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1. Overview 

The separation of polyphonic music into isolated instrument tracks has been a challenge for a 

very long time. The possibility of correcting or altering existing musical recordings would 

create new perspectives in sound processing. Isolation of musical notes could not only allow 

filtering out and fixing bad notes in a recording, but also altering the polyphonic structure in 

other ways like pitch shifting, volume controlling, formant adjusting etc.  

The complexity of separation can be attributed to the fact that the information to be 

retrieved is actually not present in the signal. Since a usual listener is not interested in the 

separate tracks, only a few (typically two or one) channels are used for storing the recording. 

Therefore more instruments are usually mixed into the same channels. Mixing is a very simple 

operation. The inverse of this process is called sound source separation and it seems to be quite 

a complex problem to solve. This work is dedicated to finding a new algorithm for the 

separation of polyphonic music. 

1.1 Problem description 

A typical musical recording is a polyphonic material that is the composition of many individual 

notes originated from a number of instruments. A recording is taken using one or more 

microphones. Although in an ideal case each instrument has its own, in real life microphones 

are usually assigned to groups of instruments. Audio signals are then mixed down typically to 

two channels in the case of a CD-quality target signal.  

After this mixing process, no correction can be made to the individual notes in the 

recording. Any kind of filter can only be applied to the whole recording including all the other 

notes that are simultaneously played at a that specific time. Our long term interest in sound 

separation is motivated by the problem of correcting recordings that have incorrect notes (either 

in frequency, volume, intonation, length, etc).  

When several sound sources are simultaneously present, the acoustic waveform c(t) of the 

observed time-domain signal is the superposition of the source signals sm(t): 

 
1

( ) ( )
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where si is the i
th source signal at time t, and I is the number of sources1. Sound source 

separation is defined as the task of recovering one or more source signals si(t) from c(t). Some 

algorithms focus on separating only one of the sources from the rest, whereas some try to 

isolate them all. The weakness of the above definition is that the definition of a sound source is 

                                                
1 This notation will be used in most parts of the work. For a list of symbols and their meanings see Appendix C. 
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unclear. One option is to consider each vibrating physical entity as a sound source. This 

definition considers each musical instrument a source. Another possibility is to define this 

according to what humans tend to perceive as a single source: e.g. if a violin section play the 

same pitch (called unison in musical terms), the violins are perceived as a single source, and it 

is rarely needed to separate their signals from each other. These two alternatives are sometimes 

referred to as physical sound and perceptual sound, respectively [13] (pp. 302-303). In this 

work the second definition is considered unless otherwise noted. 

Some separation applications, like the one in current work, make use of prior information 

about the sources. For example, the algorithm can be optimized by letting the user define the 

source instruments manually, or their features can be extracted from training signals where 

each instrument is present in isolation. In general, source separation without prior knowledge of 

the sources is referred to as blind source separation [25] (pp. 2-4), [26] (pp. 3-6). Since current 

work uses prior knowledge of the properties of music signals, the term blind is not used here. In 

the most difficult blind source separation problems even the number of sources is unknown. 

Since the objective of separation is to estimate several source signals from only one input 

signal, the problem is underdetermined if there are no further assumptions made about the 

sources. When there is no source-specific prior knowledge, the assumption can be for example 

that the sources are statistically independent, or that certain source properties (for example the 

exact pitches of the musical notes) are time-invariant. It is not known what are the sufficient 

requirements and conditions that enable the estimation; it is likely that in a general case the 

exact time-domain signals cannot be separated, only an extraction of some source features can 

be achieved. One part of this process is calculating a representation of the signal, where the 

important features for the application at hand are retained, while unnecessary information is 

discarded. For example, many of the unsupervised algorithms operate on magnitude 

spectrograms, and are not able to recover the original phases of the signals. The human audio 

perception can also be modeled as a process, where features are extracted from each source 

within a mixture, or, as ’understanding without separation’ [27]. Different representations are 

discussed in more detail in Section 2. 

This work concentrates on the separation of the signals of user-specified arbitrary notes 

from the recording. The separation of note signals other than the selected one is, although 

favored, not in the focus. This makes the approach particularly suitable not only for filtering 

out bad notes, but carrying out any other kind of transformation on the recording, e.g. changing 

the melody played by one of the instruments while leaving the others intact. 

Section 1 gives an overview of the current practices of sound source separation and 

introduces related methods. Section 2 elaborates the basic definitions and signal representations 

that are used throughout the current work. The contributions of the work are summarized in 
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three theses in Sections 3–5, while Section 6 presents quality measurement results and practical 

examples (even commercial usage) related to the proposed sound separation system. The 

Appendix gives a summary of the three theses. 

1.2 Current practices 

The most common practical way of dealing with the problem of channel isolating is using 

multiple channels for taking the recording, thereby avoiding the very need of the post-

separation step.  Multichannel recording is often used both in pop music and in classical music. 

There is, however, a great difference in the way the technique is used in these two types of 

music, which, as a result, has a big influence on the applicability of other filters [29]. 

In pop music, the signal of each instrument and singer is very often recorded by dedicated 

microphones. These microphones are usually located very close to the subject; there are often 

cases where the receivers are literally placed inside an instrument. For instance placing a 

microphone inside the piano in jazz music is quite common, just as putting one into the tube of 

the flute. Singers hold the microphone just in a few centimeters’ distance from their mouth, 

while electrical instruments often do not even have a receiver since their analog or digital 

sound output is already in a format that can be recorded into an own channel. 

This setup provides a sound image of the instruments where each and every click, hiss and 

other kinds of noises are audible in the resulting recording – which is quite favored in pop 

music. When the recording is played back, the sound is perceived to come from a very close 

distance, in accord with the fact that the receivers were very close to their subject. The listener 

can hear the hammer of the piano, the clicks of the buttons of woodwind instruments or the 

muddiness of the singer. The sound stream recorded by the receivers is usually relatively easy 

to manipulate, since the sound of other instruments is hardly audible, if even present in the 

recorded channels. This allows for many kinds of tricks that improve the quality of the 

performed melody, such as correcting the pitch of the singer after the recording has been made. 

In classical music the policy of making a recording is completely different. In contrast to 

pop music, a much more natural sound image is desired in most cases that resembles the sound 

image one would perceive if they listened to the musical piece on the spot [28]. The direct 

voice of instruments attenuates as we get farther from the source, while the level of the created 

reverbation can be considered equal regardless of the spatial location of the listener. When 

listening from a distance we perceive much less of the clicks, breaths and noises that are 

generated naturally by the instruments. Although there is even difference between sitting in the 

first and last row in a concert room, the difference between the perceived sound in the first row 

and the sound directly next to the orchestra is considerable. For this reason in classical music 

the microphones are placed farther from the subjects. Although they cannot be in the same 
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distance as the listeners sit in a concert room as the sound would get blurred, they are often 

placed 20-100 centimeters away from the instruments, thereby still providing the ‘intimacy’ but 

avoiding audible clicks and other noise. 

This arrangement of the receivers does not ensure that notes originating from neighbor 

instruments get masked out from the channel of the target instrument. This is, however, usually 

not even desired, as post-processing in general is relatively rare in classical music. The 

posterior editing in this field basically consists of cutting and merging fragments of the multiple 

takes of the same piece. Applying the tricks used in pop music is generally discouraged, and 

great artists care a great deal about avoiding even the suspicion of allowing such manipulations 

on their recordings. The preferred way of fixing bad notes is the retake of the section and 

finally merging the good takes, using as few cuts as possible. In the time of this writing the 

most commonly approved methods of editing classical music is cutting and merging, which 

may require slight tempo and pitch changes in rare cases; sometimes recording the voice of the 

singer separately from the orchestra is also accepted.  

1.3 Goals 

In this research we do not take a moral stand about how techniques used for sound 

manipulation alter the originality of a recording. We simply focus on the topic of sound source 

separation as an ‘enabler’ for many kinds of filters. It is also not our intention to cover all the 

areas of posterior sound manipulation. Therefore it is important to specify the goals of current 

research, and name the areas that will not be elaborated fully, or at all. 

We are looking for a sound source separation system, the main task of which is to separate 

some of the note signals in a polyphonic recording. There may be cases when the separation of 

all note signals is desired, but in a usual case only a few of them are really needed, and it is the 

decision of the user which notes they wish to separate from the recording. The separation of the 

remaining notes is not required.  

The quality of the separated sounds is in the main focus in this work, the means to achieve 

the goal are less important, provided we can find a reasonable compromise between ease of 

use, speed, automation and separation quality. Therefore, user interaction and feedback is 

completely acceptable (the user may input the musical score of the musical piece), as well as 

long processing times (of course within reasonable limits). 

It is important to set straight right at the beginning what can and what cannot be reliably 

specified by the user. Frequencies, note onsets and lengths belong to the former category. On 

the other hand, the concrete intonation and volume of each note is much harder to express as 

numeric values for a human. Therefore only a rough estimate may be specified by the user, the 

precise information should be calculated algorithmically.  
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Automatic musical transcription is not required (recognition of the musical notes in time 

and frequency). Many research efforts have been dedicated to the problem of automatic musical 

transcription ([1]–[13]). Although partial successes have been reported, no perfect solution has 

been proposed so far, and since in this work quality is preferred to automation level, we will 

have the user enter the musical score instead of automatically finding the notes. 

Recognition of the instruments in the recording is another very complex problem. 

Researches taking on the task of instrument recognition can be found in [14]–[19]. The 

automatic recognition of the instruments in the recording is not required for similar reasons to 

those mentioned at musical transcription. 

Realtime operation is not required. The separation process is allowed to take a long time if 

necessary, within reasonable limits. 

Full automation is not required. Some parameters of the notes must be calculated 

automatically, while there are some features (frequency and timing) of the notes that can be 

much more reliably specified manually. We rely on human interaction in order to get the best 

possible quality results. 

Separation of all notes from each other is not required. The user may specify which notes 

they wish to separate, while the others remain untouched in the original recording. This makes 

the approach well suitable not only for filtering out bad notes, but applying any other kind of 

transformation to the recording, e.g. changing the tune of some of the instruments while leaving 

other notes intact. 

Separation of the notes from noise is not required. Any noise contained by the original 

recording may appear on the output of the separation algorithm. This means the separated notes 

may contain as much noise at maximum as the original recording. This issue is not is the focus 

of current research. If noise is a concern, noise reduction methods should be applied to the 

recording prior to the separation [20]–[24]. 

1.4 Approaches to Sound Source Separation 

Sound separation techniques originally focused at the separation of speech signals [30]–[33]. In 

the last decades processing of music signals has also gained interest, resulting in a rapid 

development in music separation techniques. 

Separating music is from certain perspectives a more complex task than speech-based 

techniques. This can be attributed to the fact that there is a wide variety of musical instruments, 

each producing note signals in different ways, which results in signals with very different 

spectral and temporal characteristics. In contrast to speech, where a speaker usually pauses 

when another one starts to speak, musical instruments often play simultaneously and favor 
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consonant pitch intervals. Even the note onsets and offsets are often common. Their separation 

is complicated by the overlap in frequency and time caused by these properties. Although the 

acoustic signals are generated independently in each source, it is their consonance and interplay 

which makes up the music, thereby resulting in source signals that depend on each other. This 

causes many separation techniques to fail, like e.g. statistical independence. 

Approaches used in one-channel sound source separation which do not use source-specific 

prior knowledge can be roughly divided into three categories: 

o model-based inference, 

o unsupervised learning, 

o psychoacoustically motivated methods. 

Most algorithms, however, cannot be strictly categorized into either of these, as they employ 

techniques from more than one category. The following sections discuss the categories briefly. 

1.4.1 Model-based methods 

If the type of the signal is known in advance (e.g. speech, music, noise, polyphonic or 

monophonic, etc.), then a parametric model of the sources can be established in many cases. 

This is usually a simplified version of the real acoustic system. The model parameters are then 

estimated from the observed mixture itself. The most popular subcategories of model-based 

inference are rule-based algorithms, where implicit prior information is used for the parameter 

estimation ([34], [35], [36]), and Bayesian estimation, where the prior information is explicitly 

given in the form of probability density functions ([37], [38], [39]).  

In music applications the most widely used parametric model is the sinusoidal model which 

supports prior information of harmonic spectral structure. This property makes it most suitable 

for the separation of pitched musical instruments and voiced speech. 

A sound source separation system is  described in [41]–[44] that is based on the sinusoidal 

model and separates harmonic sounds by applying linear models for the overtone series of the 

sound. The method is based on a two-stage approach: after applying a multipitch estimator to 

find the initial sound parameters, more accurate sinusoidal parameters are estimated in an 

iterative procedure. Separating the spectra of concurrent musical sounds is based on the spectral 

smoothness principle [40]. 

1.4.2 Unsupervised learning  

In contrast to model-based systems, unsupervised learning methods use less prior information 

on the sources. These are usually based on a simpler, non-parametric model instead of a 

sophisticated one based on the source characteristics or the human auditory system. They try to 

gather information on the source signal structures from the mixed data itself using information-
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theoretical principles, such as statistical independence between the sources. The most common 

approaches used to estimate the sources are based on independent component analysis (ICA), 

non-negative matrix factorization (NMF), and sparse coding, which have been recently used in 

machine learning tasks in several application areas. These algorithms usually factorize the 

spectrogram (or other short-time representation of the signal) into elementary components. This 

is followed by clusterization that builds the output separated channels from the elementary 

components. Although unsupervised learning algorithms do not try to directly copy human 

auditory perception, they often result in similar processing. For example, many learning 

methods reduce redundancy in the input data, while it has been found that redundancy 

reduction takes place in the auditory pathway, too [50]. 

ICA ([64]–[66]) is employed in many blind source separation systems, where no 

information on the source signals is available. One of the most important scenarios of this 

technology is multichannel source separation, where an (often large) set of observers are 

employed to record an event. The travel time of the signal and the difference of the numerous 

recorded signals are used to increase the receiver sensitivity in the direction of signals of 

interest and to decrease sensitivity in the direction of other sounds or noise. 

NMF ([45]–[48], [75]) methods exploit the fact that the mixture signal is the composition of 

basis vectors, with non-negative coefficients. Each of these vectors represents a part of a single 

sound source. In the signal model the non-negativity restriction alone is a sufficient condition 

for the separation of the sources in most cases. 

Sparse coding ([78], [79], [119]) represents the signal as a linear combination of a set of 

source signals or atoms, each defined by a dictionary vector, where only a small subset of the 

possible atoms are active at any given time. Thus the probability that a candidate signal has 

zero gain is high. This approach is motivated by the observation that music typically consists of 

only a small set of notes active at any given time. For a piano solo, for instance, the active notes 

are limited by the number of fingers of the piano soloist: only a maximum of 10 notes out of 88 

can be active (non-zero) simultaneously (not considering the use of the sustain pedal here). The 

approach is efficient for learning structures and separating sources from mixed data.  

1.4.3 Psychoacoustically motivated methods  

Auditory scene analysis (ASA) is the process by which the human auditory system organizes 

the incoming sound into perceptually meaningful elements [49]. Computational models of this 

function typically consist of two steps: the incoming signal is first decomposed into its 

elementary time-frequency components which are then organized to their respective sound 

sources. Bregman [49] listed a set of association cues that help in the organization. These are: 

1. Spectral proximity (closeness in time or frequency), 
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2. Harmonic concordance, 

3. Synchronous changes of the components: (common onset / offset, common amplitude / 

frequency modulation, equidirectional movement in the spectrum), 

4. Spatial proximity. 

Several researches build upon these association cues [51], [52] to develop sound source 

separation algorithms. Later there has been criticism that the grouping rules can only describe 

the operation of the human auditory system in simple cases [53] (pp. 17), and that it is not 

advisable to perform robust separation of complex audio signals based on these rules. 

It is probable that the human auditory system uses both innate and learned principles in the 

separation [49] (pp. 38-39), and the physiology of human peripheral auditory system explains 

some of the low-level innate mechanisms [54] (pp. 20), [55]. Even though also many higher-

level segregation mechanisms are assumed to be innate, the exact effect of learning is not 

known [49].  

Although our brain does not resynthesize the acoustic waveforms of the sources, the human 

auditory system is a useful (if not the only) reference in the development of one-channel sound 

source separation systems, since it is the only existing system which can actually perform a 

robust separation of the sound sources in various circumstances.  

1.4.4 Multi-channel methods  

In contrast to one-channel separation, multi-channel methods aim at the separation of 

recordings made with multiple microphones placed at different locations. This setup enables 

the use of spatial information, thereby enabling better separation quality than one-channel 

separation techniques. The acoustic sound waves travel from each source to each receiver 

delayed and differently attenuated. The two main approaches in this category for recovering the 

sources is acoustic beamforming [57], [64] (pp. 293-311) and blind source separation [56].  

Acoustic beamforming increases or decreases the intensity of the source signals depending 

on their direction. The performance of the method depends directly on the number of receivers 

used. Blind separation of convolutive mixtures inverses the filtering and mixing process using 

algorithms extended from ICA. Theoretically it allows for a perfect separation if the number of 

receivers is equal to or larger than the number of sources. The applicability is, however, limited 

by the additional noise that reduces the quality or the movement of the sources [58].  

In the case of music signals, the one-channel separation principles have also been integrated 

into the multichannel separation framework, often increasing the separation quality [59]–[63].  

Another interesting alternative is proposed in [40] which introduces a sound source 

separation algorithm that requires no prior knowledge, and performs the task of separation 

based purely on azimuth discrimination within the stereo field.   
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1.4.5 Relation to speech processing 

It is an interesting topic to discuss, how digital music processing is related to digital speech 

processing. There are many similar tasks in these two fields. Automatic transcription of musical 

pieces may be considered the equivalent of automatic speech recognition; automatic instrument 

recognition may be considered analogous to automatic speaker identification / verification, etc. 

Although these tasks may seem similar, in fact sometimes they use completely different 

techniques to achieve their goals. 

In speech recognition, for instance, the input signal is often divided to smaller parts, called 

phonemes. These sequence of phonemes are then analyzed and compared to a database that 

stores the possible words that can be built using the (possibly incorrectly) recognized 

phonemes. On the other hand, automatic transcription usually involves detecting the tempo of 

the musical piece, then the onset and pitch of the notes that build up the recording. After the 

onsets and pitches are located, it may also be necessary to classify instruments based on their 

timbre. In speech processing, concurrent sounds are rarely considered, while in music-related 

tasks concurrent notes are very common. In speech processing there is a frequent need for 

distinguishing voiced and unvoiced (periodic/aperiodic) time-frames. In contrast, time frames 

of musical recordings usually cannot be categorized as periodic or aperiodic, since usually both 

components are present at the same time located in different frequency bands. 

All that said, we can state that although both music and speech processing operate on sound 

signals, the means to achieving the goal are rarely related. 

However, there are some basic sound processing techniques that are applicable both for 

speech and music processing. These usually involve the low-level representation and features 

of sound signals. To begin with, the Short Time Fourier Transform is the standard analysis tool 

for many decades now. Although numerous new methods have been developed in the recent 

past, it is still widely used as the basic representation of sound signals.  

Autocorrelation analysis is a powerful tool for detecting the periodicity of time frames 

thereby separating the phonemes in the speech. In musical applications it can be utilized for 

finding the pitch of instrument notes in a monophonic recording, as well as the tempo of a 

musical piece, just to mention a few.  

Mel Frequency Cepstral Coefficients, short time-energy, and zero-crossings etc. are low 

level features that can serve a number of purposes, including, but not limited to pitch detection, 

voiced/unvoiced detection, loudness estimation, etc. 

For an overview and detailed discussion of common speech processing tasks and techniques 

see [161]–[166]. 
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2. Signal representations 

This section gives an overview of the most common methods for sound signal representations. 

The most widely used model for the description of sound signals is the linear signal model 

which is based on short-time signal processing. The input signal is divided into consecutive 

short frames which may also overlap in time. For speech the frames are typically shorter 

(around 10-50ms), while music signals require somewhat longer intervals (25-200ms). In the 

time frames the sound is considered as a sum of basis functions. Some algorithms operate in 

time-domain and operate directly on the signal, while others transform the input into some 

more manageable representation by using a frequency-transform like DFT, Q-transform or 

wavelets. This section first presents the linear signal model, then iterates through the most 

common frequency-transformations and representations. 

2.1 Overview of the linear signal model 

The linear signal model considers the input signal within each observation frame 1...t T=  as a 

weighted sum of basis vectors (or basis functions). The representation of the input signal within 

a frame is denoted by an observation vector xt, while the basis vectors are denoted by jb , where 

1,...,j J=  and J is the number of basis vectors. The signal model tc  can be expressed as 

 ,
1

1,...,
J

t j t j

j

c g b t T
=

= =∑  (2) 

where gj,t is the gain of the j
th basis vector in the tth frame. Some methods aim at the estimation 

of the time-varying gains and use predefined basis vectors, others use prior information about 

the gains and search for suitable basis vectors, while there are algorithms that intend to cope 

with the task of estimating both at the same time.  

A basis vector and the respective gain-function are often called a component. What we call 

a sound source in everyday life is typically a sum of one or more components in this 

representation, while one component belongs to one source only. Thus the model for source i in 

frame t can be formed as 

 , , 1,...,
i

J

i t j t j

j S

s g b t T
∈

= =∑  (3) 

where Si is the set of components within source i.  
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The estimation algorithms can be used with several data representations. Using the absolute 

values of the Discreet Fourier Transform is a popular choice. Further on this representation is 

referred to as magnitude spectrum. In this case, tc  is the magnitude spectrum within frame t, 

and each component j has a fixed magnitude spectrum jb  with a time-varying gain gj,t. The 

observation matrix 1 2[ , ,..., ]T=C c c c  that is used to represent the observations within T frames 

consists of frame-wise magnitude spectra, and is called a magnitude spectrogram.  

Due to the flexibility of the model (2) it is suitable for representing both harmonic and 

percussive sounds. It has been successfully used in drum pattern transcription tasks [70], [71], 

in the pitch estimation of speech signals [68], and polyphonic music signal analysis [69], [72]–

[78]. Figure 1 shows an example signal that consists of a diatonic scale played by an acoustic 

Figure 1: Standard STFT magnitude spectrogram of a signal which consists of a 
diatonic scale from C5 to C6 played by a piano. The notes are not damped, meaning 

that consecutive notes overlap with each other. 

01 
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piano. Each component corresponds roughly to one fundamental frequency: the basis vectors 

are approximately harmonic spectra and the gain-functions follow the overall amplitude 

envelopes of the separate tones. 

2.2 Data representations 

Several data representations come into question for sound analysis. Each has its advantages and 

disadvantages; each has its own area where it is more suitable than others. This section 

describes the most common data representations used in digital audio processing. 

The time-domain representation is the most simple and most common form of storing 

digital audio. The time-domain observation vector xt is the signal within frame t multiplied by 

the window function w: 

 T[ ( ) (0),  ( 1) (1),  ..., ( 1) ( 1)]t t t tx x n w x n w x n N w N= + + − −  (4) 

where nt is the index of the first sample of the t
th frame. A frequency-domain observation vector 

can be calculated from the time-domain vector by applying a chosen frequency transformation 

on the former one. The representation of the signal and the basis functions/vectors have to be 

the same. Naturally, the representation has a significant effect on performance. The following 

sections elaborate the advantages and disadvantages of different representations.  

2.2.1 Time-domain representation 

The popularity of the time-domain representation is probably due to the fact that this is often 

the format the signal is sampled by modern digital equipments, while it is straightforward to 

compute. A great advantage of this representation is that no information is lost when the input 

signal is segmented into frames. However, time-domain basis functions are problematic in the 

sense that a single basis function alone cannot represent a meaningful sound source: the 

position of the frame has a great influence on the phase of the signal within that frame. In the 

case of a short-duration percussive source, for example, a separate basis function is needed for 

every possible position of the sound event within the frame. A shift-invariant model is one 

possible approach to overcome this limitation [72]. 

Real-world sound sources produce time-domain signals that are generally not identical at 

different occurrences since the phases behave very irregularly. For example, the overtones of a 

pitched musical instrument are not necessarily phase-locked, resulting in a time-domain 

waveform that varies over time. The human factor adds further complexity to this issue: even 

the most skilled artists are incapable of repeating the exact same note twice (save maybe the 

case of fully electronic instruments). Therefore, multiple components are needed to represent a 

single tone of a pitched instrument. In the case of percussive sound sources, this phenomenon is 
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even clearer: the time-domain waveforms vary a lot at different occurrences even when their 

power spectra are quite similar.  

As the number of the components increases, their estimation and further analysis gets more 

and more uncertain, creating a need for more and more observations. The difficulty of 

separating a component from concurrent sounds can be attributed to the fact that the sound 

event represented by a component occurs only once in the input signal. Also, clustering the 

components into sources becomes more difficult when there are many of them for each source.  

In spite of the difficulties many separation algorithms operate on time-domain signals ([72], 

[80], [81],). Abdallah and Plumbley [82], [83] presents experiments that aim to find the 

ultimate basis functions for time-domain signals using several days of radio output from BBC 

Radio 3 and 4 stations as training material. It was found that the independent components 

analyzed from time-domain music and speech signals were similar to a wavelet or short-time 

DFT basis.  

2.2.2 Fourier transform, DFT, spectrogram 

The Fourier Transform [84] is one of the most widely used methods for time to frequency 

domain transforming, or, in other words, the decomposition of a waveform into a number 

sinusoidal components. The most common definition of the Fourier transform is: 

 ( ) ( ) j tX x t e dtωω
+∞ −

−∞
= ∫  (5) 

where t is the continuous time index in seconds and ω is the continuous frequency index 

expressed in radians per second. The Fourier transform of a continuous waveform x(t) returns 

X(ω), a complex number in the form (a+ib) for every value of ω. The magnitude of the 

complex number specifies the amplitude of a sinusoidal component of x(t) with frequency ω, 

and the angle (tan-1(b/a)), specifies the phase of that same sinusoidal component. X(ω) is a 

periodic function of ω with period 2π. The Fourier Transform has an inverse transformation 

that recovers the original function x(t) from a given spectrum X(ω): 

 
1

( ) ( )
2

j tx t X e dωω ω
π

+∞

−∞
= ∫  (6) 

The most often criticized property of the Fourier Transform is related to the Heisenberg’s 

uncertainty principle. If there are two sinusoids with different frequencies, leakage can interfere 

with the ability to distinguish them spectrally. If two sinusoids have similar frequencies, 

leakage may cause the two to be irresolvable. Also, even if their frequencies are dissimilar but 

one of the sinusoids is much smaller in amplitude than the other, the spectral component of the 

latter can be hidden by the leakage from the larger component.  
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As computers store a discrete representation of numbers, sounds exist as sampled 

waveforms and the discrete Fourier transform (DFT) is used instead of the continuous Fourier 

transform. If x(n) is a signal N samples long, then its DFT is 

 
/2 1

/2

( ) ( ) , 2 / , N even, 0,1,..., 1
N

j t

k

n N

X k x n e k N k Nω ω π
−

−

=−

= = = −∑  (7) 

where ω is the discrete radian frequency, n is the discrete time index in samples, and k is the 

discrete frequency index in bins (frequency domain samples are referred to as bins). ( )X k  is 

the discrete spectrum. The relation between radian frequency and frequency in Hz is given by 

 / 2nom samplingf f ω π=  (8) 

where nomf  is the frequency in Hz, samplingf  is the sampling rate and ω the radian frequency. 

Since the frequency index k is discrete, the DFT assumes that x(n) can be represented by a 

finite number of sinusoids, therefore the signal x(n) is band-limited in frequency. The 

frequencies of the sinusoids are equally spaced between 0 Hz and the sampling rate samplingf , or 

in radians between 0 and 2π. Thus, the DFT takes a sequence of length N (the time signal) and 

produces another sequence of length N (the frequency spectrum). The corresponding inverse-

DFT is 

 
/2 1

/2

1
( ) ( ) k

N
j n

k N

x n X k e
N

ω
−

=−

= ∑  (9) 

That is, given the discrete spectrum X(k), the inverse-DFT returns the discrete waveform x(n) 

from which it was obtained. The DFT is a very widely used algorithm. It is used in many 

different applications is due to the existence of a very fast algorithm for its computation called 

the fast Fourier transform (FFT), and the existence of an inverse transformation. The traditional 

implementation of the FFT requires the length of the signal, N, to be a power of 2. By obeying 

this restriction the computation time is proportional to N⋅logN. 

The Fourier Transform requires the analyzed signal to be periodic. In practice, musical 

sounds do not meet this criterion; they are non-periodic and time-varying waveforms. The 

alternative is to use the short-time Fourier transform. In the discrete case it can be defined as 

 
1

0

( ) ( ) ( ) k

N
j n

l

n

X k w n x n rH e
ω

−
−

=

= +∑  (10) 

where w(n) is a real ‘window’ that determines the portion of the input signal x(n) that receives 

emphasis at a particular frame r. H is the step-size of the window specifying the time difference 

between two subsequent frames. The spectrum Xr(k) is a function of two variables, the frame 
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number r and the discrete frequency index k. Depending on which one is considered fixed, the 

spectrum Xr(k) has two different interpretations [87]. In this work only the interpretation with r 

fixed will be considered which is called overlap-add decomposition. In this case, Xr(k) is the 

normal discrete Fourier transform of the sequence w(n)x(n + rH), 0≤n<N−1. The STFT 

computes a spectrum frame by frame for each r, advancing with a step-size of H. In other 

words the window w(n) ’slides’ along the sequence x(n). 

