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Abstract 

Melody is central to music perception. The melody can be defined as a monophonic 
sequence of music notes, the tune of a song that the listener remembers and would sing 
back when listening to a polyphonic music. There exist several algorithms that attempt to 
extract melody. However, there is a gap in knowledge about whether these state-of-art 
algorithms extract perceived melody. Nonetheless, the initial step to achieving this goal is 
to understand the melodic complexity within the existing algorithms. Therefore, a 
literature review was conducted to select two state of art melody extraction algorithms, 
one based on merely signal processing while the latter based on deep learning. A 
computational pipeline was implemented in this study to understand the melodic 
complexity, this pipeline iteratively removes the maximally correlated track with the 
extracted melody. A pilot behavioural analysis was also conducted with 9 participants to 
validate if the melodies extracted at each iteration from the computational pipeline are 
perceptually coherent. The framework that was resulted from this study can identify the 
different instrument tracks correlated with the extracted melody at each iteration. The 
results show that the extracted melody is a combination of various instrument tracks. A 
melodic contour was still extracted at different iterations even after removing the 
maximum correlated track, whether this is the perceived melody was tested in the pilot 
behavioural analysis. An interesting pattern emerged for the pop music pieces in the 
behavioural analysis, even though the signal based algorithm extracted melody in 
different iterations, the perceived melody decreased as the number of iterations increased. 
However, more behavioural data is required to make any statistically significant 
statement. 
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1. Introduction 
 
 
Music is important to all societies. In fact, throughout history we can see the evidence of 

the existence of music in all known societies (Greta B. Raglan 2014) (Figure 1.1; Figure 

1.2). In general, music is composed of the elements melody, harmony, rhythm and timbre 

(Niles 2010). Among these, it is the element melody that  provides a concise and natural 

description of polyphonic music. Moreover, the perceived melody is the most 

predominant and memorable tune which we would often hum back. In this context, 

automatic melody extraction represents an ambitious process, because the definition of 

the melody is not rigorous (Poliner, Ellis et al. 2007). Several algorithms have been 

proposed by researchers that attempt to extract melody based on various explanations of 

melody. So, it is essential to gain a comprehensive understanding of the current 

algorithms, as it is obscure to what extent these algorithms are extracting the same 

melody that is perceived by humans. This dissertation addresses a paradigm that can 

quantify melody complexity. The long term research goal is to design a brain inspired 

algorithm that is able to extract melody as humans do. This study conducts the first step 

in this direction by analysing the melody complexity in state of art  algorithms that is 

established on signal processing and deep learning techniques, to validate whether the 

algorithm extracts perceived melody with a behavioural analysis. 

 
 
 
Figure 1.1: Lithophone 

A portable sound producing tool called flint, 
which is also known as a lithophone from the 
Victorian era. (a) Lithophone. (b) A close-up 
image Lithophone. (Blake and Cross 2008) 
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Figure 1.2: Bone flute from at the site of Hohle Fels caves in southwest Germany dating back to the 
Palaeolithic period. (Conard, Malina et al. 2009) 

 
 

This dissertation is structured as follows: firstly, the definition of melody is 

discussed along with the current state of art melody extraction algorithms. Also the 

concept of music transcription is explained. Secondly, experimental set-up, the evaluation 

pipeline and the data collection for both the computational and behavioural analysis is 

detailed. This is followed by the analysis and discussion of the results obtained from the 

different music genres on the computational and behavioural analysis. Finally I conclude 

with the main findings, limitations and considerations about future works. 
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2. Background 
 
 
 
 

2.1  Melody 
 

Our auditory system can naturally distinguish the various constituents of complex sounds 

(Figure 2.1; Figure 2.2). For instance, we can focus on one particular musical instrument 

at will, this is a phenomenon called selective attention (Fernandez, Trost et al. 2020). 

Melody is one such trait that a listener might reproduce if asked to whistle or hum a piece 

of music and recognize it as being the essence of that music (Poliner, Ellis et al. 2007). In 

this sense, there may be a variability of melody perceptiveness between listeners (Goto 

2004). Furthermore, the concept of melody is truly a universal phenomenon and it can be 

traced back to prehistoric times, indeed with a variation in terms of cultural conventions 

and constraints (Ringer 2001). There are multiple explanations of melody in literature. 

Researchers such as Ringer, Goto and Poliner discuss various definitions of melody in 

their work. These definitions are emphasised more on the acoustic features of  the melody 

such as the pitch. For instance, the melody is a single pitch sequence from a multiple 

pitch sequence, it is a succession of pitched sounds in musical time that is rhythmically 

ordered  from pitch to pitch. 

 

In the later section (Section 2.4) which describes the state of art melody extraction 

algorithms, we will see how these definitions are intertwined with various algorithms 

proposed by researchers. In addition, it is important to define melody more formally in 

the context of this dissertation. The definition I will be using is proposed by Selfridge 

field. He stated melody as : 

            “It is the melody that enables us to distinguish one work from another. It is the 

melody that human beings are innately able to reproduce by singing, humming, and 

whistling. It is melody that makes music memorable: we are likely to recall a tune long 
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after we have forgotten its text” (Selfridge-Field 1998).  In this context, the definition of 

melody is strongly based on human perception and as discussed melody may vary from 

one listener to another depending on the background of a listener. 

 

 

Figure 2.1: Diagram of the auditory system and how we hear sound. The sound waves enter 
through the outer ear, these sound waves then travel through the external auditory canal  and enter the 
tympanic membrane which causes the membrane to vibrate. The motion of the stapes causes waves to 
be formed in the fluids of cochlea which causes the basilar membrane to vibrate. This stimulates the 
sensory cells of the organ of corti and the nerve impulses are sent to the brain  
(Hawkins 2017).  

 

 

 

 

 

 

 

 

 

 

 
Figure 2.2: Analysis of the sound frequencies in the basilar membrane (Hawkins 2017). 
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2.2 Musical texture 
 

The previous section described the concept of melody and its importance in music. 

