

air pressure waves getting into the ears and, therefore, we can say that Spectral Models are closely 

related to the human auditory perception. Indeed, their parameters can be easily mapped to changes 

of sensations in the listener. Yet, parameter spaces yielded by these systems are not necessarily the 

most natural ones for manipulation. Typical controls would be pitch, glottal pulse spectral shape, 

formant frequencies, formant bandwidths, etc. Of particular relevance is the sinusoidal based system 

in (M. Macon, et al. 1997) . 

Formant based Synthesis  

Formant based synthesizers are essentially spectral models. However, they are typically 

considered to be pseudo-physical models because they make use of the source-filter decomposition, 

which considers the voice to be the result of a glottal excitation waveform (i.e., the voice source) 

filtered by a linear filter (i.e., the vocal /nasal tract s). This assumption is in fact a simplification 

because it does not take into account the coupling existing between the glottis and the vocal tract 

during voice production. Formant synthesis is probably the most widely used method during last 
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decades. Formants are commonly modeled with two-pole resonators providing independent frequency 

and bandwidth controls. Both parallel and cascade formant filter structures can be used. Cascade 

structures are more suited for non-nasal voiced sounds, while parallel structures have found to be 

better f or nasals, fricatives and stop-consonants. The most known system is the Klatt Formant 

Synthesizer (Klatt 1980) , which has been incorporated in several TTS systems. It is also worth 

mentioning the MUSSE DIG system developed at the KTH (Sundberg 2006, Larsson 1977). 

Formant Wave Synthesis  

Formant wave functions are signal models of a particular resonance. The basic idea of this 

technique is to combine time-domain waveform models of the impulse response of individual formants 

to create multi -formant rich spectra. Periodic signals are obtained by repeating in synchrony formant 

wave functions at the rate determined by the target fundamental frequency. The most known system 

is the FOF synthesizer in CHANT (Rodet, et al. 1984). 

Concatenative  Synthesis  

Sample based synthesizers transform and concatenate sample units in a database (Schwarz 2007). 

In those systems, the phonemes and the melody to be sung are used to find the optimal sequence of 

database samples. This optimization is performed by minimizing a cost function that considers both 

transformation and concatenation aspects. Then those units are modified in order to match the 

expected properties: pitch, energy, timbre, expression, etc. Of particular relevance is the system 

introduced in (Meron 1999).  

The approach presented in this dissertation belongs to the category of concatenative synthesis. 

However, as it will be detailed along the dissertation, our proposed approach to the synthesis of the 

singing voice makes use as well of spectral models and the source-filter decomposition.  

1.5  Organization of the thesis work  

This thesis is structured in several chapters. In this Chapter 1, we introduce the motivation of 

the dissertation, its main goals and the context in which the research has been carried out. As part of 

the scientific background, we detail the most relevant aspects involved in singing voice production. In 

addition, we overview the main techniques used to model and synthesize the singing voice. 

In Chapter 2, we explore spectral models and voice processing techniques that specifically tackle 

the characteristics of the singing voice, and we point out the most relevant problems and difficulties 

we found. We explain that voice utterances can be interpreted as a sequence of filtered time-domain 

voice pulses or as a set of time-varying frequency components. Each interpretation leads to different 

processing techniques, which are discussed in depth along the chapter. In addition, at the end we 

introduce two spectral models specially devised for the human voice. 

Chapter 3 introduces the concept of performance based sampling synthesis, putting special 

emphasis in the fact that we model the sonic space of a performer-instrument combination, and 

discuss the different modules required to build a synthesizer. In section §3.1, we discuss the key 

aspects of the proposed synthesizer and describe its components. Next, in §3.2 we detail the issues 