The DFT algorithm expects the analyzed signal in the frames to be periodic, that is, it 

repeats over and over. In reality the signal has to meet a very strict requirement to be periodic: 

it must be a composition of signals that have integer number of cycles in one frame. When the 

signal is not periodic, the computed frequency spectrum will suffer from leakage. Leakage 

results in the signal energy smearing out over a wide frequency range in the FFT when it 

should be in a narrow frequency range. The amplitude is less than the actual value even on the 

bin containing the highest magnitude, and is greater than zero on bins that should not contain 

any energy. The dispersed shape of the FFT makes it difficult to identify the frequency content 

of the signal especially when the original signal consists of many components. 

Since most signals are not periodic in the predefined data block time periods, a window 

function is usually applied to correct the leakage [85]. This way a special type of periodic 

signal is created that is much like a transient signal: it starts at zero at the beginning of the 

frame, then rises to some maximum and finally decays again to zero before the end of the 

frame. Window functions minimize the effect of leakage to better represent the frequency 

spectrum of the data. The original data block is multiplied with the window function forcing the 

signal to be periodic. As this modifies the signal amplitude level, a special weighting factor is 

also applied.  

Although windowing reduces leakage, it cannot eliminate leakage entirely. In reality, 

leakage is not eliminated but its shape is changed, usually for the better. Each window function 

affects the spectrum in a slightly different way. As DFT technology developed the number of 

proposed window functions has increased. Each function has its own advantages and 

disadvantages. Some improve the frequency resolution, thereby making it easier to detect the 

exact frequencies of original sinusoidal components. Some improve the amplitude accuracy, 

that is, they most accurately indicate the level of the peak. The most commonly used windows 

are called Rectangular, Hamming, Hanning, Kaiser, Blackman, and Blackman-Harris. [86] 

gives a good discussion of these windows and many others. The best type of window should be 

chosen for each specific application. 

Many researches cover the selection of the right window. Most researches [85], [86] found 

the Hanning window to be the best compromise for general purpose use, and the Blackman-

Harris window to be the best compromise for pitched music signals. Hanning window is 
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employed in many current researches. As this research considers instruments with non-pitched 

components as well, in this research the Hanning window is used in conjunction with FFT. 

2.2.3 Q-transform 

The Discreet Fourier Transform decomposes signals to components of linearly spaced 

frequencies. However, in Western music the typically used frequencies are geometrically 

spaced. Therefore the DFT creates components that do not map efficiently to musical 

frequencies. It provides too little information on the input signal in lower frequency ranges, 

while providing a vast number of components in high frequency ranges. Getting an acceptable 

low-frequency resolution is absolutely necessary, while a resolution that is geometrically 

related to the frequency is desirable, although not critical. The constant Q transform as 

introduced in [88] and [89], tries to solve both issues. It is very closely related to the Fourier 

transform. The constant Q transform is a bank of filters, just like the Fourier transform, but in 

contrast to the former the center frequencies are geometrically spaced: 

 0 2 ( 0,...)
k

nom R
kf f k= ⋅ =  (11) 

where R denotes the number of filters per octave. The bandwidth of the kth filter is 

 
1

1 (2 1)cq nom nom nom R
k k k kf f f= + − = −� , (12) 

that is, the filters cover the whole frequency range without overlapping. This yields a constant 

Q ratio of frequency to resolution, which can be expressed as 

 
1

1(2 1)
nom

k R
cq

k

f
Q −= = −

�

. (13) 

The advantage of the constant Q transform becomes obvious if f0 (minimal center 

frequency) and R are chosen in a way that the center frequencies directly correspond to musical 

notes. For instance when 12R =  and f0 = 440Hz are chosen, the k
th cq-bin corresponds the kth 

halftone from the musical reference note A-440Hz.  

The Q transform also provides better time resolution for higher frequencies than the DFT. 

This way of operation resembles the operation of the human auditory system, since humans 

also need more time to perceive lower frequencies. This may be the reason why music is 

usually less agitated in the lower registers. 

The CQT of a column vector x can be defined as 

 =X Tx  (14) 
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where 
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where x(n) is the time-domain signal and 
kN

W  is a window-function, such as the Hanning 

window, of length Nk.  

For analysis purposes the CQT is in some respects superior to the DFT is musical signals 

are considered. However, a considerable drawback of using the CQT is that there is no inverse 

for the transform, since the transform matrix is no longer square, as is the case for the DFT. An 

approach is shown in [90] for obtaining good quality approximate inverse to the Constant Q 

transform provided that the signal to be inverted has a sparse representation in the Discrete 

Fourier Transform domain. However, this requirement is only met when the input signal 

contains only pitched sounds. Signals containing broadband noise such as drum sounds will not 

be inverted correctly.  

Our research deals with instruments that may contain noise-like components as well. As the 

Q transform cannot provide an acceptable inverse in all cases, it cannot be used in the research. 

2.2.4 Cochleagram 

Cochlear modeling is a biologically motivated method that copies the operation of the human 

ear. From out perspective the most important part of the ear is the cochlea and the basilar 

membrane inside. 

Figure 2 shows the anatomy of the human cochlea, which is by far the most complex part of 

the ear. Its job is to take the physical vibrations caused by the sound wave and translate them 

into electrical information the brain can recognize as distinct sound. The cochlea structure 

consists of three adjacent tubes separated from each other by membranes. In reality, these tubes 

are coiled in the shape of a snail shell, but it's easier to understand by imagining them stretched 

out. It's also clearer if we treat two of the tubes, the scala vestibuli and the scala media, as one 

chamber. The membrane between these tubes is so thin that sound waves travel as if the tubes 

weren't separated at all. 

The stapes move back and forth, creating pressure waves in the entire cochlea. The round 

window membrane separating the cochlea from the middle ear gives the fluid inside some place 

to go. The middle membrane, the basilar membrane, is a rigid surface that extends across the 

length of the cochlea. When the stapes moves in and out, it pushes and pulls on the part of the 

basilar membrane just below the oval window. This force starts a wave moving along the 
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surface of the membrane. The wave travels something like ripples along the surface of a pond, 

moving from the oval window down to the other end of the cochlea. 

The basilar membrane is made of 20,000 to 30,000 reed-like fibers that extend across the 

width of the cochlea. Near the oval window, the fibers are short and stiff. As we move toward 

the other end of the tubes, the fibers get longer and more limber. This gives the fibers different 

resonant frequencies. A specific wave frequency will resonate perfectly with the fibers at a 

certain point, causing them to vibrate rapidly.  

As the wave moves along the membrane, it can't release much energy as the membrane is 

too tense. But when the wave reaches the fibers with the same resonant frequency, the wave's 

energy is suddenly released.  

The organ of corti is a structure containing thousands of tiny hair cells. It lies on the surface 

of the basilar membrane and extends across the length of the cochlea, and helps the brain locate 

where exactly the vibrations occur. When a wave reaches the resonant point, the membrane 

suddenly releases a burst of energy in that area. This energy is strong enough to move the organ 

of corti hair cells at that point. When these hair cells are moved, they send an electrical impulse 

through the cochlear nerve, which sends these to the cerebral cortex, where the brain interprets 

them. The brain determines the pitch and loudness of the sound based on the position and 

number of the cells sending electrical impulses.  

 

 

Figure 2: Ear anatomy (left), cochlea (right) 

 

The cochlear model consists of a bank of IIR filters which are described by a cascade of 

second order filters: 

 ( , ) ( ) ( )x fC f h t x t dtτ τ= −∫  (16) 

Here, hf(t) is the impulse response of the filter centered at frequency f. These filters were 

designed to mimic the functionality of the basilar membrane which is part of the cochlea, or 

inner ear. 

A cochlear model for speech analysis is proposed in [91]. Here each filter is composed of a 

notch slightly above the center frequency and a resonator at the center frequency. The effect of 
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this is an asymmetric frequency response which drops off very quickly at high frequencies. The 

cochlear filters are approximately logarithmically spaced, constant Q filters for frequencies 

from 1/10 to 1/2 of the sampling rate, and linearly spaced for frequencies below 1/10 of the 

sampling rate. 

A pitch detector is described in [92] that mimics the human perceptual system. The pitch 

detector uses an auditory model. Unlike the more simple techniques, this perceptual technique 

works for a wide range of pitch effects, and is robust against a wide range of distortions. 

 

 

Figure 3: Setup of the resonation system 

 
In this research I have also built a cochlear model that is based on a physical model. The 

basilar membrane was modeled as a number of independent vibration systems (Figure 3). The 

model consisted of 1000 such systems, each having the original sound wave gt as input at point 

P. The masses (m) and dampings (k) were assumed to be constant for all systems, while the 

spring stiffness (u) values were calculated in a way that provides resonance frequencies 

increasing logarithmically from 20Hz up to 20000Hz.  

The continuous motion equation of one vibration system was approximated in discreet time 

as follows (indices identifying the concrete system are omitted for better readability). Let xt and 

vt denote, respectively, the length of the spring, and the speed of the mass in time t.  

Due to the input gt the length changes:  

 *
1( )t t tx x g g+= + − , (17) 

where *x  denotes the new length of the spring. The current speed of the mass is damped as in 

 *
tv v k= ⋅ , (18) 
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where *v  denotes the new speed of the mass. The mass moves on a sinusoid course. The 

amplitude of that course can be calculated as: 

 *2 *2/xA v u x= +  (19) 

The speed of the mass also changes on a sinusoidal course, and the amplitude of this course is 

calculated as 

 * *
v xA u A= ⋅  (20) 

Using (19) the current phase of the vibration system is 
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arcsin( / ) 0

arcsin( / ) 0
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ϕ

π

 ≤
= 

− >
 (21) 

The next phase can be calculated as 

 *
1 2resonate

t t fϕ ϕ π+ = + ∆ ⋅ ⋅ ⋅ , (22) 

where resonatef  is the resonation frequency of the spring. The next length of the spring and 

speed of the mass are 

 1 1sin( )t x tx A ϕ+ += ⋅  (23) 

and 

 1 1cos( )t v tv A ϕ+ += ⋅ . (24) 

The resonation system was compared with other methods like the STFT and wavelet 

transform. It was found that the cochleagram provides an output that is of higher quality than 

the sibling techniques provided by DFT (spectrogram) or wavelets (scalogram) in the sense that 

it was more understandable for human eyes. However, the drawback of the cochlear approach 

is the same as of the Q-transform. The cochleagram is merely an analysis tool with no exact 

inverse transformation proposed so far. 

2.2.5 Resonator Based Identification 

A nonparametric identification method for linear systems is proposed in [93] and [94]. The 

identification is done via synchronized multisine measurements where the synchronization is 

ensured by a resonator-based generator–observer pair. The advantage of the proposed structure 

is that it works as a filter bank and, hence, provides the measurement results online. 
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The identification system can be interpreted as a recursive approach for signal 

decomposition. It basically decomposes an input signal to sine signals of known frequencies. 

Its goal is to find the amplitudes of known input signals in real-time. The current research, 

however, does not aim at real-time operation, and offline processing allows for better 

alternatives since time is no longer a concern, and the full signal is known in advance. 

2.2.6 Autocorrelation 

Autocorrelation methods are used to determine the fundamental pitch of analyzed signals by 

finding the pitch period of the input. Pitch period is a fundamental parameter in the analysis 

process of any physical model.  

The autocorrelation function operates in time-domain. It can be considered as a measure of 

similarity between a signal and shifted version of itself. The basic idea of this function is that 

periodicity of the input signal implies periodicity of the autocorrelation function and vice versa. 

The pitch of the input signal is found by determining these periodicities [167]. For non-

stationary signals, short-time autocorrelation function for signal x(n) is defined as: 

 [ ][ ]
1

0

1
( ) ( ) ( ) ( ) ( )

N m

l

n

ph m x n r w n r x n m r w n m r
N

− −

=

= + + + + + +∑  (25) 

with 00 1m M≤ ≤ − , where ( )w n  is an appropriate window function, N is the frame size, r is 

the index of the starting frame, m is the autocorrelation parameter (time shift or time lag) and 

M0 is the total number of points to be computed in the autocorrelation function. The peaks of 

the autocorrelation function correspond to the various periodicities of the signal’s envelope. 

The highest peak of the autocorrelation function is always at 0m =  as this value holds the 

average power of the analyzed signal. For each r, a search is carried out for the local maxima in 

a meaningful range of m. The distance between two consecutive maxima is the pitch period of 

the input signal ( )x n . Different window functions have been used with the autocorrelation 

function. These include e.g. the rectangular, Hanning, Hamming, and Blackman windows. The 

main complexity of the autocorrelation function is that the analysis window and the frame size 

have to be chosen very carefully. 

The autocorrelogram is a three dimensional time-frequency representation of the signal 

produced from the autocorrelation function, with time, channel center frequency and 

autocorrelation lag represented on orthogonal axes. Unfortunately the autocorrelogram provides 

information only on the periodic components of a signal, and tells very little about transients. 

Therefore its usage is usually restricted to analytical tasks like pitch detection of speech or 

music. 
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2.2.7 Wavelets 

Wavelets are a relatively new area in signal processing [96]–[100]. The transform is a 

multiresolutional, multi-scale analysis method which was developed as an alternative to the 

short time Fourier Transform (STFT) to overcome problems related to its frequency and time 

resolution properties. Wavelets represent a powerful mathematical tool for hierarchically 

decomposing functions. By using wavelets one can decompose a function to a coarse overall 

shape, plus details that range from broad to narrow. They offer an elegant technique for 

representing the levels of details in the studied signal. In contrast to the STFT that provides 

uniform time resolution in the whole frequency range, the WT provides high time resolution at 

the expense of frequency resolution for high frequencies and high frequency resolution 

combined with low time resolution for low frequencies. The human ear exhibits similar time-

frequency resolution characteristics, thus the WT is very well suited for music processing. 

Signal characteristics can be efficiently located in the space and frequency domains. Therefore 

wavelets offer a solution for analyzing nonstationary and unpredictable signals that contain low 

frequency components and fast transitions at the same time.  

The most significant property of the wavelet transform is that the width of the window is 

changed as the transform is computed for every single spectral component. The continuous 

wavelet transform is defined as: 

 
1

( , ) ( , ) ( ) *x x

t
CWT sc sc x t dt

scsc

ψ ψ τ
τ τ ψ

− = Ψ =  
 ∫  (26) 

where the transformed signal xCWTψ  is a function of τ and sc, the translation and scale 

parameters, respectively. ψ(t) is a finite length oscillatory function, called the transforming 

function or mother wavelet. The mother wavelet is a prototype for generating the other window 

functions; the term mother implies that the functions with different region of support that are 

used in the transformation process all inherit the properties of this main function.  

Instead of frequency and time used at STFT, the wavelet transform generates scale and 

translation values. The scale parameter can be considered as the respective measure for the 

STFT frequency. It is defined as 1/frequency. Translation corresponds to the time information 

at STFT, it is the location of the window, as the window is shifted through the signal.  

The Discrete Wavelet Transform (DWT) is a special case of the WT that provides a 

compact representation of a signal in time and frequency that can be computed efficiently. The 

DWT is defined as: 

 /2( , ) ( )2 (2 )j j

j k

W j k x k n kψ− −= −∑∑  (27) 
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where y(t) is the mother wavelet, with finite energy and fast decay. The DWT analysis can be 

performed using a fast, pyramidal algorithm related to multirate filterbanks [101].  

As a multirate filterbank the DWT can be viewed as a constant Q filterbank with filters that 

have their centers in one octave distance from each other. As we move to higher subbands, the 

number of the samples in the subband increases; it is always twice the number of the samples in 

the previous frequency subband.  The pyramidal algorithm analyzes the signal at different 

frequency bands with different resolution by decomposing the signal into a coarse 

approximation and detail information. The coarse approximation is then further decomposed 

using the same wavelet decomposition step. This is achieved by successive highpass and 

lowpass filtering of the time domain signal: 
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where [ ]highy k , [ ]lowy k  are the outputs of the highpass and lowpass filters, respectively, after 

subsampling by 2. Because of the downsampling the number of resulting wavelet coefficients is 

exactly the same as the number of input points. Different wavelet families have been proposed 

in the literature, the best one must be chosen for each application. 

Wavelet functions can be either orthogonal or nonorthogonal. Orthogonal wavelet functions 

are only used in discrete transforms, and they are often called wavelet basis. When using 

orthogonal wavelets, the number of convolutions at each scale is proportional to the width of 

the wavelet basis at that scale. The resulting wavelet spectrum contains discrete blocks of 

wavelet power which gives a very compact representation of the signal. For time series analysis 

the orthogonal functions are not particularly useful since an aperiodic shift in the time series 

produces a different wavelet spectrum. 

Nonorthogonal wavelet functions can be used with both the discrete and the continuous 

wavelet transform. Contrary to the compact representation of orthogonal analysis, 

nonorthogonal analysis is highly redundant at large scales, where the wavelet spectrum at 

adjacent times is highly correlated. The nonorthogonal transform can be used for time series 

analysis, where smooth, continuous variations in wavelet amplitude are expected. Since the 

wavelet transform is a bandpass filter with a known response function (the wavelet function), it 

is possible to reconstruct the original time series using either deconvolution or the inverse filter. 

This is straightforward for the orthogonal wavelet transform, but for the continuous wavelet 

transform it is complicated by the redundancy in time and scale. Thus, the applicability of the 

latter in the current work is questionable. 
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Also, through our measurements we came to the conclusion that in the case of musical 

recordings of large polyphony levels the discreet wavelet transform does not provide an 

acceptable resolution in frequency. This finding is consistent with the conclusion of other 

researches pursuing similar targets to the current work [108]. 

2.3 Optimizing and improving the original STFT 

Frequency domain processing has several advantages over time-domain signal manipulation. 

One of the most important features of the frequency domain image is that it resembles the 

operation of the human ear in many respects. Magnitudes can easily be imagined as an 

equivalent of ‘loudness’ we hear, while frequency is similar to ‘pitch’. Although STFT is 

considered a less capable alternative to wavelet transformation and the like, this thesis employs 

the STFT transformation along with important modifications to the original STFT algorithm in 

order to improve its preciseness. The reason for this is that the improvements were found so 

useful that the quality of the resulting STFT image still outperformed alternative data 

representations in many respects. 

The transformation of a sampled signal to frequency domain can be carried out by Short 

Time Fourier Transform. Unlike many other transformations and signal models, the STFT 

transformation has a very important feature: it is reversible. On the other hand, its resolution in 

time and frequency is limited by the uncertainty principle: either we get fine resolution in time 

and low resolution in frequency, or the other way around, depending on the frame size used for 

the transformation. Due to the latter property the STFT has somewhat lost its popularity among 

researchers, and alternative methods for generating frequency-domain-like representations have 

gained interest recently.  

However, using the right parameters, in combination with other post processing methods 

the STFT can provide very precise results. This section proposes simple, yet powerful 

extensions that are able to generate a spectrogram of the recording that is much more precise, 

and thus more suitable for musical analysis than the conventional STFT spectrogram. The 

following subsections go through some of the most popular and/or most important possible 

modifications and well as the selection of the best parameters for the STFT transformation 

when applied to polyphonic music signals.  

2.3.1 Coherent sampling 

Coherent sampling (or resampling) is the method used in many oscilloscopes that emulate the 

real (continuous) Fourier Transform. If we have a simple signal (sine, saw tooth, triangle etc.), 

we may be able to determine a frame length that is in an integer relationship with one period of 
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the signal. Using such a frame will not introduce any non existent components in the DFT 

image, thus in this case the DFT image will give the same result as the real Fourier Transform. 

However, we might not always be able to determine the appropriate frame length. 

Combining 10-20 simple waveforms already makes it unlikely that we find a relatively short 

frame length that suits all the component waveforms, not to mention, of course, real-life 

recordings which consist of hundreds of components. The more components we have, the more 

complex it is to find the right frame size, and the greater in length that frame will be. This 

means that even if we found the right size, it would be so big that it would not make sense to 

analyze it. The music would namely have a number of musical transients during this time, 

which would make the DFT analysis useless. 

We can therefore state that while resampling can be very efficiently used at e.g. speech 

recognition tasks, where there are less components, using it with complex musical recordings is 

not advisable in general. 

2.3.2 Frequency estimation 

The uncertainty principle is a serious limitation of the STFT. Although it is not possible to get 

around it, there exist methods that provide a more precise reinterpretation of the same data. In 

[110] a frequency estimation method is shown, that approximates the true frequencies present 

in the original signal from the phase values in subsequent STFT frames. The original algorithm 

needs two subsequent frames for the calculation of a so-called true frequency value for each 

bin. Let { },*
,

t kj

r t kx e
ϕ

τ
⋅= ⋅x  denote the spectrum of the signal2. If the signal sample rate is 

samplingf  and the frame size is K then the nominal frequency belonging to the kth bin is  

 ,  0<
sampling

nom

k

f
f k k K

K
= < ∈N . (29) 

Let our subsequent frames start at t1 and t2, respectively. The true frequency of bin k at time t2 

can be expressed from its deviation from nom

kf  as 

 2

2

,

, 2

dev

t ktrue nom

t k kf f
ϕ

π τ
= +

⋅
, (30) 

                                                
2 In this document the magnitude spectrum is used most of the time to describe signals. Therefore symbols (x, c, s, 
etc.) without exponent are used to cover this representation. Exponent * is used to denote that the full spectrum is 
considered (including the phases) instead of the magnitude spectrum. 
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with 

 
2 2 2, , , 2dev expt

t k t k t k lϕ ϕ ϕ π= − + ⋅ , (31) 

and 

 
2 1, , 2expt nom

t k t k kfϕ ϕ τ π= + ⋅ , (32) 

and 

 2 1t tτ = −  (33) 

Figure 4: Frequency Estimated magnitude spectrogram of a signal which consists 
of a diatonic scale from C5 to C6 played by an acoustic piano.  
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where ,xt kϕ  represents the STFT phase value of bin k in frame x, 
2 ,
expt

t kϕ  is the expected phase 

value for the second frame; 
2 ,
dev

t kϕ  is the deviation between the expected and measured phase; 

,
true

t kf  is the estimated true frequency of bin k for the first frame, and 
2 ,

: dev

t kl Z π ϕ π∈ − < ≤ + . The 

greater the time difference between the start of the frames the more precise the estimated value 

of ,
true

t kf  can be. On the other hand, big time differences limit the maximum detectable distance 

between ,
true

t kf  and nom

kf .  

Figure 4 shows the frequency estimated version of the piano scale that was plotted using the 

standard spectrogram in Figure 1 (page 11). The coarse hatching structure of the standard 

spectrogram (Figure 1) is easy to notice by observing the horizontal lines. These lines 

correspond to the fixed nominal frequencies of the individual bins in the standard DFT 

spectrum. On the other hand, the new true frequency assigned to each bin by the Frequency 

Estimation method is not restricted to be one of the nominal frequencies. As a result the FE plot 

in Figure 4 does not exhibit the hatching nature of its predecessor.  

Figure 5 shows a short fragment of ‘Bach – Johannes Passion (Von den Stricken meiner 

Sünden mich zu entbinden)’. The standard STFT spectrogram of the recording is shown in a), 

while the Frequency Estimated spectrogram is shown in b)3.  The effectiveness of this 

representation is obvious: although the image of the FE spectrogram is still complex, one can 

                                                
3 This and many following similar figures were generated by the ReChord PC application, which is a software 
implementation for demonstrating many of the results of this dissertation. The software is covered in more detail 
in Section 6.2. 

Figure 5: Comparison of the standard STFT and Frequency estimation 

a) Standard STFT a) Frequency Estimation 
02 
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recognize many parts of the observed music, while seeing through the standard spectrogram is 

extremely complex. We can see that there is a singer in the recording, indicated by the 

alternating curve (vibrato), and there are some long notes, indicated by straight lines. 

2.3.3 Window functions 

Windowing has been widely used as a method for simulating that a finite signal is infinite in 

time. Applying an envelope to the signal in the frame in time-domain can significantly decrease 

the range of the smearing. Individual window types will emphasize parts of a signal in different 

ways, thus giving different results. Some have better separation capabilities for close 

frequencies, while others give better hint to the original amplitude. Figure 6 shows the most 

widely used window types. 

Figure 6: Window functions. Left: frequency falls to a bin; 
Right: frequency falls between two bins 
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Choosing the right window function is just as complex as choosing the right data length. In 

general, if the characteristics of the sound signal are unknown prior to the process, best results 

are achieved using the Hanning window. Applying zero padding and frequency estimation to 

the signal does not change this rule of thumb. Kaiser and Blackman windows may also be a 

good choice. However, in our subjective tests it turned out that the frequency estimation 

algorithm tends to be less accurate when used in combination with latter window functions, 

especially Kaiser. Since detecting the real frequencies would be much harder without this 

a) Hanning window 

b) Blackman window 

c) Kaiser-Bessel window 

Figure 7: Effect of the window type to the STFT spectrogram 
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algorithm, it is desirable to choose a window function provides the best results when used with 

frequency estimation. 

In our tests the quality of the calculated spectrograms was moderately affected by the 

choice of the window function. Figure 7 shows the spectrogram of the same recording created 

by using three different window-functions that were found the best for the task. The Hanning 

and the Blackman window were found to be one of the most effective, yet easy-to-implement 

window functions. Blackman has another advantage over Hanning: due to its property that it 

provides energy content that is almost independent from the source frequency in the signal it 

fits very well into the framework of current research, where our instrument samples store the 

sum energies of frequency bands. However, the difference between the two windows is minor 

as the Hanning window also provides very accurate energy levels (see later Figure 41). 

2.3.4 Optimizing the frame size 

The quality provided by the STFT is highly dependent on the used frame size, regardless of 

whether the Frequency Estimation method is used or not. Bigger frames make it possible to get 

finer results in frequency domain. If we have two waves close to each other in frequency, than 

the bigger the frame size, the more chance we have to separate the two from each other in the 

generated spectrogram. However, large frame sizes also have disadvantages, since they may 

contain too long part of the music. If the frame contains any musical transients (like two or 

more musical notes following each other), note onsets and offsets will get smeared, making the 

result unusable for analysis purposes. It is obvious that there will not be one appropriate size 

that fits all the needs in every application. 

Figure 8 shows the effect of the frame size to the frequency estimated spectrogram. The 

images show that even with the proposed extension the frame size has to be chosen carefully. 

The examined musical piece (fragment from Bach – Johannes Passion (Von den Stricken 

meiner Sünden mich zu entbinden)) contains notes that have constant frequency and the voice 

of an artist singing vibrato notes. It seems hard to make a decision on the right frame size in 

this case. Some parts are better ‘caught’ with shorter frame sizes, like the voice of the singer 

that is indicated by the alternating curve; others need longer frames, like the long horizontal 

lines that belong to the sustained oboe notes. The former is absolutely blurred with long frame 

sizes, while the latter is very fuzzy, almost unrecognizable if short frames are used.  

Since there are other important factors that influence the quality of the generated 

spectrogram, we will not draw any conclusions here yet. However, we can conclude that in 

general, we should stay in the 1024-8192-sample-long range. Shorter sizes may only be used 

for monophonic music with very fast transients, longer sizes for rare transients but very 

complex polyphony, many notes close to each other. We can never analyze these together.  
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a) Framesize = 1024 b) Framesize = 2048 

c) Framesize = 4096 d) Framesize = 8192 

e) Framesize = 16384 

Figure 8: Effect of the framesize to the STFT spectrogram 
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2.3.5 Zero padding 

If finer resolution of the frequency range is desired, longer frames must be used. Naturally this 

approach has the drawback of having too much information in one frame. For example 

analyzing a 1024 sample long frame in a 44100samples/sec recording (typical CD quality 

recording), the frame length in time is 23msec. Such a short part of a recording can be 

considered more or less stable in the sense that it contains no transitions from one musical note 

to another. However, the frequency resolution of the DFT image will be very rough. If we take 

a 32768-sample-long frame (743msec), we get a much finer resolution but there is a great 

probability that the frame will contain musical transients. It can be rephrased as there is too 

much data in the frame, which makes the analysis useless. 

Zero padding is a commonly used technique [157] that intends to combine the advantages 

of the two approaches by providing fine detail in frequency but keeping the amount of analyzed 

data low. It provides the same advantages as redundant variations of STFT as it improves the 

interpolation in frequency domain, but it is much easier to implement. The idea is to analyze 

the data of a short time period with a greater frame size by adding zeros after the actual data 

(see Figure 9). Zero padding in the time domain acts as an ideal frequency interpolating 

function in the frequency domain (for time-limited signals) [158]. Although the procedure does 

not reduce the sidelobes created when using temporal windows, it helps to remove ambiguities 

due to discretization of the Fourier transform. 

 

 
Figure 9: Zero padding 

 

The advantage of increasing the resolution can be best observed when we have more 

components in the signal close to each other. These components generate amplitudes on the 

same bins when the distance of the bins is too high in frequency, but are more separable when 

the resolution is higher. This is due the fact that there are more bins in the same frequency 

range.  

Figure 10 shows the same recording analyzed with different data/padding ratios. The 

amount of analyzed data was always the same (2048 samples), but we changed the length of the 

zero padding after the actual data (thus the frame size too). The picture shows that larger 

data/padding ratios with the same amount of real data give better results – the image gets 
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‘clearer’ (however, over data/padding=1/7 the quality increase becomes insignificant). Of 

course, using large windows and zero padding is time-demanding, but in cases where quality is 

the only concern, the usage of zero-padding is strongly advised. 

No matter how we increase the resolution of the DFT using zero padding, smearing will 

never disappear. Moreover, its envelope will be of the same shape and size in frequency range, 

regardless of how many bins that range includes.  

