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Abstract 

 In Western music, songs heavily rely on chord progressions and the emotions they 

convey. Guitar is a special instrument that can produce various chord sound by plucking or 

strumming and pressing strings at the proper positions on the fretboard. Guitar has been one 

of the most popular musical instruments in the world. There are many research and 

applications for chord recognition in Music Information Retrieval community. These 

applications recognize the chord and output chord symbols. However, for guitarists, a chord 

type can be played in multiple fret positions, and it leads to different timbre and harmony. 

Therefore, it is essential to know how chord maps to particular frets of the guitar. This study 

uses two audio features, Pitch Class Profile and Mel-Frequency Cepstral Coefficients and 

Support Vector Machine to explore a system architecture that is capable of recognizing guitar 

chord fret position and hopes to acknowledge the timbre and harmony information behind 

guitar music. 

Keywords: Music Information Retrieval, Chord Recognition, Pitch Class Profile, Mel-

Frequency Cepstral Coefficients, Support Vector Machine, Guitar 
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Chapter 1 Introduction 

 Human communication relies on spoken language. We combine words to make 

sentences, and these sentences form paragraphs, and then the paragraphs can express for us. 

Similarly, music is also a language which be able to express emotions and arouse one’s 

imagination (Corrigall, 2013). Notes are combined to form chords, and chords form songs and 

then a piece of music appears. Songs heavily rely on chord progressions and the emotions 

they convey in western music (Hrybyk, 2010). Guitar is a special instrument that can produce 

various chords. The chords of a song is the material or document that guitar players refer to. 

Once guitar players have them, songs can be played easily (Pan, 2013). According to the 

report from BBC news and indigoboom.com, the guitar is one of the most popular musical 

instruments in the world.  

 The objectives of this study is to explore a system architecture that is capable of 

recognizing guitar chord fret position and to acknowledge the timbre and harmony 

information behind guitar music. 

Background and Motivation 

 With technology of Music Information Retrieval (MIR), information can be extracted 

and interpreted from the music. The main goal of MIR is to allow the retrieval and 

transformation of audio according to its musical content and then provide meaningful criteria 

to interact with music piece (Gomez, 2006). There are a lot of research for chord 

identification or chord recognition. The chord recognition algorithms have traditionally used 

an audio feature called Pitch Class Profile (PCP), introduced by Fujishima (1999). It is a 12-  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dimensional vector of a frame in an audio signal. Elements in the vector represent the spectral 

energy of pitch classes at an octave. He adopted Nearest Neighbor as pattern matching 

method to recognize chord type. 

 The above system outputted chord type symbols (e.g C, Am, Dm, G). However, 

Hrybyk (2010) mentioned that for guitarists, it is essential to know how a chord maps to 

particular fret of the guitar. Figure 1.1 presents a C major chord can be played in different 

guitar fret positions. Pan (2013) indicated that chords pressed in different fret position gives 

different timbre and harmony. Therefore, in order to recognize guitar chord fret position, this 

study also take timbral factors in to account. 

 Mel-Frequency Cepstral Coefficients (MFCCs) is an audio feature commonly used  in 

timbre recognition, musical instrument classification, music genre classification, it is 

introduced by Davis and Mermelstein (1980). The Mel-scale makes MFCCs match more 

closely to human’s hearing system. In addition, classification methods are essential to provide 

a decision model.  

 Support Vector Machines (SVMs, Vapnik, 1993) is a supervised learning model that 

analyze data for classification and regression. It is not only used for binary classification but 

also multi-class classification. Lee (2013) used SVMs as classifier for guitar chord voicing 

identification. Dosenbach et al. (2008) also dealt with guitar timbre identification using 

SVMs.  
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Figure 1.1 C major chord is commonly played in three fret positions



Chapter 2 Literature Review 

 This chapter mainly contains two aspects, Music Information Retrieval (MIR) related 

literature and basic music theoretical literature for guitar music. We first talk about what MIR 

is and its essential technicals such as audio signal processing then discuss the application of 

chord recognition and timbre recognition. The second part is about basic music theory for 

guitar music . It is also important for experiment design for this study.  

2.1 Music Information Retrieval  

 In recent years, large mounts of audio materials have been accessible to end-users 

form internet and mass storage. And the thriving of portable devices also boosts this situation. 

Traditional ways to listen and search music have changed a lot. Radio broadcasts and record 

stores, are being replaced by personalized ways to hear and learn about music. The music 

report (FPI, 2015) shows that people access music from digital channels is 46%, which is the 

same as physical channels. For business consideration, new approach to attract costumer 

becomes a significant issue. Generally, devices search, organize and manage music by "meta-

data", for example, name of artist or album. However, the meta-data limits the usage to 

explore music pieces. New approaches and technology allow people to use more interactive 

and meaningful ways to search, organize and manage music. For instance, a searching 

strategy would be related to the musical concept of the the piece (e.g. played instruments, 

major or minor key, fast or slow tempo) or higher level of description like emotive sense (e.g. 

happy or sad). Music Information Retrieval (MIR) allows the retrieval and transformation of 
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audio according to its musical content and then provide meaningful criteria to interact with 

music piece (Gomez, 2006). 

2.2 Levels for Content Description 

 Gomez (2006) mentioned "Content description of audio has become very relevant in 

the context of Music Information Retrieval, because it provides the user meaningful 

descriptors from audio signals, which can be automatically extracted." It means a piece of 

music can be seen as the implicit information that represented itself. Gomez also said "If we 

study the content related to a piece of music, we can identify different levels of abstraction, as 

well as many description facets. Any of these levels of abstraction or description facets might 

be useful for some users (for instance, to a naive listener or a musicologist)". Casey et al. 

(2008) also said that the content description identifies what it stand for only by its music 

content. This kind of analysis for content description of music is defined as content-base 

music information retrieval. Both of them indicated that the content description can be 

classified as high-level music content description and low-level audio features.  