However, music can be composed of multiple instruments, each carrying their specific 

melodic line. In particular, the number of melodic lines varies within different musical 

textures. In music, a texture refers to the way in which melody, rhythm and harmony are 

combined within a composition (Salamon 2013). Generally, a texture in composition is 

regarded in terms of the number of sound layers and their relationship with one another  

(Copland 1957).  The author Copland in his book “Musical texture in What to listen for in 

music” describes the three categories in which musical textures can be divided: these are 

monophonic, homophonic and polyphonic. A monophonic music consists of a single 

unaccompanied melodic line, for example a solo voice (Figure 2.1A). While a 

homophonic music consists of a principle melodic line and a chordal accompaniment like 

a solo voice accompanied by a guitar (Figure 2.1B). More complex music textures can be 

observed with polyphonic music, as they consist of two or more melody lines that are 

sung by independent voices/instruments. An example would be two solo voices and 

various accompanying musical instruments. Polyphonic music with more than one 

melodic line is the primary focus of this dissertation, because as described in section 2.1 

our auditory system can focus on one particular instrument at any given time, therefore 

the instrument we pay attention to is clear in monophonic and homophonic music as it 

consists of only one melodic line. Due to this reason, polyphonic music is considered in 

this dissertation (Figure 2.1C). 

Figure 2.3: (A) Melodic line in Monophonic music signal. (B) Melodic line in Homophonic music signal. 
(C) Melodic line in Polyphonic music signal. 
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2.3 Audio file Format 
 

The evolution of audio formats can be seen throughout history. One of the earliest 

methods to standardise music files is by the music notes. Nevertheless, new developments 

have emerged these past decades to encode audio formats (Paterson 2012). In relation to 

this dissertation, two audio formats are used to store and manipulate music data. A 

revolutionised way of digitalising audio format is through a musical instrument digital 

interface (MIDI) file (Nath 2021) (Figure 2.2A). This is a prominent way to store and 

apply different electronic instruments to the music. In general, there are three types of 

MIDI files. Type 0 is a single track where all the messages are saved, Type 1 is a 

synchronous track meaning all the tracks start at the same time. Whereas, Type 2 is the 

opposite to Type 1 where all the tracks are independent to each other in the file 

(Bjorndalen 2016). Type 1 midi files are used in the dissertation, because distinctive parts 

of the music are saved as individual tracks in the MIDI file. This is required for the task 

of isolating instrument tracks in the later stage for the implementation of the evaluation 

pipeline (Section 3.1.1). Another type of audio format that is used in this study is a 

waveform audio (WAVE) (Figure 2.2B). This is a commonly known format which stores 

the music as a waveform data. The input for the majority of melody extraction algorithms 

is a wave file. Therefore, In this dissertation the Fluidsynth library in python supported on 

sound font 2 is used to convert the midi files to wave files with a sampling rate of 44,100 

Hz. 

 

 
 

 

 

 

 

 

 

Figure 2.4: (A) Sample type 1 MIDI file of Pink panther generated from midi player (Cífka 2021), 
with 5 tracks (blue, green, red, purple, gold colours representing 5 different tracks). (B) Sample Pink 
panther wave format representation generated from audacity software. 
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2.4 Melody extraction 
 

Over the past decade, research in melody extraction has emerged as an active topic in the 

music information retrieval community. Melody extraction, as the name indicates, is the 

process of retrieving melody from music signals. As discussed in Section 2.2, extraction 

of melody from polyphonic music is extremely challenging, thus this area has received 

significant attention from researchers. The broad impact melody extraction has on the 

development of new interesting applications is exciting. Among some of the applications 

are music transcription (converting the melody audio signal into the corresponding notes), 

query by humming (identifying the original audio from the queried melody), and auditory 

scene analysis (segregation of voices from audio) (Dressler 2012, Salamon, Gomez et al. 

2014). 

 

As described, there exists previous work to extract melody in the music 

information retrieval community. Researchers have mainly proposed two main key 

approaches: Knowledge driven and data driven. Generally, these approaches are 

implemented by three core conventional techniques: saliency based, source separation 

and data driven like deep learning. It is important to note that these techniques are not 

mutually exclusive, for instance an algorithm may apply more than one technique. A 

music signal is composed of the fundamental frequency and harmonic, a pitch is 

determined by the fundamental frequency (Li, Liang et al. 2021). Therefore, saliency is 

the measure of the perceived amplitude/energy of a pitch presented over time-frequency 

in a music signal and salience based techniques assumes that a pitch has some form of 

harmonic structure (Bittner, McFee et al. 2017). In these systems, the output is the 

predominant melody pitches at every time frame and the pitch representations may differ 

within algorithms. Furthermore, the second technique source separation as the name 

suggests is separating the source. A music mixture consists of various sources and source 

separation algorithms separate these sources and selects one of the sources as the melody. 

The complexity of source separation increases in polyphonic music signals because the 

majority of the algorithms assume only one monophonic piece is the melodic line within a 

polyphonic signal. As for the data driven techniques, there is a substantial dependency 



 8 

merely on the labelled data compared to the handcraft knowledge about musical acoustics 

seen in the salience and source separation approaches. For this reason, data driven 

approaches require enormous training data with labelled melodies. 

 

2.4.1 Sung melody extraction 

As humans, we can naturally recognize the singing voice among various accompaniments 

even without any musical training. The term sung melody refers to the singing voice and 

is also known as the extraction of vocal fundamental estimation or singing voice 

separation (Ikemiya, Yoshii et al. 2015). Moreover, the term polyphonic music in this 

context refers to music with single voice multi accompaniment contrary to the 

conventional meaning. 

 

A study by Arora et al reports a saliency-based function called harmonic cluster 

tracking. Firstly, the harmonic sources are clustered using the tracking function. A fixed 

or dynamic per frame salience-based threshold is set to filter the vocal melody from these 

harmonic clusters (Arora and Behera 2013). The output is a pitch representation time- 

frequency as an Inverse Fourier Transform (IFT) log spectrum. An alternative algorithm 

that is dependent on both saliency and source separation techniques was proposed by 

Ikemiya et al. This algorithm blindly separates the singing voice using robust principal 

analysis. The salience function estimates the vocal F0 contour from the separated singing 

voice based on subharmonic summation and Viterbi search. The singing voice is 

separated by combining a binary mask based on vocal harmonic structures and the robust 

principal component analysis (Ikemiya, Yoshii et al. 2015). Another source separation 

approach that is based on a source/filter model which separates both the lead voice, and 

the accompaniment is the one proposed by Durrieu et al. In his work, two models were 

implemented: Gaussian scaled mixture model and Instantaneous mixture model. The 

model parameters are estimated by maximum likelihood techniques and the melody line 

is obtained by the Viterbi algorithm (Durrieu, Richard et al. 2010). In comparison with 

previous algorithms (Arora and Behera 2013; Ikemiya, Yoshii et al. 2015; Durrieu, 