¿ÌĈÐÆĈ¡w ¿Ì ý¼¡ mñ¡Vý¿ÐÌ Ð­ ý¼¡ õċÌý¼¡õ¿Ď¡ñîõ wVýVdVõ¡t õýVñý¿Ì´ ĉ¿ý¼ ý¼¡ w¡­¿Ì¿ý¿Ðn of the singing voice 

sonic space and ending with our efforts in automating the creation process. Section §3.3 focuses on 

the different aspects involved in the performer modeling and details the most common approaches. In 

our proposed synthesizer, we have distinguished two main processes. The former, covered in section 

§3.4, consists of transforming an input score into a performance trajectory within the sonic space of 

the target instrument, i.e. th e singing voice. The latter, detailed in section 3.5, actually generates the 

output sound by concatenating a sequence of transformed samples that approximate  the target 

performance trajectory. Finally , in section 3.6, we evaluate the synthesis results in terms of singer 

identity, naturalness, intelligibility and expressivity, and briefly point out  the difficulties of 

performing an objective evaluation.  
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In Chapter 4 we summarize our contributions, detail our conclusions and discuss about future 

perspectives of the dissertation research. 

2Ì ý¼¡ VÌÌ¡Ċ¡õ õ¡mý¿ÐÌt ĉ¡ ÐĂýÆ¿Ì¡ SVÉV¼Vîõ õ¿Ì´¿Ì´ ĈÐ¿m¡ õċÌý¼¡õ¿Ď¡ñ PÐmVÆÐ¿wt w¡ýV¿Æ ý¼¡ 

Spanish recording script, and list the publicat ions and patents by the author relevant to the thesis 

research. 

Finally, we include the bibliography referenced along the dissertation. 

 

 

 

 





 

 

 

Chapter 2   
V oice Processing  by 

Spectral Models  

Speech and singing voice are signals that  concatenate voiced (i.e. pitched) and unvoiced  

segments. If we focus our attention on voiced sections, they can be considered as the result of a 

glottal pulses sequence filtered by the vocal tract, as seen in previous chapters, once we assume the 

simplification of a linear system. As pointed out in the literature (e.g. (Peeters 2001)), the p ulse 

periodicity is never constant due to the fact that the voice organ is a complex mechanical system 

with many physical variables constantly evolving. In this sense, the periodicity might be stable up to 

a point where we can talk of quasi-sinusoidal signals, but never of pure sinusoidal signals. It is 

therefore not straightforward to model voice signals with just sinusoids, even when the phonation has 

the least possible aspirated air.  

In order to obtain a frequency domain resolution good enough as to distinguish the different 

frequency components (i.e. harmonics) and reliably estimate their parameters, we need a window 

covering at few periods of the signal. However, since the period is not constant neither the vocal tract 

immobile, we are then analyzing together periods with different durations, and the magnitude 

spectrum is not a perfect train of pulses located at the fundamental period and its multiples. Indeed, 

covering several periods with the analysis window typically results in smearing and smoothing of the 

synthesized signal. This is probably the main difficulty  of spectral harmonic based models: the input 

signal contains non-stationary sinusoidal components and the accurate estimation of their parameters 

in real world signals becomes a challenge. Moreover, it is difficult to preserve the inner differences 

between consecutive pulses, especially during attacks and transitions (i.e. unstable segments). As it 

will be shown, several techniques have been developed in the last decade with the aim of improvi ng 

the accuracy in the estimation of each harmonic component, and to achieve the best possible trade-off 

between temporal and frequency resolution. 

Voiced utterances can be interpreted as (1) a set of time-varying quasi-sinusoidal signals looking 

at the fr equency axis, or (2) as a sequence of voice pulses looking at the temporal axis. This duality is 

illustrated  in Figure 2.1. In the first case (1), we can think of a set of oscillators whose frequency 

relation is fixed to natural n umbers (multiples of the fundamental  frequency, inverse of the period), 

and whose amplitude is set by the target spectral envelope. Conversely, in the second case (2), we 

would filter a train of time domain pulses at the target periodicity.  

A common problem of the first interpretation (1) is the one of shape variance: the loss of the 

intrinsic phase synchronization between harmonics found in voice signals, also called phase-coherence. 