2.3.6 Phase Memory 

Let’s get back to the Frequency Estimation technique described in 2.3.2. Sometimes, mainly for 

lower frequencies or complex signals with many components, ,
true

k tf  will fluctuate around the 

a) Frame size = 2048, data = 2048, 
data/padding: 1/0 

b) Frame size = 4096, data = 2048, 
 data/padding: 1/1 

c) Frame size = 8192, data = 2048, 
data/padding: 1/3 

d) Frame size = 16384, data = 2048, 
data/padding: 1/7 

Figure 10: Effect of the framesize to the STFT spectrogram 
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actual frequency that is present in the original signal. For periodic waves a solution is proposed 

here to overcome the issue. In this case the true frequencies can be found more precisely by 

taking the weighted average of the last p, current and next p phase deviations. This extension 

will be referred to as Phase Memory4 (PM) and the new PM estimated true frequency can be 

calculated as 

 2

2

,
,,

, 2

dev PM

t ktrue PM nom

t k kf f
ϕ

π τ
= +

⋅
, (34) 

where the deviation between the expected and measured phase is 
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,
,

,

x p

x p

x x p

x p

t

dev

t k t k

t tdev PM

t k t

t k

t t

c

c

ϕ

ϕ

+

−

+

−

=

=

⋅

=
∑

∑
. (35) 

An even more precise approximation can be obtained if the deviation is calculated from the 

weighted sum of previous and future phase values as in 
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,
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x x
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t k t k
dev PM x
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c x
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ϕ ϑ
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ϑ

∞

=−∞
∞

=−∞

⋅ ⋅
=

⋅

∑

∑
, (36) 

where ( )xϑ  denotes the weighting function. In this research the Hanning function – which is 

widely used in combination with the STFT transformation – was also employed in (36) as the 

weighting function. More information on the Hanning window and other window types can be 

found in [85]. 

Figure 11 shows the efficiency of the FE and PM methods on a real-life music signal 

compared to the standard STFT spectrogram. Unlike the pure STFT, the PM estimated true 

frequency values can provide enough preciseness for the separation of harmonic (quasi-

periodic) input signals. In cases where the analyzed signal contains aperiodic components the 

FE method is still applicable, while using the PM extension is advisable mostly for analysis 

purposes, e.g. for plotting a spectrogram for the user to aid the process of entering the musical 

score. As real-life instruments do contain noise-like components in many cases, in our work we 

restricted the usage of the Phase Memory to signal analysis tasks like spectrogram plotting.  

                                                
4 Although the Phase Memory method is a new result of the author, it is not part of any of the three theses, as it is 
not directly used in the proposed separation algorithms. However, the author feels that it is an important method 
and the separation system introduced later uses it for UI improvement purposes. 
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The next sections are devoted to the contributions of current work in the field of sound 

source separation. The work is divided into three theses. The first two of them provides a set of 

tools, on the grounds of which the third thesis proposes a complete separation system 

architecture. 

The first thesis deals with the definition of sound source separation. It covers why sound 

source separation is an underdetermined problem and proposes a simplification in order to 

decrease the complexity of this problem. After that it studies the applicability of the simplified 

model along with the resulting separation error in different cases. 

The second thesis provides a solution for decomposing audio signals to periodic and 

aperiodic components. 

The third thesis introduces a system architecture for the separation of individual note 

signals. The separation system uses samples of instruments for its operation. A possible model 

for instrument prints is established. An algorithm is also proposed for dividing the energy of the 

input to multiple channels in a way that the output channels resemble the instrument prints as 

much as possible. In addition to that the thesis also offers a solution for handling the beating 

effect in the output channels. 

Figure 11: Methods to refine the standard STFT spectrogram 

a) STFT spectrogram b) Frequency 
Estimation 

c) Freq.Est + Phase 
Memory 
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3. Thesis I: The separation problem and its simplification 

Publications: [172], [173], [174], [176], [178], [184] 

Current thesis presents the mathematical grounds of the sound source separation problem. As 

the solution of the separation problem is rather complicated, if not impossible, the thesis 

proposes a form of simplification to the original equations. The advantage of this simplification 

is that the modified source separation problem becomes much easier to solve, while the main 

disadvantage lies in artifacts appearing in the separated channels.  

The thesis also examines the theoretical quality loss caused by the simplification. In 

addition to that, it gives a measurement method that can be used to evaluate any source 

separation method, be it based on the proposed simplification or not. The measurement method 

described here can be applied in test cases when the original channels are available individually 

and can be compared to the resulting separated channels. 

3.1 The simplified separation problem 

In this section the complexity of the source separation problem is discussed briefly. Due to the 

lack of information alternative solutions will have to be considered that approximate the 

solution of the original equations. Thus, a simplified version of the equation system will be 

proposed further on which makes it possible to carry out the separation at the expense of 

slightly lower quality. By applying the change the separation problem will be simplified to a 

credit assignment issue where we have to work out how the energy on the bins was generated.  

Let { },*
,

r kj

r r kc e τγ
τ τ

⋅= ⋅c  denote the spectrum of the polyphonic recording for a frame starting 

at time rτ; and let { }, ,*
, , ,

i r kj

i r i r ks e τσ
τ τ

⋅= ⋅s  represent the spectrum of original note i.  

 * *
,r i r

i

τ τ
∀

=∑c s , (37) 

where , , , , , ,, , ,r k i r k r k i r kc sτ τ τ τσγ +∈R . (37) is an underdetermined system of equations which 

cannot be solved unambiguously without any further constraints. Unfortunately, our knowledge 

on the original notes is rather limited. The limitations we have to face are as follows. No 

precise information is available on the fundamental frequency ,
base

i rf τ  of the original notes, their 

onset/offset, the gain settings used for recording the note signals, and their volume, intonation 

etc. are even more uncertain, not to mention that they may also change over time.  

Let’s examine the case where there are two notes that share their onset 0rτ = . It leads to 

the following equation system: 
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,1 1, ,1 2, ,1

,2 1, ,2 2, ,2

, 1, , 2, ,

,1 1, ,1 2, ,1

,2 1, ,2 2, ,2

, 1, , 2, ,

...

r r r

r r r

r K r K r K

j j j

r r r

j j j

r r r

j j j

r K r K r K

c e s e s e

c e s e s e

c e s e s e

τ τ τ

τ τ τ

τ τ τ

σ σγ
τ τ τ

σ σγ
τ τ τ

σ σγ
τ τ τ

⋅ ⋅ ⋅

⋅ ⋅ ⋅

⋅ ⋅ ⋅

⋅ = ⋅ + ⋅

⋅ = ⋅ + ⋅

⋅ = ⋅ + ⋅

 (38) 

This is an underdetermined system of equations. If we have sample notes each describing a 

note that is close to the original, it means that we have estimates ( ,
sample

i rτs ) for the magnitude 

values, while we still have very little information on the phases. Substituting , ,i r ks τ  with the 

estimate magnitudes , ,
sample

i r ks τ  from the sample, each equation will have two solutions.  

 

,1 1, ,1 2, ,1

,2 1, ,2 2, ,2

, 1, , 2, ,

,1 1, ,1 2, ,1

,2 1, ,2 2, ,2

, 1, , 2, ,

...

r r r

r r r

r K r K r

j j jsample sample

r r r

j j jsample sample

r r r

j j jsample sample

r K r K r K

c e s e s e

c e s e s e

c e s e s e

τ τ τ

τ τ τ

τ τ τ

σ σγ
τ τ τ

σ σγ
τ τ τ

σ σγ
τ τ τ

⋅ ⋅ ⋅

⋅ ⋅ ⋅

⋅ ⋅ ⋅

⋅ = ⋅ + ⋅

⋅ = ⋅ + ⋅

⋅ = ⋅ + ⋅

� �

� �

� �

K

 (39) 

In the case where there are three or more component notes, we have endless solutions again: 

 

,1 1, ,1 2, ,1 3, ,1

,2 1, ,2 2, ,2 3, ,2

,

,1 1, ,1 2, ,1 3, ,1

,2 1, ,2 2, ,2 3, ,2

, 1,

...

r r r r

r r r r

r K

j j j jsample sample sample

r r r r

j j j jsample sample sample

r r r r

j

r K r

c e s e s e s e

c e s e s e s e

c e s

τ τ τ τ

τ τ τ τ

τ

σ σ σγ
τ τ τ τ

σ σ σγ
τ τ τ τ

γ
τ

⋅ ⋅ ⋅ ⋅

⋅ ⋅ ⋅ ⋅

⋅

⋅ = ⋅ + ⋅ + ⋅

⋅ = ⋅ + ⋅ + ⋅

⋅ = 1, , 2, , 3, ,

, 2, , 3, ,
r K r K r Kj j jsample sample sample

K r K r Ke s e s eτ τ τσ σ σ
τ τ τ

⋅ ⋅ ⋅⋅ + ⋅ + ⋅

 (40) 

If the precise base frequency ,
base

i rf τ  of the notes in question is known (which is very unlikely, 

even for fixed frequency instruments like a piano), we can provide further relationship between 

subsequent , ,i r kτσ  phases for certain bins, that hold periodic information. For instruments that 

do not have any aperiodic components at all (there are very few such instruments, mainly 

electrical ones), we get the following equation system:  

 

0 , 1,0 , 2,0 , 3,0 ,

, 1, , 2, , 3, ,

0 , 1,0 , 2,0 , 3,0 ,

, 1, , 2, , 3, ,

, , ,( 1) ,

k k k k

r k r k r k r k

j j j jsample sample sample

k k k k

j j j jsample sample sample

r k r k r k r k

i r k i r k

c e s e s e s e

c e s e s e s e

τ τ τ τ

τ τ τ τ

σ σ σγ
τ τ τ τ

σ σ σγ
τ τ τ τ

τ τσ σ σ

⋅ ⋅ ⋅ ⋅

⋅ ⋅ ⋅ ⋅

−

⋅ = ⋅ + ⋅ + ⋅

⋅ = ⋅ + ⋅ + ⋅

= + ∆ , ,i r kτ

 (41) 

where the delta phases , ,i r kτσ∆  can be obtained from a stored sample with the very same base 

frequency, and we can utilize relationships between the k ,0 ,i kτσ  values in each sample note. 

However, this case is very unlikely, and we are almost certainly going to deal with notes with 

both periodic and aperiodic components. 
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The lack of constraints does not allow for decomposing the recording *
rτc  to an array of 

signals that are perfect replicas of the original *
,i rτs  ones. As the exact solution to (37) is very 

complex, a more reasonable goal has to be set: decomposing the recording to signals which 

resemble the original components or – lacking the original note signals – resemble at least 

samples of the same instrument.  

The term resemblance is of course a natural expression taken from real life rather than an 

exact mathematical expression or measure that can be calculated. In the case of an automated 

algorithm, however, it must be defined in an exact manner in order to be able to interpret and 

validate the results of the separation step.  

There is a difference between cases where the original note signals are available, and can be 

compared to the separated note signals (e.g. test scenarios), and cases where the separation 

results can only be compared to instrument samples. Section 5.4 provides more details on the 

latter, defining the resemblance of separated notes to bandograms, while Section 6 covers test 

cases, where the output quality of the separation system can be measured and compared to 

other separation approaches. 

As (37) cannot be solved, we have to reach for alternative solutions or simplifications to the 

original problem. It is advisable to modify (37) in a way that causes as little difference in the 

perceived quality by humans as possible, while allowing for a simpler solution for (37). Many 

efforts have been dedicated to studies of the human auditory system. Ohm stated that human 

auditory perception is insensitive to the phase information of the component signals [138]. 

Later it was found that this is only true if the components are not closer to each other than a 

critical bandwidth [140]. Current researches conclude that hearing is based on the amplitude of 

the frequencies, and is generally insensitive to their phase [141]. The shape of the time domain 

waveform is only indirectly related to hearing, and usually not considered in audio systems. 

Subjective evaluations have shown that the relevancy of phase parameters of sinusoids 

generally is so low that a representation that neglects the phase information can very efficiently 

provide the same perceived quality as the original signal as long as phase continuity is 

guaranteed between subsequent frames [142]. 

Based on these findings, the simplification for (37) proposed in this thesis eliminates the 

unknown ,0 ,i kτσ  phases from the original equation system. Let’s assume that 

 , , ,r k i r kτ τγ σ=  (42) 

for all instruments (i), in time frame rτ and bin k. This modification, motivated by the 

characteristics of human audio perception, exploits the fact that the human ear is much more 
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sensitive to amplitude differences than phase distortions. The simplified equation system can be 

formed now as 

 , , ,ˆ
r k i r k

i

c sτ τ
∀

=∑ , (43) 

where { },*
, , ,
ˆ ˆ r kj

i r i r ks e τγ
τ τ

⋅= ⋅s  represents the spectra of the separated instrument note signals. It is 

also advisable to consider a { },*
,

ˆˆ r kj

r r kd e τγ
τ τ

⋅= ⋅d  spectral residual component, which contains 

any energy that is not allocated to any of the separated note signals (because e.g. the separation 

algorithm cannot decide the origin of some leftover energy): 

 , , , ,
ˆˆ

r k i r k r k

i

c s dτ τ τ
∀

= +∑ . (44) 

Now we are looking for , ,î r ks τ  and ,
ˆ
r kd τ  for each i, rτ, k if  ,r kc τ  and ,r kτγ  are known. Of course, 

any modifications will have smaller or greater impact on the quality of the separation, causing 

artifacts in the output signals which may have to be addressed later. The simplification 

proposed here has the following drawbacks: 

o It does not handle periodic signals well with closely located frequencies. Two or more 

such signals cause beating in the recording: the signal will contain energy only on one 

frequency with fluctuating amplitude. The separated notes will have the same 

properties: cancellations will appear in the separated notes too. Perfect cancellation of 

the original note signals will be also handled poorly. However, this case is theoretically 

undetectable by any other possible methods since the signal is completely lost. 

o A periodic signal and an aperiodic one in the same frequency range will not be 

separable. Either there will be both periodic and aperiodic components in the separated 

notes, or one of them will be zero, while the other contains both components. 

 

These problems must be covered later with post-separation methods. The expectations for the 

quality loss are as follows: 

o Best-case scenario: If the original notes are in phase and their frequency matches, the 

simplification does not introduce any artifacts. 

o Worst-case scenario: If the original notes have opposite phases and their frequency 

matches the separation step will not handle the cancellation effect at all, and only the 

difference of the two original note energies will be split between the resulting separated 

notes, instead of dividing the absolute sum of their energies. 
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o Real-life scenario: The real-life performance is between the best and worst cases. As 

real-life notes practically never have the same frequency, and their base frequency even 

changes over time, their phase relation will always fluctuate between the two mentioned 

cases. It is also important to mention that the error caused by the simplification is higher 

at notes close in frequency, while close to zero at distant ones with non-overlapping 

spectrograms. 

 
Experiments and mathematical calculations have been carried out also to determine the 

energy loss ratio caused by the simplification. The average values showed close to 0% of 

energy loss for distant frequencies, and 35% for very close frequencies. In other words, in a 

typical case 0% and 35% will be lost, respectively, of the original energy if the simplified 

algorithm is employed. Section 3.2 elaborates these experiments. 

3.2 Mathematical evaluation of the separation error  

In this section mathematical calculations are presented that visualize the effect of the 

simplification proposed in Section 3.1. 

Let x(t) and y(t) denote the time function of two sinusoidal signals: 

 
( ) sin( )

( ) sin( )
x x

y y

x t A f t

y t A f tϕ ϕ

= ⋅ ⋅

= ⋅ ⋅ +
 (45) 

where 0 2ϕ π< <  is the phase difference between the signals, Ax and Ay denote the amplitude, 

and fx and fy denote the frequencies of the two signals. To transform the time-domain signals to 

frequency domain a window-function is first applied to the signals. Although there are several 

other window types, in this research the Hanning window was utilized due to its property that it 

provides energy content that is almost independent from the source frequency. The windowed 

signals can be expressed as: 

 
( )
( ),

( ) ( ) 0,42 0,5cos(2 ( / )) 0,8cos(2 ( / ))

( ) ( ) 0, 42 0,5cos(2 ( / )) 0,8cos(2 ( / ))

Hann

Hann

x t x t t T t T

y t y t t T t Tϕ ϕ

π π

π π

= ⋅ − +

= ⋅ − +
 (46) 

After transforming the windowed signals to frequency domain with Fast Fourier Transform, let 

X and Yφ denote the frequency-domain image of xHann(t) and yHann,φ(t), respectively. Let’s 

consider the case where the two signals share the same frequency. In this case if φ=0, adding 

the signals xHann(t) and yHann,φ(t) in time domain results in the direct addition of X and Yφ in 

frequency domain. Since the phase difference is φ=0 the simplification we make by (42) will 

cause no quality degradation if used in any sound processing algorithm, since, in fact, the 

assumption made about the phases is true. The energy loss caused by the superposition of the 
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two signals will be zero. On the other hand, for φ=π the superposition of the two signals will 

result in the subtraction of their frequency-domain image. If they are of the same amplitude, 

they will cancel out completely. In the latter case the energy loss is 100%. Any other phase 

deviation will cause an energy loss between 0% and 100%. 

For cases where the signal frequencies are not equal, the energy loss can be difficult to 

predict. The best case scenario can be expressed as 

 , , 1 max
x ylossBestCase f f

X Y
E

X Y

ϕ
ϕ

ϕ

+
= −

+
, (47) 

while in the worst case the energy loss is 

 , , 1 min
x ylossWorstCase f f

X Y
E

X Y

ϕ
ϕ

ϕ

+
= −

+
. (48) 

The actual energy loss will fluctuate between the best and worst cases. The average loss can be 

calculated as: 

 

2

0

, , 1
2x ylossAverage f f

X Y
d

X Y
E

ϕ

ϕϕ

ϕ
Π

=

+

+
= −

Π

∫
 (49) 

Figure 12 shows simulation results of the superposition of test signals with arbitrary 

frequencies and equal signal amplitudes. In the best case the energy loss is always close to zero, 

which means that the two signals do not interfere with each other with the studied STFT frame 

size (1024 in this test). In this case the simplification does not introduce any error. The worst 

case scenario is more complex. For signals of equal frequency the worst case energy loss is 

100%, while this value decreases as the frequencies of the two signals get more distant from 

each other. The average loss shares the same characteristics as the worst case loss. The average 

loss for equal frequencies is around 35%, and it decreases as the frequency deviation increases. 

This means in an arbitrary case we will lose 0% and 35%, respectively, of the original energy if 

we employ simplification (42). 

Figure 13 depicts simulation results examining how the amplitude relation affects the 

energy loss. Here two test signals of the same frequency (1000Hz) were tested at different 

amplitudes. Figure 15 shows how the worst-case and average energy loss ratios change as both 

the frequency and the amplitude of one of the signals change while the other one is fixed (at a 

frequency of 1000Hz). 
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Mathematical calculations have shown the theoretical consequences of the simplification 

that is applied to the source separation equation system. Section 3.3 shows measures that can be 

used to evaluate the performance of a possible source separation system. This allows for a 

comparison between different source separation systems.  

3.3 Measuring the separation error in real source separation systems 

In this paragraph a measure is presented that can reliably evaluate the performance of an 

arbitrary source separation algorithm. Although the proposed measure can be (and will be) used 

as an indicator of the quality of the separation system introduced in Thesis III., it is important 

to emphasize that its usage is not bound to that system in any way. On the contrary, it allows 

Figure 12: Cancellation analysis: energy loss for close frequencies 

 

a) Best case 

 

b) Worst case 

 

c) Average 
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other separation systems to be tested and compared, as long as their performance is evaluated 

using the same test set. 

The measure we are looking for is desired to have similar properties to the human ear:  

o The measure should be sensitive to amplitude differences between the source and 

separated channels 

o The measure should be insensitive to phase distortion if phase continuity is 

guaranteed between subsequent frames 

If the input channels are not available separately then calculating the error of a specific 

separation case is not possible. However, we can get a good hint on the quality of an arbitrary 

separation algorithm by testing it with known input channels. Figure 14 depicts the block 

diagram of a system that can be used to measure the quality of a separation algorithm.  

Figure 13: Cancellation analysis: energy loss for equal frequencies with different 
amplitudes 

a) Worst case 

 

b) Average 
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Figure 14: Architecture for testing the performance of a sound source separation system 

 

The input waveforms are first mixed together as in 

 
1

( ) ( )
I

i

i

c n s n
=

=∑ , (50) 

where ( )is n  is the (sampled) waveform of the component note signals and ( )c n  is the 

waveform of the mixed signal, ˆ ( )is n  represents the waveform of the separated signal for note i, 

while ˆ( )d n  is the residual. The signal is then fed to the separation system. The separated note 

waveforms appearing on the output of the separation system are then compared to the originals.  

A commonly used measure for comparing the input and output note signals is the signal-to-

residual (SDR) calculation. This measure assumes that the employed separation algorithm 

preserves the phase information of the input mixture. In this case an error between the original 

and the output waveforms can be obtained by subtracting the output signal from the original 

ones in time domain. The mean-square level of each error signal is computed over the whole 

signal. A signal-to-distortion ratio can then be obtained by comparing these levels to the 

original: 
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∑
∑

. (51) 

The quality of a separation algorithm may be considered good even if it does not preserve 

the phase information of the input notes. Since humans are much less sensitive to phase 

distortion than amplitude distortion, we may face cases where the perceptual quality of the 

separated notes is not in accord with the SDR results calculated using (51). For separation 

systems that guarantee phase continuity for the separated signals, but do not preserve the 

original phases, we may encounter incorrect SDR results in many cases. Although the quality 

of certain separated notes may sound satisfactory for the human ear, the calculated SDR value 

will still indicate very low separation quality for certain signals.  

In most cases the incorrect SDR scores can be explained by phase distortion between the 

original signals and the mixture that was generated from them. When two or more of the 
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original signals contain energy on common frequencies then the phase of the resulting mixture 

may deviate from the phases of the original signals. This difference is seldom audible to human 

listeners; however, it highly affects the SDR value. 

To overcome this issue we must realize that under normal circumstances a human listener is 

not able to sense any difference between two signals that differ by their phase, but otherwise 

have the same energy content (except for very rare cases or some synthetic tests). Therefore I 

propose another measure here that is based on human audio perception. Instead of comparing 

the time-domain waveforms to the time-domain residual, the SDR error levels are recalculated 

using the frequency-domain representation of the signals. The error can now be expressed as: 

Figure 15: Cancellation analysis: energy loss for close frequencies with different 
amplitudes 

a) Worst case 

 

b) Average 
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The proposed definition (52) is more liberal to separation artifacts than (51), thereby 

resulting in higher quality scores in many cases. It focuses only on the energy content and its 

distribution throughout the frequency range. It allows the spectrogram of separated note signals 

to deviate from the originals to some extent on the magnitude axis as well as and on the 

frequency axis (e.g. the separated note has a bit different base frequency than the original note. 

Although it contains no explicit constraint on the phases, it does ensure phase continuity. Phase 

distortions without phase continuity would affect the energy distribution as well.  

We must note that there is no definite relation between the two SDR definitions. 

Nevertheless, where the one shows lower quality, the other will usually (but not always) show 

performance degradation as well. 

3.4 Summary 

The thesis covered the following topics: 

• I have proposed a simple modification to the sound source separation problem. This 

modification basically neglects the phase information in the STFT image of the signals. 

By simplifying the rather complex equation system to a much more manageable set of 

constraints, we are left with a credit assignment problem where we have to detect how 

the energy in the signal was originally generated. 

• I have mathematically evaluated the theoretical quality loss caused by building a 

separation system on the top of the simplified constraints.   

• I have proposed a new measure for the practical quality evaluation of separation 

systems. This measure better follows the operation of the human ear than previous 

measures. 
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4. Thesis II: Periodic/aperiodic decomposition of sound signals 

Publications: [182], [183] 

Digital signal processing applications have become quite common and accessible for the public 

in the past decade. The list of applications employing DSP algorithms is already huge, and is 

growing each day. Audio processing is no exception. However, most audio algorithms have one 

thing in common: they usually do not work directly on the signal in time-domain, but transform 

the input signal into a representation that better suits the task.  

Due to the nature of real-world signals, most tasks have to cope with the dual-component 

structure of sound: it is the composition of a periodic (or harmonic, deterministic) part and an 

aperiodic (or noise-like, stochastic) part. The recognition of the fact that the two components 

usually need to be handled in a completely different manner requires solutions for isolating 

them from each other. 

This thesis takes up the task of decomposing digital sound signals into an aperiodic and a 

periodic component. The algorithm proposed here is based on the Short Time Fourier 

Transform. The periodic/aperiodic decomposition is carried out on the level of the Fourier bins, 

rather than on a higher level. Each bin is tested for local periodicity criteria, creating two 

groups of active bins. After that the two component signals of the input are rebuilt from the 

respective bins.  

4.1 Approaches to periodic/aperiodic decomposition 

Speech signal decomposition to periodic and aperiodic components has attracted a lot of 

research efforts in the past. Many efforts have been dedicated to the problem of model 

identification [94], [122], and a number of writings are available that provide a good overview 

of the field [84], [123]. Prony's method [124] is a technique for extracting the sinusoid or 

exponential signals by solving a set of linear equations for the coefficients of the recurrence 

equation that the signals satisfy. It is closely related to Pisarenko's method [125], which finds 

the smallest eigenvalue of an estimated covariance matrix.  

Autoregressive moving average (ARMA) methods are widely used in speech processing 

[134]. They are suitable for problems where the signal can be modeled by known source 

functions with a few adjustable parameters. Harmonic plus Noise Models (HNM) based on 

these methods are employed in many researches for decomposing, modifying and synthesizing 

human speech [135]–[137]. HNM often divides the sound spectrum into two bands. These 

bands are separated by the maximum voiced frequency, which is a time-varying parameter. The 

lower band is assumed to contain the periodic content, thus it is modeled as sum of harmonics; 

while the higher band is assumed to be dominated by modulated noise. 
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The decomposition can also be performed on an approximation to the excitation signal, 

instead of decomposing the source signal directly, as proposed in [127]–[129]. Here, the linear 

prediction residual signal is used as an approximation to the excitation signal of the vocal tract 

system. Decomposition into periodic and aperiodic components is accomplished by first 

identifying the frequency regions of harmonic and noise components in the spectral domain. 

The signal corresponding to the noise regions is used as a first approximation to the aperiodic 

component. An iterative algorithm is proposed which reconstructs the aperiodic component in 

the harmonic regions. The periodic component is obtained by subtracting the reconstructed 

aperiodic component signal from the residual signal. The individual components of the residual 

are then used to excite the derived all-pole model of the vocal tract system to obtain the 

corresponding components of the speech signal. 

A slightly different approach is introduced in [121]. The work discusses an 

analysis/synthesis method designed to obtain musically useful intermediate representations for 

sound transformations. The method’s underlying model assumes that a sound is composed of a 

deterministic component plus a stochastic one. The deterministic component is represented by a 

series of sinusoids that are described by amplitude and frequency functions. The stochastic 

component is represented by a series of magnitude-spectrum envelopes that function as a time-

varying filter excited by white noise. Together these representations make it possible for a 

synthesized sound to attain all the perceptual characteristics of the original sound. 

The above mentioned analysis/synthesis technique is based on the short-time Fourier 

transform (STFT). From the set of spectra returned by the STFT, the relevant peaks of each 

spectrum are detected and used as breakpoints in a set of frequency trajectories. The 

deterministic signal is obtained by synthesizing a sinusoid from each trajectory. Then, in order 

to obtain the stochastic component, a set of spectra of the deterministic component is 

computed, and these spectra are subtracted from the spectra of the original sound. The resulting 

spectral residuals are approximated by a series of envelopes, from which the stochastic signal is 

generated by performing an inverse-STFT. 

A similar approach was also proposed in [126]. The most important difference here is the 

estimation technique used for the approximation of the harmonic component. The approach 

makes use of a time-domain pitch-detector based on a normalized cross-correlation function. 

Most contributions are based on parameter estimation of the harmonic part of the input 

signal. This estimation usually finds the most probable pitch, the fundamental frequency of the 

input signal. This approach works well for speech signals. However, other types of input, like 

music where there are many harmonic components at the same time, may require a different 

approach. In this thesis the decomposition of the periodic and aperiodic parts are not achieved 

by the approximation and resynthesis of the fundamental frequency. The signal is still 
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considered to be the composition of a harmonic part and a residual, but the approach introduced 

here is not model-based in the sense that independent harmonic sources in the signal are not 

located. Instead of searching for harmonic components, the periodic/aperiodic decision is made 

on a lower level. STFT bin phases are used in the decision of each Fourier bin’s periodicity 

status. The spectrum of the signal is then split into two spectra, one consisting of the bins 

previously marked as periodic, the other consisting of bins previously marked as aperiodic. 

This approach has the advantage of being reversible: it is possible to get back the exact same 

input signal by remixing the separated components.  

The following sections provide the detailed description of the basics of the decomposition 

algorithm. The transformation from time domain to frequency domain is carried out by using 

the frequency estimator proposed by Brown [110]. The details of this method were elaborated 

earlier in Section 2.3.2. The actual decomposition step is elaborated in Section 4.2. Then, 

Section 4.3 deals with the fine-tuning of the parameters of the algorithm also showing synthetic 

test results. 