 "An intuitive starting point for content-based music information retrieval is to use 

musical concepts such as melody or harmony to describe the content of the music.", Casey et 

al. (2008) said that high-level music content description is able to present the concepts of 

music for human. Unfortunately, it is difficult to obtain high-level content description directly. 

Therefore, we have to make use of low-level audio feature to extract high-level content 

description. Table 2.1 shows the common high-level content description.  
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 Low-level audio feature is a measurement of audio signal which contain information 

about musical performance and scientific meaning. Most of these features do not have much 

sense for the most of the users (e.g. frequency spectrum, chroma feature). But they are simple 

for computational systems. Low-level audio feature also holds redundant information that 

may not be used for analyzing. Therefore, there is a tradeoff between the signal-level (low-

level) description and the high-level music concept. In general, low-level audio feature is 

extracted from frame-based segmentations, beat-based segmentations, and statistical measures 

that construct probability distributions out of feature (Casey et al., 2008). In this paper, we 

focus on frame-based and beat-based segmentations. 

(Casey et al. 2008)  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Table 2.1 Common high-level content description and its application

High-level Description Data Source Task Description

Timbre Audio Instrument Recognition

Melody / Bass Audio / Symbolic Melody-line extraction 

Rhythm Audio

Onset detection
Meter identification

Meter alignment (bars)
Beat (tactus) tracking

Tempo tracking
Average tempo

Pitch Audio Single fundamental freq.
Multiple fundamental freq.

Harmony Audio / Symbolic Chord label extraction
Bassline extraction

Key Audio / Symbolic Modulation tracking
Pitch tracking

Structure Audio / Symbolic Verse / chorus extraction
Repeat extraction

Lyrics Audio Singing detection, lyrics 
identification, word recognition

Non-Western music Audio Micro-tonal tuning system
Non-Western canon of concepts



2.3 Audio Signal Processing 

  In real world, sounds can be seen as vibration of the air, and it is physically called 

wave. Wave represented the continuous signal over time. However, sounds stored in the 

computer is in digital form, which referred to discrete-time signals (Tzanetakis, 2011). In 

order to extract and transform information from audio signals, signal processing is the 

essential technique. Here we give a brief background of audio signal processing knowledge. 

2.3.1 Terms 

 Audio representations should be known first. Audio contains meta-data represents it 

self including sample rate, bits per sample, channel type and duration. The first three have 

effect on recording quality of music. The sample rate indicates samples per second, and its 

unit is hertz (Hz). Bits per sample is the memory size that a sample can store amplitude data. 

The channel type is either mono or stereo. Music CDs are usually 44,100 Hz, 16 bits, and 

stereo because it is sufficient to simulate real sounds for human auditory system (McFadden 

et al., 2001). 

2.3.2 Framing 
  
 An digital audio signal is constantly changing. In order to simplify things, we assume 

that the audio signal doesn't change much in short time scales. So we have to block some 

signal samples as a frame. The number of samples in a frame is not defined because that if a 

frame is much shorter we don't have enough samples to get a reliable spectral estimate. One 
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the other hand, if it is longer the signal changes too much throughout the frame so that we 

can’t observe the details (Mitra, 2006). 

2.3.3 Spectral Analysis 
  
  As mentioned above, sounds can be represented the continuous signal over time. 

However, in time-domain, it is difficult to observe information of frequencies. Hence, in order 

to extract musical information from audio signal, spectral analysis is essential. Spectral 

analysis is a really common method to observe signals in frequency-domain. Fourier 

Transform (Fourier, 1822) is one of the most important spectral analysis methods in signal 

processing. Although Fourier Transform is a complicated mathematical function, it isn’t a 

complicated concept to understand and relate to your measured signals. Basically, it takes a 

signal and breaks it down into sine waves of different amplitudes and frequencies. As shown 

in Figure 2.1, a signal is decomposed to some simple waves and observed in frequency-

domain. However, the audio stored in computer in digital signal forms. The Discrete Fourier 

Transform (DFT) is the main spectral analysis method to deal with it. The DFT converts a 

finite sequence of equally size samples of a digital signal into a list of coefficients of a finite 

combination of complex sinusoids, ordered by their frequencies. The DFT function is defined 

as: 

where x(n) is an array of complex time-domain data, n is an index of time steps. X(k) is an 

array of complex frequency-domain data. k is the index of frequency spectral lines. N 

represents the size of the data arrays (Mitra, 2006).  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2.4 Chord Recognition 

 A musical chord is a combination of notes heard simultaneously. Sequences of chords 

over time built the harmony structure of a piece of music. Therefore, labeling every chord is 

the first process for analyzing harmonic structure of a piece of music. (Lee and Slaney, 2006) 

However, it is not an easy task for people who don't have solid musical training and perfect 

listening skill to directly obtain chords in a piece of music. Fortunately, MIR community did 

much efforts to overcome this problem. Chord recognition includes in most cases two 

successive steps: a feature extraction from a piece of music and a recognition process which 

outputs chord labels from the extracted features (Oudre, 2011). In order to obtain chords of a 

musical piece, a proper audio feature plays an important role.  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Figure 2.1 A signal be considered at time-domain and frequency-domain  
(Source: http://1.bp.blogspot.com/-vvaOds1BGAA/U-J8qpFpLoI/AAAAAAAAABs/o6Rf7izNbqA/s1600/time_vs_freq1.gif)



2.4.1 Pitch Class Profile 
  
 Fujishima (1999) introduced Pitch Class Profile (PCP), also called Chromagram, a 12-

dimensional feature vector for a given frame in the audio signal and each element in the 

vector represents the spectral energy of a pitch class at an octave, directly related to the chords 

of a piece. Naturally, PCP seems to be an ideal feature to extract chord type. A chord 

recognition system algorithm was also introduced by Fujishima, see Figure 2.2.  