This is typical of frequency domain based techniques (e.g. sinusoidal models, phase vocoder), 

although several ways of improving this issue have been proposed during the last years, as it will be 

detailed afterwards in section 2.1. 
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Figure 2.1 Harmonic signals can be seen as a set of time-varying quasi-sinusoidal signals 

(looking at the frequency axis), or as a sequence of voice pulses (looking at the time axis). The 

top figure (a) shows a train of time domain pulses (horizontal) with a period decreasing 2/3 

each time, and its magnitude spectrum (vertical) at different time positions. It becomes obvious 

the inverse behavior of time and frequency, producing a given temporal periodicity an inverse 

ĈVÆĂ¡ Ð­ ­ñ¡æĂ¡Ìmċ Ü¡ñ¿Ðw¿m¿ýċ Þ¡á´á J õ¡mÐÌwõ ƺ ×úJ 1¡ñýĎßá 2Ì ý¼¡ õVÉ¡ ĉVċt ĉ¼¿Æ¡ ý¡ÉÜÐñVÆ 

pulses get closer, frequency components get more distant. The middle figure (b) shows the 

horizontal interpretation as a train of filtered pulses. In (c) we see the vertical interpretation as 

V ´ñÐĂÜ Ð­ Ðõm¿ÆÆVýÐñõ ĉ¼Ðõ¡ VÉÜÆ¿ýĂw¡ ­ÐÆÆÐĉõ ý¼¡ ýVñ´¡ý õÜ¡mýñVÆ ¡ÌĈ¡ÆÐÜ¡á 1¡ñ¡ ĉ¡ ¼VĈ¡Ìîý 

considered phase for simplification. 
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In the following section we will see how both interpretations lead to different processing 

techniques, and discuss in depth the pros and drawbacks of each one. First , we will explore the most 

common methods for estimating harmonic parameters. Then we will see how following the first 

interpretation (1) those estimated ha rmonics are incorporated into a set of harmonic trajectories, 

transformed and synthesized. Next, we will see how the second interpretation (2) leads us to estimate 

and model voice pulses out of the harmonic parameters. Finally, we will propose a hybrid met hod 

that combines both interpretations, modeling each individual pulse with a set of sinusoids.  

2.1  Harmonic estimation  

The Fourier transform (FT) of a stationary sinusoid ( )x t  with constant amplitude and 

frequency is a pair or deltas located at its positive and negative frequency, of amplitude equal to half 

the sinusoidîõ amplitude. 
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If the sinusoid ( )x t  is sampled each sT  seconds we obtain a discrete signal whose Fourier transform 

is equal to the two previous deltas repeated around multiple periods of the sampling frequency 
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Figure 2.3 Discrete-T ime Fourier Transform (DTFT) of a sinusoid.  
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If we then multiply the discrete signal ()x n  by an arbitrary window ()w n , we can compute its 

forward and inverse discrete-time STFT (Short Time Fourier Transform) as  

 

1
2 /

0

1
2 /

0

( ) ( ) ( ) 0,1,..., 1

1
( ) ( ) ( ) 0,1,..., 1.

N
j nk N

w

n

N
j nk N

w

k

X k w n x n e k N

w n x n X k e n N
N

p

p

-
-

=

-

=

= = -

= = -

ä

ä
 (2.3) 

The spectrum we obtain is equal to the convolution of the window transform by the signal transform; 

it consists of shifted versions of the window transform at each delta position
2
. This is illustrated in 

Figure 2.6 and the following drawing  

 
Figure 2.4 Convolution of  the window transform by the signal transform . 