4.2 The periodic/aperiodic decomposition algorithm 

The approach proposed in the thesis decomposes the STFT spectra of the original signal on the 

level of the Fourier bins. Each Fourier bin will be considered periodic or aperiodic based on 

how the bin’s current true frequency relates to its ‘frequency history’ and ‘frequency future’, 

that is, the true frequencies in previous and future frames (see Frequency Estimation in Section 

2.3.2). A measure is needed that reliably tells apart aperiodic, noise-like components from 

periodic components, even in cases when the frequency of the periodic signal is slowly but 

continuously changing (e.g. vibrato of a violin note). Subjective measurements suggest that 

observing quadratic deviations between subsequent past true bin frequencies provides a good 

hint about a bin’s periodicity. 

Let ,
true

r kf τ  denote the true frequency of the kth bin for the frame starting at time rτ  and 

( ) ,
true

r p kf τ−  denote the true frequency of the same bin in the previous frames starting at ( )r p τ− . 

Let ,r kD τ  denote the sum of the quadratic deviations between subsequent true frequencies in the 

last P frames: 

 ( )2, ( ) , ( 1) ,

P
true true

r k r p k r p k

p P

D f fτ τ τ+ + −
=−

= −∑ . (53) 

The decision on the periodicity of one specific bin at time rτ can be based on the 

corresponding ,r kD τ  value. If ,r kD τ  is under a certain threshold, the bin is considered to be 

periodic, otherwise aperiodic. The periodicity detector function can be defined as: 
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where ,r kτϑ  denotes the periodicity status of bin k in time rτ and M is an experimental value 

defining the maximum sum quadratic deviation that is considered periodic. Using this 

definition the input signal can be expressed as 

 per aper= +c c c  (55) 

with 

 , , ,
per

r k r k r kc cτ τ τϑ= ⋅  (56) 

and 

 , , ,(1 )aper

r k r k r kc cτ τ τϑ= − ⋅  (57) 

where ,
per

r kc τ  and ,
aper

r kc τ  denote the magnitude of the separated periodic and aperiodic components 

of the input signal. 

The presented measure for periodicity provides a binary decision for each bin in each time 

frame. Although the measure is reliable for synthetic tests, signals encountered in real-life, 

especially polyphonic material, often pose a problem. Binary decision assumes that there are no 

components in the signal that overlap in frequency. However, real-life signals usually contain 

overlapping components, some of them periodic, others aperiodic. For a bin that holds energy 

originated from both periodic and aperiodic sources the periodicity detector will not be able to 

provide 100% accurate results. There may be cases when the periodicity status of one bin will 

oscillate between periodic and aperiodic. This causes audible artifacts in the two separated 

components. 

This issue is overcome by extending the latent range of the decision function ,r kτϑ  from 

{0,1} to [0,1], allowing a middle range in the decision between periodic and aperiodic. This 

range may be imagined as a certainty of periodicity between 0.0 and 1.0. The periodicity 

detector , ,( )r k r kDτ τϑ  can now be expressed as a function with the following properties: 

o Bins with constant true frequencies are periodic:  

 (0) 1ϑ = , 

o Bins with periodicity above a certain threshold are considered aperiodic, under 

another threshold they are periodic (M2 ≥ M1 > 0): 
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o ( )xϑ  is a monotonically decreasing function:  

 1 2 1 2  ( ) ( )x x x xϑ ϑ≤ ⇒ ≥ . 

 
The original algorithm can also be further improved by emphasizing frequency differences 

from closer times. Using the weighted sum of squares of frequency deviations (53) can be 

expressed now as 

 ( )2, ( ) , ( 1) ,( ) true true

r k r p k r p k

p

D p f fτ τ τς
+∞

+ + −
=−∞

= ⋅ −∑ , (58) 

where ( )xς  is a weighting function with similar recommended properties to the window-

functions used at STFT calculation: 

o The weighting function should have its maximum at zero. In other words the frequency 

deviation that is closest to the observation time should have the largest weight: 

 
'(0) 0,

''(0) 0,

ς
ς

=

<
 

o Frequency deviations farther in time than a certain L threshold should not be considered 

in the calculation: 

   ( ) 0L x xς< ⇒ = , 

o ( )xς  should monotonically increase for past deviations and decrease for future ones: 

 1 2 1 2  ( ) ( )x x x xς ς< ⇒ > . 

Although the above mentioned criteria are usually recommended for the periodicity detector, 

some cases may require a different ( )xς  weighting function. One example is a signal with 

harmonic components and short noise bursts or sudden onsets. In this case past frequency 

deviations are of little use in the detection of the current frame’s periodicity. Situations like this 

may require considering the use of a ( )xς  weighting function that neglects past deviations or at 

least favors future ones.  The best type of weighting function should be chosen for each 

application. 
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It must be noted that the presented measure provides acceptable results only when the 

signal contains no stationary noise component. If this kind of noise is present, then the true 

frequencies of periodic bins will also start to fluctuate, making it impossible to distinguish 

periodic bins from aperiodic ones. However, apart from some extreme cases of modern art 

(where it is even arguable if the piece can be considered music at all), natural music rarely 

contains such stationary components. Therefore in the scope of this work the applicability of 

the proposed method is not limited. 

4.3 Fine-tuning of the algorithm and test results 

To effectively employ the periodicity detector its parameters have to be optimized.  This 

section covers some practical details of the algorithm. The separation is sensitive to the 

following parameters: 

o Step length and frame size 

o ( )xς  weighting function 

o ( )xϑ  periodicity decision function 

e) STFT spectrum of separated 
periodic component of the synthetic test 

d) STFT spectrum of separated 
aperiodic component of the synthetic 

c) STFT spectrum of original synthetic 
test signals 

a) Waveform of test noise component 

b) Waveform of full test signal: noise 
component added to 500Hz sine wave 

Figure 16: Periodic/aperiodic decomposition using example test signal 1 

05 

06 

06 

08 07 



SECTION 4 - THESIS II: PERIODIC/APERIODIC DECOMPOSITION OF SOUND SIGNALS 

 53 

 

In my tests I used CD-quality signals (44100 samples/sec) with a frame size of 2048 

samples. Previous researches showed that shorter frames do not provide enough resolution in 

frequency for music analysis, while longer frames cannot reasonably follow fast spectral 

changes in the test signals. 

The greater the time difference (step length) between the start of the frames the more 

precise the estimated value of 
2 ,
true

t kf . On the other hand, big time differences limit the maximum 

detectable distance between 
2 ,
true

t kf  and nom

kf . I found smaller step sizes to be more suitable for 

periodicity detection. In the research a big overlap of 128 was used, which means that the delay 

between the starting time of two subsequent windows were 1/128 the length of the frame. 

a) STFT spectrum of the original synthetic test signal 2 

b) STFT spectrum of separated aperiodic component 
of the synthetic test signal 2 

c) STFT spectrum of separated periodic component 
of the synthetic test signal 2 

Figure 17: Periodic/aperiodic decomposition using example test signal 2 
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Greater overlaps did not seem to produce audibly better results, while smaller values did 

decrease the decomposition quality significantly. Latter is due to the fact that the maximum 

detectable deviation of the true

kf  true frequency from the nom

kf  bin frequency was too low, in 

other words the phase change  
2 1, ,t k t kγ γ−  on the bins was too fast. 

In order to analyze the effect of the weighting function on the quality I built a set of 

synthetic test samples. Each sample consisted of a sine signal as the periodic component, to 

which I added white-noise with different spectral properties (different spectral energy 

distribution and/or magnitude) as the aperiodic component. Figure 16 a) shows the waveform 

of nine different noise components, while b) depicts the full test signal (sine + noises). Latter 

waveform was fed into the decomposition algorithm which was then carried out using 

weighting functions of different types and sizes. Finally the separated components were 

subtracted from the original ones in time-domain, resulting in a signal that contains only the 

separation error.  

Table 1 presents the RMS of the decomposition errors for different weighting functions. 

Figure 16 c) shows the spectrogram of the previous nine test signals, while d) and e) show the 

separated aperiodic and periodic components, respectively. Note that the algorithm was able to 

perform the decomposition with acceptable result even for the last three signals, despite the fact 

that the energy of the noise component was considerably higher than the energy of the 

sinusoidal part. Although the image shows some grain in these cases, we must keep in mind 

that the noise/harmonic ratio was 10dB, which means the original sine wave was hardly 

audible. 

Table 1: Decomposition error (dB (RMS)) 

size/shape of ( )xς  6ms 12ms 23ms 46ms 
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The synthetic test results show that the quality of the periodicity detector mostly depends on 

the support range of the weighting function. Raw RMS values suggest that the larger the 

support range the better the decomposition quality will be. However, this is only true for 

signals where the frequency of the harmonic component does not change often. If the location 

of the harmonic component changes, new harmonic components appear or existing ones end, it 

will take some time till the periodicity detector reflects the change. This is shown on Figure 17. 

As my long term interest in separation mainly involves digital processing of musical signals, 

the algorithm was also tested on polyphonic music material. Of course in these cases the 

original harmonic and stochastic components are not available for comparison with the output. 

Human listeners were asked to evaluate the output results of the algorithm with different 

weighting functions. It was found that the best result was achieved by using a weighting 

function with a support range of 23 ms. 

 
The optimal shape of the ( )xϑ  periodicity decision function was also investigated. Using M 

for the periodicity threshold and 2m for denoting the range of uncertain decision the following 

types of decision functions were tested: 
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Human listeners were asked to evaluate the decomposition results. While test subjects 

reported inferior quality with audible artifacts for (59), they were unable to differentiate 

between the output of (60) and (61). The quality was reported to be dependant mostly on M and 

2m. However, subjects could not always agree on optimal values, which is in accordance with 

the fact that the term periodicity is not used in the strict sense, but as a very subjective term. 

For example, the onset of a sine wave or a pure sine wave with constantly increasing amplitude 

that one describes as periodic can be considered aperiodic by others. The most favored values 

were 
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and 

 0,2m M≈ ⋅ . (63) 

 

4.4 Summary 

The thesis covered the following topics: 

• I have proposed a simple, yet elegant and powerful algorithm for the decomposition of 

audio signals to periodic and aperiodic components. Test cases were presented that 

validated the basic idea of the approach.  

• I have shown by using synthetic test results that the separation was of relatively good 

quality even in cases when there was a considerably big amplitude difference between 

the harmonic and noise components. 
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5. Thesis III: Sound source separation system based on instrument 
prints 

Publications: [172], [173], [174], [176], [177], [178], [179], [180], [181], [183], [184], [185] 

This thesis proposes a sound source separation system for isolating user specified note signals 

from the remaining part of the recording. The proposed separation system is based on the 

model-driven approach as well as on sparse methods. 

The separation system introduced here makes use of the findings of the previous two theses. 

It carries out the separation based on the simplified separation problem introduced in Thesis I. 

It employs reference models of real-life instruments that help in the solution of the credit 

assignment problem. The distribution of the energy of the input recording between the output 

channels is carried out by the Simplified Energy Splitter. 

The sound source separation system employs the periodic/aperiodic decomposition 

technique described in Thesis II as a quality improvement. 

The novelty of the approach lies in both the way instruments are modeled, and the SES 

algorithm, which makes it capable of separating sources even when they share the same 

fundamental frequency. 

5.1 Overview of the separation system 

The whole separation system operates in frequency domain. For that reason all time-domain 

signals have to be transformed to frequency domain before processing. Likewise, at the output 

the frequency-domain images of the separated note signals must be transformed back to time 

domain. In addition to the usual STFT transformation some further steps are also included that 

provide quality improvements over the original STFT method. Figure 18 depicts the block 

diagram of the Signal Preprocessor that transforms the input waveform into a low-level 

frequency-domain-like representation that is employed in the separation system. The Signal 

Preprocessor comprises three steps: a conventional STFT transformation, a Frequency 

Estimation (elaborated earlier in Section 2.3.2) and a periodic/aperiodic decomposition step 

(elaborated earlier in Thesis II.). These techniques make it possible to obtain a far more precise 

spectrogram than the one provided by the STFT algorithm.  

The sound source separation system itself can operate in two modes. The first one is the 

instrument print creation mode. Here sample waveforms from real-life instruments are taken 

and transformed to a representation that will later be useful for the separation algorithms. For 

this purpose we propose the instrument print model which is based on the bandogram 

representation of instrument sounds. A bandogram is similar to a spectrogram in many respects. 

However, the main difference lies in its resolution through the frequency range. A bandogram 
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stores the sums of energies located in frequency 

bands of logarithmically growing width. For 

separation purposes sets of instrument 

bandograms are needed from each instrument 

playing in the musical piece to be separated. 

Section 5.2 elaborates the details of bandogram 

and instrument print creation. Figure 19 depicts 

the signal flow and blocks of the process, while 

the notation used is explained in Table 2. 

The second operation mode, the separation 

mode, is depicted in Figure 20. It allows for the 

extraction of individual note signals from the 

source recording into multiple output tracks. In 

this operation mode the separation system has 

three inputs: the original music, the musical score 

that is entered by the user, and the instrument 

prints that were created in the first operation 

mode. The difficulty of the separation task can be 

attributed to the lack of information about the original notes of the recording. Section 5.3 

covers the details of the separation problem.  

The separation system has three main parts in the second operation mode. These are: the 

Sample instrument 
notes 

STFT 

Freq Est 

W 

S 

F 

Figure 18: Signal flow and block 
diagram of the signal preprocessor 

Periodic/aperiodic 
decomposition 

F(ap) 

Table 2: Notation of the sound separation block diagram 

W Waveform: Simple waveform 

S Spectrogram: Simple STFT spectrogram. Stores the ,k tc  amplitude and ,r kτγ  phase 

values for each bin. 

F FE spectrogram: Frequency estimated spectrogram. ,r kc τ  bin amplitudes and ,r kτγ  

phase values remain the same as those of the simple STFT, but an ,
true

r kf τ  true 

frequency value is stored in addition for each bin. 

B Bandogram: A spectrogram split to subbands, in which the energy is summed. Only 

these sums are stored, no detailed information on bin amplitudes and no phase 

information either. 

(a) Aperiodic component: the aperiodic (noise-like) component of a signal 

(p) Periodic component: the periodic (deterministic, harmonic) component of a signal 

(ap) Aperiodic and periodic component: two signals, one containing the aperiodic, the 

other containing the periodic component 
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playmode & volume (P&V) detector5, the 

Simplified Energy Splitter (SES) and the 

beating corrector. The task of the P&V 

detector is to complete the information on 

the musical score that was given by the user. 

It was found, that the user input concerning 

the locations of the notes can be considered 

satisfactory both in time and frequency. 

However in early tests it turned out that 

specifying the correct intonation is often 

difficult for the user. As later steps will 

require this information, the P&V detector is 

employed to gather the missing data. 

Practically it selects the most suitable 

bandograms from an instrument print for 

each note in the recording at a given time. 

The detection is covered in Section 5.4. The beating correction and resynthesis step searches 

for cancel points in the separated note signals by comparing them to reference instrument 

prints. If cancel points are found, respective areas are amplified to eliminate this artifact. This is 

covered in 5.6. 

The Simplified Energy Splitter can be considered the main module in the separation 

architecture. Its task is to redistribute the energy content of the input recording between the 

several output channels. It provides a fair division of the energy between the channels based on 

the notes’ onset and offset, base frequency function, volume and playmode function. The 

detailed description of this block can be found in Section 5.5. 

The output signals generated by the SES may contain amplitude fluctuations on the 

fundamentals or overtone frequencies of the separated notes. In other words, the output of the 

SES may suffer from the beating effect. This is due to the fact that the amplitude fluctuations 

were already present in the source recording. However, while they may have been hard to 

recognize for the listener due to the complexity of the sound mixture, they become audible in 

the separated note signals. This phenomenon is addressed in the last step of the separation 

process, the beating correction, which is covered in Section 5.6. 

The following sections will guide the reader step by step through the separation process. 

Each section will cover one block in detail. 

                                                
5 The term playmode is defined and explained later in Section 5.2.2 (page 64). As for now, the reader may imagine 
it as a measure that indicates the hardness (e.g. piano) or sharpness (e.g. saxophone) of instrument notes. 

Sample instrument 
notes 

Instrument print store 

Bandogram 
calculation 

W 

B(ap) 

Figure 19: Signal flow and block 
diagram of the instrument print creation 

Signal  
preprocessor 

F(ap) 
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5.2 Instrument prints 

The main complexity of sound separation lies in the paradox that we need to regain information 

from a signal that does not fully contain it. Even today we are far from understanding every 

detail of human sound perception and selective listening. However, studies conclude that we 

use the memory of instruments and the musical score of the piece being performed ([143]–

[146]). This is our source of additional information.  

P&V detector 

 

SES 

remainder 
Separated 
 note 

 
STFT-1 

STFT-1 

Separated note(s) Remainder 

... ...

. . .
Instr_1 
samples 

Instr_n  
samples 

Beating 
Correction 
and Resynth 
 

+ 

selected samples 

Figure 20: Signal flow and block diagram of the separation process 

User input 
(score, notes to isolate) Polyphonic signal 

W 

F(ap) 

F(p) 

W 

W 

F(ap) 

F 

. . .

Signal 
preprocessor 

F(ap) B(ap) 

B(ap) B(ap) 

Instrument print store 

+ 

F(a) 

W 

W 

F(ap) 

Other 
notes 
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One of the fundamental difficulties of sound separation is, however, the problem of 

detecting octaves. Simple Fourier series theory suggests that if two periodic signals are related 

by an octave interval, the note of higher relative pitch will share all of its partials with the note 

of lower pitch. Without making strong assumptions about the strengths of the various partials 

(i.e., some kind of instrument model), it will not be possible to detect the higher-pitched note. 

For this reason, it is necessary to rely upon another form of knowledge about musical signals in 

order to resolve the potential ambiguity. Overlapping notes make it necessary to divide the full 

energy between the notes to be separated. A decision has to be made regarding the ratios of the 

original energy that will be transferred from the STFT spectrogram of the recording to different 

separated notes. This research proposes Instrument Prints as instrument models that will help 

make that decision. 

5.2.1 Instrument note basic features 

The most basic signal features of natural instrument notes are their base frequency along with 

the corresponding subjective attribute pitch and the noise-like component they carry [112]. In 

other words, most of the pitched sounds are complex waveforms consisting of several 

components that can be categorized either as a periodic or aperiodic component. Periodic 

components are called partials or harmonics. The frequency of each such component is the 

multiple of the lowest frequency fbase, called the fundamental frequency. Their time function 

can be expressed as 

 0
1

( ) sin(2 )
P

p base

p

s t a p f tπ ϕ
=

= ⋅ ⋅ ⋅ ⋅ ⋅ +∑ . (64) 

where ap is the amplitude of the p
th partial, P is the total number of partials and 0ϕ  is the 

starting phase. The aperiodic component has a noise-like waveform, and its time function 

cannot be effectively predicted. 

The perceptual counterpart of frequency is pitch, which is a subjective quality often 

described as highness or lowness. Although the pitch of complex tones is usually related to the 

pitch of the fundamental frequency, it can be influenced by other factors such as for instance 

timbre. Studies have shown that one can perceive the pitch of a complex tone even though the 

frequency component corresponding to the pitch may not be present (denoted as missing 

fundamental) [114] (pp 274.) Pitch perception issues are covered in [113], [114] and many 

other researches. Reviewing the literature dealing with pitch perception is it out of the scope of 

this thesis.  

In Western music, the pitch scale is logarithmic, i.e. adding a certain interval corresponds to 

multiplying a fundamental frequency by a given factor. The interval is defined by a ratio 
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between two fundamental frequencies f1 and f2. For an equal-tempered scale, a semitone is 

defined by a frequency ratio of 

 
1

12
2 1 2f f = . (65) 

An interval of n semitones is defined by 

 12
2 1 2

n

f f = , (66) 

that is, the interval in semitones n between two fundamental frequencies f1 and f2 is defined by 

 ( )2 2 112 logn f f= ⋅  (67) 

The first harmonic frequencies of a tone with the approximate intervals from the fundamental 

frequency are represented in Table 3. 

Table 3: Intervals between the first 8 harmonics of a complex tone and its fundamental 
frequency fbase. Example for the harmonics of A 

Harmonic Freq Approximate interval with fbase Pitch class 

1 fbase Unison A 

2 2·fbase Octave A 

3 3·fbase octave + 5th E 

4 4·fbase 2 octaves A 

5 5·fbase 2 octaves + major 3rd C# 

6 6·fbase 2 octaves + 5th E 

7 7·fbase 2 octaves + 7th G 

8 8·fbase 3 octaves A 

 
In Western music notation and equal-tempered scale, fundamental frequencies are 

quantized to pitch values using a resolution of one semitone. The A 440 Hz is considered as the 

standard reference frequency, although we cannot assume that orchestras will always be tuned 

to this pitch.  

The importance of understanding the described structure of instrument notes becomes 

obvious if we consider that in many music cultures harmonic notes are usually favored over 

inharmonic ones. This means that some of the harmonics of one note is very likely to coincide 

Figure 21: Harmonic series of note A2 (‘great A’ in musical notation, 110Hz) 
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with the base tone or a harmonic of another one. In these cases the energy splitter needs a hint 

on how big amount of the full energy on a certain frequency belongs to the different 

simultaneously playing notes. 

As a simple example, consider two sounds: the note E 660Hz played on a piano, and the 

same note played simultaneously with the note E 1320Hz (one octave higher). The difference 

between the two sounds is clearly audible to a human listener familiar with the piano timbre. 

Such a person can easily tell which one is an octave and which is a single note.  However, a 

person who is unfamiliar with the piano timbre might mistake the octave relation for a single 

note with pitch corresponding to that of the lower E, particularly if the context of the single 

note is not provided. After listening to a full piano piece, or even just some measures the 

listener gets to know the instrument and will be able to distinguish the two different notes in the 

recording next time. 

5.2.2 Instrument print structure 

At some point additional data have to be supplemented to the separation system in order to 

complete the missing data. Copying nature has many times been proven to be the right 

approach. This section presents a way of implementing a memory of known instruments that 

tries to mimic the way the human brain works. 

The approach proposed in this thesis for the separation is halfway between model based and 

sparse approaches. On the one hand I have established a vector model with adjustable 

parameters to describe different instrument note signals. This model stores an effective 

representation of individual instrument note signals. On the other hand, the stored vectors can 

also be considered a dictionary built of different samples from different instruments, from 

which only a few are active at any given time instance. From this perspective the approach is 

also a sparse representation of polyphonic music. 

Various dictionaries have been used in the literature. Windowed sinusoidal atoms were 

used for building dictionaries in speech modification [147] and audio coding tasks [148]. Gabor 

atoms, the complex expansion of sinusoidal atoms have been used in audio signal 

decomposition scenarios [149] and audio coding [150], [151]. Damped sinusoids were used in 

[152], and wavelet-based approaches were discussed in [153]. Chirped Gabor atoms were 

proposed in [154] and [155], on the ground of which [156] built a mid-level representation of 

instrument sounds. Latter defined instrument specific harmonic atoms and molecules for 

analyzing musical instruments that produce harmonic sinusoidal partials only. 

In [115] experiments are presented that examine the dynamic attributes of timbre evaluating 

the role of onsets in similarity judgments. In these experiments human listeners were asked to 

compare samples of real instruments that were artificially modified in various ways. It also 
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gives an overview of other researches tackling the challenges of the identification of the most 

important instrument sounds properties that allow a human listener to distinguish them. The 

presented experiments lead to the conclusion that the rapidity of the attack of instrument tones 

as well as general differences in their amplitude envelopes contribute the most to similarity 

judgments. My instrument model is partly based on the results of [115] in the sense that it 

contains feature vectors based upon the amplitude envelope of instruments. The model 

proposed here also shares common features with the mid-level representation described in 

[156], such as the way the amplitude envelope is calculated (by summing the windowed 

sinusoidal partials). 

In the current research I faced a slightly different challenge. Since not only the recognition 

of the individual note signals, but also their resynthesis is desired, this separation scenario 

requires a more detailed model of the instruments than recognition tasks. I also consider 

instruments with non-harmonic components, which requires knowledge also on the aperiodic 

part of instrument signals. On the other hand, in my case many parameters (onset, offset, 

fundamental frequency, instrument type) of the individual notes in the recording are available 

prior to the separation. Therefore I needed a slightly different model than the one used in [156].  

5.2.2.1 Playmode 

The proposed instrument model, the instrument print, contains samples from an instrument on 

different frequencies and with different playmodes. The term playmode refers to the way a note 

was generated. There are several ways to play the various instruments. Hitting the keys of the 

piano with different strength produces different variations of the same note, while one produces 

this effect with the saxophone by blowing the instrument in different ways. To tackle this 

problem I introduce the notion of the playmode that addresses this property of instruments 

collectively. Figure 22 depicts the spectra of three 220Hz piano notes generated by pressing the 

A3 key in different ways: first the key was hit softly (piano), then somewhat harder 

(mezzoforte), then even harder (forte). Figure 22 a) shows the spectra of the three sounds 

(sampled 0.5 secs after the attack, frame size 2048 samples ~ 46ms), while b) shows the same 

spectra normalized in a way that the amplitude of the first harmonic matches in the three 

samples. It is obvious that although the very same key was hit on the instrument, the shapes of 

the three spectra are different, which means one of them cannot be obtained by merely 

amplifying the other.  

The piano can generate sounds with different hardness: its playmode space is one 

dimensional6. However, an instrument print can have more than one playmode dimensions, 

                                                
6 Some artists state that piano notes differ also in properties other than hit hardness. As this difference is much less 
significant than hit hardness, those factors are not considered in this work. However, there is no theoretical 
impediment to modeling those also with the method proposed in this dissertation. 
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depending on the various ways an instrument can be played. There can be e.g. a hardness 

dimension for piano notes ranging from 1 to 10, while a saxophone may have loudness, 

sharpness etc. dimensions. These dimensions cannot always be defined in mathematical terms; 

very often they can only be labeled by subjective ones like the ones mentioned above. In short, 

an instrument print is much like a collection of samples on different f0 fundamental frequencies 

and different values in the playmode space 1 2[ , ,... ]pm m m=M . Although it is not yet the final 

definition, for now we can regard a print as an A amplitude function 

 ( , , , )basef f tA M  (68) 

with the following conditions:  
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Figure 22: Spectrum of piano note A3 with different key hit hardness  
(from left to right: piano, mezzoforte, forte) 
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This function shows how amplitudes change over time (t) over the frequency range (f) for a 

specific note played on basef  fundamental frequency and played with playmode M .  

5.2.2.2 Bandrum and bandogram 

In reality, the model will not store all the samples an instrument can produce, only a few of 

them, located on different frequencies and playmodes. The samples will also be finite in time. 

As an instrument may produce slightly different variations of the same note each time it is 

played, it is also advisable to tolerate small differences of the note signals. Therefore, instead of 

storing a full spectrogram, the frequency range is divided to subbands and only the sums of the 

amplitudes in these subbands are stored. Figure 23 illustrates this approach (for one time 

instant). A bandrum is created from the spectrum of a signal, and the bandogram of a sample 

can be viewed as an array of such bandrums, calculated at different (subsequent) times. 

The bandogram representation provides a certain tolerance that will be important later in the 

process of matching the spectral envelope of the stored samples to the ones in the real 

recording. Too wide subbands lead to a model where the distinction of the various instruments 

is not satisfactory, while too narrow bands render the system too sensitive to small spectral 

differences of the note signals. The subbands are aligned on a logarithmical frequency scale. 

The sum of the energy is calculated in each subband and stored in the bandogram. A 

bandogram is calculated from a sound signal that contains one note in isolation originating 

from a specific instrument. It can be defined as: 

 
,
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r kf b r
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 (69) 

where ,r kc τ  is the spectral amplitude value of bin k in the frame starting at time rτ, 
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identifies the specific subband, R defines the resolution in log frequency, that is, the number of 

subbands per octave, and ( , , )basef f bρ  is a function that is true if the frequency distance 

between f and basef  is b subbands: 
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Choosing the appropriate resolution (R) of the aperiodic bandogram is of great importance 

as it can affect the overall aperiodic separation quality. When low R values are used we may 

not be able to differentiate between aperiodic components originating from different 

instruments, while too high resolution will be too sensitive to minor anomalies in sounds 

originating from the very same instrument. 

I have carried out experiments to find the optimal bandogram resolution in frequency. In 

these experiments a full separation process was carried out with different resolutions for the 

aperiodic instrument bandograms. Each resolution was tested with 100 different input signals, 

and the same 100 input signals were used for all the other resolutions. The tested resolutions 

were 3, 4, 6, 8, 12, 16, 32, 48, 64 and 128 bands per octave.  

Figure 24 depicts the results of the experiments. Separating materials of low polyphony 

level seems to produce better results with slightly lower R values, while higher polyphony 

levels require somewhat finer resolution in the bandogram for producing optimal results. 

However, the final outcome of the test series suggests that R should be in the range between 12 

and 48. In this range the quality hit is not too relevant. The best results can be obtained using 

24R = , while 12R =  may also be preferred due to its correspondence with the number of 

semitones per octave. In this study 12R =  was used as it provides good enough resolution in 

frequency, and it is also easy to understand as an octave consists of 12 semitones (see later). 
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Figure 24: Relation between separation quality and aperiodic bandogram resolution 
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Figure 25: Relation between separation quality and aperiodic bandogram resolution; 
Average SDRF 

5.2.2.3 Interpolation of arbitrary samples 

The number of recorded instrument bandograms is finite both in frequency and playmode 

spaces. However, the separation step that is described in detail later may require samples on 

arbitrary frequencies and playmodes. When a sample is needed that is not contained by the 

instrument print, the needed sample must be interpolated from the existing ones. However, the 

selection of the most suitable interpolation method may not be obvious. Therefore it was 

studied how the energy at different overtones changes as the fundamental frequency increases. 