 The algorithm first transforms a signal to frequency spectrum with DFT. Second it 

extract the PCP as its feature. See Equation 2.1, the algorithm considers all the frequencies of 

the DFT, where the weight of each frequency to its corresponding pitch class is given by the 

square of spectral amplitude: 

where n = 0,…,11, |XN(i)| is the magnitude of the spectral bin i, i = 0,…(N/2-1) where N is the 

size of the DFT. M(i) is a table which maps a spectrum bin index to the PCP index, following 

a logarithm mapping: 
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Figure 2.2 The algorithm Fujishima proposed
(Source: Fujishima, 1999)
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where fs is the sampling rate, fref is the reference frequency that falls into PCP(n). The term 

fs·i/N represents the frequency of the spectrum bin i. Finally, it does a pattern matching with 

binary Chord Type Templates (CTT), which is based on the music chord theory and the out 

put the chord label. For example, a C major chord type template would be represented as [1, 

0, 0, 0, 1, 0, 0, 1, 0, 0, 0, 0]. The pattern matching is derived from the Nearest Neighbor 

method. Muludi et al. (2014) also implemented a chord recognition system based on PCP 

binary CTT and took guitar chord sounds as raw data. He concluded that frame blocking size, 

chord fingering, and the chord type will affect the precision. 

 The problem is that the algorithm performed well only for chords played in pure tone 

or synthesized sounds. Moreover, the PCP feature from real world recordings would never be 

binary because of acoustic instruments produce fundamental frequency and overtones. The 

chord type templates didn't make sense for real situation. Stark and Plumbley (2009) 

introduced an efficient, real-time, robust and good performance chord recognition system for 

live performance in one single instrument. The proposed method improved the chord 

classifier based on masking out expected note positions in the chromagram and minimizing 

the residual energy. Sheh and Ellis (2003) proposed a statistical learning method for chord 

recognition. It blocked multiple PCP frames as sequences based on where a chord belongs to. 

And it trained the Hidden Markov Models (HMMs), (Gold and Morgan 1999), which is 

widely used in speech recognition by the Expectation Maximization (EM) algorithm, and 

treated the chord labels as hidden values within the EM framework. 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2.5 Timbre Recognition 

 Timbre is a high-level content description of tonal qualities that define a particular 

sound or source. It can refer to class (e.g. guitar or piano), or quality (e.g. bright, warm). 

Timbre recognition also needs a feature extraction step. There are various kinds of low-level 

feature to describe the timbre of a sound or a piece of music (Tzanetakis, 2011). 

2.5.1 Mel-Frequency Cepstral Coefficients 
  

 Mel-Frequency Cepstral Coefficients were introduced by Davis and Mermelstein in 

the 1980’s. MFCCs are commonly used timbre features in speech recognition and music genre 

classification. Generally, the computation generally consists of some stages (See Figure 2.3):  

(1) taking the Discrete Fourier Transform of the signal, (2) multiplying 26 Mel-scale 

filterbank, (3) taking log energy, (4) taking Discrete Cosine Transform of the 26 log filterbank 

energies to give 26 cepstral coefficients, and (5) keeping only the lower 13 of the 26 

coefficients. 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Figure 2.3 The steps to calculate MFCCs



The Mel-scale relates to actual measured frequency. Human is much better at distinguishing 

small changes in pitch at low frequency than high frequency. Mel-scale makes  feature match 

more closely what human hear. The formula for converting from frequency to Mel scale is: 

After all the calculation, we will get a series of cepstral coefficients. Traditionally, we keep 

lower 13 coefficients and the resulting features are called MFCCs, which are 13-dimensional 

vectors (Tzanetakis, 2011). 

 Baniya et al. (2014) conducted a serious of experiments using MFCCs and other 

features for music genre classification. For example, the audio signals of music belonging to 

the same genre mean they share the certain common characteristics, because they are 

composed of similar types of instruments, having similar rhythmic patterns, and similar pitch 

distributions. Fohl et al. (2012) investigated the relevance of features including MFCCs and to 

minimize the feature set for classification of guitar brands.  

2.6 Onset Detection 

 "Music is to a great extent an event-based phenomenon for both performer and 

listener. We nod our heads or tap our feet to the rhythm of a piece; the performer’s attention 

is focused on each successive note. Even in non note-based music, there are transitions as 

musical timbre and tone color evolve. Without change, there can be no musical meaning." 

Bello et al. (2005) indicated that people listen to the changes of notes in music. The events 

happened in music give the meaning of the music. They mentioned that onset refers to the 

�12
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beginning of a musical note or other sound, in which the amplitude rises from zero to an 

initial peak. (See Figure 2.4) The automatic detection of events in music audio signals gives 

new possibility in a number of applications such as automatic transcription, music phrasing 

structure analysis, music similarity assessment, expressive performance analysis, and music 

information retrieval (Chuan, 2008). 

2.6.1 Spectral Flux 

 The common method for onset detection is Spectral flux, which is a measure of how 

quickly the power spectrum of a signal change. It is calculated by comparing the power 

spectrum of a frame with its previous frame. Dixon (2006) described the algorithm and 

compared it to other onset detection approaches and concluded that spectral flux resulted in 

the best performance. The spectral flux as an onset detection function is defined as: 

where H(x) = (x+|x|)/2 is the half-wave rectifier function, X(n, k) represents the k-th frequency 

bin of the n-th frame of the power magnitude of the DFT, and N is the size of the DFT.  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 in the ideal case of a single note (Bello et al., 2005)

————— (5)



2.7 The Applications of to Timbre Recognition 

 Logistic Regression (LR) is a common learning method for binary and multi-class 

classification. Zhang (2007) used LR to classify category of musical instrument. He used 

MFCC as one of features in his data. Support Vector Machines (SVMs), (Vapnik, 1993) are 

supervised learning models that analyze data used for classification and regression. The main 

idea of SVM is to transform the original input data to a high dimensional feature space by 

using a kernel function, in which input space consisting of input samples is converted into 

high dimensional feature space and therefore the input samples become linearly separable. 