However, when we deal with real world signals we find more than one single sinusoid and also other 

non-sinusoidal frequency components. Thus, we have to face a few issues that complicate the 

estimation of those sinusoidal components: 

× Time-frequency resolution tradeoff 

The width B  of the main lobe of the window transform is invers ely proportional to the 

length L  of the analysis window ()w n , i.e. B C Lº , where C  is a constant that  depends on 

each window type
3
. I f we use a long window the main lobes of its transform are narrow and 

the different harmonic components are clearly distinguishable, thus the frequency resolution 

is high. However, the window covers a long time extension and the temporal variations are 

smoothed. Therefore, the temporal resolution is low and fast transitions are not properly 

represented. On the other hand, if we apply short analysis windows, the width of the main 

lobes is increased. This causes main lobes of consecutive harmonics to overlap and the 

spectral peaks are not distinguishable anymore (see Figure 2.7); consequently the frequency 

resolution becomes poor. However, as the analysis window is short, fast temporal changes are 

better handled and the temporal resolution is high. Summarizing, long windows suppose 
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good frequency but poor temporal resolution; alternatively, short windows imply poor 

frequency but good temporal resolution. 

× Close frequency components 

In the case of polyphony, it happens that harmonic components of different sounds often 

have close frequencies that force the main lobes of the analysis window to overlap. We find 

then a similar effect in the frequency domain to the beating effect in the time domain.  

Depending on the relative relationship of the sinusoidal parameters, the overlapping creates 

in the spectrum a predominant peak with time -varying amplitude  or two peaks. This effect 

is illustrated in Figure 2.8. 

× Non-stationary sinusoids 

In singing or speech spectra we expect to see trains of analysis window transforms located at 

the harmonic frequencies. However, along voiced utterances neither harmonic amplitudes nor 

frequencies are constant, not just during vibratos or note transitions, but even in the case of 

sustained notes. Such amplitude and frequency variations affect the shape of the spectrum 

around each harmonic frequency in different ways, distorting the shape of the window 

transform. Figure 2.9 and Figure 2.12 show such distortions in the case of linear amplitude 

and frequency modulations in the form  () ( ) ( )( )0 1 0 1cos 2s t a a t f f t tp= + + , with =0 1a  and 

=0 200f  Hz. On the other hand, Figure 2.10 shows the spectrum of a more general case 

() ( ) ( )( )0 1 0 1cos 2 1 fPap
s t a a t f f t tp= + +  for different values of ap  and fp . Observing them we 

can conclude that if 1 0a =  or 1 0f =  the shape of the amplitude spectrum is even 

symmetric with respect to the frequency of the sinusoid at the center of the analysis window 

(i.e. 0f ). This is not true, however,  if both 1a  and 1f  are different than 0 , or in the case of 

non linear amplitude and frequency variations in the form 

() ( ) ( )( )0 1 0 1
cos 2a fP P

s t a a t f f t tp= + +  as the ones in Figure 2.11. Table 2.1 shows the most 

relevant relationships between spectral shapes and sinusoidal amplitude and frequency 

functions. 

× Sinusoids close to frequency boundaries 

The STFT of a stationary sinusoid has window transforms located at 0 sf gf+  and 0 sf gf- +  , 

g" Íz. If the fr equency is very low, close to the 0 Hz boundary, then the two window 

transforms at 0f  and 0f-  probably overlap and distort the shape of the spectrum, so that 

even the spectral peak could be missing around the frequency of the sinusoid. The same 

happens for high frequencies close to 2sf , where two window transforms are placed at 0f  

and 0sf f- . Th is effect is similar to that one of close frequency components, with the 

difference that in this case the two frequency components have exactly the same amplitude 

and opposite phases. In addition, estimation error s are often more relevant at low than at 

high frequencies because energy usually decays along frequency in musical signals. 

× Noise 

Another issue that degrades the accuracy of sinusoid estimators is the presence of noise. In 

voice utterances we typically perceive the presence of harmonics together with aspirated 

noise. Besides, during a recording other types of noise are added to the audio, such as 

ambient noise, room reverberation or noise coming from the sensor devices and circuitry. All 

these types of noises degrade the estimator performance, especially when their energy is 

similar or higher than t he harmonic one. 