I have studied the spectral properties of many different instruments. For that purpose 

samples were taken of instruments playing notes on many different base frequencies ( basef ). 

Then for each sampled note the energy content on the relevant overtone frequencies 

( basef , 2 basef⋅ ,…, basen f⋅ ) was analyzed. (Around 5-15 overtones were usually found relevant, 

higher overtones contained very little energy and were excluded from this measurement.) The 

energy on a particular overtone was then plotted as a function of the base frequency. The 

envelopes of the generated energies for four instruments are shown on Figure 27–30.  I found 

that there is no general trend for the overtone energies that is applicable for all instruments. In 

other words, we cannot estimate how the energy levels on different overtones will relate to each 

other and/or the base frequency of the played note without knowing which particular 

instrument we are observing. Different instruments have different overtone envelopes. 

Furthermore, even the shape of the individual envelopes may be irregular. This is due to the 
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fact that certain notes are generated in a slightly different way than others by the very same 

instrument. For some woodwind instruments like the flute, for instance, higher notes are 

achieved by forcing the air column to sound its second harmonic, up an octave from the 

fundamental. This is achieved by a process called overblowing the flute, and the notes produced 

are said to be in the upper register of the flute. String instruments have more strings and the 

playable notes can be divided into groups according to the string that is used to produce the 

note in question. To complicate things, a certain note may be generated using another string if it 

is required by the musical piece. For this reason it can be stated that although close notes (e.g. 

C and C#) usually share similar energy characteristics, there are many cases where the energy 

relation of the overtones differs significantly for two neighbor notes.  

As the energy content of the notes at different overtones may significantly differ even for 

notes closer in frequency, I have concluded that the quality achieved later at the separation step 

is much more dependent on the number of the sampled notes, than the employed interpolation 

method. Therefore linear interpolation was used in the research for interpolating both in the 

frequency and the playmode spaces. In other words, it is always the best to have many samples 

instead of having just a few and relying on tricky interpolation methods. If the playmode space 

is one dimensional, the interpolation can be written as follows: 

 ( )( )
( )( ){ ( )( )

( )( ) ( )( ) }
1 1 1 1

1 1 1 1
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1 1 1 1
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− − − +
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1m−  

m  

1f−  
basef  1f+  

Figure 26: Interpolation from existing samples 
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where basef +∈R , ,b r +∈N , 1m−  and 1m+  are the previous and next closest sampled playmodes 

around the unsampled m,  1f−  and 1f+  are the previous and next closest sampled frequencies 

around basef basef  (see Figure 26) 
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Figure 27: Cello overtones 
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Figure 28: Bassoon overtones 
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Figure 29: Alto flute overtones 
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Figure 30: Piano overtones 

5.2.2.4 Periodic component 

The findings described so far were suitable for general purpose sound signal description. 

However, the periodic component of instrument note signals has some special properties that 
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make it advisable to handle it separately from the aperiodic component. Therefore in this 

research the sample representation introduced in (69) was used only for the aperiodic part of 

instrument signals. The periodic part was modeled in a slightly different way. Dealing with 

these two components separately allows for a more precise instrument model that has certain 

advantages (like the possibility of beating correction) that will be elaborated later.  

As harmonic instruments usually generate periodic vibrations on frequencies that are the 

multiple of the fundamental frequency, it is unnecessary to store the energy distribution of the 

periodic energy in frequency areas other than these overtone frequencies (except for some rare 

cases like tubular bells). Thus, for the periodic part only the energies on the base and overtone 

frequencies are inspected. The periodic part of an instrument print can be defined as: 

 ,, , ,
( , , )

base

per base

per per

r kf o r
f f o

A c ττ
ρ

= ∑M
 (73) 

where o identifies the overtone, and 

 
: 1
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base base
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f f o
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ρ

 ⋅ − ∆ < < ⋅ + ∆
= 


, (74) 

where ( , , )per basef f oρ  is a function that is true if the frequency f is the oth overtone of basef . 

Minor deviations from basef  are allowed, and the maximum allowed deviation that is still 

considered an overtone is defined by 

 basef f δ∆ = ⋅  (75) 

with 

 
12 2 1

0,029732
2

δ
−

≈ ≈  (76) 

where δ is an experimental value. The equation basically says that all coefficients on the bins 

are summed in 
, , ,base

per

f o r
A

τM
 where the true frequency of the bin is closer to the base frequency of 

the sample than to the next halftone. For the oth overtone, the same frequency bandwidth is 

used as for the fundamental frequency, that is, the same amount of deviation from the ideal 

overtone frequency is allowed for all overtones. This static bandwidth around the overtone 

frequency value has a certain advantage over a bandwidth that grows proportionally to the 

frequency: for higher overtones proportionally growing bandwidth would cause frequency 

overlap between the subsequent bands. However, it must be noted that the overtone series 



SECTION 5 - THESIS III: SOUND SOURCE SEPARATION SYSTEM BASED ON INSTRUMENT PRINTS 

 74 

coming from an instrument are not always in a perfect integer relation (e.g. piano), only an 

almost perfect one. Therefore it is of great importance to define an basef o⋅  series that will 

cover all overtones, even the ones with imperfect integer relation to the base tone. 

Again, interpolating non-existent samples from stored ones can be carried out using linear 

interpolation (just like for the aperiodic part (72)): 
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(77) 

where f +∈R , ,o r +∈N , 1m−  and 1m+  are the previous and next closest sampled playmodes 

around m,  1f−  and 1f+  are the previous and next closest sampled frequencies around 
basef . 

5.3 The separation problem 

Sound source separation is a very complex problem. It is so complex that there is currently no 

method for the perfect reconstruction of the original sources. This can be attributed to the fact 

that some of the information required for the separation is actually not present in the mixture 

signal: a part of the original information is namely lost as the signals of the many sources are 

mixed together. Current separation system uses the simplification that was proposed in Thesis I 

to overcome this issue. Here I shortly summarize the main points of the simplification: 

Let { },*
,

r kj

r r kc e τγ
τ τ

⋅= ⋅c  denote the spectrum of the polyphonic recording at time rτ, 

{ }, ,*
, , ,

i r kj

i r i r ks e τσ
τ τ

⋅= ⋅s  represent the spectrum of original note i. The separation problem can be 

formed as 

 * *
,r i r

i

τ τ
∀

=∑c s  , (78) 

where , , , , , ,1, , ,r k i r k i r k rc sτ τ τ τσ γ +∈R . (37) is an underdetermined system of equations which cannot 

be solved unambiguously without any further constraints. As we cannot have the exact solution 

to (37), we have to set a more reasonable goal: decomposing the recording to signals which 

resemble the original components or – lacking the original note signals – resemble at least 

samples of the same instrument (see Section 3.1, page 38) 

Thesis I. proposes a simplification to the equation system that causes little difference in the 

perceived quality by humans, while allowing for a simpler solution. This simplification 

eliminates the unknown , ,i r kτσ  phases from the original equation system: 
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 , , ,r k i r kτ τγ σ= . (79) 

for all instruments (i), time frames (rτ) and bins (k). The equation system can now be formed as 

 , , , ,
ˆˆ

r k i r k r k

i

c s dτ τ τ
∀

= +∑ , (80) 

where { },*
, , ,
ˆ ˆ r kj

i r i r ks e τγ
τ τ

⋅= ⋅s  represents the spectra of the separated instrument note signals, and 

{ },*
,

ˆˆ r kj

r r kd e τγ
τ τ

⋅= ⋅d  is the residual of the separation which is considered to be noise. Now we 

are looking for , ,î r ks τ  and ,
ˆ
r kd τ  for each i, rτ, k if  ,r kc τ  and ,r kτγ  are known.  

5.4 Playmode and volume detection 

This section covers the first step of the note signal separation process. While the user can 

specify the location of the instrument notes in frequency and time, they may not be capable of 

entering either the playmode matrix ,i tM  or the volume. The automatic detection of the 

playmode and volume will be covered further on. The detection proposed here uses the actual 

separation step that is described in detail in the next section.  

5.4.1 Error measure for finding the optimal playmode 

The task of the P&V detector is to find an optimal playmode matrix ,i tM  that results in the least 

possible separation error later in the SES source separation step. Since the perfect 

reconstruction of the original notes in the recording was given up, separated notes will always 

deviate from their original. This deviation can be measured in test scenarios where the original 

notes are available as a reference, but in a typical case it is not possible to calculate the exact 

separation error, thereby leaving no other alternative than comparing the separated note signals 

to the existing samples instead of the original note signals. 

The nature of this comparison requires a measure, a resemblance score that corresponds the 

operation of the human ear and cochlea. It should allow deviations that are not audible to the 

human ear, and punish in the cases where a human listener would notice the difference. Based 

on the findings of Section 5.2 I propose the following definition of the separation error: 

 (1 )notes remErr Err Errβ β= ⋅ + − ⋅ , (81) 

where Errnote stands for errors in the separated note signals, showing how much they resemble 

the prints used in the separation, and Errrem represents the errors in the remaining coefficients, 

that is, the energy content in the original signal that could not be associated with any of the 

output note signals. β  represents the preference between the two. Exploiting the fact that a 
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human listener will typically notice amplitude and frequency deviation easily while being less 

sensitive to phase deviations the two error measures can be defined in the following way: 
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where ,
ˆ
i rτs
�

 represents the (normalized) difference between the energy content of the instrument 

print and the separated note for note i at time rτ summed on all overtones (o) or bands (b) for 

the periodic or aperiodic parts, respectively.  The definition focuses only on the sum energy and 

its distribution over the frequency range. It allows the spectrogram of the separated note to 

deviate from the sample to some extent on the magnitude axis and also on the frequency axis 

(e.g. when the separated note has a slightly different fundamental frequency (f’A) from its 

parent sample (fA)). Although it contains no explicit constraint on the phases, it does ensure 

phase continuity in subsequent time frames; otherwise the energy distribution would be 

affected as well.  

The above defined separation error is used in the calculation of the optimal playmode 

matrix. For the sake of convenience the volume is also incorporated in iM  from now on. iM  is 

by definition ‘perfect’ if the separated note signals are the perfect replicas of the parent 

instrument samples that were used in the energy split (Errnote = 0), and the residual of the 

separation is zero (Errrem = 0). In general, matrix iM  is considered good if an energy split step 

that uses matrix iM  generates note signals that resemble their parent sample while letting the 

remainder get as close to zero as possible.  

The most obvious way of finding the optimal iM  is to iterate through all the possible 

combinations. The optimum can be found quite easily by carrying out a separation step for each 

combination, always measuring the separation error. Depending on the size and possible values 
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of iM  the number of combinations needed for finding the best combination of the instrument 

bandograms may require huge computational power. If we consider that the playmode space is 

continuous in reality, it is not even possible to iterate through all the combinations. However in 

practice it was found that close-to-optimum results can be achieved by trying only 5 levels in 

each playmode dimension. In this case the search requires O(5I) steps, where I is the number of 

concurrent instrument notes. Taking into consideration that our objectives do not include real-

time operation, and in a typical polyphonic piece I is limited, the simple brute-force approach 

fits our needs in most cases. 

The applicable search methods are limited by the fact that there is no guarantee that the 

error space has only one minimum. Since the brute-force approach is fast enough in the 

majority of the cases, other search methods for finding the minimum in the error space are not 

considered here. 

5.5 The Simplified Energy Splitter 

This section describes the heart of the separation process, the Simplified Energy Splitter. The 

SES carries out the task of redistributing the energy in the source recording between the output 

channels, the separated note signals. 

The energy at any given frequency may be generated by one or more of the notes playing at 

that time. We are therefore left with a type of credit assignment problem to work out how the 

spectral energy has been generated. This issue has been tackled using a wide variety of 

techniques, such as blackboard systems [116], Bayesian inference [117], spectral smoothing 

[44] and adaptive oscillators [118].  

 

In this step the bandograms selected by the P&V detector will be used to recreate the 

spectrograms of the note signals that are being separated from the remaining part of the 

recording. The exact frequencies of the notes that are separated are assumed to be known, as 

well as their volume and playmode. The algorithm provided in this chapter divides the 

amplitude in the recording between the output notes. It is presented here in a way that it is 

easier to understand, while the exact mathematical description can be found in Appendix B.  

As the proposed algorithm operates the same way in each frame, in the following 

paragraphs the time index will be omitted for simplicity. Let { }kc=c  denote the magnitude 

spectrum of the recording. Assuming that there are i concurrent instrument notes in a time 

frame, our goal is to divide the energy in c  between the output note signals { },ˆ ˆ
i i ks=s  in a 

way that the following criteria are satisfied: 
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o The sum energy of the output note signals equals the energy in the original 

recording, that is, the original signal can be regenerated by adding the output 

channels.  

o There should remain as little residual energy ( ˆˆ { }kd=d ) as possible, that is, keeping 

remErr  on a low level (see (82)). 

o The separated note signals (child notes) should resemble the instrument sample that 

is used as a reference (the mother print). This requires searching for a solution that 

results in the lowest possible noteErr  (see (83)).  

 

These conditions can be formulated as follows: 

 ,
ˆˆ  k i k k

i

k c s d
∀

∀ ⇒ = +∑ , (85) 

where d̂  stands for the residual noise that cannot be allocated to any of the output channels; 

and the separation error expressed from (81) – (84) should be minimal: 

 (1 )notes remErr Err Errβ β= ⋅ + − ⋅ . (86) 

Expanding (86)  (see eq. (131), page 133) it turns out that locating the global minimum of 

the separation error is extremely complicated. The problem of dividing the energy is visualized 

in Figure 31. Signal A and B are two signals with different energy content: signal A is 

composed of sine waves of 220Hz, 440Hz and 660Hz, while signal B is composed of 220Hz, 

450Hz and 900Hz. In addition, the phase of the 220Hz component in signal B is dilated by 180º 

compared to that of signal A. Their spectrum is shown on a) and b). The composite spectrum of 

the two signals is shown in c) and d). The gray boxes mark the frequency bands where signal A 

and B contain energy. In this context they can be considered the instrument print. For 

separating the two signals we have to divide the energy in c) and d) to two output channels. 

However, at separation time the original signals are not available. Using only the instrument 

print (the gray boxes) a fair division of the energy on the bins of c) or d) is not a 

straightforward task. The energy at 900Hz and 660Hz can be easily reallocated: signal A 

‘demands’ the energy at 660Hz, while signal B ‘demands’ the 900Hz range. The range at 

440 ~ 450Hz is more complex to divide since the required ranges of A and B intersect. The 

220Hz area could be divided in a simple way since the required ranges are exactly the same. 

However, the mixture signal does not contain any energy at 220Hz obviously due to the phase 

difference (total phase inversion) between the 220Hz component in signals A and B. 
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a) Spectrum of signal A (220Hz + 440Hz + 660Hz) 

b) Spectrum of signal B (220Hz + 450Hz + 900Hz) 

c) Spectrum of the mixture (A + B) at  t=0.12 sec 

d) Spectrum of the mixture (A + B) at  t=0.18 sec 

Figure 31.: The energy split problem 
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In this thesis I propose an iterative algorithm to approximate the solution of (85) and (86). 

The energy of the recording is divided between the target note signals in the following way. We 

start out with the original Frequency Estimated STFT image of the recording. The separation is 

completed in N steps. In each step a fraction of the amplitude of the selected bandograms is 

transferred from the spectrogram of the recording to the spectrogram of the separated note 

signals. In an ideal case it is possible to transfer the required amplitude fraction in each step. 

However in a usual case the remaining amplitude in the original signal will decrease to zero 

before we could reach the last step. This is due to the cancellations in the original recording 

(see Section 5.3). Nevertheless, this strategy ensures fair division of the energy of the recording 

between the output note signals. Having N steps avoids cases when almost the full amplitude 

gets transferred to one output note, leaving no amplitude for the other. 

Here I illustrate the proposed algorithm for the aperiodic part of the signal; however the 

periodic part can be handled in a very similar way. Figure 32 shows the skeleton of the pseudo-

code that carries out the energy redistribution7. The inputs of the SES algorithm are:  

• the (FE) spectrum of the recording, 

• the chosen instrument prints, 

• the step count N  that determines the preciseness of the approximation.  

 

1 //divide the amplitude in the original recording (c) using prints (A) in N steps 

2 function SES( 1 2, , ,..., Ic A A A , N) 

3 for each i (instrument) ˆ 0i =s  

4 for (n = 0 to N) TransferAmpToNotes( 1 2 1 2
ˆ ˆ ˆ, , ,..., , , ,...,I Ic s s s A A A , N) 

5 //residual is the amplitude remaining from the original recording 

6 ˆ =d c  

7 //return the remaining amplitude and the note signals 

8 return 1 2
ˆ ˆ ˆ ˆ, , ,...,d s s s  

  

9 //transfer a fraction (N) of amplitude from recording (c) to notes (s) using prints (A) 

10 function TransferAmpToNotes( 1 2 1 2
ˆ ˆ ˆ, , ,..., , , ,...,I Ic s s s A A A , N) 

11 for each i (instrument) 

12 for each b (subband) 

                                                
7 As noted earlier the algorithm is presented here in a very basic form for better understanding. Thus, time, 
fundamental frequency and playmode indices are omitted. A mathematically exact description can be found in 
Appendix B. 
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13 //fraction of the amplitude indicated by the print 

14 neededAmpTotal = ,i bA  / N 

15 //total amplitude of bins related to subband b 

16 totalAmp = 

 is part of subband bk

k

c

c∑  

17 //coefficient for calculating how much amplitude needs to be transferred. 

18 coeff = min (neededAmp / totalAmp , 1) 

19 for each k (bin) that is part of b (subband) 

20 transferredAmp = coeff * kc  

21 
kc  = kc  - transferredAmp 

22 ,i ks  = ,i ks  + transferredAmp 

Figure 32: Pseudo-code skeleton of the SES algorithm 

 

The algorithm operates as follows. 

1. In the beginning the output note signals ( 1 1
ˆ ˆ ˆ, ,..., Is s s ) contain no amplitude on any bin. 

2. The amplitude content of the recording will be transferred to the output note signals in 

an iterative way, in N steps. After completing all the steps the original recording will 

contain only the residual, that is, amplitude content that could not be assigned to any of 

the output signals. (This may be perceived as very low level artificial noise by the 

listener.) The note signals (child notes) will contain amplitudes that together generate a 

note signal that is close to the instrument print used for the separation (mother print). 

3. The actual amplitude splitting is done in function TransferAmpToNotes8. It is 

invoked N times during the operation of the SES. Its inputs are: 

o remaining amplitudes (FE spectrum) of the recording, 

o current spectra of the output note signals, 

o the mother prints chosen for the separation, 

o the total number of steps. 

4. Each run of TransferAmpToNotes iterates through the i outputs. For each output the 

algorithm tries to transfer some amplitude from the remaining part of the recording to 

the output. If the remaining part does not contain any more amplitude on the respective 

bins, the output is left unaltered in the current step (and all the forthcoming steps).  

                                                
8 From the software developer’s perspective it is important to note that the values of the inputs get changed by 
TransferAmpToNotes! 
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5. The actual amount of amplitude to transfer is available for each subband from the 

mother print. The print basically indicates the sum of how much amplitude its child note 

should contain in the different bands (summing the amplitudes of all the bins in the 

band).  

6. The actual amount of amplitude currently present in the recording is calculated as a sum 

of amplitudes of bins that are part of the current (b) subband. A bin is part of a subband 

if its true frequency (not its nominal frequency!) falls in the subband. 

7. In one step the algorithm tries to transfer amplitudes from bins of the recording to bins 

of the child note in a way that the sum of the individual transferred bin amplitudes 

equals a predefined fracture (1/N) of the sum amplitude indicated by the mother print. A 

coefficient is calculated to indicate how much of the amplitude of the bins (in the 

current subband) has to be transferred to the note in order that the sum of the transferred 

amplitude reaches the desired value. The coefficient is the same for all of the bins in a 

subband. 

8. The right amount of amplitude is subtracted from the recording and added to the note 

signal. If there is not enough amplitude in the recording, then the maximum possible 

amount is transferred (leaving no amplitude on the bins of the recording). 

9. The above procedure is repeated for all instruments, and N times. 

10. Finally the SES algorithm returns the residual (the leftover amplitude) and the note 

signals. 

 

The algorithm is also illustrated in Figure 33 from a slightly different perspective. As a real 

example, even a simple one, would be difficult to follow, schematic description of the 

operation is shown. Figure 33 a) depicts the initial state. The amplitude content of the recording 

is indicated by the red curve, while the dashed blue and green curves represent the chosen 

mother prints9. It is obvious that the recording does not contain enough amplitude to divide 

between the prints: we cannot satisfy both prints at the same time. In fact, it is a situation where 

not even one mother print can be satisfied.  

One may even ask how we got to the conclusion to use these mother prints as none of them 

can be satisfied. The most common reason for that is that the prints are chosen by studying the 

full length of the notes, while the example here only shows one time frame that happens to 

suffer heavily from cancellation. That said, on a global level we may still reach an optimal 

separation with the chosen prints in spite of the fact that there are frames that cannot satisfy all 

of the prints. (And such frames are the best to demonstrate the idea behind the algorithm.) 

                                                
9 The shapes of the prints are shown on b) with greater fidelity by revealing the bandogram structure of prints. 
However, this structure will not be visualized in the other subfigures of the illustration because it would make the 
figure rather hard to follow. 
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Figure 33 c) and d) show the first iteration. In c) a fraction of the energy indicated by 

mother print A is transferred to child note A, while in d) the same happens to child note B. The 

second step is depicted on e) and f). The procedure is repeated N times. The green and blue 

areas in g) represent the final outcome: a fair division of the amplitude between the child notes 

A and B. These areas are also shown in h), while the (transparent) area between the mother 

prints and the child notes can be considered the separation error. This is the amplitude that is 

missing from the original recording – it was lost when the individual instrument signals were 

mixed together, and it cannot be recovered. 

After the amplitudes are split between the output notes, all the signals can be transformed 

back to time domain. Here the bin amplitude and phase information is needed. The amplitudes 

are available after completing the SES method, while the phases are available from (42). 

The periodic part of the signal is handled in a very similar way to the aperiodic part. The 

main difference lies in that the subbands are defined following a different strategy. In the 

aperiodic case the subbands are of logarithmically growing width and they cover the whole 

frequency range. In the periodic case the bands are of fixed width and they only cover 

frequency ranges near the overtone frequencies. The exact definitions of the two cases (that is, 

when does a bin fall into a subband), were defined in (71) and (74), for the aperiodic and 

periodic case, respectively. The modified line of the pseudo-code is: 

 

16 totalAmp = 

 is part of overtone ok

k

c

c∑  

 

Apart from this difference the SES procedure is the same for both components. 

 

As the proposed SES method is an approximation of the solution for the amplitude division 

problem it does not necessarily reach the optimum. Thus the error criterion defined in (86) is 

usually not satisfied. In the majority of the cases, however, there is no known solution for 

finding the exact optimum for the amplitude division problem, thus comparing the approximate 

results to the unknown optimum is not likely. This holds especially for signals encountered in 

real-life. On the other hand, synthetic test cases are easy to present by mixing known 

instrument note signals and comparing the output of the separation system to the original ones. 

Hence, a number of measurements and test scenarios are presented later in section 6. 
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Figure 33.: Illustration of the SES algorithm 
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5.6 Beating correction and resynthesis 

The biggest drawback of the simplified separation algorithm lies in its inability to handle the 

beating effect. This effect is present in almost all cases when two notes have overtones that 

overlap in frequency. If the two frequencies are close to each other but are not equal, the 

resultant amplitude on these frequencies will fluctuate between the sum and the difference of 

the two amplitudes. The properties of the fluctuation depend on the phase difference and 

frequency deviation of the two waves. This will result in cancel points in the recording, which 

will also appear in the individual note signals after the separation. While unnoticeable in the 

original recording, they are audible and unpleasant in the separated notes. 

5.6.1 Beating correction 

The first effect can be overcome by applying a postprocessing step to the output signals. The 

amplitude envelope of the signals can be aligned to that of the parent sample by amplifying the 

separated note signal where its amplitude envelope does not follow the envelope of its parent 

sample. This step eliminates most of the beating from the separated note.  

In the current work the following (heuristic) strategy was used to calculate the amplification 

factor. Let 

 , , , ,

, , , ,( 1)
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i f o rprint

per

i f o r

A
att

A

τ

τ−

= M

M

 (87) 

denote the attenuation of the instrument print (for overtone o at time rτ) used for separating 

note i. Let 
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denote the attenuation of the separated note signal that was isolated from the original mixture 

using the SES (again: overtone o of note i at time rτ). Their quotient q shows how much the 

envelope of the separated note differs from the anticipated envelope: 

 
print

realNote

att
q

att
=  (89) 

 

If 1q =  then the attenuation of the print matches the attenuation of the signal, thus there is 

no need for beating correction. If the value of q is higher than 1 then the amplitude of the signal 
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drops faster than indicated by the print. In other words, we are at the first half of a beating 

period. Finally, 1q <  indicates that the level of the signal is again getting close to the right 

level, that is, we are at the second half of the beating period. Figure 34 drafts these two areas 

and the earlier definitions (Figure 34 and 35 are only illustrations to help the reader understand 

the beating correction process; they are by no means mathematically correct representations). 

Inside the beating period the right level of the periodic component must be maintained. This 

can be ensured by using an , ,i o ra τ  amplification factor that indicates how much the amplitude 

on the respective bins must be amplified. This factor (for overtone o in note i at time rτ) can be 

expressed as: 

 , , , ,( 1)i o r i o ra q aτ τ −= ⋅  (90) 

In (90) the current amplification factor is calculated from the previous one. Using a recursive 

expression for , ,i o ra τ  may seem unnecessary as the ratio of the amplitude in the print and the 

amplitude in the separated signal could be calculated directly. However, recursive approach 

allows for a wider range of amplification tactics that are not limited to blindly copying the 

envelope of the print. For instance, if we do not wish to follow the print that rigorously we can 

refine (90) in the following form: 

 ( ) ( ), , , ,( 1) , ,( 1)(1 )i o r i o r i o ra q a aτ τ τλ λ− −= ⋅ ⋅ + − ⋅ , (91) 

with 0 1λ< < , which still amplifies in cancellation areas, but the target amplitude level is 

allowed to be somewhat lower than in the previous case (Figure 35 b)). Using the amplification 
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factor the new periodic energy in the separated note signals can be expressed from the old bin 

amplitudes: 

 ,
, , , , , ,ˆ ˆper beatCor per

i r k i o r i r ks a sτ τ τ= ⋅  (92) 

Although (91) was used in the current separation system, other strategies for calculating the 

amplification factor are also possible.  

I have carried out experiments to validate the effect of the beating correction step on human 

listeners. Test subjects were presented separated note signals with and without the beating 

correction applied. In most cases the listeners reported that the separated notes sounded more 

natural with beating correction than without it. 

However, we must keep in mind that this correction modifies the energy content of the 

notes. After this step it is not possible to get the original signal back by linearly remixing the 

separated notes into one channel. 

After the beating correction step the notes and the remaining part is reconstructed via 

inverse Phase Estimation and inverse STFT. Using the notation of (30) - (33) the phases for the 

STFT can be calculated as  

 
2 2 2

exp
, , ,

t dev

k t t k t kϕ ϕ ϕ= +  (93) 

where 
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It is important to mention that while it is beneficial to apply beating correction to the notes 

we want to isolate, other notes that are not subject of separation should be transformed back to 

 

Figure 35: Different strategies for beating correction 
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time domain unchanged. This ensures that the notes of interest will be of high quality, even 

with somewhat modified energy content; while the other notes that are remixed back to the 

recording do not generate new cancel effects. 

5.6.2 Resynthesis 

Sinusoid cancellations not only cause cancellation in the recording.  Superponing two or more 

sinusoids with close base frequencies will result in a sine wave of fluctuating amplitude and 

frequency. The base frequency calculated in the close vicinity of the point of cancellation will 

be different than in the points of amplification. In other words, delta phase decreases or 

increases in areas of cancellation.  

 

 

Figure 36: 100Hz -10.5dB  sine waveform 

 

 

Figure 37: 105Hz -10.5dB  sine waveform 

 

 

Figure 38: 100Hz -10.5dB + 105Hz -10.5dB  sine waveforms mixed together 

 

Figure 39: 100Hz -10.5dB + 105Hz -8.0dB  sine waveforms mixed together 
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Figure 40: 100Hz -8.0dB + 105Hz -10.5dB  sine waveforms mixed together 

 
The issue mentioned above is visualized in Figure 36 -40. Figure 36 and 37 are two 

sinusoid signals of 100Hz and 105Hz, respectively. Both signals are normalized to -10.5dB 

initially. Mixing the two signals results in the waveform in Figure 38. Figure 39 and 40 depicts 

the cases when either of the initial signals was amplified to -8.0dB. 

In the case when the sinusoid with the higher frequency was of higher amplitude (Figure 

39) we can observe that the frequency near the point of cancellation increases compared to 

other areas. The other way around, when the wave with higher frequency was of lower 

amplitude (Figure 40), mixing them together resulted in lower frequency near the cancellation 

area. Depending on the amplitude relation of the original components the frequency fluctuation 

may even turn into a phase inversion. When the two signals were normalized to equal volume 

levels (Figure 38) a phase inversion occurred at the point of total cancellation. 