Richard et al. 2010), Lu et al proposed a different approach based on deep convolutional 

neural network using semantic segmentation (encoder/decoder architecture) to attempt 
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vocal melody extraction. Two models were proposed using semantic segmentation, the 

first is a symbolic model trained with symbolic data (MIDI). The parameter from the 

symbolic model is then given as input to the second model which is the audio model. A 

thresholding was applied to the deep salience map to get the binary melody estimate. The 

model was trained with Chinese karaoke and MedleyDB with only vocal tracks (Lu and 

Su 2018) (Table 2.1) 

 

 

Saliency based Source separation Data driven 
• Harmonic clustering and 

IFT log spectrum 
 (Arora and Behera 
2013).  

• Subharmonic summation 
(Ikemiya, Yoshii et al. 
2015) 

 

• Robust principal 
component analysis 
(Ikemiya, Yoshii et al. 
2015) 

• Semantic segmentation 
(encoder and decoder 
model)  
(Lu and Su 2018). 

• Gaussian scaled mixture 
model  
(Durrieu, Richard et al. 
2010). 

• Instantaneous mixture 
model  
(Durrieu, Richard et al. 
2010). 

 
Table 2.1: Summary of the algorithms for sung melody extraction 

 
 

2.4.2 Main melody extraction 

In the previous sub section (Section 2.4.1), the concept of sung melody extraction and the 

related algorithms was discussed. In this section, main melody extraction is explored. 

Main melody refers to the predominant pitched source which is the melody in music 

signals. The main aim of the main melody extraction algorithms is to estimate the 

fundamental frequency of the predominant melody. 

 

A source separation system extracting the main melody was proposed by 

Tachibana et al. This work applies a source separation system on homophonic music 

signal. The melodic components are enhanced by focusing on the temporal variability, 
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fluctuation of the fundamental frequency, amplitude and shortness of duration of melodic 

tones (Tachibana, Ono et al. 2010). The algorithm is divided into two stages. The first 

stage is the separation between chordal and melodic/percussive, while the latter 

chordal/melodic and percussive. However, the assumption of shortness of duration of 

melodic tones failed in specific music pieces.  A classification based approach based 

solely on training data was proposed by Poliner et al. In comparison with the heuristic 

approach where knowledge about melody is given, this algorithm learns about melody 

based on the labelled data. A fundamental frequency pitch tracker estimated the melody 

track. A hidden Markov model is trained to apply temporal constraints observed in real 

melody label sequences to the resulting signal (Ellis and Poliner 2006). Bittner et al took 

a further step by implementing a deep salience model trained on labelled data. Here, 

the  convolutional neural network estimates a salience map. A threshold is then applied to 

the salience map to get the binary melody estimate (Bittner, McFee et al. 2017). An 

alternative network architecture was proposed by Basaran et al where the convolutional 

neural network is pre trained using source-filter nonnegative matrix factorization. This 

method learns recurrent and dense layers to binarize the frequency map instead of using a 

fixed threshold (Basaran, Essid et al. 2018). Another deep learning approach proposed by 

Hsieh et al applies semantic pixel wise segmentation model to estimate both melody and 

non-melody and get a binary mask to extract the melody line (T. Hsieh 2019). A popular 

saliency-based approach presented by Salamon called subharmonic summation applies an 

equal loudness filter to compute the spectral peak of a music signal. The saliency of the 

pitch is computed using harmonic summation which is the harmonic series of the pitch. 

Finally, the melody is selected by a set of rules for filtering out non melodic contours 

(Salamon 2013). For the purpose of the evaluation pipeline two algorithms are selected to 

assess the melodic complexity. The selected algorithms are the deep salience model by 

(Bittner, McFee et al. 2017) and the saliency based model by (Salamon 2013). The main 

reason for selecting these algorithms was because one is based on a data driven and 

saliency based model, while the latter is based solely on saliency signal processing 

techniques. 
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Saliency based Source separation Data driven 
• Subharmonic summation 

(Salamon 2013) 
 

• Harmonic/percussive 
separation  
(Tachibana, Ono et al. 
2010) 

• Nonnegative matrix 
factorisation  
(Basaran, Essid et al. 
2018) 

• Support vector machine 
classifier  
(Ellis and Poliner 2006) 

• Convolutional neural 
network  
(Bittner, McFee et al. 
2017) 

• Semantic pixel wise 
segmentation 
(Basaran, Essid et al. 
2018) 

 
Table 2.2: Summary of the algorithms for main melody extraction 

 
 
 

2.5 Melody transcription 
 

As explored, melody extraction algorithms output melody in the form of frequency 

signals. Music score transcription goes further from melody extraction by transcribing it 

in human-readable notes. This was a challenging task in the past, however since new 

algorithms have emerged which extract melody, music transcription has been a popular 

research topic. In recent work, a new system has been introduced to transcribe melody 

into lead sheets (Donahue and Liang 2021). To do so, the authors used a particularly 

generative model called the Jukebox generative model (P. Dhariwal and I. Sutskever 

2020). This model is pretrained on million multi track recordings, and was employed for 

the audio pretraining. To convert the melody into human-readable notes, a transformer 

which is a network architecture was trained on the audio representations from the jukebox 

model (Vaswani 2017).  Chord recognition model was also trained using the jukebox 

audio representations and data from hook theory which shows the music theory behind a 

song (C. Anderson and D. Schwachhofer 2013). A chord in music refers to two or more 

different notes played simultaneously. Together these two models give the estimated 
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timestamps for melody note onsets and chord changes. A key estimator is used to take the 

melody and chord information to convert it to human-readable notes. 

 

 

 

 

 
 

 
Figure 2.5: The sheet sage system transcribes audio into lead sheet with notes that depict melody and 
the harmony as chord names. The green box represents the work built by the researchers in the 
literature (Donahue and Liang 2021). 
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3. Experimental setup 
 
 
 

3.1 Computational analysis 
 
As covered in Section 2.4, humans naturally encode melody and extract it through 

humming (Figure 3.1A). However, implementing an algorithm which is physiologically 

valid to how our brain extracts melody is quite a challenge. First of all, it is ambiguous as 

to how the melody is processed in the brain. Furthermore, the existing computational 

melody extraction algorithms are valuable for giving insight into how we perceive 

melody (Figure 3.1B). The goal of this dissertation is to better understand how the 

melody extraction algorithms work, as well as to determine their physiological validity. 