The goal is to find the hyperplane that separate categorical data with maximum margin (See 

Figure 2.5). It is originally designed for binary classification. However, it can be extend to 

multi-class classification. Lee (2013) applied Support Vectors Machines for guitar chord 

voicing identification. Dosenbach et al. (2008) dealt with guitar timbre identification using 

SVM. 
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2.8 Basic Musical Theory 

 Next we talk about some basic music theory. It contains introduction of pitch, scale, 

chord harmonic structure, and guitar playing terms. These are important for experiment 

design of the study.  

2.8.1 Frequency, Pitch and Pitch Class 

 Sound wave is created from medium by vibrating object. Vibrating object could be 

vocal cords of a person, vibrating string of guitar or violin, or vibrating of radio speaker. The 

air is the medium of the sound and it vibrates back and forth at a given frequency. The 

frequency of a sound wave is measured as the number of complete back and forth vibrations 

in the air per unit of time. A commonly used unit is the Hertz (Hz). So "1 Hz" means that 

there is one vibration in a second. The human ear is able to detect sound waves with a wide 

range of frequencies, ranging between approximately 20 Hz to 20,000 Hz. The sensation of a 

frequency is commonly referred to as the pitch of a sound. A high pitch sound related to a 

high frequency sound wave and a low pitch sound related to a low frequency sound wave. 

 Pitch is the basic units for music. Pitch can only be determined in sounds that have a 

frequency that is clear and stable enough to distinguish from noise (Powers, 2003). Pitches 

have two dimensions: height and pitch class (also called chroma). Pitch height moves 

vertically in octaves telling which octave a note belongs to. The frequency of standard pitch is 

440 Hz and it is defined as A4 in scientific pitch notation because it occurs in the octave that 

starts with the fourth C key on a standard 88-key piano keyboard. On the other hand, pitch 

class determines the rotation position within the helix which shown in Figure 2.6 (Shepard, 

�15



1982). That tells where it stands in relation to others within an octave. There are twelve 

pitches class in octave, and named after the alphabet and accidentals: C, C♯, D, D♯, E, F, G♭, 

G, A♭, A, B♭, B. 

2.8.2 Interval 

 In Western music, the distance between two notes is called interval. The smallest of 

these intervals is a semitone. The most common naming scheme (See Table 2.2) for intervals 

describes two properties of the interval: the quality (perfect, major, minor, augmented, 

diminished) and number (unison, second, third, etc.). These names describe not only the 

difference in semitones between the upper and lower notes, but also how the interval is 

spelled. There is a semitone between successive pitch class E, F and B, C. The concept of 

interval is important for chord because it defines the harmonic structure of sound and the 
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Figure 2.6 Pitch helix representation from Shepard 
(Source: Shephard, 1982)



sensation that people heard. Physically, any two sounds whose frequencies make a 2:1 ratio 

are said to be separated by an octave. 

(Source: Pan, 2013) 

2.8.3 Scale 

 Scale is any set of musical notes ordered by fundamental frequency or root pitch. A 

scale ordered by increasing pitch is an ascending scale, and a scale ordered by decreasing 

pitch is a descending scale. Scales may be described according to the intervals they contain. In 

western music, Major Scale and Minor Scale are really common. Major Scale consists of 

seven notes and the intervals between two notes from root note are a tone, a tone, a semitone, 

a tone, a tone, tone, a semitone. And Minor Scale consists of seven notes and the intervals 

�17

Table 2.2 Naming scheme for intervals

Number of semitones apart Music interval Example

0 Perfect unison C - C

1 Minor 2nd C - C♯

2 Major 2nd C - D

3 Minor 3rd C - D♯

4 Major 3rd C - E

5 Perfect 4th C - F

6 Augmented 4th / Diminished 
5th C- G♭

7 Perfect 5th C - G

8 Minor 6th C - A♭

9 Major 6th / Diminished 7th C - A

10 Minor 7th C -B♭

11 Major 7th C - B

12 Perfect octave C - C2 



between two notes from root note are a tone, a semitone, a tone, a tone, a semitone, tone, a 

tone. For instance, take C as root pitch class, its major ascending scale (C major key) consists 

of C, D, E, F, G, A, B. And its minor ascending scale (C minor key) is C, D, E♭, F, G, A♭, 

B♭. The notes in scale are also commonly be present as real number ranging from 1 to 7 

regardless of key. Therefore, a Major Scale can be present as 1 to 7 (Wikipedia, 2016). 

2.8.4 Chord 

 Chord is defined as any harmonic set of two or more notes heard as if sounding 

simultaneously. There are some basic kinds of chord often played, such as Triad chord and 

Seventh chord. Triad consists of three pitch classes. Seventh (7th) chord consists of four pitch 

classes. Chord notation has a root note and a type giving the harmonic structure of the chord. 

As shown in the Table 2.3, in example column, for "Cmaj", the "C" is the root note and the 

"maj" indicates it is a triad and the intervals between them are major 3rd and minor 3rd 

(Bharucha, 1983). 