Frequency fluctuation and phase inversion are undesirable in the separated notes. The 

easiest way to avoid such artifacts is dropping the STFT image of the components that are 

known to be periodic. The note signal can be regenerated by complete resynthesis instead of 

inverse PM and STFT. The resynthesis proposed here only takes the sum of the absolute 

coefficient values for each overtone frequency as input, and generates a sine signal at the 

correct frequency in time domain the energy of which matches the sums of the coefficients 

related to the specific overtone. Figure 41 shows that such a resynthesis using the sum is 

possible since the sum of the coefficients is more or less independent from the frequency when 

using windowing (Hanning or Bowmann etc.). This way all the phase distortions are removed 

from the note. This method also allows amplifying cancel points, where the original signal is 

zero, since there is no real amplification, but complete regeneration of the signal. 

The method for resynthesizing the harmonic part of the signal is as follows. A sinusoidal 

signal is generated for each overtone of an instrument on the right frequencies. At the onset of 

each instrument note the initial phase is selected to zero: 

 ,( ) 0i onset ii Tγ∀ ⇒ = . (95) 
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As the frequency function of the note is known (specified by the user), the future phases can be 

calculated as 

 , , ,

0

( ) ( ) 2
t

i i onset i base it T f dτ
τ

γ γ π τ
=

= + ⋅ ⋅∫ . (96) 

If the phase at any given time is known, the waveform of the signal in time domain can be 

generated as 

Figure 41: sum area of the fft spectrum of sine waves at different frequencies using a) 
no windowing b) Hanning window c) Bowmann window. Sample rate: 44100Hz, 

Frame: 1024 samples 
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 ( ),( ) ( ) sin( ( ))i i o i

o

s t B t o tγ
∀

= ⋅ ⋅∑ , (97) 

where , ( )i oB t  represents the sum energy at overtone o. If beating correction is not applied, 

, ( )i oB t can be expressed as 
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where 1 2t t t< < , and t1 and t2 are, respectively, the starting and ending times of the STFT frame 

containing t, and basef  is the (current) fundamental frequency of the note. If beating correction 

is used, , ( )i oB t  values represent the corrected values: 
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The frequencies of the overtones are calculated from the fundamental frequency here. This 

provides a good approximation in most cases. However, there are some instruments, such as the 

piano, that generate vibrations on frequencies that are not perfect multiples of the base 

frequency. This generally is not a major concern for the average listener. May it become 

necessary for some reason to synthesize the signal of an instrument note more precisely, the 

instrument print model proposed in Section 5.2 can be modified in a way that it stores the 

relation between each overtone and the base frequency. In this case the overtone frequencies 

for the resynthesis will be calculated using the instrument print.  

For some musical instruments the overtones are phase-locked [160] (pp. 143-144), so that 

interpolation could also be used to solve the phases of overlapping partials. However, phase 

locking cannot be assumed in general, since there are also musical instruments where this does 

not hold. Since the phases are perceptually less important, a careful estimation of the phases is 

usually not necessary. Either the phase of the mixture signal can be assigned for all the 

overlapping harmonics, or, as in (96) their phases can be generated to produce smooth 

transitions between frames. 

The above version of the algorithm linearly interpolates amplitudes values, but other 

interpolation methods can also be considered. Also, windows do not overlap in this formula. 

This may cause unwanted discontinuity in ( ) 'g t   at window boundaries. This can be corrected 

by using overlapping windows, applying a window function (e.g. Hanning window) to the 

generated frames, and finally summing the generated frames in time. 
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5.6.3 Remixing artifacts, separating only the selected notes 

In cases when only one specific note needs to be corrected, it is advisable to isolate only that 

specific note from the recording. However, the separation process operates in a way that it 

separates all notes. Due to the resynthesis method described in 5.6.2, if these notes are mixed 

back together, their composition will not be the exact reproduction of the original recording. To 

make matters worse, they may produce new artifacts in the resulting remixed signal. In order to 

reduce this effect, it is advisable only to apply the resynthesis to the note that we want to 

isolate, while the others are converted back to time domain with STFT. This way the remixed 

signal will contain less artifacts, while the separated note will still benefit from the quality 

improvement of the resynthesis method. 

5.6.4 Aperiodic/periodic parts, reunification 

Most of the signal components are reconstructed via inverse Phase Estimation and inverse 

STFT. This includes the aperiodic part of the separated notes and both parts of the recording 

remainder: 

 
2 2 2, , ,

expt dev

t k t k t kϕ ϕ ϕ= +  (100) 

 
2 2, , 2 1( ) (2 ( ))dev true nom

t k t k kf f t tϕ π= − ⋅ ⋅ −  (101) 

 
2 1, , 2 1( ) 2expt nom

t k t k kt t fϕ ϕ π= + − ⋅  (102) 

Since there are two components for each signal now, these must be reunified to get back the 

desired signals. This reunification can be done either before or after the PE and STFT-1 steps. 

The former has the advantage of case gaining some computational power since we do half the 

amount of STFT-1 calculations.  

If the periodic part of the separated notes was resynthesized using the method described in 

5.6.2 then the newly generated periodic signal is added to the separated aperiodic part in time 

domain. Otherwise the periodic part can also be transformed back using (100)–(102). 

5.7 Summary 

The thesis covered the following topics: 

• I have developed a method for separating the signal of single instrument notes from a 

recording using pre-recorded instrument prints. The global system architecture of the 

separation process was given, along with the description of its building blocks.  
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• I have established the instrument print model which is a simple, yet powerful model for 

storing the most important properties of instrument note signals. 

• I have proposed the Simplified Energy Splitter as an iterative algorithm for solving the 

energy redistribution problem. 

• I have proposed a method for handling the beating effect that is the result of using 

simplified equations for the source separation problem. The problem can be solved by 

either reamplifying the respective areas in the recording where cancellation is detected 

or completely resynthesizing the harmonic part of the separated notes. 

The potential of the separation system is demonstrated in Section 6 with synthetic test 

cases. Example waveforms of synthetic tests from Section 6 as well as real-life separation 

results can be downloaded from http://avalon.aut.bme.hu/~aczelkri/separation.  

For recordings that only contain harmonically unrelated notes the algorithm provides very 

clear results. In real life, however, consonant notes with overlapping overtones are usually 

favored over dissonant ones. The test results in Section 6 show that even these cases the 

method provides good results. 
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6. Tests, measurements and real-life scenarios 

The quality of the separation system described so far has been evaluated by using a number of 

synthetic tests. This section is devoted to different test scenarios that illustrate the quality of the 

given method. 

6.1 Synthetic tests and measurement results 

The test setup used for evaluating the performance of the separation system is shown in Figure 

42. The test system was based upon the instrument sample collection of the University of Iowa 

[159]. The waveforms were normalized and converted to mono, with a sampling rate of 

44000Hz, 16 bits. Their DC offset was also corrected (shifted to zero) where it was necessary. 

The waveforms were then divided into samples containing only one instrument note. Samples 

shorter than 500 ms were dropped, while samples longer than 2 seconds were cropped to 2 

seconds. The above described process resulted in 3841 waveforms of separate instrument notes 

of harmonic instruments. The instrument database contained samples of the following 

instruments: flute, saxophone, bass, clarinet, bassoon, trombone, cello, horn, oboe, piano, 

pizzicato, trombone, trumpet, tuba, viola and violin. 

In each of our tests a random set of instrument note waveforms were selected. The 

waveforms were converted to instrument prints using the technique described in Section 5.2. 

The selected samples were then mixed together and fed to the separation system as the input 

recording.  

Four series of tests were performed, each one focusing on a specific aspect of note 

separation. In each series the performance of the separation system was tested for polyphony 

levels of 2 to 10. At each level a total of 50 individual tests were carried out. The input and 

output signals were compared and the error levels were measured. 

In the first series the input waveforms were simply mixed together as in 
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i

c n s n
=

=∑ , (103) 

where ( )c n  and ( )is n  are the waveform of the mixed signal, and the note signals, respectively. 

This method ensured that all the notes shared the same onset. As the onset/offset and note 

fundamental frequencies were all known, user input was not necessary. Then the separation 

step was performed with the input mixed signal, the score data and instrument prints that were 

created previously from the sample database. 
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The output note waveforms were then compared to the original ones using the technique 

described in Section 3.3:  
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where ˆ ( )is n  is the waveform of the separated signal for note i. Within one polyphony level the 

average and standard deviations of the individual SDR,i values were calculated. This is shown 

in Figure 43. 

When listening to the separated output channels, it was found that the SDR gave incorrect 

values in some cases. Although the quality of certain separated notes was satisfactory for the 

human ear, the calculated SDR value still indicated very low separation quality for these notes. 

After investigating the issue we found that in most of these cases the bad SDR scores can be 

explained by phase distortion between the original signals and the mixture that was generated 

from them. When two or more of the original signals contain energy on common frequencies 

then the phase of the resulting mixture may deviate from the phases of the original signals. This 

difference is hardly audible to human listeners; however, it highly affects the SDR value. 
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Figure 42: Block diagram of the automatic synthetic test system 
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To overcome this issue we also used SDRF measurements for evaluating the quality of the 

separation system: 
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Although the new measure represents the perceptual separation quality more efficiently, in this 

thesis we still include the original SDR measurements for easier comparison with other works. 

We must note that there is no definite relation between the two. 

The second test series was very similar to the first one. In this case, however, the note onset 

times were dilated by a it∆  random number, as in 
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where 

 0sec 1secit< ∆ < . (107) 

The first test provided greater overlap of the notes in time, while in the second test it was easier 

to observe artifacts in one separated note caused by the onset of another note. However, the two 

tests returned similar SDR values. Measurement results are shown in Figure 44. 

The third test covered cases with notes that are in close overtone relation with each other. 

For this reason Test 1 was repeated with input channels that meet the following condition: 

    , {1, 2,3,4,5}
base

i

base

j

f m
i j i m n

f n
∀ ⇒ ∃ ≠ ∋ ≈ ∈  (108) 

where i and j represent the input note signals. Condition (108) ensures that any two notes that 

are mixed together for testing purposes should be in close overtone relation with at least one 

input note in the set.  

Figure 45 presents the measurement results for Test 3. As expected, the SDR values in this 

test were lower than in the previous series. This can be attributed to the fact that the vibrations 

generated by the notes cancelled each other in most of the test cases. Such cases inevitably 

introduce the beating effect in the generated mixture. The approach we took by applying 

simplification (42) to the separation system cannot perfectly handle the beating, thereby leaving 

some artifacts in the output channels. However, despite the fact that we cannot get back the 
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original tracks, it was found that the separated channels still resemble real-life instruments even 

at higher polyphony levels. 

 

Figure 43: Signal to Distortion Ratio for Test 1 
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Figure 44: Signal to Distortion Ratio for Test 2 
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Figure 45: Signal to Distortion Ratio for Test 3 

 

0

2

4

6

8

10

12

14

16

18

20

2 3 4 5 6 7 8 9 10

Polyphony

S
D
R
/A
v
g
D
e
v
 (
d
B
)

SDR time-domain SDR freq-domain

AvgDev time-domain AvgDev freq-domain

 

Figure 46: Signal to Distortion Ratio for Test 4 
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Figure 46 shows the measurement results for Test 4. The results show that the separation 

quality somewhat dropped when incorrect instrument prints were used. However, such a 

performance drop is not surprising, given the algorithm is based good quality prints. Apart from 

some cases where free intonation instruments (like saxophone) are considered, a deviation 

between the input channels and the selected instrument prints is typically smaller than the 

difference of this test. The test results show that the achieved separation quality depends mostly 

on two factors: 

o Polyphony level: As this factor increases, the separation quality gradually gets lower. In 

the background, overtone relations between the separate notes are responsible for less 

successful separation results. As the polyphony level gets higher, more and more 

instruments get located at each other’s fundamental or overtone frequency. However, 

this is not surprising; it is all in accordance with human hearing. While we are able to 

‘hear out’ the tune of a violin from a quartet, we may be incapable of performing the 

same with a full orchestral piece. 

o Quality of instrument prints: The importance of good prints is revealed in Test 4. Real-

life experiments proved also that in many cases it is sufficient to work with prints from 

the same kind of instrument, while in almost all cases sampling notes from the same 

instrument provides good quality separation output. 

6.2 Real-life scenarios, the ReChord system 

To demonstrate the scientific results, the ReChord system – a sound source separation 

application based on current work – has been implemented. It allows for the verification of the 

results, and can also be used as a tool for the separation of monoaural polyphonic music 

signals. 

6.2.1 The ReChord system 

The goal of the ReChord system is the separation of arbitrary notes from a recording. In a 

typical case the user will separate only a few erroneous notes from the recording, but there is no 

limitation that would prevent the software to separate all the concurrent notes from each other. 

ReChord also allows for creating instrument prints from individual note samples. At the time of 

this writing one-dimensional playmode space is supported.  
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This section illustrates the operation of the ReChord system using a very simple example. 

More complex real-life scenarios are covered in the next section. Figure 47 shows the user 

interface of the software. A musical piece is loaded, the score of which is shown on Figure 48. 

The application draws the Frequency Estimated spectrogram of the loaded signal. The user can 

input the musical score by drawing the correct note frequency curve on the top of the FE 

spectrogram of the recording. The software also plays the frequency as it is being drawn. This 

Saxophone Eb 
suoni reali 

Piano 

Figure 48: Sheet music of the musical piece opened in the application 

52 

Figure 47: The user interface of the ReChord system 
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solution is convenient as the user also hears the notes he / she is entering, in addition to seeing 

the onsets / offsets / frequencies of the recording in the plotted spectrogram.  

This particular example contains two instruments. Their melodies were recorded separately 

and then mixed into one channel. On Figure 47 the first notes are already marked on the bottom 

of the spectrogram, indicated by the dashed lines. On the top of the spectrogram we can 

observe the overtone content of the notes. As these are not individual notes, the user did not 

mark them.  

The application also allows for creating instrument prints. A sample waveform containing 

an instrument in isolation must be opened in ReChord, then the user has to select the time slice 

where the instrument is audible. ReChord then detects the base frequency automatically and 

creates the bandogram of the selected waveform. A visualization of such a bandogram is 

depicted on Figure 49. Multiple bandograms can be grouped into an instrument print and stored 

on hard disk.  

When the instrument prints are available and the user has opened a polyphonic piece and 

entered its score, the application calculates the most probable playmodes for the instruments 

using the pre-stored instrument prints in the database. Currently only one-dimensional 

playmode space is supported, however it is easy to extend the behavior to support more 

dimensions. If the user accepts the offered playmode values then the separation can be carried 

out. 

 

Figure 49: Visualization of a sample from an instrument print 
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Figure 50 - 51 show a short part the original waveforms of the two instruments. Figure 52 

depicts the waveform of the mixed signal while Figure 53 and 54 show the separated note 

signals. 

 

 

Figure 50: Waveform of the original piano soundtrack 

 

Figure 51: Waveform of the original saxophone soundtrack 

 

Figure 52: Waveform of the mixed soundtrack 

 

Figure 53: Waveform of the first separated piano note 
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Figure 54: Waveform of the first separated saxophone note 

 

In this example the two instruments played the same musical note many times, thereby 

making it one of the most complex separation cases. It was still possible to separate the 

instrument notes from each other, even if some beating is audible (and visible) in the separated 

waveforms. 

 

The ReChord system also offers an automatic separation quality measurement technique 

that consists of two parts: print generation and mixture autoseparation. In the print generation 

step the system reads a set of waveforms from a directory, and creates their bandogram 

representation. The input waveforms may contain multiple notes as long as they are not 

overlapped in time. In latter case the system splits them to separate .wav files in order that one 

waveform only contains one sample. The parameters (frequency, onset, offset) of the samples 

are automatically detected. 

In the autoseparation step the system generates a random mixture from the samples based 

on various criteria that can be configured by the user (strict overtone relation, onset relation 

between notes, etc.). The mixture is then separated using the prints in the database, and the 

separation error is measured. It is possible to run multiple tests measurements and calculate 

their mean error. This is how the measurements in the previous subsection were created. 

 

The computing speed of the ReChord system in separation mode is inversely proportional 

to the number of concurrent notes we want to separate. The separation of one note can be 

carried out in real time on a 3GHz Intel Core Solo processor, while isolating two concurrent 

notes costs roughly twice as much time etc. As realtime operation was not among the goals of 

this work, this performance is acceptable. We must note that although speedups have been 

made here and there, the system never went through a complete optimization phase, which 

means the speed could probably be further improved if needed. In autoseparation mode the 

system takes advantage of multicore processors, thus on a CoreDuo system the individual 

separation tests run in parallel, taking half as much time. 

56 
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6.2.2 Real-life examples 

As a demonstration the reader may listen to samples 57-59 on the enclosed CD: ‘Chopin: 

Nocturne in c-sharp minor for Violin and Piano’. This piece is played by a violin and a piano. 

Sample 57 contains the original track. The two instruments were separated using the ReChord 

software. Sample 58 and 59 contains the separated violin and piano tracks.  

The ReChord system was also used in commercial products. A part of the compact disc 

‘Alexander Scriabin: Étrangeté’ (played by Gábor Csalog, published by BMC Records, 2005) 

[168] was digitally retouched using the sound separation software. Track 28, ‘Vers la flame’, is 

a fast paced post romantic piano piece containing very fast melody motions and constant use of 

the sustain pedal that lets a large number of played notes sound concurrently. In this track a set 

of misplayed notes in a complex mixture were separated and transposed to the correct 

frequency using the ReChord system. No traces of manipulation are audible in the modified 

signal, and the disc itself received very high ratings in several reviews: GRAMOPHONE 

(08/2006), MUSICA (03/2006), PIZZICATO (11/2005) – just to mention a few. The original 

and the manipulated extracts are stored in samples 60-61. The music sheet of this piece can be 

found in Appendix D.  

A short part of another piece, ‘Edison Denisov: Sonata (played by Gergely Ittzés (flute) and 

József Gábor (piano))’ was also retouched using ReChord. A single flute note E was separated 

from the remaining flute and piano notes. It was then transposed to Eb and mixed back to the 

recording. The complexity in this case was caused by the sustained piano notes and the room 

reverbation.  

6.3 Comparison to commercial products 

Up to the date of this writing there are no commercial products that offer arbitrary note 

separation. There exist a short number of alternatives to choose from that aim at goals 

somewhat similar to the goals of this thesis and the ReChord system. These include 

Algorithmix reNOVator [169], CEDAR Retouch [170] and others. These systems eliminate 

certain types of noises, clicks, page turns, even car horns, etc. from the recording. Keeping and 

manipulating the isolated sound is not in the focus, if possible at all. Thus in a usual case their 

applicability for note-level manipulation of polyphonic music is limited.  

The editor of the Edison Denisov Sonata (example from the previous section) also tried 

fixing the incorrect flute note using the reNOVator software. However, it was not possible to 

isolate the note fully from the recording, some parts of it still remained audible. Sample 64 

contains the extract where the flute note was removed using reNOVator, while sample 65 

shows the same using ReChord. The traces of the flute note are obvious in the former, while in 

62-63 

57-59 

60-61 
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the latter the note is totally gone. The editor also tried removing the piano parts instead of the 

flute note at the location to see if he can get any better results this way (sample 66). The results 

were even worse: the piano, that should have disappeared, remained in the recording almost 

entirely, while some parts of the flute were removed instead.  

While reNOVator and the like are very good at achieving their goal – which is removing 

unwanted noises, they are inapplicable when it comes to separating, manipulating, or even just 

erasing musical content from a polyphonic piece.  

6.4 Summary 

We have demonstrated the potential of the sound source system proposed in Thesis III on 

synthetic and real-life test cases. Simulation experiments on generated mixtures of pitched real-

life musical instruments were carried out. In these experiments we obtained an average SDR 

above 18 dB for two simultaneous sources, and the quality decreased gradually as the level of 

polyphony increased. Example waveforms of synthetic tests from Section 6 as well as real-life 

separation results can be downloaded from http://avalon.aut.bme.hu/~aczelkri/separation.  

64-66 
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7. Summary 

Our primary goal was to investigate the problem of sound source separation in the special case 

of polyphonic music recordings. Finding an exact solution is extremely complex, if at all 

possible. Therefore we concentrated our efforts on finding a simplified version of the same 

problem that provides separation results that are perceptually close to the results of an ideal 

sound source separation algorithm.  

We also allowed making use of prior knowledge about the sources as long as this 

knowledge was relatively easy to obtain by an average user. We concluded that inputting the 

musical score and instrument samples from the instruments in the recording fall into this 

category, while providing the exact loudness and intonation should be done algorithmically.  

A simplification has been proposed that enables the separation based on the pure amplitude 

values of Fourier bins while the phase relations of the bins in the sources are not calculated. 

This resembles the operation of the human auditory system that is much more sensitive to 

magnitude differences than phase shifts. 

The cost of working with the simplified version of the separation system is that in certain 

cases cancellations between the sources are not detected, which results in energy loss. Although 

it is not possible to identify the places of cancellation with 100% accuracy, we can get a good 

hint by observing samples from the respective instruments. 

A new measure was given for the evaluation of different sound separation algorithms. The 

measure takes the properties of human hearing into account as it emphasizes amplitude 

differences between the original and separated signals, while it is not sensitive to phase 

differences. 

An instrument model was established that stores the sum of the Fourier amplitudes of 

instrument samples in disjunctive frequency bands. The model holds information of the 

instruments that is necessary to separate many note signals from each other. 

An iterative method for the actual separation was also proposed. The amplitude content of 

the original polyphonic signal is distributed among many channels, each of which holds the 

sound signal of an isolated instrument.  

If cancellations are detected in the separated note signals, then they have to be modified in a 

way that the beating resulting from the cancellations is not audible by the listener. A method 

was proposed for handling the beating effect by amplifying the harmonic (periodic) content of 

the sound signals in the respective areas.  

For the beating cancellation algorithm a method was proposed that decomposes a sound 

signal to its aperiodic and periodic components. This method is based on observing the changes 

of the estimated true frequencies of the Fourier bins of the signal.  
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Finally, complete system architecture was given that carries out the note based sound 

source separation using the findings mentioned above. The performance of such a system was 

demonstrated by developing a software solution that implements this architecture. 

Measurement results proved that the proposed sound source separation system is indeed a 

powerful tool for the separation of polyphonic music. 

The short summary of the findings of each thesis can be found in the Appendix. 

7.1 Future work 

Future work is dedicated to quality and speed improvements, and the fine-tuning of some 

adjustable separation parameters. The main areas of interest are as follows: 

o The performance of the playmode detector may be improved by employing a faster 

algorithm for the detection. For instance, it may be worth inspecting under what 

circumstances a gradient search or similar method is applicable for the task. 

o Detecting cancellations is a tough issue. The currently proposed method is capable of 

identifying this artifact in the case the instruments in question do not play vibrato or 

tremolo notes. An interesting research topic could be devoted to finding a feature set in 

the separated notes that can efficiently differentiate between cancellations and 

intentional vibrato or tremolo. 

o The method for the resynthesis of the periodic part of the separated note signals 

generates multiple perfect sinusoids with frequencies that are in a perfect integer 

relation to each other. However, some instruments (including the lowest keys on the 

piano) typically generate vibrations that contain sinusoids that are only in a quasi-

perfect integer relationship. There are even instruments like the tubular bell that 

generate sinusoids with frequencies that are not in an integer relationship at all. The 

current instrument print model could be extended to support these characteristics of 

some instruments. 

o As the musical score is entered by the user the preciseness of this input becomes an 

important factor. Aiding the input process by employing an intelligent note onset/offset 

detection method may further improve the performance of the separation system.  

 

The field of musical sound source separation is a constantly evolving area with many different 

approaches. The results of current work present a way of sound source separation in the area of 

model based systems. Hopefully they will be a useful part in future music separation systems. 

 



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 108 

8. References and own publications 

[1] G. E. Poliner., D. P. W. Ellis, A. F. Ehmann, E. Gomez, S. Streich, B. Ong, “Melody 
Transcription From Music Audio: Approaches and Evaluation”, IEEE Transactions on 
Audio, Speech and Language Processing, Vol. 15,  No. 4,  May 2007, pp.1247–1256 

[2] H. Thornburg, R. J. Leistikow, J. Berger, “Melody Extraction and Musical Onset Detection 
via Probabilistic Models of Framewise STFT Peak Data”, IEEE Transactions on Audio, 
Speech and Language Processing, Vol. 15,  No. 4,  May 2007 pp.1257–1272 

[3] J. P. Bello, L. Daudet, M. B. Sandler, “Automatic Piano Transcription Using Frequency and 
Time-Domain Information”, IEEE Transactions on Audio, Speech and Language 

Processing, Vol. 14, No. 6, Nov. 2006, pp. 2242–2251 

[4] A. T. Cemgil, H. J. Kappen, D. Barber, “A generative model for music transcription”, IEEE 
Transactions on Audio, Speech and Language Processing, Vol. 14, No. 2, March 2006, pp. 
679–694 

[5] S. A. Abdallah, M. D. Plumbley, “Unsupervised analysis of polyphonic music by sparse 
coding”, IEEE Transactions on Neural Networks, Vol. 17, No. 1,  Jan. 2006, pp. 179–196 

[6] M Marolt, “Networks of adaptive oscillators for partial tracking and transcription of music 
recordings”, Journal of New Music Research, Vol. 33, No. 1, March 2004, pp. 49-71 

[7] M. Marolt, “A connectionist approach to automatic transcription of polyphonic piano 
music”, IEEE Trans. Multimedia, Vol. 6, No. 3, 2004, pp. 439–449, 

[8] A. Klapuri, “Multiple fundamental frequency estimation based on harmonicity and spectral 
smoothness”, IEEE Trans. Speech Audio Process., Vol. 11, No. 6, 2003, pp. 804–816 

[9] C. Chafe, D. Jaffe, “Source separation and note identification in polyphonic music”, 
Proceedings of IEEE International Conference on Acoustics, Speech and Signal 

Processing, Tokyo, 1986, pp. 1289–1292 

[10] D. F. Rosenthal, H. G. Okuno, Eds., Computational Auditory Scene Analysis, Mahwah, 
NJ: Lawrence Erlbaum, 1998 

[11] K. Kashino, K. Nakadai, T. Kinoshita, H. Tanaka, “Organization of hierarchical 
perceptual sounds: music scene analysis with autonomous processing modules and a 
quantitative information integration mechanism”, Proceedings of International Joint 
Conference on Artificial Intelligence, Montréal, QC, Canada, 1995, pp. 158–164 

[12] D. P. W. Ellis, “Prediction-Driven Computational Auditory Scene Analysis”, Ph.D. 
thesis, MIT Media Laboratory, Cambridge, Massachusetts, 1996 

[13] A. Klapuri and M. Davy, editors, Signal Processing Methods for Music Transcription, 
Springer, 2006 

[14] Alicja A. Wieczorkowska and Andrzej Czyżewski , “Rough Set Based Automatic 
Classification of Musical Instrument Sounds”, Electronic Notes in Theoretical Computer 
Science, Vol. 82, No. 4, March 2003, pp. 298–309 



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 109 

[15] Brown, J. C., “Computer identification of musical instruments using pattern recognition 
with cepstral coeffcients as features” Journal of the Acoustical Society of America, Vol. 
105, No. 3, 1999, pp. 1933-1941 

[16] Herrera, P ., X. Amatriain, E. Batlle, and X. Serra, “Towards instrument segmentation for 
music content description: a critical review of instrument classification techniques”, 
Proceedings of the International Symposium on Music Information Retrieval (ISMIR 2000), 
Plymouth, MA, 2000 

[17] Herrera-Boyer, P., Peeters, G., Dubnov, S., 2003. “Automatic classification of musical 
instrument sounds”, Journal of New Music Research, Vol. 32, No. 2, pp. 3–21. 