This study proposes an experimental framework that can compare computational methods 

with a behavioural approach to assess melody extraction in humans. This approach is 

applied to two different computational methods to assess how their working mechanisms 

compare with the human brain (Figure 3.2). The first algorithm assessed is based on a 

saliency-based model which is purely based on signal processing (Salamon 2013). The 

latter is based on both saliency and deep learning methods called the deep salience model 

(Bittner, Salamon et al. 2014). Please refer to Section 2.4.2 for more detailed description 

of these melody extraction models.  In this computational analysis, an evaluation pipeline 

was implemented to understand the complexity of melody extracted from the algorithm 

under unknown test conditions.  
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Figure 3.1: Melody Extraction in humans and machines 

(A) Illustration of a possible task for probing melody extraction in humans, where participants are 
presented with short music piece and asked to hum what they consider the “melody” after each 
presentation. (B) Illustration of algorithms deriving melody through computational methods. 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.2:Overview of the framework and the two computational algorithms used in this study. 
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3.1.1 Evaluation pipeline 

The music we listen to in our daily life, for example on the radio, typically represents a 

salient stream carrying a distinctive melodic line. As such, it would not be surprising to 

find that melody extraction algorithms can successfully extract that information with 

degrees of accuracy. Nevertheless, to better understand how these extraction algorithms 

work, it is indeed necessary to also probe this process for the case for more challenging 

pieces. The present study aimed to do so by an evaluation pipeline that progressively 

removes the track that maximally carries a distinctive melodic line. This is to determine 

whether the algorithm is still extracting melody with more extreme pieces and more 

importantly, is it the perceived melody. The first step in the evaluation pipeline is the 

melody extraction of all the tracks across the audio file. In order to do this, the audio data 

in MIDI format is passed into the isolated track function. This function segregates the 

channels in the midi file into each individual track. These channels correspond to a track 

within the audio. It is important to note that the attribute “ticks per beat” in the track’s 

midi file is kept as the original midi file to maintain persistent timing across all the tracks. 

An example of the demonstration of pink panther music track isolation can be seen in 

Figure 3.3.  

 

 
Figure 3.3: (A) A version of the “pink 
panther” tune consisting of six different 
tracks. (B) The isolated tracks. 
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The isolated track midi files and the original midi file are then synthesized into wave files 

using a library called Fluidsynth (Tom Moebert 2007).  After synthesis, the waveform of 

the mixture and the isolated tracks are then inputted into the melody extraction algorithms 

to estimate the melody. Therefore, the output from the first part is the melodies of all the 

individual tracks and the melody from the original audio mixture. The next step is the 

iterative process of the pipeline. Here, Pearson’s correlation (r) value is calculated to 

estimate the similarity of the melodies for individual tracks and the one estimated for the 

original mixture. For the iterative process, this correlation step is important because the 

track that produced the highest correlation is eliminated from the audio mixture. This is 

done to further analyse the performance of the algorithm in cases where the dominant 

track melodic line is omitted. Would the algorithm still be extracting melody, and is this 

the melody that we would perceive as humans? These are some of the questions 

considered to be answered in the results section (Section 4). The pipeline is then repeated 

for multiple iterations. This pipeline was later extended to remove the least correlated 

track. This was to investigate the track that captures the dominant melodic line. The 

Figure 3.4 below illustrates a detailed flowchart of the step-by-step execution of the 

evaluation pipeline and the Figure 3.5 shows the pictorial diagram of the evaluation 

pipeline. 

 
Figure 3.4: Flowchart with step-by-step execution of the evaluation pipeline described in section 
3.1.1 designed using Lucid chart. 
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Figure 3.5: Pictorial illustration of the evaluation pipeline described in section 3.1.1. This pipeline 
can also be reiterated to remove the least correlated track. The github link to the pipeline code is in 
Appendix section 

 
 
 
 

3.2 Behavioural analysis 
 

The goal of the behavioural analysis is to investigate whether the computational 

algorithms conceptually behave more like the human brain. This analysis was performed 

on the saliency-based algorithm. To do this, an interactive website was designed using 

JavaScript, HTML, CSS, firebase, and was deployed in Heroku. The flow chart of the 

website implementation is detailed in Figure 3.6. Overall, 9 students participated in this 

pilot experiment. Six polyphonic audio stimuli were chosen from each genre. Altogether 

twenty-four polyphonic audio pieces were presented at a sampling rate of 44,100 Hz. The 

melodies corresponding to the polyphonic audio pieces were retrieved from the saliency 

based algorithm and was synthesized using the melosynth script (Salamon 2018).  These 

audio pieces were randomized and each participant received an audio from different 
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iterations with the corresponding melody of the audio stimuli. The randomisation is 

crucial to not introduce bias within the results. The Participants were then asked to make 

a judgement based on melody piece. Initially, after listening to audio piece, the 

participants were asked to hum what they perceive is the melody for that particular audio. 

After humming, they were then to make a decision as to whether the melody hummed is 

identical with the melody audio piece extracted from the algorithm. Moreover, they were 

to choose a score from:  

- 1: - ‘Definitely not the melody I hummed’,  

- 2:- ‘A bit like the melody I hummed’  

- 3:- ‘It is exactly the melody I hummed’.  

The Figure 3.7 visualizes the UI interface of the website. 

 
Figure 3.6: The flow chart for behavioural analysis website describing the three main pages within 
the website. The link to the website and the code link is in the Appendix section  

 

 
Figure 3.7: (A) Home page which showcases the instructions about the analysis to the participants. 
(B) The analysis page where the participants are asked to rate the melody. 
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3.3 Dataset 
 
For the evaluation pipeline, music data was collected from different open source datasets. 

These music samples were grouped according to the same conventions and traditions. 