(Source: Pan, 2013)  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Table 2.3 Triad chord and its harmonic structure

Chord Type Intervals Combination Example notation
(root note: C)

Major Triad major 3d + minor 3rd Cmaj / C 

Minor Triad minor 3rd + major 3rd Cm

Diminished Triad minor 3rd + minor 3rd Cdim

Augmented Triad major 3rd + major 3rd C+

Dominant 7th Major Triad + minor 7th C7

Major 7th Major Triad + major 7th Cmaj7

Minor 7th Minor Triad + minor 7th Cm7

Diminished 7th Diminished Triad + diminished 7th Cdim7



2.9 Acoustic Guitar 

 Acoustic guitar is one of the most popular musical instrument in the world. It is a kind 

of string instrument which produce sound from vibrating strings and the vibrations are 

transmitted to the body, which also vibrates, along with the air inside it. There are two main 

types of acoustic guitar: steel-string acoustic guitar and classical guitar. In this paper, we focus 

on steel-string acoustic guitar. Steel-string acoustic guitar produces metallic sounds that is a 

distinctive component of a wide range of popular genres such as blues, jazz, pop, rock, and 

country. Generally, right-handed guitar players use the left hand to choose notes by pressing 

down the strings on the guitar fretboard, and use the right hand to produce sound by plucking 

or strumming. Figure 2.7 shows that the structure of acoustic guitar. Traditionally, acoustic 

guitar has six strings and a fretboard. The fretboard is a separate piece of wood attached to the 
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Figure 2.7 The structure of guitar (steel-string) 
(Source: https://www.guitarlessonworld.com/wp-content/uploads/2015/12/acoustic_guitar_anatomy.jpg)

https://www.guitarlessonworld.com/wp-content/uploads/2015/12/acoustic_guitar_anatomy.jpg
https://www.guitarlessonworld.com/wp-content/uploads/2015/12/acoustic_guitar_anatomy.jpg


front of the neck. The fretboard will usually contain 20 to 24 frets. The strings are pushed 

down between the frets to change the note of the string. Each frets belongs to a semitone. In 

the standard tuning, the first string to sixth string belongs to pitch class E, B, G, D, A, E (See 

Figure 2.8) (Pan, 2013). 

 

2.9.1 Guitar Chord 

 Guitar chord can be represented as images show where to press by fingers. According 

to the definition of chord mentioned at 2.6.4, a chord type can be found many ways to press 

on the fretboard. However, due to the limitation of hand size, a guitar chord can generally be 

pressed across four frets. As Figure 2.9 shown, C major chord is often pressed on three fret 

positions which give different timbre (Pan, 2013).  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Figure 2.8 The pitch classes of fretboard 
(Source: http://www.beginnerbasicguitarchords.com/guitar-notes-of-the-fret-board/)

Figure 2.9 C chord fretboard positions 
(Source: Pan, 2013) 



Chapter 3 Experiment 

 In the experiment, first we set up the experiment environment and collect data from 

recording of guitar chord audio signals. According to the theory in literature review, a guitar 

chord fret position recognition system architecture is built. 

3.1 Data collection 

 To achieve a database of sound of guitar chord, the experiment takes six basic Triad 

chords of C key system as my recording samples. As Table 3.1 shown, there are 6 types of 

triad chords, C, Dm, Em, F, G, Am, and each type has 3 fret positions often played (Pan, 

2013). Therefore, 18 kinds of guitar chord fret position sound should be recorded. 

  5 three-year experienced guitar players are selected to provide these 18 guitar chord 

fret position sounds individually. Each recording has a fixed length of 60 seconds. Therefore, 

90 guitar chord sound files are generated. 

 The samples are recorded in an silent chamber with a portable device, iPhone 6. The 

device microphone signals are digitized with 16 bits resolution and 22,050Hz. sampling rate. 

The device is located 30 cm above the soundboard of the guitar, 10 cm below the bridge.  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Table 3.1 Basic chords and their fret positions

Chord 
Type C Dm Em F G Am

Fret 
postions



3.2 System Architecture 

 Pan (2013) indicated that a chord type pressed in different fret positions results in 

different timbre and emotion it convey. So we assume that each fret position of a chord type 

has its distinct timbre. Therefore, this research proposed a system architecture with two 

classification steps shown in Figure 3.1. The first step is to recognize chord type from PCP 

feature. And regarding the result chord type of first step, the second step is to recognize fret 

position from MFCCs feature. 
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Figure 3.1 The architecture of guitar chord fret position recognition system



3.2.1 Preprocessing 

 The system use PyMIR, a Python library for audio preprocessing and feature 

extraction. The preprocessing includes 3 main procedures. First, sound signal is framed with a 

size of 2048 samples. Second, frame takes peak picking of Spectral Flux and onsets frames 

are retrieved. Finally, 12-dimensional PCP feature and 13-dimensional MFCCs feature are 

retrieved. As shown in Table 3.2, through the preprocessing, we got 7397 onset frames for 

further analysis. In these onset frames, 1236 belong to C chord type,  1235 for Dm, 1250 for 

Em, 1250 for F, 1224 for G, 1202 for Am.  The number of frames of fret positions of a chord 

type is shown in Table 3.3. Each chord type has three different fret positions, we give them 

labels from pattern 1 to pattern 18.  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Chord Type Amount

C 1236
Dm 1235
Em 1250
F 1250

G 1224
Am 1202

Table 3.2 Number of onset frames of each chord type in the recording

Total: 7397



3.2.2 Model Training and Testing 

 The system uses scikit-learn, a Python machine learning library and its SVM RBF 

kernel as a supervised learning method. Seven classifiers are built for the system. The one is 

for chord recognition, and the others are for fret position recognition of a chord type. The 

system takes 75% data as training data and 25% as testing data. 

 Figure 3.2 and Figure 3.3 shows the confusion matrix of training data and testing data 

for chord type classification. 5547 frames are in training data. 1850 frames are in testing data. 