[18] S. V. Vaseghi, Advanced Digital Signal Processing and Noise Reduction, John Wiley & 
Sons, second edition, 2000, pp 333–354 

[19] A.G. Krishna, T.V. Sreenivas, “Music instrument recognition: from isolated notes to solo 
phrases”, Proceedings of IEEE International Conference on Acoustics, Speech, and Signal 
Processing (ICASSP '04), Vol. 4, 2004, pp. 265–268 

[20] S. Boll, Suppression of acoustic noise in speech using spectral subtraction, IEEE 
Transactions on Acousics, Speech and Signal Processing, Vol. 27, No. 2, Apr. 1979., pp. 
113–120,  

[21] N. Virag, “Single channel speech enhancement based on masking properties of the 
human auditory system”, IEEE Transactions on Speech and Audio Processing, Vol. 7, No. 
2, March 1999, pp. 126–137 

[22] J. Jensen, J. H. L. Hansen, “Speech enhancement using a constrained iterative sinusoidal 
model”, IEEE Transactions on Speech and Audio Processing, Vol. 9, No. 7, 2001, pp. 731–
740 

[23] A. Czyzewski, R. Krolikowski, “Noise reduction of audio signals based on the perceptual 
coding approach”, Proceedings of IEEE Workshop on Applications of Signal Processing to 

Audio and Acoustics (WASPAA 1999), 1999, pp. 147–150 

[24] I. Kauppinen, K. Roth, “Improved Noise Reduction in Audio Signals Using Spectral 
Resolution Enhancement With Time-Domain Signal Extrapolation”, IEEE Transactions on 
Speech and Audio Processing, Vol. 13, No. 6, 2005, pp. 1210–1216 

[25] S. Haykin, Unsupervised Adaptive Filtering — Volume 1: Blind Source Separation, John 
Wiley & Sons, New York, 2000 

[26] A. Hyvärinen, J. Karhunen, and E. Oja, Independent Component Analysis, John Wiley & 
Sons, 2001 

[27] E. D. Scheirer, Music-Listening Systems, PhD thesis, Massachusetts Institute of 
Technology, 2000 

[28] L. Ujházy, Hangkultúra, Coursebook for subject ‘Hangtechnika’, Szent István Király 
Zeneművészeti Szakközépiskola, 1997 

[29] L. Ujházy, A hangfelvétel művészete, Műegyetemi kiadó, Budapest, 2004 

[30] C. K. Lee, D. G. Childers, “Cochannel speech separation”, Journal of the Acoustical 
Society of America, Vol. 83, No. 1, 1988 



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 110 

[31] T. Parsons, “Separation of speech from interfering speech by means of harmonic 
selection”, Journal of the Acoustical Society of America, Vol. 60, No. 4, 1976 

[32] T. F. Quatieri, R. G. Danisewicz, “An approach to co-channel talker interference 
suppression using a sinusoidal model for speech”, IEEE Transactions on Acoustics, Speech, 
and Signal Processing, Vol. 38, No. 1, 1990 

[33] M. Weintraub, “The GRASP sound separation system”, Proceedings of IEEE 

International Conference on Audio, Speech and Signal Processing, San Diego, California, 
1984, pp. 69–72 

[34] M. R. Every, J. E. Szymanski, “Separation of synchronous pitched notes by spectral 
filtering of harmonics”, IEEE Transactions on Audio, Speech, and Language Processing, 
Vol. 14, No. 5, 2006, pp. 1845–1856 

[35] R.C. Maher, ”Evaluation of a method for separating digitized duet signals”, Journal of 
the Audio Engineering Society, vol. 38, no. 12, pp. 956-979, 1990 

[36] T. F. Quatieri, R. G. Danisewicz, “An approach to co-channel talker interference 
suppression using a sinusoidal model for speech”, IEEE Transactions on Acoustics, Speech, 
and Signal Processing, Vol. 38, No. 1, 1990, pp. 56–69 

[37] A. T. Cemgil, Bayesian Music Transcription, PhD thesis, Radboud University Nijmegen, 
2004 

[38] M. Davy, S. Godsill, “Bayesian harmonic models for musical signal analysis”, 
Proceedings of Seventh Valencia International meeting Bayesian statistics, Tenerife, Spain, 
June 2002,  

[39] C. Févotte, S. J. Godsill, “A Bayesian approach for blind separation of sparse sources”, 
IEEE Transactions on Speech and Audio Processing, Vol. 14, No. 6, 2006, pp. 2174–2188 

[40] Klapuri, A., “Multipitch estimation and sound source separation by the spectral 
smoothness principle”, Proceedings of IEEE International Conference on Acoustics, 
Speech and Signal Processing, Vol. 5, Salt Lake City, USA, 2001, pp. 3381–3384 

[41] Virtanen, T. and Klapuri, A., “Separation of Harmonic Sounds Using Multipitch Analysis 
and Iterative Parameter Estimation”, Proceedings of IEEE Workshop on Applications of 

Signal Processing to Audio and Acoustics, New York, USA, 2001, pp. 83–86 

[42] Virtanen, T. and Klapuri, A., “Separation of Harmonic Sound Sources Using Sinusoidal 
Modeling”, Proceedings of IEEE International Conference on Acoustics, Speech and Signal 
Processing, Vol. 2, Istanbul, Turkey, 2000, pp. 765–768 

[43] T. Virtanen and A. Klapuri, “Separation of harmonic sounds using linear models for the 
overtone series”, Proceedings of IEEE International Conference on Acoustics, Speech and 
Signal Processing (ICASSP '02), Orlando, Fla, USA, May 2002, pp. 1757–1760 

[44] A. Klapuri, T. Virtanen, J.-M. Holm, ”Robust multipitch estimation for the analysis and 
manipulation of polyphonic musical signals”, Proceedings of the COST-G6 Conference on 
Digital Audio Effects (DAFx-00), Verona, Italy, 2000, pp. 141–146. 

[45] T. Virtanen, “Monaural Sound Source Separation by Nonnegative Matrix Factorization 
With Temporal Continuity and Sparseness Criteria”, IEEE Transactions on Audio, Speech 
and Language processing, Vol.15, No.3, March 2007, pp. 1066–1074.  



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 111 

[46] D.D. Lee, H. S. Seung, “Learning the parts of objects by non-negative matrix 
factorization”, Nature 401, 1999, pp. 788 – 791 

[47] D. D. Lee, H. S. Seung, “Algorithms for non-negative matrix factorization”, Proceedings 
of Neural Information Processing Systems, Denver, USA, 2001, pp. 556–562 

[48] D. D. Lee, H. S. Seung, “Unsupervised learning by convex and conic coding”, 
Proceedings of the Conference on Neural Information Processing Systems 9, 1997, pp. 
515–521 

[49] A. Bregman, Auditory scene analysis, MIT Press, Cambridge, USA, 1990 

[50] G. Chechik, A. Globerson, M. J. Anderson, E. D. Young, I. Nelken, N. Tishby, “Group 
redundancy measures reveal redundancy reduction in the auditory pathway”, Proceedings 
of Neural Information Processing Systems, Vol. 13, No. 2, Vancouver, Canada, 2001, pp. 
144–149 

[51] M. P. Cooke, Modeling auditory processing and organization, Cambridge University 
Press, Cambridge, UK, 1993 

[52] D. P. W. Ellis, Prediction-driven computational auditory scene analysis, PhD thesis, 
Massachusetts Institute of Technology, 1996 

[53] P. Smaragdis, Redundancy Reduction for Computational Audition, a Unifying Approach, 
PhD thesis, Massachusetts Institute of Technology, 1997. 

[54] E. Zwicker, H. Fastl, Psychoacoustics: Facts and Models, Springer-Verlag, 1990 

[55] A. de Cheveigné, “The auditory system as a separation machine”, In A. J. M. Houtsma, 
A. Kohlrausch, V. F. Prijs, and R. Schoonhoven, editors, Physiological and Psychophysical 
Bases of Auditory Function. Shaker Publishing BV, Maastricht, The Netherlands, 2000 

[56] K. Torkkola, “Blind separation of delayed and convolved sources” In S. Haykin, editor, 
Unsupervised Adaptive Filtering — Volume 1: Blind Source Separation, pp 321–375. John 
Wiley & Sons, 2000 

[57] D. E. Dudgeon, R. M. Mersereau, Multidimensional Digital Signal Processing, Prentice 
Hall, Englewood Cliffs, USA, 1984 

[58] K. Torkkola, “Blind separation for audio signals — are we there yet?”, Proceedings of 
International Conference on Independent Component Analysis and Signal Separation, 
Aussois, France, 1999, pp. 239–244 

[59] D. FitzGerald, M. Cranitch, E. Coyle, “Sound source separation using shifted non-
negative tensor factorization” Proceedings of IEEE International Conference on Audio, 
Speech and Signal Processing, Toulouse, France, 2006, pp. 653-656 

[60] E. Vincent, “Musical source separation using time-frequency source priors”, IEEE 
Transactions on Audio, Speech, and Language Processing, Vol. 14, No. 1, 2006, pp. 91-98 

[61] H. Viste, Binaural Localization and Separation Techniques, PhD thesis, Ecole 
Polytechnique Fédérale de Lausanne, 2004 



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 112 

[62] H. Viste, G. Evangelista, “A method for separation of overlapping partials based on 
similarity of temporal envelopes in multi-channel mixtures”, IEEE Transactions on Audio, 
Speech, and Language Processing, Vol. 3, No. 14, 2006, pp. 1051–1061 

[63] Ozgür Yilmaz, S. Rickard, “Blind separation of speech mixtures via time-frequency 
masking”, IEEE Transactions on Signal Processing, Vol. 52, No. 7, 2004, pp. 1830–1847 

[64] N. Mitianoudis, M. E. Davies, “Using Beamforming in the audio source separation 
problem”, 7th Int Symp on Signal Processing and its Applications, Paris, July 2003, pp. 89–
92 

[65] P. Comon, “Independent Component Analysis, a new concept”, Signal Processing, 
Elsevier, Vol. 36, No. 3, April 1994, pp. 287–314 

[66] T. Pohle, P. Knees, M. Schedl, G. Widmer, “Independent Component Analysis for Music 
Similarity Computation”, Proceedings of the 7th International Conference on Music 

Information Retrieval (ISMIR 2006), Victoria, Canada, 2006, pp. 228–233 

[67] D. Barry, R. Lawlor, E. Coyle, “Sound Source Separation: Azimuth Discrimination and 
Resynthesis”, in Proc. 7th International Conference on Digital Audio Effects, DAFX 04, 
Naples, Italy, 2004, pp. 240–244 

[68] F. Sha, L. K. Saul, “Real-time pitch determination of one or more voices by nonnegative 
matrix factorization” Proceedings of Neural Information Processing Systems, Vancouver, 
Canada, 2004 

[69] S. A. Abdallah, M. D. Plumbley, “Polyphonic transcription by nonnegative sparse coding 
of power spectra”, Proceedings of International Conference on Music Information 

Retrieval, Barcelona, Spain, October 2004, pp. 318–325 

[70] D. FitzGerald, E. Coyle, B. Lawlor, “Prior subspace analysis for drum transcription”, 
Proceedings of the 114th Audio Engineering Society Convention, Amsterdam, Netherlands, 
March 2003 

[71] J. Paulus, T. Virtanen, “Drum transcription with non-negative spectrogram factorization” 
Proceedings of European Signal Processing Conference, Turkey, 2005 

[72] T. Blumensath, M. Davies, “Unsupervised learning of sparse and shiftinvariant 
decompositions of polyphonic music”, Proceedings of IEEE International Conference on 
Audio, Speech and Signal Processing, Montreal, Canada, 2004, pp. 497–500 

[73] M. A. Casey, A. Westner, “Separation of mixed audio sources by independent subspace 
analysis”, Proceedings of International Computer Music Conference, Berlin, Germany, 
2000 

[74] P. Lepain, “Polyphonic pitch extraction from musical signals”, Journal of New Music 

Research, Vol. 28, No. 4, 1999, pp. 296–309 

[75] P. Smaragdis, J. C. Brown, “Non-negative matrix factorization for polyphonic music 
transcription” Proceedings of IEEE Workshop on Applications of Signal Processing to 

Audio and Acoustics, New Paltz, USA, 2003, pp. 177–180 

[76] C. Uhle, C. Dittmar, and T. Sporer, “Extraction of drum tracks from polyphonic music 
using independent subspace analysis”, Proceedings of the 4th International Symposium on 



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 113 

Independent Component Analysis and Blind Signal Separation, Nara, Japan, 2003, pp. 843–
848 

[77] E. Vincent, X. Rodet, “Music transcription with ISA and HMM”, Proceedings of the 5th 
International Symposium on Independent Component Analysis and Blind Signal Separation, 
Granada, Spain, 2004 

[78] T. Virtanen, “Sound source separation using sparse coding with temporal continuity 
objective”, Proceedings of International Computer Music Conference, Singapore, 2003, pp. 
231–234 

[79] B. A. Olshausen, D. F. Field, “Sparse coding with an overcomplete basis set: A strategy 
employed by V1?”, Vision Research, Vol. 37., 1997, pp. 3311–3325 

[80] S. Dubnov, “Extracting sound objects by independent subspace analysis”, Proceedings of 
the 22nd International Audio Engineering Society Conference, Espoo, Finland, June 2002 

[81] G.-J. Jang, T.-W. Lee, “A maximum likelihood approach to single channel source 
separation”, Journal of Machine Learning Research, Vol. 23, 2003, pp. 1365–1392 

[82] S. A. Abdallah, Towards Music Perception by Redundancy Reduction and Unsupervised 

Learning in Probabilistic Models, PhD thesis, Department of Electronic Engineering, 
King’s College London, 2002 

[83] S. A. Abdallah, M. D. Plumbley. “If the independent components of natural images are 
edges, what are the independent components of natural sounds?”, Proceedings of 
International Conference on Independent Component Analysis and Signal Separation, San 
Diego, USA, 2001, pp. 534–539 

[84] Rik Pintelon, Joha Schoukens, System Identification, A frequency domain approach, 
ISBN 0-7803-6000-1, May 2001, Wiley-IEEE Press, pp. 33-44 

[85] Svend Gade, Henrik Herlufsen, “Use Of Weighting Functions in DFT/FFT Analysis (Part 
I)”, Brüel & Kjær Technical Review, 1987 No. 3. 

[86] F. J. Harris, “On the use of windows for harmonic analysis with the discrete fourier 
transform”,  Proceedings of the IEEE, Vol. 66, No. 1, 1978, pp. 51–83 

[87] J. B. Allen, L. R. Rabiner, “A Unified approach to short-time fourier analysis and 
synthesis,” Proceedings of the IEEE, Vol. 65, 1977, pp. 1558–1564. 

[88] J. C. Brown, “Calculation of a constant Q spectral transform”, Journal of the Acoustical 
Society of America, Vol. 89, No. 1, 1991, pp. 425–434 

[89] J. C. Brown, “An efficient algorithm for the calculation of a constant Q spectral 
transform”, Journal of the Acoustical Society of America, Vol. 92, No. 5,  1992, pp. 2698–
2701 

[90] D. FitzGerald, M. Cranitch, M. T. Cychowski, “Towards an Inverse Constant Q 
Transform”, 120th Convention of the Acoustical Society of America, May 2006,  

[91] R. F. Lyon, “A Computational Model of Filtering, Detection and Compression in the 
Cochlea”, Proceedings of IEEE International Conference on Acoustics, Speech, and Signal 
Processing, 1982, pp. 1282–1285 



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 114 

[92] M. Slaney, R. F. Lyon, ”A Perceptual Pitch Detector”, Proceedings of IEEE International 
Conference on Acoustics, Speech, and Signal Processing, 1990, pp. 357–360 

[93] G. Péceli, “A Common Structure for Recursive Discrete Transforms”, IEEE Transactions 
on Circuits and Systems, Vol. CAS-33, No. 10, Oct. 1986, pp. 1035–1035 

[94] L. Sujbert, G. Péceli, Gy. Simon, “Resonator Based Non-Parametric Identification of 
Linear Systems”, Proceedings of the 18th IEEE Instrumentation and Measurement 

Technology Conference (IMTC/2001), Vol. 1, Budapest, Hungary, May 2001, pp. 166–169 

[95] P. S. Maybeck, Stochastic Models, Estimation, and Control, Academic Press, Vol 1, 
1979, Chapter 1 

[96] I. Daubechies, “The Wavelet Transform, Time-Frequency Localization And Signal 
Analysis”, IEEE Transactions on  Information Theory, Vol. 36, No, 5, 1990, pp. 961–1005 

[97] R. Kronland-Martinet, J. Morlet, A. Grossman, “Analysis of sound patterns through 
wavelet transform”, International Journal of Pattern Recognition and Artificial 

Intelligence, Vol. 1, No. 2, 1987, pp. 237–301. 

[98] R. Polikar, “The Wavelet Tutorial”, 
http://users.rowan.edu/~polikar/WAVELETS/WTtutorial.html (01.01.2009) 

[99] C. Torrence, G. Compo, “A Practical Guide to Wavelet Analysis”, Bulletin of the 
American Meteorological Society, Vol. 79, No.1, Jan. 1998, pp. 61–78 

[100] G. Kaiser, A friendly guide to wavelets, Boston, Birkhauser, 1994 

[101] S.G Mallat “A Theory for Multiresolution Signal Decomposition: The Wavelet 
Representation” IEEE Transactions on Pattern Analysis and Machine Intelligence, Vol.11, 
1989, pp. 674–693 

[102] C. U. Ranninger, D. L. Atkin, “EMG mean power frequency determination using wavelet 
analysis”, Proceedings of the 19th IEEE/EMBS Conference, Vol. 4, Chicago, 1997, pp 
1589–1592 

[103] L. Cnockaert, F. Grenez, J. Schoentgen, “Fundamental Frequency Estimation and Vocal 
Tremor Analysis by means of Morlet Wavelet Transforms”, Proceedings of IEEE 
International Conference on Acoustics, Speech, and Signal Processing, 2005, pp. 393–396 

[104] R. A. Carmona, W. L. Hwang, B. Torrésani, “Characterization of Signals by the Ridges 
of Their Wavelet Transforms”, IEEE Transactions on Signal Processing, Vol. 45, No. 10, 
1997, pp. 2586–2590 

[105] Boulaem Boashash, “Estimation and interpreting the instantaneous frequency of a signal - 
part i : Fundamentals”, Proceedings of the IEEE, Vol. 80, No. 4, 1992, pp. 519–538 

[106] Z. Yanjie V. Prinet, “IF estimation based on Wavelet Transform”, Proceedings of 
FRINGE 2003 workshop, Frascati, Italy, 2003 

[107] J. D. Harrop, S. N. Taraskin, S. R. Elliott, “Instantaneous frequency and amplitude 
identification using wavelets: Application to glass structure”, Physical Review E 66, 2002 

[108] J. Pablo Bello Correa, Towards the Automated Analysis of Simple Polyphonic Music: A 

Knowledge-based Approach, PhD dissertation, Queen Mary University of London, 2003 



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 115 

[109] S. M. Bernsee, “Pitch Shifting Using the Fourier Transform”, 
http://www.dspdimension.com/admin/pitch-shifting-using-the-ft/ (01-01-2009) 

[110] J. C. Brown: “A high resolution fundamental frequency determination based on phase 
changes of the Fourier Transform”, Journal of the Acoustical Society of America, Vol. 94, 
No. 2,  August 1993, pp. 662–667 

[111] P. Depalle, T. Helie, “Extraction of spectral peak parameters using a short-time Fourier 
transform modeling and no sidelobe windows”, Proceedings of IEEE ASSP Workshop on 

Applications of Signal Processing to Audio and Acoustics, Oct. 1997, pp. 4  

[112] E. G. Gutiérrez, Tonal description of music audio signals, PhD dissertation, Universitat 
Pompeu Fabra, 2006 

[113] A. de Cheveigné, “Pitch perception models”, Pitch: Neural Coding and Perception 
(Springer Handbook of Auditory Research), Vol. 24, Springer Verlag., 2005 

[114] M. A. Schmuckler, “Pitch and pitch structures”, Ecological Psychoacoustics, Elsevier, 
2004, pp. 271–315  

[115] P. Iverson; C. L. Krumhansl, “Isolating the dynamic attributes of musical timbre”, 
Journal of the Acoustical Society of America, Vol. 94, No. 5, Nov. 1993, pp. 2595–2603 

[116] K. D. Martin, “A blackboard system for automatic transcription of simple polyphonic 
music”, Technical Report 385, MIT Media Lab, Perceptual Computing Section, July 1996 

[117] K. Kashino, K. Nakadai, T. Kinoshita, H. Tanaka, “Application of Bayesian probability 
network to music scene analysis”, Working Notes of the IJCAI-95 Computational Auditory 

Scene Analysis Workshop, 1995, pp. 52–59. 

[118] M. Marolt, “Networks of adaptive oscillators for partial tracking and transcription of 
music recordings”, Journal of New Music Research, Vol. 33, No. 1, 2004, pp. 49–59 

[119] S. A. Abdallah, T. Blumensath, M. E. Davies, „Sparse representations of polyphonic 
music”, IEEE Transactions on Signal Processing, Vol. 86, No. 3, March 2006, Pages 417–
431 

[120] Hee-Suk Pang, Doe-Hyun Yoon, ”Automatic detection of vibrato in monophonic music”, 
Pattern Recognition, Vol. 38, No. 7, July 2005, pp. 1135–1138 

[121] X. J. Serra, J. O. Smith. 1990. “A System for Sound Analysis/Transformation/Synthesis 
based on a Deterministic plus Stochastic Decomposition”, Signal Processing V: Theories 
and Applications, L. Torres, E. Masgrau, and M.A. Lagunas (eds.). Elsevier Science 
Publishers B.V., 1990 

[122] I. Vajk, J. Hetthéssy, “Identification of nonlinear errors-in-variables models”, 
Automatica,  Vol. 39, No. 12, 2003, pp 2099–2107 

[123] C. Radhakrishna Rao, H. Toutenburg, Shalabh, C. Heumann, M. Schomaker, Linear 
Models and Generalizations, Springer-Verlag New York, 2007 

[124] R. Prony, “Essai Experimental et Analytique”, Journal de L'Ecole Polytechnique, Vol. 1, 
No. 2, 24-76., 1975 



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 116 

[125] V. F. Pisarenko, “The retrieval of harmonics from a covariance function”, Geophysical 
Journal of the Royal Astronomical Society, Vol. 33, pp. 347–366, 1973. 

[126] M. Liang, Qi Hu, S. Huang, “Decomposition of speech signal into a periodic and an 
aperiodic part”, Proceedings of the First International Conference on Innovative 

Computing, Information and Control, 2006, Vol. 2, pp. 746–750  

[127] C. d'Alessandro, V. Darsinos, B. Yegnanarayana, “Effectiveness of a periodic and 
aperiodic decomposition method for analysis of voice sources”, IEEE Transactions on 
Speech and Audio Processing, 1998, pp. 12–23  

[128] B. Yegnanarayana, C. d’Alessandro, V. Darsinos, “An Iterative Algorithm for 
Decomposition of Speech Signals into Periodic and Aperiodic Components”, IEEE 
Transactions on Speech and Audio Processing, Vol. 6, No. 1, 1998, pp. 1–11 

[129] S. B. Jebara, ”Periodic/aperiodic decomposition for improving coherence based multi-
channel speech denoising”, International Symposium on Signal Processing and 

Applications, Sharjah, Emirates, February, 2007, pp. 1–4 

[130] S. B. Jebara, „Periodic/aperiodic decomposition and wavelet transform for noise 
reduction in esophageal speech”, International Symposium On Image/Video 

Communications over fixed and mobile networks ISIVC, Hammamet, Tunisia, September 
2006 

[131] Y. Stylianou, “Decomposition of Speech Signals into a Deterministic and a Stochastic 
Part”, Proceedings of the 4th International Conference on Spoken Language Processing, 
Vol. 2, 1996, pp. 1213–1216 

[132] R. F. Lyon, “A computational model of filtering, detection, and compression in the 
cochlea”, Proceedings of International Conference on Acoustics, Speech, and Signal 
Processing, 1982, pp. 1282–1285 

[133] M. Fanty, R. Cole, M. Slaney, “A comparison of DFT, PLP and cochleagram for alphabet 
recognition”, Signals, Systems and Computers (Conference Record of the Twenty-Fifth 
Asilomar Conference), Nov. 1991 

[134] N. S. Jayant, P. Noll, Digital coding of waveforms, New Jersey: Prentice-Hall, 1984. 

[135] A. Härmä, M. Juntunen, J. P. Kaipio, “Time-varying autoregressive modeling of audio 
and speech signals”, Proceedings of the 10th European Signal Processing Conference 
(EUSIPCO 2000), Tampere, Finland, 2000, pp. 2037–2040. 

[136] M. Slaney, D. Naar, R. E. Lyon, “Auditory model inversion for sound separation”,  
Proceedings of International Conference on Acoustics, Speech, and Signal Processing, 
1994, pp. 77–80 

[137] Y. Stylianou, “Applying the harmonic plus noise model in concatenative 
speechsynthesis”, IEEE Transactions on Speech and Audio Processing, Vol. 9, No. 1, Jan. 
2001, pp. 21–29 . 

[138] Y. Stylianou, “Harmonic plus noise models for speech, combined with statistical 
methods, for speech and speaker modification”, Ph.D. dissertation, Ecole Nationale 
Supèrieure des Télécommunications, Paris, France, Jan. 1996. 



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 117 

[139] G. S. Ohm, “Noch ein paar Worte über die Definition des Tones”, Annalen der Physik 
und Chemie, Vol. 62, 1844, pp. 1–18 

[140] E. Zwicker, G. Flottorp, S. S. Stevens, “Critical band width in loudness summation”, 
Journal of the Acoustical Society of America, Vol. 29, 1957, pp. 548–57 

[141] S. W. Smith, The Scientist and Engineer's Guide to Digital Signal Processing, California 
Technical Publishing, 1997 

[142] B. Edler, H. Purnhagen, “Parametric Audio Coding”, Proceedings of IEEE International 
Conference on Communication Technology 2000,  Vol. 1., 2000, pp. 614–617 

[143] K. Martin, Sound-Source Recognition: A Theory and Computational Model, Ph.D. thesis, 
MIT,1999 

[144] S. McAdams, “Recognition of Auditory Sound Sources and Events”, Thinking in Sound: 
The Cognitive Psychology of Human Audition, Oxford University Press, 1993. 

[145] S. Handel, “Timbre Perception and Auditory Object Identification”, In B.C.J. Moore, 

Hearing, New York: Academic Press, 1995, pp. 425–463 

[146] A. S. Bregman, Auditory Scene Analysis. MIT Press., 1990 

[147] E. B. George, M. J. T. Smith, “Analysis-by-synthesis/overlap-add sinusoidal modeling 
applied to the analysis and synthesis of musical tones”, Journal of the Audio Engineering 
Society, Vol. 40, No. 6, Jun. 1992, pp. 497–516 

[148] K. Vos, R. Vafin, R. Heusdens, W. Kleijn, “High-quality consistent analysis-synthesis in 
sinusoidal coding”, Proceedings of 17th International Conference of the Audio Engineering 
Society, 1999, pp. 244–250 

[149] S. Mallat, Z. Zhang, “Matching pursuits with time–frequency dictionaries”, IEEE 
Transactions on Signal Processing, Vol. 41, No. 12, Dec. 1993, pp. 3397–3415 

[150] M. M. Goodwin, “Multiscale overlap-add sinusoïdal modeling using matching pursuit 
and refinements”, Proceedings of IEEE International Workshop on Applications of Signal 

Processing and Audio Acoustics, Oct. 2001, pp. 207–210 

[151] R. Heusdens, R. Vafin, and W. B. Kleijn, “Sinusoidal modeling using psychoacoustic-
adaptive matching pursuits”, IEEE Signal Processing Letters, Vol. 9, No. 8, Aug 2002, pp. 
262–265 

[152] M. Goodwin, M. Vetterli, “Matching pursuit and atomic signal models based on recursive 
filter banks”, IEEE Transactions on Signal Processing, Vol. 47, No. 7, Jul. 1999, pp. 1890–
1902 

[153] L. Daudet, “Sparse and structured decompositions of signals with the molecular matching 
pursuit”, IEEE Transactions on Audio, Speech and Language Processing, Vol. 14, No. 5, 
Sep. 2006, pp. 1808–1816 

[154] A. Bultan, “A four-parameter atomic decomposition of chirplets”, IEEE Transactions on 
Signal Processing, Vol. 47, March 1999, No. 3, pp. 731–745 

[155] R. Gribonval, “Fast matching pursuit with a multiscale dictionary of Gaussian chirps”, 
IEEE Transactions on Signal Processing, Vol. 49, No. 5, May 2001, pp. 994–1001 



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 118 

[156] P. Leveau, E. Vincent, G. Richard, L. Daudet , “Instrument-Specific Harmonic Atoms for 
Mid-Level Music Representation”, IEEE Transactions on Audio, Speech and Language 
Processing, Vol. 16, No. 1, 2008, pp. 116–128 

[157] “Fourier Analysis and FFT”, http://www.astro-med.com/knowledge/fourier.html 

[158] M. Zivanovic,  A. Carlosena, “Nonparametric Spectrum Interpolation Methods: A 
Comparative Study”, IEEE Transactions on Instrumentation and Measurement, Vol. 50, 
No. 5, 2001, pp. 1127–1132 

[159] The University of Iowa Musical Instrument Samples Database, (01/01/2009): 
http://theremin.music.uiowa.edu 

[160] N. Fletcher, T. Rossing, The Physics of Musical Instruments, Springer, Berlin, Germany, 
second edition, 1998 

[161] L. R. Rabiner, R. W. Schafer, Introduction to Digital Speech Processing, Now Publishers 
Inc., United States, Vol.1. No.1., 2007 

[162] X. Huang, A. Acero, HW. Hon, Spoken Language Processing, Prentice Hall PTR, 2001 

[163] T. F. Quatieri, Discrete-Time Speech Signal Processing Principles and Practice, Prentice 
Hall PTR, 2002 

[164] P. Vary, R. Martin, Digital Speech Transmission Enhancement, Coding and Error 
Concealment, Wiley, 2006. 

[165] A. Kain. High resolution voice transformation, Ph.D. thesis, Oregon Health and Science 
University, Portland, Oregon, USA, Oct. 2001. 

[166] G. Gordos, Gy. Takács: Digitális beszédfeldolgozás, Műszaki Könyvkiadó, 1983. 