Altogether, 3 genres were formed: pop and jazz (FreeMidi), the classical music was 

grouped into two sets, the first set consisted of music pieces by Bach (BachCentral 1996) 

and the latter by other classical composers such as Mozart, Beethoven etc. (Rakshit 

2020). The main reason for grouping these music samples is because of the expected 

differences in the melodic contour. As for grouping the classical, Bach pieces represent 

an interesting phenomenon called counterpoint, where different melodic lines are against 

each other (Stewart 2019). For this reason, Bach will be considered as a different group. 

Initially, fifteen music samples were collected, the dataset was later extended to thirty 

music samples for each genre. A subset of these music samples contains singing voice 

tracks. In the midi files, these tracks are represented as musical instruments as opposed to 

a singer's voice. Altogether 120 samples were collected for the evaluation dataset.  

 

Additionally, before evaluating the algorithm with the new dataset, another set of 

data: the MedleyDB dataset with the ground truth melody was used to verify that the 

algorithms generated accurate results like in the literature (Bittner, Salamon et al. 2014). 

MedleyDB is a popular dataset among researchers to compare the melody extraction 

algorithms. This dataset contains the ground truth file with F0 annotations based on three 

definitions of melody. The first definition states that melody is the F0 contour of the 

predominant melodic line from monophonic music. The second definition is that melody 

is the F0 of the predominant melodic line from polyphonic music. Finally, the third 

definition is that melody is all the melodic lines from polyphonic music sources as 

supposed to predominant melodic lines. 

 
 
 

3.4 Evaluation metrics 
 
 
This section discusses the different metrics that were assessed in the experimental 

framework for both behavioural and computational analysis. Before implementing the 
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evaluation pipeline with the newly collected data, the algorithms were tested to ensure 

that the melody was accurately extracted. This was done using the five global measures 

set by the Mirex community. These measures required ground truth pieces of the melody, 

therefore the dataset MedleyDB which consists of the ground truth melody annotations 

was used for this evaluation. Voicing false alarm rate is one of the five measures, this 

estimates the number of frames that are labelled as not the melody in the ground truth file 

that are falsely estimated as melody by the algorithm. The raw pitch accuracy estimates 

the number of melody frames where the frequency is considered correct by the algorithm. 

Whereas, the raw chroma accuracy calculates the correct chroma which is the note name 

over the melody frames. The voicing recall rate is the estimation of the number of frames 

that is labelled as melody in the ground truth file that is estimated as melody by the 

algorithm. Finally, the measure overall accuracy calculates the number of melody frames 

and the non-melody frames that are correctly estimated by the algorithms comparing with 

the ground truth (C Raffel 2014). 

 

 The evaluation pipeline uses the metrics: Pearson correlation and ANOVA. The 

Pearson correlation method assigns a value between the scale of 0 to 1. The Pearson 

correlation value (r) “1” indicates that there is a strong relationship between the 

numerical variables meaning if variable A trend is up so is the variable B’s trend. While 

“0” indicates that there is no correlation and “-1” indicates that there is negative 

correlation between the numerical variables, if the trend of variable A is up then the 

variable B trend is down (Nettleton 2014). The metric ANOVA evaluates the overall 

correlation between the  iterations. ANOVA returns a F statistic and a p value. If the p 

value returned is smaller than 0.05 then the null hypothesis is rejected. This analysis was 

mainly to get insight into the effect of iterations when the tracks are removed. 
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4. Results 
 
 

4.1 Computational results  
 

This section discusses the computational results acquired for the thirty polyphonic music 

pieces per genre from the evaluation pipeline. Please refer to Section 3.3 for more 

information about the dataset. The results reported are for both algorithms ,when the 

maximally correlated track and the least correlated track with the melody is removed in 

each iteration. The main goal of the results is to discern whether the algorithm is still 

extracting a melodic contour even after removing the most dominant/ least dominant 

melodic line per iteration. For the most dominant track removal, the expected results are 

that the max track average Pearson correlation will decrease throughout the iterations as a 

result of removing tracks that correspond to melodic contours. Whereas, for the least 

dominant track removal, the  average Pearson correlation should increase because as the 

iteration progresses more tracks will be corresponding to melodic lines since the least 

track that correlates with melody is removed. Therefore, The null hypothesis for the 

computational analysis is that there is no effect in the correlation  between the iterations. 

ANOVA is performed to understand if the data violates the null hypothesis meaning there 

is an effect/change in the average Max Pearson correlation/Least Pearson correlation due 

to the iteration when the tracks are removed. The null hypothesis is rejected if the p value 

is smaller than 0.05. The values that are reported for the ANOVA results in this study are 

under the convention genre (F test statistic, P value from the F distribution).  

 

 
4.1.1 Computational results for maximally correlated track 
 

The computational results for each genre is shown in Figure 4.1 left panel and the 

middle panel when the maximally correlated track is removed. The error plot for each 

genre represents the average maximum Pearson correlation for each iteration (Figure 
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4.1). In the context of this section, Algorithm 1 refers to the saliency based model 

(knowledge driven)  and Algorithm 2 refers to the saliency and deep learning model(data 

driven). From inspecting the trend of the results for both algorithms, we can see that the 

average maximum Pearson correlation decreases with increasing iteration for the pop and 

jazz dataset (Figure 4.1 Jazz, Algorithm1; Figure 4.1 Jazz,Algorithm2). Contrastingly, 

for both classical and Bach dataset, the trend is as the iteration increases, the average 

maximum correlation increases.  

 

To understand comprehensively, if there is an effect in the overall iteration, 

ANOVA results are analysed. The ANOVA results for the Algorithm 1 showed that for 

the genres pop and classical there is a significant change in the correlation between the 

iterations when the max track is removed (ANOVA: pop (F=4.48, p=0.005); classical (F 

= 100.55, p=2.80x e-14)). However, for the Bach pieces there is a slight significance 

since the p value is close to 0.05 (ANOVA: Bach (F=4.48, p=0.07)). As for the genre jazz 

there wasn’t any significant change in the correlation between the iteration (ANOVA: 

Bach (F=1.39, p=0.25)).  Nevertheless, for the Algorithm 2, there is a significant change 

in the correlation between the iteration when the max track is removed for all the genres: 

(ANOVA: pop (F=2.97, p=0.04); classical (F=94.97, p=9.15x e-14); Bach (F=16.77, 

p=4.09 x e-09); Jazz (F= 2.50, p=0.06)). From these results, it is interesting to note that 

there is an effect in the iteration for certain genres even after removing the maximum 

correlated track, this means the algorithm is still extracting a melody contour. Whether 

that is “The melody” the one that would be perceived by a person that has to be tested 

behaviourally. 