Overall, the classifiers are able to correctly recognize training and testing data by 98.5% and 

98.8%. The precision of classifier for each chord type is range form 94% to 100%. It seems 

that the combination of SVM and PCP feature result in good performance. We will compare it 

to other research in the next chapter.  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Pattern of C Amount

pattern1 413

pattern2 416

pattern3 407

Table 3.3 Number of onset frames of fret position for each chord type in the recording

Pattern of Dm Amount

pattern4 402

pattern5 412

pattern6 421

Pattern of Em Amount

pattern7 433

pattern8 402

pattern9 415

Pattern of F Amount

pattern10 419

pattern11 427

pattern12 404

Pattern of Am Amount

pattern16 393

pattern17 411

pattern18 398

Pattern of G Amount

pattern13 406

pattern14 413

pattern15 405
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Prediction 
Precision

%C Dm Em F G Am

C 918 0 6 2 0 0 99.1

Dm 0 926 0 2 0 0 99.8

Em 0 0 880 0 53 0 94.4

F 2 2 0 928 0 0 99.7

G 0 2 0 4 917 0 99.5

Am 6 1 0 0 0 898 99.7

Overall 
precision   98.5

Figure 3.2 Confusion matrix: Training data for chord type classification (5547 frames)
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Prediction 
Precision

%C Dm Em F G Am

C 308 0 1 1 0 0 99.4

Dm 0 307 0 0 0 0 100

Em 0 1 300 0 16 0 94.6

F 0 0 0 318 0 0 100

G 0 0 0 0 301 0 100

Am 3 0 0 0 0 294 99

Overall 
precision   98.8

Figure 3.3 Confusion matrix: Testing data for chord type classification (1850 frames)
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 Figure 3.2 to Figure 3.7 show the confusion matrix of SVM classifiers of training and 

testing data for fret position classification of a chord type. Overall, for C chord type, the 

classifier is able to correctly recognize training and testing data, 927 and 309 frames, by 88% 

and 76.7%. For Dm chord type, the classifier is able to correctly recognize training and testing 

data, 926 and, 309 frames, by 88.1% and 77%. For Em chord type, the classifier is able to 

correctly recognize training and testing data, 937 and 313 frames, by 90.9% and 85.4%. For F 

chord type, the classifier is able to correctly recognize training and testing data, 937 and 313 

frames, by 80.6% and 73.5%. For G chord type, the classifier is able to correctly recognize 

training and testing data, 918 and 306 frames, by 88.9% and 73.5%. For Am chord type, the 

classifier is able to correctly recognize training and testing data, 902 and 300 frames, by 

88.7% and  78.7%. It seems that SVM classifiers for fret position classification have 

acceptable precisions no matter for training data and testing data. We will compare it to other 

supervised learning method in the next chapter.  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Prediction 
%pattern

1
pattern

2
pattern

3

pattern 
1 252 31 10 86

pattern 
2 27 281 17 86.5

pattern 
3 13 13 283 91.6

Overall 
precision  

88

Figure 3.4 Confusion matrix:   
Training data (left) and testing data (right) for fret position of C chord type

Prediction 
%pattern

1
pattern

2
pattern

3

pattern 
1 86 22 12 71.7

pattern 
2 15 66 10 72.5

pattern 
3 8 5 85 86.7

Overall 
precision  

76.7

Ac
tu

al

Ac
tu

al
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Prediction 
%pattern

4
pattern

5
pattern

6

pattern 
4 259 24 16 86.6

pattern 
5 22 272 19 86.9

pattern 
6 12 17 285 90.8

Overall 
precision  

88.1

Figure 3.5 Confusion matrix:   
Training data (left) and testing data (right) for fret position of Dm chord type

Prediction 
%pattern

4
pattern

5
pattern

6

pattern 
4 82 11 10 79.6

pattern 
5 17 74 8 74.7

pattern 
6 12 13 82 76.6

Overall 
precision  

77

Ac
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al
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Prediction 
%pattern

7
pattern

8
pattern

9

pattern 
7 310 3 12 95.4

pattern 
8 13 273 20 89.2

pattern 
9 24 12 270 88.2

Overall 
precision  

90.9

Figure 3.6 Confusion matrix:   
Training data (left) and testing data (right) for fret position of Em chord type

Prediction 
%pattern

7
pattern

8
pattern

9

pattern 
7 98 1 9 90.7

pattern 
8 5 84 7 87.5

pattern 
9 13 11 85 78

Overall 
precision  

85.4
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Prediction 
%pattern

10
pattern1

11
pattern

12

pattern 
10 269 20 23 86.2

pattern 
11 43 246 41 74.5

pattern 
12 32 23 240 81.4

Overall 
precision  

80.6

Figure 3.7 Confusion matrix:   
Training data (left) and testing data (right) for fret position of F chord type

Prediction 
%pattern

10
pattern1

11
pattern

12

pattern 
10 78 14 15 72.9

pattern 
11 13 71 13 73.2

pattern 
12 12 16 81 74.3

Overall 
precision  

73.5

Ac
tu

al

Ac
tu

al



3.2.3 Testing in noisy condition 

 The previous data is recorded in a chamber, so the noise is exclude. However, the true 

is that noise is everywhere. In order to apply the system to actual environment, we recorded 

another testing data in outdoor, and some noise is in the background. The testing data also 

recorded from previous 5 three-year experienced guitar players to record 18 chords 

individually, and each recording has a fixed length of 60 seconds. Therefore, there are also 90  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Prediction 
%pattern

13
pattern

14
pattern

15

pattern 
13 250 24 20 85

pattern 
14 25 267 32 82.4

pattern 
15 19 10 271 90.3

Overall 
precision  

88.9

Figure 3.8 Confusion matrix:   
Training data (left) and testing data (right) for fret position of G chord type

Prediction 
%pattern

13
pattern

14
pattern

15

pattern 
13 77 22 13 68.8

pattern 
14 11 66 12 74.2

pattern 
15 16 7 82 78.1

Overall 
precision  

73.5

Ac
tu

al

Ac
tu

al

Prediction 
%pattern

16
pattern

17
pattern

18

pattern 
16 233 46 7 81.5

pattern 
17 35 278 4 87.7

pattern 
18 5 5 288 96.6

Overall 
precision  

88.7

Figure 3.9 Confusion matrix:   
Training data (left) and testing data (right) for fret position of Am chord type

Prediction 
%pattern

16
pattern

17
pattern

18

pattern 
16 76 26 5 71

pattern 
17 23 67 4 71.3

pattern 
18 1 6 93 93

Overall 
precision  

78.7

Ac
tu

al

Ac
tu

al



new files for testing. As shown in Table 3.6, there are 7463 onset frames after preprocessing. 