[167] L R. Rabinar, “On the use of autocorrelation analysis for pitch detection”, IEEE 
Transactions on Acoustics, Speech and Signal Processing, Vol. 25, No. 1, 1977, pp. 24–33 

[168] Gábor Csalog plays “Alexander Szkrjabin: Étrangeté”, BMC Records, 2005, 
http://www.bmcrecords.hu/pages/frameset/direkt.php?kod=099 (01-01-2009) 

[169] Algorithmix reNOVator, http://www.algorithmix.com/en/renovator.htm (01-01-2009) 

[170] CEDAR ReTouch, http://www.cedaraudio.com/ (01-01-2009) 

 
*** 

[171] K. Aczél, Sz. Iváncsy, “Musical source analysis with DFT”, Proceedings of MicroCAD 

2006, Miskolc, Hungary, 2006, pp. I:1–6 

[172] K. Aczél, Sz. Iváncsy, “Supporting pitch shifting: Sound separation using instrument 
prints”, Proceedings of MicroCAD 2006, Miskolc, Hungary, 2006, pp. I:7–12 

[173] K. Aczél, Sz. Iváncsy, “Instrument separation in polyphonic recordings using instrument 
prints”, CSCS 2006, Szeged, Hungary, 2006 

[174] K. Aczél, Sz. Iváncsy, “Manipulation of musical recordings using instrument prints”, 
Proceedings of Automation and Applied Computer Science Workshop 2006, Budapest, 
Hungary, 2006, pp. 143–152 



SECTION 8 - REFERENCES AND OWN PUBLICATIONS 

 119 

[175] K. Aczél, Sz. Iváncsy, “Musical source analysis: spectrogram vs cochleagram”, 
Proceedings of MicroCAD 2007, Miskolc, Hungary, 2007, pp. M:1–6 

[176] K. Aczél, Sz. Iváncsy, “Semi-automatic sound separation of polyphonic music using 
instrument prints”, Proceedings of Automation and Applied Computer Science Workshop 
2007, Budapest, Hungary, 2007, pp. 217–228 

[177] K. Aczél, Sz. Iváncsy, “Sound separation of polyphonic music using instrument prints”, 
Proceedings of the 15th European Signal Processing Conference (EUSIPCO 2007), 
Poznan, Poland, 2007, pp. 931–935. 

[178] K. Aczél, I. Vajk, “Note separation of polyphonic music by energy split”, Proceedings of 
WSEAS International Conference on Signal Processing, Robotics and Automation (ISPRA 

2008), Cambridge, England, 2008, pp. 208–214. 

[179] K. Aczél, I. Vajk, “Instrument prints in note separation of polyphonic music”, 
Proceedings of WSEAS International Conference on Signal Processing, Robotics and 

Automation (ISPRA 2008), Cambridge, England, 2008, pp. 215–220 

[180] K. Aczél, I. Vajk, “The simplified energy split algorithm in the separation of polyphonic 
music”, Proceedings of MicroCAD 2008, Miskolc, Hungary, 2008, pp. J:1–6 

[181] K. Aczél, I. Vajk, “Polyphonic music separation: instrument prints detailed”, Proceedings 
of MicroCAD 2008, Miskolc, Hungary, 2008, pp J:7-12 

[182] K. Aczél, I. Vajk, “Separation of periodic and aperiodic sound components by employing 
frequency estimation”, Proceedings of the 16th European Signal Processing Conference 
(EUSIPCO 2008), Lausanne, Switzerland, 2008, pp. P1-1-2 

[183] K. Aczél, I. Vajk, “Beating correction and resynthesis in the SES-based polyphonic 
music separation system”, Proceedings of Automation and Applied Computer Science 
Workshop 2008, Budapest, Hungary, 2008, pp. 75–88 

[184] K. Aczél, I. Vajk, “Polyphonic music separation based on the Simplified Energy 
Splitter”, WSEAS Transactions on Signal Processing, Vol. 4, No. 4, 2008, pp. 201–210 

[185] K. Aczél, I. Vajk, “Polifonikus zenei felvételek hangjegy alapú szétválasztása”, 
Híradástechnika, Dec. 2008, pp. 37-41 

[186] K. Aczél, I. Vajk, “Note-based sound source separation of polyphonic recordings”, 
Híradástechnika, Jan. 2009, Accepted for publication 

[187] K. Aczél, I. Vajk, “Simple and powerful instrument model for the source separation of 
polyphonic music”, WSEAS Transactions on Acoustics and Music, Vol. 5, No. 1, 2009, pp. 1–10 

 



APPENDICES 

 120 

APPENDICES 

Appendix A – Summary of the theses 

Thesis I: The separation problem and its simplification 

In this thesis I present a modified version of the original sound source separation problem. The 

modification simplifies the original task to an energy redistribution problem in frequency 

domain. 

Simplification of the separation problem 

In my research sound source separation is carried out in frequency domain. Let 

{ },*
,

r kj

r r kc e τγ
τ τ

⋅= ⋅c  denote the spectrum of the polyphonic recording for a frame starting at time 

rτ; , ,*
,, , ,{ }i r kj

ii rr i r ks e τσ
ττ τ

⋅= ⋅s  represent the spectrum of original note i. The separation problem can 

be expressed as: 

 * *
,r i r

i

τ τ
∀

=∑c s , (109) 

where , , , , , ,, , ,i r k i r k r k r ks cτ τ τ τσ γ ∈R . Equation (109) is an underdetermined system of equations 

which cannot be solved unambiguously without any further constraints. I have proposed a 

simplification for solving the separation problem that assumes that the phases of the individual 

bins in the Fourier spectrum of any instrument match the phases of the respective bins of the 

original recording: 

 , , ,r k i r kτ τγ σ=  (110) 

This modification neglects the phases, thus we do not have to take their effect into account 

when solving the simplified equation system: 

 * *
,r i r

i

τ τ
∀

=∑c s  (111) 

This is basically an energy redistribution problem, where we need to work out how the energy 

on the bins was generated. Although the solution for (111) is still not trivial, it is much simpler 

than for (109). Here in Thesis I. I present the simplification itself as a basic principle that can 

be used as the grounds of a concrete separation system. Such a solution for (111) is proposed 

later in Thesis III. 
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Effect of the proposed simplification on the separation quality 

Due to its nature the simplified problem neglects the facts that the phases in the spectrum of the 

individual instruments are usually different. Thus we have to consider a certain level of 

distortion when building any separation algorithm on the top of the simplified version of the 

separation problem.  

I have studied the theoretical level of distortion caused by the proposed simplification.  

o For two components of the same amplitude and frequency the separation error is 

anywhere between 0% and 100%. Its typical value is 35%, that is, this is the fraction of 

the original amplitude that ‘disappears’ due to cancellation when they get mixed 

together. This fraction of the amplitude cannot be recovered by using the simplified 

equation system (111).  However, in polyphonic music only in extremely rare cases are 

the base frequencies of any two notes precisely equal, and this hardly ever lasts longer 

than a few milliseconds.  

o As the frequency difference between the base frequencies of the two notes increases, the 

energy loss quickly decreases towards 0%. 

o Components on close (but not equal) base frequencies introduce beating which cannot 

be resolved by the simplified equation system. 

o In the case of components of different amplitudes the level of distortion decreases as 

they cannot cancel each other completely. 

 

I have analyzed the separation error caused by the simplification. Let x(t) and y(t) denote 

the time function of two sinusoidal signals: 

 
( ) sin( )

( ) sin( )
x x

y y

x t A f t

y t A f tϕ ϕ

= ⋅ ⋅

= ⋅ ⋅ +
 (112) 

where 0 2ϕ π< <  is the phase difference between the signals, Ax and Ay denote the amplitude, 

and fx and fy denote the frequencies of the two signals. When mixed together these signals will 

generate amplification and cancellation effects. In the best case the phases of the two signals 

are equal. In this case the two signals amplify each other and there is no loss of energy: 

 , , 1 max 1 0
x ylossBestCase f f

X YX Y
E

X Y X Y

ϕϕ
ϕ

ϕ ϕ

++
= − = − =

+ +
. (113) 

In the worst case the two signals have opposite phases, and the energy of the mixture is the 

difference of the energy of the individual signals: 
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 , , 1 min 1
x ylossWorstCase f f
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In a typical case the energy loss can be calculated from the average of all the possible cases: 
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which varies with the frequency and amplitude relation of the two original sine waves: the 

farther the two components are the lower the energy loss is. Figure 55 depicts synthetic test 

results on the energy loss when using the simplified version of the sound separation equation.  

 

 

Figure 55: energy loss for two sine waves of equal amplitudes 

From these results it follows that the simplification I have proposed is a reasonable 

compromise between quality and the complexity of the separation problem. 

Quality measure for evaluating sound separation systems 

The quantitative measurement of the quality of sound separation systems is a complex problem. 

I have proposed a new measure that calculates the error of an arbitrary separation algorithm in 

frequency domain. Exploiting the fact that the human ear is very insensitive to phase distortions 

the measure calculates the error from the energy of the separated note signals: 
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Thesis II: Periodic/aperiodic decomposition of sound signals 

I have proposed an algorithm that decomposes the periodic and aperiodic components of a 

sound signal. I have used the frequency estimation method proposed by Brown. This method 

observes the phases of the individual bins in the spectrogram and estimates a true frequency for 

each bin at each time frame. Thus, in addition to the ,r kc τ  amplitude and ,r kτϕ   phase values, an 

,
true

r kf τ  true frequency is assigned to each bin. (This is later referred to as the Frequency 

Estimated spectrogram) This true frequency is exploited in my algorithm. 

The method proposed in this thesis is based on the fact that the estimated true frequency 

values given by the frequency estimator change very slowly over time in the case of periodic 

components, while the estimation gives true frequency values of high variance over time for 

noise-like components. By observing the true frequency values each bin at each time frame can 

be labeled periodic or aperiodic based on its frequency history. 

The periodic component of the original sound signal can be synthesized from the bins that 

are labeled periodic, while the noise-like component can be generated using the bins that are 

labeled aperiodic. 

Let dk,rτ, denote the square deviation of the subsequent ,
true

k rf τ  true frequency values of bin k: 
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where P is the number of frames included in the observation the bin’s frequency history. The 

periodicity of a bin can be calculated using the respective ,r kd τ  value. Under a certain ε  

threshold the bin will be considered periodic, otherwise aperiodic:  
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Instead of the binary decision described above we can assign a periodicity score to each bin 

at each time frame based on the frequency history, showing how probable is that the bin is 

holding periodic energy. This case can be realized using a continuous ,r kτϑ  periodicity score 

function that provides a distribution of the amplitudes in non-trivial cases.  

Finally, the amplitude on the bins is divided into two parts based on their periodicity status 

or score. The resulting periodic and aperiodic components can be expressed as: 
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In both cases (binary decision and periodicity score) the phase values of the bins of the 

periodic and aperiodic components equal the phase values of the bins of the original signal, 

while the sum of the amplitude values of the bins of the two components equal the amplitudes 

of the bins of the original signal. 
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Thesis III: Sound source separation system based on instrument prints 

I have developed a sound source separation system that separates monoaural polyphonic signals 

to note signals. Besides the basic architecture I have also elaborated the three most important 

parts of the system:  

• the instrument print model which is used to store an effective representation of 
instrument notes, 

• the Simplified Energy Splitter algorithm that divides the energy of the input 
recording between the output note signals, 

• the beating correction algorithm that regains energy that was lost during the 
separation due to cancellations in the original mixture 

Basic architecture of the note-based sound source separation system 

I have proposed a system architecture that carries out the task of separation of polyphonic 

music signals. The separation system generates individual output soundtracks for each of the 

musical notes10 in the input recording11. The problem of lack of information about the input 

signal is solved by both requesting information from the user like the musical score and using 

samples of real instruments. 

The system can operate in two modes. In the first mode, the instrument print creation mode, 

the system takes sample waveforms from real-life instruments and transforms them to a 

representation that will later be useful for separation purposes. The block diagram of this 

operation mode is shown in Figure 19. 

The second operation mode of the system, the separation mode, is depicted in Figure 20. It 

extracts individual note signals from the source recording using three inputs: the original music, 

the musical score that is entered by the user, and the instrument prints that were created in the 

first operation mode. The most important blocks are as follows: 

o Playmode detector: this component estimates some parameters of the notes that cannot 

be reliably entered by the user, such as note strength, warmth, sharpness etc. The term 

playmode addresses these properties of the various notes collectively. 

                                                
10 A musical note may be played by more than one artist, e.g. in the case of a string section 
11 In practice only the notes of interest are separated from the recording, but there is no theoretical limitation on the 
number of separable note signals 
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o The Simplified Energy Splitter (SES): This component carries out the redistribution of 

the energy in the input signal to the several output signals. 

o Beating-correction: The SES output signals may suffer from beating, this step aims to 

eliminate this artifact by recognizing it and amplifying/resynthesizing the note signal 

where needed. 

The instrument print model 

I have established a model for storing important features of instruments in a way that it is 

useful later at the separation step. This model is called the instrument print. 

An instrument print contains samples from an instrument on different frequencies and with 

different playmodes. For every sample it stores the amplitude characteristics of the notes on the 

different overtones as well as the amplitude characteristics of the noise component. In an ideal 

case it is a function that returns how the amplitude content changes over time ( rτ ) at any 

specified frequency (f) for a note played on base frequency basef  if the specified playmode (M) 

is used: 

0( , , , )f f tA M  

Sample instrument 
notes 

Instrument print store 

Bandogram 
calculation 

W 

B(ap) 

Signal  
preprocessor 

F(ap) 

Figure 56: Signal flow and block 
diagram of the instrument print creation 

process 

 

 

W: Waveform: Simple waveform 

 

F: FE spectrogram: Frequency estimated spectrogram. ,k tc  bin 

amplitudes and ,k tϕ  phase values remain the same as those of 

the simple FFT, but an ,
true

k tf  true frequency value is stored in 

addition for each bin. 

 

B: Bandogram: A spectrogram split to subbands, in which the 

energy is summed. Only these sums are stored, no detailed 

information on bin amplitudes and no phase information either. 
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In reality this function is realized by interpolating the needed amplitude values from a number 

of presampled notes that are taken at different frequencies and playmodes. A typical instrument 

print contains 10-30 note samples. Each sample stores the sum of the amplitudes on the bins 

that are in a certain frequency range. This representation is called a bandogram. In a 

bandogram the periodic and aperiodic components are stored separately. The aperiodic 

component can be calculated as follows. The distance in subbands of two arbitrary frequencies 

can be calculated as: 

P&V detector 
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Figure 57: Signal flow and block diagram of the separation process 
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With the help of (120) let ( , , )basef f bρ  denote a function that is true if the frequency distance 

between f and basef  is exactly b subbands: 
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The bandogram of a note played on basef  base frequency is calculated as 
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The periodic component can be expressed as: 
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where o identifies the overtone, and 
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is a function that is true if the frequency f is the oth overtone of basef . Minor deviations from 

basef  are allowed, and the maximum allowed deviation that is still considered an overtone is 

defined by 

 basef f δ∆ = ⋅  (125) 

with 
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where δ is an experimental value. 
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The Simplified Energy Split algorithm 

I have proposed an algorithm for redistributing the energy in the source recording between the 

output channels, the separated note signals. The algorithm uses the simplified version of the 

separation problem that was proposed in Thesis I.  

Assuming that the score and playmodes of the notes are known, I propose the following 

iterative algorithm to divide the amplitude between the target note signals.  

In this thesis I propose an iterative algorithm to approximate the solution of (111). The 

energy of the recording is divided between the target note signals in the following way. We 

start out with the original Frequency Estimated STFT image of the recording. The separation is 

completed in N steps. In each step a fraction of the amplitude of the selected bandograms is 

transferred from the spectrogram of the recording to the spectrogram of the separated note 

signals. In an ideal case it is possible to transfer the required amplitude fraction in each step. 

However in a usual case the remaining amplitude in the original signal will decrease to zero 

before we could reach the last step due to the cancellations in the original recording. 

Nevertheless, this strategy ensures a fair division of the amplitude of the recording between the 

output note signals. Having N steps avoids cases when almost the full amplitude gets 

transferred to one output note, leaving no amplitude for the other. 

Here I illustrate the proposed algorithm for the aperiodic part of the signal, however the 

periodic part can be handled in a very similar way. Figure 32 shows the skeleton of the pseudo-

code that carries out the energy redistribution12. The inputs of the SES algorithm are:  

• the (FE) spectrum of the recording (c), 
• the chosen instrument prints (Ai), 
• the step count N  that determines the preciseness of the approximation.  

 

1 //divide the amplitude in the original recording (c) using prints (A) in N steps 

2 function SES( 1 2, , ,..., Ic A A A , N) 

3 for each i (instrument) ˆ 0i =s  

4 for (n = 0 to N) TransferAmpToNotes( 1 2 1 2
ˆ ˆ ˆ, , ,..., , , ,...,I Ic s s s A A A , N) 

5 //residual is the amplitude remaining from the original recording 

6 ˆ =d c  

7 //return the remaining amplitude and the note signals 

8 return 1 2
ˆ ˆ ˆ ˆ, , ,...,d s s s  

  

                                                
12 As noted earlier the algorithm is presented here in a very basic form for better understanding. Thus, time, 
fundamental frequency and playmode indices are omitted. A mathematically exact description can be found in 
Appendix B. 
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9 //divide the amplitude in the original recording (c) using prints (A) in N steps 

10 function TransferAmpToNotes( 1 2 1 2
ˆ ˆ ˆ, , ,..., , , ,...,I Ic s s s A A A , N) 

11 for each i (instrument) 

12 for each b (subband) 

13 //fraction of the energy indicated by the print 

14 neededAmpTotal = ,i bA  / N 

15 //total energy of bins related to subband b 

16 totalAmp = 

 is part of subband bk

k

c

c∑  

17 //coefficient for calculating how much energy needs to be transferred. 

18 coeff = min (neededAmp / totalAmp , 1) 

19 for each k (bin) that is part of b (subband) 

20 transferredAmp = coeff * kc  

21 
kc  = kc  - transferredAmp 

22 ,i ks  = ,i ks  + transferredAmp 

Figure 58.: Pseudo-code skeleton of the SES algorithm 

 

The algorithm operates as follows. 

1. In the beginning the output note signals ( 1 1
ˆ ˆ ˆ, ,..., Is s s ) contain no amplitude on any bin. 

2. The amplitude content of the recording will be transferred to the output note signals in 

an iterative way, in N steps. After completing all the steps the original recording will 

contain only the residual, that is, amplitude content that could not be assigned to any of 

the output signals. (This may be perceived as very low level artificial noise by the 

listener.) The note signals (child notes) will contain amplitudes that together generate a 

note signal that is close to the instrument print used for the separation (mother print). 

3. The actual amplitude splitting is done in function TransferAmpToNotes13. It is called 

N times during the operation of the SES. Its inputs are: 

4. remaining amplitudes (FE spectrum) of the recording, 

5. current spectrum of the output note signals, 

6. the mother prints chosen for the separation, 

7. the total number of steps. 

8. Each run of TransferAmpToNotes iterates through the i outputs. For each output the 

algorithm tries to transfer some amplitude from the remaining part of the recording to 
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the output. If the remaining part does not contain any more amplitude on the respective 

bins, the output is left unaltered in the current step (and all the forthcoming steps).  

9. The actual amount of amplitude to transfer is available for each subband from the 

mother print. The print basically indicates the sum of how much amplitude its child note 

should contain in the different bands (summing the amplitudes of all the bins in the 

band).  

10. The actual amount of amplitude currently present in the recording is calculated as a sum 

of amplitudes of bins that are part of the current (b) subband. A bin is part of a subband 

if its true frequency (not its nominal frequency!) falls in the subband. 

11. In one step the algorithm tries to transfer amplitudes from bins of the recording to bins 

of the child note in a way that the sum of the individual transferred bin amplitudes 

equals a predefined fracture (1/N) of the sum amplitude indicated by the mother print. A 

coefficient is calculated to indicate how much of the amplitude on the bins (in the 

current subband) has to be transferred to the note in order that the sum of the transferred 

amplitude reaches the desired value. The coefficient is the same for all of the bins in a 

subband. 

12. The right amount of amplitude is subtracted from the recording and added to the note 

signal. If there is not enough amplitude in the recording, then the maximum possible 

amount is transferred (leaving no amplitude on the bins of the recording). 

13. The above procedure is repeated for all instruments, N times. 

14. Finally the SES algorithm returns the residual (the leftover energy) and the note signals. 

The beating correction and resynthesis algorithm 

I have developed an algorithm for reducing the beating effect in the separated output channels. 

The algorithm exploits the fact that the amplitude envelope (as the amplitude changes over 

time) on the different overtones of a note signal is in an optimal case similar to the amplitude 

envelope stored in the respective instrument print. If this is not the case, is cancellation at the 

respective areas can be suspected, where the note signal should be amplified back to the level 

indicated by the print. 

Beating can be observed mostly in the periodic component. As the components are available 
separately (using the findings of Thesis II) it is possible to amplify this component at the 
respective areas independently from the aperiodic component.  

                                                                                                                                                     
13 From the software developer’s perspective it is important to note that the values of the inputs get changed by 
TransferAmpToNotes! 
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 ,
, , , , , ,ˆ ˆper beatCor per

i r k i o r i r ks a sτ τ τ= ⋅  (127) 

where , ,i o ra τ  denotes the amplification factor, for which I proposed two strategies in my thesis: 
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, (129) 

where  printatt  and realNoteatt  stand for the attenuation of the print and the separated note, 

respectively. 

In the case of total cancellation there is no energy at the respective areas of the periodic 

component. Thus, amplification of the existing energy content is not an option. However, the 

instrument prints hold enough information about the amplitudes on different overtones, thereby 

making a complete resynthesis of the periodic component possible. (This method also allows 

for many kinds of modifications like pitch shifting, formant adjusting etc.) 
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Appendix B – Mathematics of the Simplified Energy Splitter 

The problem to be solved can be formulated as follows. Let { },r r kcτ τ=c  denote the spectral 

coefficients of the recording. Assuming that there are i concurrent instrument notes at time rτ , 

we aim at dividing the energy in rτc  between the output note signals { }, , ,
ˆ ˆ
i r i r ksτ τ=s  in a way 

that the following criteria are satisfied: 

o The sum energy of the output note signals equals the energy in the original 

recording, that is, the original signal can be regenerated by adding the output 

channels.  

o There should remain as little residual energy ( ˆ rτd ) as possible, that is, keeping 

remErr  on a low level (see (82)). 

o The separated note signals ( ,î rτs ) should resemble to the instrument sample that is 

used as a reference. This requires searching for a solution that results in the lowest 

possible noteErr  (see (83)).  

 

These conditions can be formulated as follows: 
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where ,
ˆˆ { }r r kdτ τ=d  stands for the residual noise that cannot be allocated to any of the output 

channels, and the separation error should be minimal. The latter can be expressed from (81) –

 (84) as 
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Finding the minimum of (131) is extremely hard. In this thesis I propose an iterative 

algorithm to approximate the solution of (85) and (86). The energy of the recording is divided 
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between the target note signals in the following way. We start out with the original Frequency 

Estimated STFT image of the recording. The separation is completed in N steps. In each step a 

fraction of the energy of the selected bandograms is transferred from the spectrogram of the 

recording to the spectrogram of the separated note signals. In an ideal case we will be able to 

transfer the required energy fraction in each step. However in a usual case the remaining energy 

in the original signal will decrease to zero before we could reach the last step. This is due to the 

cancellations in the original recording (see Section 5.3). Nevertheless, this strategy ensures fair 

division of the energy of the recording between the output note signals. Having N steps avoids 

cases when almost the full energy would get transferred to one output channel, leaving no 

energy for the other. 

The proposed algorithm for the aperiodic part of the signal is as follows. Let 

{ }[0],0, [0],0, ,
ˆ ˆ

r r k rcτ τ τ= =c c  denote the initial energy residing in the recording. Let [ ], ,
ˆ
n i rτs  denote 

the current energy in the separated notes, being [0], ,
ˆ

i t =s 0  initially. Each step [n] (0≤n<N) 

comprises I substeps (1 i I≤ ≤ ), where I denotes the number of instruments in the time frame. 

Each substep transfers an [ ], , ,n b i tα  fraction of the energy of the reference bandogram Ai (in each 

of its b subbands) from the current remaining energy [ ],
ˆ
n rτc  to the separated ith note [ ], ,

ˆ
n i rτs  if 

still possible. [ ], , ,n b i tα  can be calculated as 

 0,, , , ,

[ , ], ,
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n i b r

A t T

J
τα

−
=

M
 (132) 

where Tonset,i is the onset of note i. Inside one substep [ ], , ,n i r kc τ  denotes the energy that is left in 

the recording during the execution of step [n] after transferring the energy fractions to notes 

1…i-1. In each substep we try to subtract [ ], , ,n b i tα  from this remaining energy and add it to the 

energy of the output signals. If the recording still has enough energy on the bins in question, 

that is 

 
, 0

[ , ], , [ , ], ,
( , , )

ˆ
true
r k

n i r k n i b r

f f b

c

τ

τ τ
ρ

α≥∑ , (133) 

then [ ], , ,n b i rτα  can be subtracted from the bins of the recording, and added to the bins of the 

output signal. In this case the next [ ], 1, ,n i r kc τ+  values are calculated in the following way: 
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where 
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If (133) is false, it means that the recording no more contains the energy required by the current 

note signal. In this case all the remaining energy is transferred to the current note’s output 

signal. This leaves no energy on the respective bins: 
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The current energy in the notes to be isolated can be calculated in step [n,i] as 

 ,[ 1], ,[ ], [ , 1], [ , ],
ˆ ˆ ˆ ˆ( )i n r i n r n i r n i rτ τ τ τ+ −= + −s s c c , (137) 

which is the starting value of the energy in the separated note signals in the next step [n+1]. 

The starting value of the remaining energy in step [n+1] is 

 [ 1,0], [ , ],
ˆ ˆ
n r n I rτ τ+ =c c . (138) 

The separation finishes after step [N-1]. The amplitude spectrum of the separated instruments is 

represented by ,[ ],î N rτs , and the amplitude spectrum of the noise component ˆ rτd  is available as: 

 , [ ,0], ,k r N r kd τ τ= c  (139) 

For transforming the signal back to time domain the phase information is also needed. This is 

available from (42). 

The periodic part of the signal is redistributed in a very similar way to the aperiodic part. 

The main difference lies in that the subbands are located following a different strategy than in 

the aperiodic case. 
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Appendix C – Notation 

 

SYMBOL MEANING 

( )x n  Waveform of a signal 

* *,t rτx x  Spectrum of a signal starting at time t or the rth frame 

nom

kf  Nominal frequency of the kth bin 
samplingf  Sampling frequency 

k Identifies the bins in a DFT representation 

r Indicates the DFT frame number 

τ Time lapse between two subsequent DFT frames 

rτ The rth frame that starts at t rτ=  

{ },*
,

r kj

r r kc e τγ
τ τ

⋅= ⋅c   DFT spectrum of the mixture at the frame starting at rτ 

,{ }r r kcτ τ=c   DFT amplitude spectrum of the mixture at the frame starting at rτ 

,r kc τ  Magnitude of the kth bin of the mixture at the frame starting at rτ 

,r kτϕ  Phase of the kth bin of the mixture at the frame starting at rτ 

( )c n  Discretized waveform of the mixture 

,
base

i rf τ  Fundamental frequency of the ith note at the frame starting at rτ 

, ,*
,, , ,{ }i r kj

ii rr i r ks e τσ
ττ τ

⋅= ⋅s   DFT spectrum of the ith source note at the frame starting at rτ 

, , ,{ }i r i r ksτ τ=s   DFT amplitude spectrum of the ith source note at the frame starting at rτ 

, ,i r ks τ  Magnitude of the kth bin of the ith source note at the frame starting at rτ 

( )is n  Discretized waveform of the ith source note 

, ,*
, , ,
ˆ ˆ{ }i r kj

i r i r ks e τγ
τ τ

⋅= ⋅s   DFT spectrum of the ith separated note at the frame starting at rτ 

, , ,
ˆ ˆ{ }i r i r ksτ τ=s   DFT magn. spectrum of the ith separated note at the frame starting at rτ 

, ,î r ks τ  Magnitude of the kth bin of the ith separated note at the frame starting at 

rτ 

{ },*
,

ˆˆ r kj

r r kd e τγ
τ τ

⋅= ⋅d  DFT spectrum of the residual component at the frame starting at rτ 

{ },ˆˆ
r r kdτ τ=d  DFT magn. spectrum of the residual component at the frame starting at 

rτ 
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 Magnitude of the kth bin of the residual component at the frame starting 

at rτ 

ˆ( )d n  Discretized waveform of the residual 

,per aperx x  Periodic / aperiodic component of signal x 

,r kD τ  Sum of quadratic deviations between subsequent true frequencies 

,r kτϑ  Periodicity decision function, periodicity status of bin k at the frame 

starting at rτ 

( )pς  Weighting function for past and future frequency deviations (at 

periodicity detection) 

( , , , )basef f tA M  Instrument print 

, , ,base

aper

f b r
A

τM
 Instrument print: sum amplitude of the aperiodic part of the print with 

playmode M at subband b at time rτ 

, , ,base

per

f o r
A

τM
 Instrument print: sum amplitude of the periodic part of the print with 

playmode M at overtone o at time rτ 

,1 ,{ ,..., }i i i nm m=M  Playmode matrix of the ith note 

( , , )basef f bρ  Subband indicator: true, if the frequency distance between f and basef  is 

b subbands 

( , , )per basef f oρ  Overtone indicator: true, if the frequency f is the oth overtone of basef  

b Subband selector 

o Overtone selector 

R Resolution of the bandogram; the number of bands per octave 

Err Separation error 

Errnote Errors in the separated note signal 

Errrem Errors in the remaining coefficients 

, ,i o ra τ  Amplification factor for note i, overtone o, time rτ 
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Appendix D – Sheet music of real-life examples 

 

Figure 60: Sheet music of Schriabin – Étrangeté – Vers La Flame (extract) 
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Figure 61: Scanned copy of the director’s sheet music: Edison Denisov - Sonata (extract). 
The incorrect note is circled (b?) 

 