× Signals with limited time-domain support 

Another aspect to consider is the case of sinusoids that partially exist in the analysis window, 

i.e. that start or end within the analysis window. More generally, we could speak of attacks 

releases, or transients. This case could be considered as a particular case of non-stationary 

sinusoids, as a sinusoid with an amplitude modulation so deep that gets almost to zero. The 

main effect in frequency domain is that the spectral peaks increase their wideness 

significantly , so that close partials overlap. 
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Nevertheless, for voiced utterances we generally expect to see clear spectral peaks close to each 

harmonic frequency. An example of a male voice excerpt is shown in Figure 2.13. In consequence, we 

can estimate the harmonic parameters (i.e. amplitude, frequency and phase) in frequency domain by 

identifying the spectral peaks and deriving their amplitude, frequency and phase values. Many 

spectral models dealing with harmonics rely on this assumption, and therefore several techniques have 

come out for estimating those parameters with high accuracy. In t he following we detail the most 

common and relevant ones. A comprehensive comparison of most of these methods in the presence of 

stationary sinusoids is found in (Keiler and Marchand 2002). 

× Quadratic interpolation  

This is probably the most common technique due to its simplicity. A spectral peak is defined 

as a local maximum in the magnitude spectrum. Due to t he sampled nature of the spectrum, 

each peak is accurate only to within half a sample. A spectral sample represents a frequency 

interval of /sf N Hz, where sf  is the sampling rate and N  the size of the FFT. Zero-padding 

in the time domain increases the number of spectral samples per Hz and therefore the 

accuracy of the peak estimation. However, as pointed out in (Serra 1989), a zero-padding 

factor of 1000 is required to obtain frequency accuracy on the level of 0.1 percent of the 

distance from the top of an ideal peak to its first zero crossing (in the case of a Rectangular 

window). A more efficient way to increase the frequency accuracy is to zero-pad enough so 

that a quadratic interpolation of the log amplitude spectrum refines the estimation to a 0.1 

percent frequency accuracy, using only the bins surrounding the spectral peak. Since, as we 

have seen, the amplitude shape is mostly symmetric with respect to the sinusoid frequency 

at the analysis window center, this approximation seems to be a good choice. Frequency and 

magnitude parameters of the sinusoid are estimated as the ones of the maximum of the 

parabola whereas phase is calculated by interpolating  the unwrapped phase 2
nd

 order 

polynomial function  at the estimated frequency. Thus, for each spectral peak located at bin 

pk t Æ¡ýîõ w¡­¿Ì¡ ( )1dB

w pa X k= - , ( )dB

w pb X k=  and ( )1dB

w pc X k= + . The estimated sinusoid 

frequency in bins is ( )( )2 2r
p p a c a b ck k - - += + , and the estimated amplitude 

( ) ( )2
8 2r

p a c a b ca b - - += - . Nevertheless, this is not an ideal solution, since deviations in the 

order of 20 dB in amplitude and 1 radian in phase can be found even in the case of simple 

linear frequency modulations (see Figure 2.9). 

× Derivative algorithm  

(Desainte-Catherine and Marchand 2002, Marchand 1998, Desainte-Catherine and Marchand 

1998) improved the Fourier analysis precision using a -order
th

k  Fourier transform. 

Considering a sinusoidal model, the input signal can be expressed as 

 ()( )
1

0

( ) ( )cos .
H

h h

h

s t a t tq
-

=

=ä  (2.4) 

The relationship between frequency and phase is given by 

 

0

2 ( ) ( ) (0) 2 ( )

t

h
h h h hf t t f d

t

q
p q q p t t

µ
= = +

µ ñ  (2.5) 

where t  is the time in seconds, h  is the partial index, H  the number of partials,  hf , ha  

and hq  respectively the frequency, amplitude and phase of the 
thh partial. Assuming that 

frequency and amplitude are slow time-varying parameters, we can suppose that frequency 

and amplitude derivatives are close to zero for a single analysis window of the STFT . In 

other words, a sinusoid derivative is another sinusoid with a different phase but the same 

frequency. 
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Let 
pDFT  be the amplitude spectrum of the Discrete Fourier Transform of the p