 

 

4.1.2 Computational results for least correlated track 
 

The computational results when the least correlated track is removed for each genre 

dataset is shown in Figure 4.2 left panel and the right panel.  The general trend for 

Algorithm 1 for all genres is that the average least correlation increases with increasing 

iterations in comparison to the trend observed for the maximum correlated track. 

Likewise, a similar trend is also noticed for Algorithm 2. The ANOVA results for 
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Algorithm 1 showed that for all genres there is a significant change in the correlation 

between the iterations when the least correlated track is removed (ANOVA: pop 

(F=38.67, p=2.12x e-17); classical (F = 30.74, p=7.65x e-07); Bach (F=72.36, p=1.85x e-

26);  jazz (F= 18.58, p=4.94xe-09)) (Figure 4.2 Left panel, Algorithm 1). For Algorithm 

2, there is also a significant change in the correlation between the iterations: (ANOVA: 

pop (F=23.99, p=4.12x e-12); classical (F=20.89, p=2.59xe-05); Bach (F=44.79, 

p=2.66xe-19), jazz (F=19.98, p=1.64xe-10) (Figure 4.2 Left panel, Algorithm 2). From 

these results, it is interesting to note that as the expected results described in Section 4.1 is 

seen in this analysis with the trend and the ANOVA results, the  average least Pearson 

correlation should increases with increasing iteration as tracks that least correspond to 

melody is removed. Due to the time constraint, behavioural analysis was not conducted 

for the pieces where least correlated track is removed. 

 

 

 

4.2 Behavioural results  
  

As analysed in the computational results (Section 4.1.1), even after progressively 

removing the track that highly correlates with the melody, the algorithm is however still 

extracting some form of melodic contour. Still, there is a gap in understanding whether 

this is the perceived melody by humans. However, the results of the behavioural analysis 

will identify whether this is the melody perceived by a human. On this account, as 

described in Section 3.2, the pilot behavioural analysis was conducted with 9 participants 

with the computational results from Algorithm 1. The participants were asked to rate the 

melody by a score 1, 3, 5 where : 

- 1 indicates ‘ Definitely not the melody I hummed ‘; 

- 2 indicates ‘A bit like the melody I hummed’; 

- 3 indicates ‘It is exactly the melody I hummed ‘. 

The hypothesis that is expected to see in the results is as the iteration increases the 

perceived melody decreases, this is because more tracks that carry melodic lines are 

removed after each iteration. The response distribution for each genre shows a general 

pattern that as more tracks are removed from the audio file, the perceived melody 
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decreases (Right panel: Figures 4.1Pop; Figure 4.1Jazz; Figure 4.1Classical). 

However, this was not the case for the Bach genre (Right panel: Figure 4.5Bach). 

ANOVA was also performed to understand whether there is a significant change in 

the rating within iterations. The results for pop indicated that there is a significant 

change across the iterations ANOVA: pop (F=3.23, p=0.02). Therefore, for the pop 

pieces, as the iteration increases meaning more melodic lines are removed, the 

perceived melody decreases. However, the results for jazz, classical and Bach 

indicated that there is not a significant change across the iterations (ANOVA: classical 

(F=0.10, p=0.74); jazz (F= 1.59, p=0.20); Bach (F=1.36 p=0.26)).  

 

Figure 4.1: Computational 
and behavioural results for 
maximum correlated track 
Algorithm 1 denotes the 
knowledge driven algorithm 
which is based on saliency 
method and Algorithm 2 denotes 
the data driven algorithm which 
is based on deep learning and 
salience method. The error plot 
for left panel and middle panel: 
the x axis indicates the iteration 
number, y axis indicate the 
average maximum Pearson 
correlation for that particular 
iteration (correlation across 
different iterations of the highest 
correlated track). The right panel 
is the results of the behavioural 
analysis. Where the x axis 
indicates the number of 
iterations and y axis the rating. 
(A) The results for the pop 
dataset. (B) The results for the 
jazz dataset. (C) The results for 
the classical dataset. (D) The 
results for the Bach dataset. 
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Figure 4.2: Computational results 
for least correlated track 
Algorithm 1 denotes the knowledge 
driven algorithm which is based on 
saliency based model and Algorithm 
2 denotes the data driven algorithm 
which is the deep learning model. 
The error plot for left panel and right 
panel, the x axis indicates the 
iteration number, y axis indicate the 
average least Pearson correlation for 
that particular iteration (correlation 
across different iterations of the least 
correlated track). (A) The results for 
the pop dataset. (B) The results for 
the jazz dataset. (C) The results for 
the classical dataset. (D) The results 
for the Bach dataset. 
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4.3 Computational analysis on sample pieces 
 
This section provides insights into the trends observed for randomly selected polyphonic 

audio pieces from each genre when the dominant/least correlated melodic line is 

removed. Please refer to Section 3.3 for more information about the dataset. The main 

goal of this analysis is to describe qualitatively the pattern that emerges between different 

iterations across genres for both algorithms. Firstly, the melodic pattern at Iteration one is 

discussed, in this iteration no tracks are removed, the algorithm outputs the melody of the 

entirety of the polyphonic audio piece. The results show for both algorithms, melody 

extracted by the algorithms is a combination of notes by different instrument tracks 

(Figure 4.3C; Figure 4.3D). Moreover, in all the four selected pieces, One instrument 

track is always more dominantly correlated with the melody compared to other instrument 

tracks. Interestingly, for the deep learning algorithm, the result shows that the Pearson 

correlation between the individual track melodies is larger with the melody extracted for 

the entirety of the audio mixture. This is seen in Figure 4.3C,D; Figure 4.4A,B; Figure 

4.5C,D; Figure 4.6A,B; Figure 4.7C,D; Figure 4.8A,B; Figure 4.9C,D; Figure 

4.10C,D. 

  

 The computational results when removing the maximally correlated track for 

selected pieces is shown in Figure 4.3; Figure 4.5; Figure 4.7; Figure 4.9. For the pop 

audio piece in Figure 4.3, it is evident that the instrument drums were not produced as a 

melody output for the deep learning algorithm in contrast to the knowledge driven 

algorithm where drums were extracted as melody as is seen in Figure 4.3A; Figure 4.3A. 