In these onset frames, 1256 belong to C chord type,  1228 for Dm, 1245 for Em, 1258 for F, 

1228 for G, 1248 for Am. The number of frames of fret positions of chord type is shown in 

Table 3.7. As shown in Table 3.10 to 3.16, the overall precision of chord type classification 

for noisy dataset is 97.3%. and the overall precision for fret position of chord type C to Am is 

65.2%, 57.2%, 58.4%, 61.7%, 53.1%, and 63.5%. It is obviously that the noise has some 

influence on recognition.  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Table 3.4 Number of frames of each chord type for noisy dataset

Table 3.5 Number of frames of fret position of each chord type for noisy dataset

Chord Type Amount

C 1256

Dm 1228

Em 1245

F 1258

G 1228

Am 1248
Total: 7463

Pattern of C Amount

pattern1 431

pattern2 417

pattern3 409

Pattern of Dm Amount

pattern4 398

pattern5 417

pattern6 413

Pattern of Em Amount

pattern7 417

pattern8 416

pattern9 412

Pattern of F Amount

pattern10 429

pattern11 420

pattern12 409

Pattern of Am Amount

pattern16 419

pattern17 413

pattern18 416

Pattern of G Amount

pattern13 407

pattern14 413

pattern15 408



�30

Prediction 
Precision

%C Dm Em F G Am

C 1249 0 2 0 0 5 99.4

Dm 0 1228 0 0 0 0 100

Em 16 0 1209 1 19 0 97.1

F 0 2 0 1256 0 0 99.8

G 0 1 0 0 1127 0 99.9

Am 52 1 0 2 0 1193 95.6

Overall 
precision   97.3

Figure 3.10 Confusion matrix: Using noisy dataset as testing data  
 for chord type classification (7463 frames)
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Prediction 
%pattern

1
pattern

2
pattern

3

pattern 
1 372 42 16 86.5

pattern 
2 108 242 67 58

pattern 
3 179 25 205 50.1

Overall 
precision  

65.2

Figure 3.11 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of C

Prediction 
%pattern

4
pattern

5
pattern

6

pattern 
4 240 64 94 60.3

pattern 
5 80 260 77 62.4

pattern 
6 79 131 203 49.2

Overall 
precision  

57.2

Ac
tu

al

Ac
tu

al

Figure 3.12 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of Dm
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Prediction 
%pattern

7
pattern

8
pattern

9

pattern 
7 241 52 124 57.8

pattern 
8 28 215 173 51.7

pattern 
9 23 118 271 65.8

Overall 
precision  

58.4

Figure 3.13 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of Em

Prediction 
%pattern

10
pattern

11
pattern

12

pattern 
10 252 64 113 58.7

pattern 
11 58 280 82 66.7

pattern 
12 85 80 244 59.7

Overall 
precision  

61.7

Figure 3.14 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of F
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Prediction 
%pattern

13
pattern

14
pattern

15

pattern 
13 245 41 121 60.2

pattern 
14 126 208 79 50.4

pattern 
15 108 101 199 48.8

Overall 
precision  

53.1

Figure 3.15 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of G

Prediction 
%pattern

16
pattern

17
pattern

18

pattern 
16 240 106 73 57.3

pattern 
17 108 259 46 62.7

pattern 
18 103 20 293 70.4

Overall 
precision  

63.5

Figure 3.16 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of Am
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Chapter 4 Evaluation 

 In the chapter, two comparisons are conducted, chord type classification and fret 

position classification. We compare SVM classifier with methods of previous study.  

4.1 Comparison of Chord Type Classification 

 The first step of guitar chord fret position recognition system is to identify the chord 

type of the signal by SVM classifier. An experiment is conducted to compare SVM to 

Fujishma’s pattern matching algorithm mentioned in 2.4.1. According to his theory, Binary 

Chord Type Templates (CTTs) must be set up first. The experiment takes 6 basic Triad chord 

of C key for example, so 6 CTTs need to be built first (See Table 4.1). The Nearest Neighbor 

method is the key concept of Fujishima’s pattern matching algorithm. The score is the squared 

distance of input PCP feature vector between a CTT. The chord type results in minimum score 

is the result chord type. The following equation is to calculate the score between input PCP 

feature vector and CTT of C major chord.  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Table 4.1 Chord Type Template for C key chord

pitch class

C C# D D# E F F# G #G A A# B

Chord
type

template

C 1 0 0 0 1 0 0 1 0 0 0 0

Dm 0 0 1 0 0 1 0 0 0 1 0 0

Em 0 0 0 0 1 0 0 1 0 0 0 1

F 1 0 0 0 0 1 0 0 0 1 0 0

G 0 0 1 0 0 0 0 1 0 0 0 1

Am 1 0 0 0 1 0 0 0 0 1 0 0

————— (5)



 We take all the data recorded in noisy environment as testing data for Nearest 

Neighbor pattern matching. After the calculation, the result confusion matrix is shown in 

Figure 4.1. The precision of C, Dm, F, G reach at least 96% but the precision of Em and Am 

are about 79%. Compared to the precision of SVM classifier (See Table 3.4), the difference of 

precision for Em is 17.4%, and for Am is 16.3%. Consequently, the Nearest Neighbor method 

is more prone to misclassification with Em and Am chord in noisy environment.  