th
 signal 

derivative 

 ()
21

0

1
( ) ( )

knpN j
p N

p
n

s
DFT k w n n e

N t

p- -

=

µ
=

µ
ä  (2.7) 
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where w  is the N-point analysis window. For each partial h  we expect to find a maximum 

in both 
0DFT  and 

1DFT  spectra for a certain index hk .  Approximate frequency and 

amplitude values for the partial th
p  can be computed from 

0DFT  by 

 
0 0 0

( )s
h h h h

f
f k a DFT k

N
= =  (2.8) 

where sf  is the sampling frequency. From equation (2.7) we get more accurate frequency and 

amplitude values by 

 

( )

1 0
1 1

0 1 0

( )1

2 ( )

h h
h h

h h h

DFT k a
f a

DFT k W f fp
= =

-
 (2.9) 

where ( )W f  is the amplitude of the continuous spectrum of the analysis window w  at 

frequency f . The window should be chosen as short as possible, with the only restriction 

that partials must lie in two different Fourier transform bins. Thus, with the 
1DFT  method 

the window can be smaller than with the standard STFT, and a better time -resolution can be 

achieved, especially important for instance when dealing with vibratos.  

× Triangle algorithm 

Althoff et al (Altho ff, et al. 1999) proposed a method to improve the estimation of sinusoid 

parameters by using an analysis window function with a triangular transform. The absolute 

value of the desired zero-phase frequency response would be 

 
1 ,

( )

0 , otherwise

cj

cA e
W

ë W
- W <Wî

= Wì
î
í

 (2.10) 

for pW < . Figure 2.5 shows W( )jA e  and the corresponding causal window. Frequency 

resolution is higher for small values of Wc  while noisy sinusoids can be better detected with 

greater values of Wc . A good compromise is to choose pW =8 /c N , which results into a 

triangle length of 8 bins without zero -padding. If D  is the length of the triangle, then it can 

be described by two lines, 1( )h k  on the left and 2( )h k  on the right  side, 

 1 2( ) ( ) ( )h k ak b h k a k D b= + =- - + (2.11) 

with >0a . If mk is a local maximum, the six closest spectral values surrounding ( )m mX k  are 

used to calculate the parameters a  and b  by minimizing the squared error. A nd finally the 

peak is determined by 0 2k b a= - . The authors compared this method with the previous 

algorithm based on signal derivatives. They found out that the triangle algorithm performs 

better in noisy situations while the derivative a lgorithm is superior at low noise levels. 

 
Figure 2.5 Triangular amplitude response and 

corresponding causal window for N=64. Illustration 

from (Althoff, et al. 1999)  

× Time-frequency reassignment 

In common time-frequency representations, the signal is decomposed in time-frequency atoms 

that are assigned to the geometrical center of the cells, i.e. the bins of the Fourier transform 

and the center of the analysis window. In thi s approach, instead, the sinusoidal estimations 

are non-uniformly distribu ted in both time and frequency , according to the center of gravity 

Ð­ ý¼¡ m¡ÆÆîõ ¡Ì¡ñ´ċ. The reassigned frequency r
kf  corresponding to 

thk  bin is obtained by  
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() ()
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î î
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where wX  and dwX  are the discrete-time STFT of ()x n  using the window ()w n  and its 

derivative ()dw w n nµ µ3  respectively. The reassigned time r
mt  corresponding to the center 

time mt  of the 
thm  frame analysis window is computed by 

 
() ()

()
2

r .
dw w

m m

w

X k X k
t t

X k

*ë û
î î

= +Áì ü
î îí ý

 (2.13) 

Therefore, for each local maximum in wX , the sinusoidal parameters are obtained by 

reassignment using the previous equations. This method was proposed in (Auger and 

Flandrin 1995), and has been used by several authors (e.g. (Fitz 1999, Peeters 2001)). 