However, for the jazz music piece a small correlation is observed between the melody and 

drums for the deep learning algorithm at Iteration two in Figure 4.5D. Nonetheless, the 

classical and Bach music piece consisted only of piano tracks instead of multiple 

instruments like in pop and jazz pieces. For the Bach music piece, an interesting pattern 

emerged in contrast to other genres (Figure 4.4). The same instrument track was not the 

maximally correlated at iteration 1 for both algorithms. From the Figures 4.9C, 4.9D it is 

seen that piano track 1 is the max correlated track for the deep learning algorithm. 

whereas, piano track 4 is the max correlated track for the deep salience heuristic model.  
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The computational results when removing the least correlated melody track for 

same selected pieces is shown Figure 4.4; Figure 4.6; Figure 4.8; Figure 4.9; Figure 

4.10. In Particular, the main aim of this analysis is to understand whether the maximum 

correlated track removed at iteration one is the track that is extracted as the melody in the 

last iteration of least correlated track analysis. Two cases were observed. In the case for 

pop music piece, the max correlated track for both algorithms at iteration one was the 

track new age (piano synthesiser) (Figure 4.3C; Figure 4.3D), however drums was the 

melodic contour extracted at the last iteration for the data driven model (Figure 4.4D). 

Also, for the Bach music piece, a different track is extracted at the last iteration for the 

salience based model (piano track 2) in comparison to the max track analysis where piano 

track 4 was extracted (Figure 4.9C,D; Figure 4.10C,D). 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Pop: Computational results for max correlated track 
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Figure 4.3: Max correlated track removed after each iteration for a sample pop audio music piece 
showing both the knowledge and data driven melody extraction results, the different colors in the plot 
represents different instrument tracks. Note the track New Age track is a piano synthesizer. The black 
dot in the plot (A) and (B) represents the output of the melody extractor on the entire polyphonic 
music piece, the x axis denotes the frequency (Hz) and y axis denotes the Time (s). The plot (C) and 
(D) shows the correlation of the instruments track melodies with the melody extracted from both 
algorithms for each iteration, the x axis denotes the different instruments, the y axis denotes the 
Pearson correlation. The X icon denotes the tracks removed after each iteration. (A) Melody extracted 
from the knowledge driven model for the entire polyphonic piece. (B) Melody extracted from the data 
driven model for the entire polyphonic piece. (C) Progressively removing track after each iteration for 
the knowledge driven model (D) Progressively removing track after each iteration for the data driven 
model. In this algorithm, the instrument track “drums are not correlated with the melody. 

 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.4: Least correlated track removed after each iteration for the same sample pop audio music 
piece shown in Figure 4.3. Note the New Age track is a piano synthesizer. (A) Melody extracted with 
the knowledge driven model. Plot showing the correlation between the melody extracted from the 
isolated instrument tracks with the melody extracted from the melody extracted from the entire 
polyphonic piece. The x axis denotes the different instruments. The y axis denotes the Pearson 
correlation. The X icon denotes the tracks removed after each iteration. (B) Melody extracted with the 
data driven model. Deep learning based model: Plot showing the correlation between the melody 
extracted from the isolated instrument tracks with the melody extracted from the melody extracted 
from the entire polyphonic piece. The x axis denotes the different instruments. The y axis denotes the 
Pearson correlation. The X icon denotes the tracks removed after each iteration. In this algorithm, the 
instrument track “drums” is extracted as melody at the last iteration.  

Pop: Computational results for least correlated track 
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Figure 4.5:  Max correlated track removed after each iteration for a sample jazz audio music piece 
showing both the knowledge and data driven melody extraction results, the different colors in the plot 
represents different instrument tracks. Note the track synth pad is a piano synthesizer. The black dot 
in the plot (A) and (B) represents the output of the melody extractor on the entire polyphonic music 
piece, the x axis denotes the frequency (Hz) and y axis denotes the Time (s). The plot (C) and (D) 
shows the correlation of the instruments track melodies with the melody extracted from both 
algorithms for each iteration, the x axis denotes the different instruments, the y axis denotes the 
Pearson correlation. The X icon denotes the tracks removed after each iteration. (A) Melody extracted 
from the knowledge driven model for the entire polyphonic piece. (B) Melody extracted from the data 
driven model for the entire polyphonic piece. (C) Progressively removing track after each iteration for 
the knowledge driven model (D) Progressively removing track after each iteration for the data driven 
model. Note, how different tracks are correlated after Iteration 2 for both (C) and (D). Again drums 
are not recognized as melody by (D). 

 
 

Jazz: Computational results for max correlated track 
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Figure 4.6: Least correlated track removed after each iteration for the same sample jazz audio music 
piece shown in Figure 4.5. Note the Synth pad track is a piano synthesizer. (A) Melody extracted with 
the knowledge driven model. Plot showing the correlation between the melody extracted from the 
isolated instrument tracks with the melody extracted from the melody extracted from the entire 
polyphonic piece. The x axis denotes the different instruments. The y axis denotes the Pearson 
correlation. The X icon denotes the tracks removed after each iteration. (B) Melody extracted with the 
data driven model. Deep learning based model: Plot showing the correlation between the melody 
extracted from the isolated instrument tracks with the melody extracted from the melody extracted 
from the entire polyphonic piece. The x axis denotes the different instruments. The y axis denotes the 
Pearson correlation. The X icon denotes the tracks removed after each iteration. Interesting how 
“bass” is removed at the first iteration for (B) however its seen as a melodic contour for (A) at the 
last iteration. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Jazz: Computational results for least correlated track 
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Figure 4.7: Max correlated track removed after each iteration for a sample classical audio music 
piece showing both the knowledge and data driven melody extraction results, the different colors in 
the plot represents different instrument tracks. Note the collected dataset for classical only had two 
tracks. The black dot in the plot (A) and (B) represents the output of the melody extractor on the 
entire polyphonic music piece, the x axis denotes the frequency (Hz) and y axis denotes the Time (s). 
The plot (C) and (D) shows the correlation of the instruments track melodies with the melody 
extracted from both algorithms for each iteration, the x axis denotes the different instruments, the y 
axis denotes the Pearson correlation. The X icon denotes the tracks removed after each iteration. (A) 
Melody extracted from the knowledge driven model for the entire polyphonic piece. (B) Melody 
extracted from the data driven model for the entire polyphonic piece. (C) Progressively removing 
track after each iteration for the knowledge driven model (D) Progressively removing track after each 
iteration for the data driven model. Note, Similar pattern for extracting melody is shown for both 
algorithms, however at iteration 1 piano left is correlated more for (D) compared to (C). 