× FFT with p hase vocoder approach 

Another common method is based on computing the frequency estimation of local maxima 

from the ph ase difference between two STFT of the analyzed signal ()x n  using the same 

window but delayed by R  samples (Arfib, et al. 2002, p.337) . The instantaneous frequency 

of a sinusoid is given by the derivative of the phase after the time. Thus, for a local 

maximum located at bin k , the estimated frequency is obtained by 

 
() (){ }princarg

r

2

w w

m R m

s
k

X k X kf
f

Rp

+ -
= Ö

E E
 (2.14) 

where 
w

m R
X

+
 and 

w

mX  are the STFT of ()x n  centered at samples m R+  and m  

respectively. Some refinements have been recently added that allow estimating amplitude, 

frequency and phase parameters of the sinusoids with great accuracy, even for low-frequency 

tones where the interference from the negative frequencies is unavoidable (Garcia and Short 

2006). 

× Linear amplitude and frequency modulated sinusoids 

Several authors have explored the estimation of sinusoidal parameters for non-stationary 

sinusoids with linear amplitude and frequency modulation. Let us consider the complex 

discrete time sinusoid 

 ()( )
( )2

0 0

0 1

2
.

j n Dn
s n a a n e

q pw p+ +
= +  (2.15) 

The DFT of the ()s n  when using a window ()w n  is 
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2 2
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¤

=-¤
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Assuming an even symmetric window and removing the parts of the sum that are odd 

symmetric in n , the previous equation can be rewritten as 
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 (2.17) 

According to (Röbel 2007) only the frequency modulation creates additional estimation bias 

for the standard sinusoidal parameter estimators. This means that for example in the case of 

vibratos the standard methods would systematically fail to accurately estimate the harmonic 

parameters. One of the proposed methods (Abatzoglou 1986) is based on time domain signal 

demodulation employing an initial search over a grid of frequencies and frequency slopes, for 

afterwards refining the parameters using an iterative maximization of the amplitude of the 

demodulated signal. Other methods model the complex spectrum using Gaussian analysis 

windows so that mathematic equations become tractable (e.g. (Peeters 2001). In (Abe and 
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Smith 2005) a set of linear bias correction functions are proposed to extend the method to 

other windows. Recently (Röbel 2007) proposed a general method for any analysis window 

and shows how it greatly reduces the energy of the residual
4
 signal compared to the 

quadratic interpolation method.   

  

                                            
4
 obtained by subtracting the estimated line arly modulated sinusoids from the input signal  

Figure 2.6 Short-time Fourier Transform (STFT) of a stationary sinusoid with 

parameters: amplitude=1, frequency=200Hz, phase 0 at 0n= . The sinusoid is 

multiplied by a Blackman -Harris 92 dB window, zero-padded by a factor of 8, and 

centered at the first sample of the FFT circular buffer. The two bottom views show 

the amplitude and phase spectrum of the computed STFT. The maximum of the 

spectrum is found as expected at 200Hz, being its amplitude -6dB (i.e. 20log10(0.5)). 

The phase under the main lobe is constant and equal to 0 radians. The side lobes are 

found at -92dB from the maximum value.  

( )w n  = Blackman -Harris window 

200
( ) cos 2

s

s n n
f

p
å õ

= æ ö
ç ÷

 

stationary sinusoid of amplitude 1, 

frequency 200 Hz, phase 0 radians at 0n=   

( ) ( )· ( )x n w n s n=  windowed signal 

windowed signal zero-padded by a factor of 

8 and centered at n=0 

()( )10
20 log X w  amplitude spectrum in dB  

()( )X wE  phase spectrum 
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Figure 2.8 When sinusoidal components are close in frequency, the main lobes 

of the window transforms overlap and appear as a single component. The 

analysis window is a Blackman-Harris 92dB. 

Figure 2.7 Long windows provide high frequency resolution and harmonics are 

distinguishable. Conversely, short windows make the main lobes of the window 

transforms overlap and harmonic peaks are not visible anymore. The analysis 

window in this example is a Blackman-Harris 92dB. 