 
 
 
 
 
 

Classical: Computational results for max correlated track 
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Figure 4.8: Least correlated track removed after each iteration for the same sample classical audio 
music piece shown in Figure 4.7. (A) Melody extracted with the knowledge driven model. Plot 
showing the correlation between the melody extracted from the isolated instrument tracks with the 
melody extracted from the melody extracted from the entire polyphonic piece. The x axis denotes the 
different instruments. The y axis denotes the Pearson correlation. The X icon denotes the tracks 
removed after each iteration. (B) Melody extracted with the data driven model. Deep learning based 
model: Plot showing the correlation between the melody extracted from the isolated instrument tracks 
with the melody extracted from the melody extracted from the entire polyphonic piece. The x axis 
denotes the different instruments. The y axis denotes the Pearson correlation. The X icon denotes the 
tracks removed after each iteration. (A) and (B) a similar trend to Figure 4.7A, Figure 4.7 B for both 
algorithms. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Classical: Computational results for least correlated track 
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Figure 4.9: Max correlated track removed after each iteration for a sample Bach audio music piece 
showing both the knowledge and data driven melody extraction results, the different colors in the plot 
represents different instrument tracks. The black dot in the plot (A) and (B) represents the output of 
the melody extractor on the entire polyphonic music piece, the x axis denotes the frequency (Hz) and 
y axis denotes the Time (s). The plot (C) and (D) shows the correlation of the instruments track 
melodies with the melody extracted from both algorithms for each iteration, the x axis denotes the 
different instruments, the y axis denotes the Pearson correlation. The X icon denotes the tracks 
removed after each iteration. (A) Melody extracted from the knowledge driven model for the entire 
polyphonic piece. (B) Melody extracted from the data driven model for the entire polyphonic piece. 
(C) Progressively removing track after each iteration for the knowledge driven model (D) 
Progressively removing track after each iteration for the data driven model. Note, different tracks are 
extracted as melody at the first and last iteration for both algorithms. Piano track 4 first iteration for 
last iteration Piano track 1 (C) .Piano track 1 at the first iteration and Piano track 4 at the last 
iteration for (D) 

 
 
 

Bach: Computational results for max correlated track 
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Figure 4.10: Least correlated track removed after each iteration for the same sample Bach audio 
music piece shown in Figure 4.9. (A) Melody extracted with the knowledge driven model. Plot 
showing the correlation between the melody extracted from the isolated instrument tracks with the 
melody extracted from the melody extracted from the entire polyphonic piece. The x axis denotes the 
different instruments. The y axis denotes the Pearson correlation. The X icon denotes the tracks 
removed after each iteration. (B) Melody extracted with the data driven model. Deep learning based 
model: Plot showing the correlation between the melody extracted from the isolated instrument tracks 
with the melody extracted from the melody extracted from the entire polyphonic piece. The x axis 
denotes the different instruments. The y axis denotes the Pearson correlation. Note, different tracks 
are again extracted as melody for both (A) and (B) 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Bach: Computational results for least correlated track 
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5. Discussion and Conclusion 
 
 
5.1 Main findings 
 
 
For both algorithms, melody extracted is a combination of different instruments. One risk 

is that there are parts of music even at the first iteration that include drums or bass as the 

melody as seen in the saliency based models. However, in some cases according to the 

deep learning model drums are not the melody. The computational results for the dataset 

shows that even after removing  the maximally correlated track with the melody, a 

melodic contour is still extracted, whether this is the perceived melody was tested by the 

pilot behavioural analysis. The behavioural results show that for pop genres, the 

perceived melody decreases as the iteration increases. Furthermore the jazz, classical 

genre patterns are leading towards a similar trend but more behavioural data is needed to 

define a statisitical  statement. For Bach music pieces, the results were always 

significantly different from the other genres. As observed in the computational analysis, 

as the iteration increases the max correlated value increases and the same pattern is seen 

in the behavioural analysis, the perceived melody increases with the iteration. Bach pieces 

are quite different to other genres, because several melodic lines are heard 

simultaneously, each with a different melody line. This is what makes Bach pieces stands 

out and this seen in the computational and behavioural results. 

 

 

5.2 Limitations and Future work 
 

 
As discussed in Section 5.1, melody extracted is a combination of different instruments. 

However the computational pipeline is only extracting the most dominant instrument that 

is correlated with melody. A solution to this is to remove the melodic contour of the 
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instrument track correlated to melody at each time point. Another limitation is the 

classical dataset, there is only two tracks present for the dataset. Therefore, further 

investigation is needed to collect a better dataset. Also, there is only thirty music pieces 

analysed for each genre. This is not a large representation of data for the entire genre. 

Therefore the dataset can be extended in the future work. For the behavioural analysis, a 

survey was conducted after the analysis with each participant to understand whether they 

were familiar with the concept of melody. 5 participants reported “No” and 4 participants 

reported “Yes”. The number of participants who were not familiar with the concept of 

melody outweighs the number of participants who were familiar with the concept of 

melody. Therefore, in future it would be insightful to have a separate analysis conducted 

with the participants who have a musical background vs participants who have no musical 

background to compare melody perception. In this study, I was not able to get a 

comprehensive view of the perceived melody extracted in algorithms. However ,the 

pipeline that was implemented is leading to the direction that can be used in the future to 

understand melody perception. The melody extracted at each iteration from the pipeline 

can be used as an input in other projects, to understand at which iteration do we mostly 

perceive the melody and what instruments are represented at that iteration. This will give 

insight into which of the instrument melodies our brain pays more attention towards.  
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Link to the GitHub repository for the evaluation code:  
 
https://github.com/nissimanjayil/Investigating-melody-complexity-in-polyphonic-
music 
 
 
 
 
Link to the behavioural analysis website: 

 https://dissertation--analysis.herokuapp.com 

 
 
Link to the GitHub repository behavioural analysis code: 
https://github.com/nissimanjayil/Investigating-melody-complexity-in-polyphonic-
music 
 
 