4.2 Comparison of Fret Position Classification 

 The Logistic Regression (LR) is a common supervise learning method for 

classification. Zhang (2007) used MFCC feature and LR to do timbre classification of musical 

instrument. With his concept, we use the Spark Mllib for building LR models for fret position 
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Prediction 
Precision

%C Dm Em F G Am

C 1256 0 0 0 0 0 100

Dm 0 1214 0 14 0 0 98.9

Em 123 0 992 0 130 0 79.7

F 3 0 0 1255 0 0 99.8

G 0 0 0 1 1127 0 99.9

Am 259 0 0 1 0 998 79.3

Overall 
precision   92.8

Figure 4.1 Confusion matrix: Using noisy dataset as testing data  
 and Nearest Neighbor method for chord type classification (7463 frames)
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classification. Like 3.2.2, we build six LR models with 75% of data. Figure 4.2 to Figure 4.7 

show the confusion matrix of LR model of training and testing data for fret position 

classification of a chord type. Overall, for C chord type, the classifier is able to correctly 

recognize training and testing data by 70.3% and 65.4%  For Dm chord type, the classifier is 

able to correctly recognize training and testing data by 61.8% and 64%. For Em chord type, 

the classifier is able to correctly recognize training and testing data by 71.7% and 70.4%. For 

F chord type, the classifier is able to correctly recognize training and testing data by 57.7% 

and 58%. For G chord type, the classifier is able to correctly recognize training and testing 

data by 66.2% and 66.9%. For Am chord type, the classifier is able to correctly recognize 

training and testing data by 63.6% and 67.7%. Compared to the result of SVM classifier for 

testing data in 3.2.2, the overall precision of LR model is lower. Table 4.2 shows the 

comparison of precision between SVM classifier and LR model for training data. The 

difference is up to 26.3%.  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Table 4.2 Precision of SVM classifier and LR model for training data.

C Dm Em F G Am

SVM 88 88.1 90.9 80.6 88.9 88.7

LR 70.3 61.8 71.7 57.7 66.2 63.6

difference
(SVM - LR) 17.7 26.3 19.2 22.9 22.7 25.1
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Training 
data 

Prediction 
%pattern

4
pattern

5
pattern

6

pattern
4 184 65 62 59.2

pattern 
5 59 183 64 59.8

pattern 
6 45 60 207 66.3

Overall 
precision  

61.8

Figure 4.3 Confusion matrix:   
Training data and testing data for fret position of Dm chord type

Testing 
data

Prediction 
%pattern

4
pattern

5
pattern

6

pattern
4 57 17 47 47.1

pattern 
5 16 73 49 52.9

pattern 
6 22 21 197 82

Overall 
precision  

64
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Training 
data 

Prediction 
%pattern

1
pattern

2
pattern

3

pattern 
1 224 67 27 70.4

pattern 
2 75 186 47 60.4

pattern 
3 20 40 244 80.3

Overall 
precision  

70.3

Figure 4.2 Confusion matrix:   
Training data and testing data for fret position of C chord type

Testing 
data

Prediction 
%pattern

1
pattern

2
pattern

3

pattern 
1 61 21 13 64.2

pattern 
2 27 63 18 58.3

pattern 
3 15 12 76 73.8

Overall 
precision  

65.4
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Training 
data 

Prediction 
%pattern

7
pattern

8
pattern

9

pattern 
7 275 16 47 81.4

pattern 
8 41 204 49 69.4

pattern 
9 61 53 197 63.3

Overall 
precision  

71.7

Figure 4.4 Confusion matrix:   
Training data and testing data for fret position of Em chord type

Testing 
data

Prediction 
%pattern

7
pattern

8
pattern

9

pattern 
7 77 5 13 81.1

pattern 
8 11 75 22 69.4

pattern 
9 21 19 64 61.5

Overall 
precision  

70.4
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Training 
data 

Prediction 
%pattern

10
pattern

11
pattern

12

pattern 
10 209 64 52 64.3

pattern 
11 71 146 95 46.8

pattern 
12 48 69 189 61.8

Overall 
precision  

57.7

Figure 4.5 Confusion matrix:   
Training data and testing data for fret position of F chord type

Testing 
data

Prediction 
%pattern

10
pattern

11
pattern

12

pattern 
10 67 14 13 71.3

pattern 
11 24 59 32 51.3

pattern 
12 26 20 52 53.1

Overall 
precision  

58

Ac
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Training 
data 

Prediction 
%pattern

13
pattern

14
pattern

15

pattern 
13 190 77 46 60.7

pattern 
14 74 188 47 60.8

pattern 
15 36 32 232 77.3

Overall 
precision  

66.2

Figure 4.6 Confusion matrix:   
Training data and testing data for fret position of G chord type

Testing 
data

Prediction 
%pattern

13
pattern

14
pattern

15

pattern 
13 57 19 17 61.3

pattern 
14 24 69 11 66.3

pattern 
15 16 13 76 72.4

Overall 
precision  

66.9
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Training 
data 

Prediction 
%pattern

16
pattern

17
pattern

18

pattern 
16 159 125 22 52

pattern 
17 121 159 24 52.3

pattern 
18 7 30 258 87.5

Overall 
precision  

63.6

Figure 4.7 Confusion matrix:   
Training data and testing data for fret position of Am chord type

Testing 
data

Prediction 
%pattern

16
pattern

17
pattern

18

pattern 
16 54 26 7 62.1

pattern 
17 34 62 11 57.9

pattern 
18 3 15 85 82.5

Overall 
precision  

67.7
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 Next we take the noisy data as input testing data to observe the precision. The Figure 

4.8-4.13 show the confusion matrix of fret position classification of a chord type using LR 

model. Compared to the result of SVM classifier for noisy data in 3.2.3, the overall precision 

of LR model is lower. Table 4.3 shows the comparison of precision between SVM classifier 

and LR model for noisy data. The difference is up to 13.7%.  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Table 4.3 Precision of SVM classifier and LR model for noisy data

C Dm Em F G Am

SVM 56.2 57.2 58.4 61.7 53.1 63.5

LR 56.7 44.5 55.7 48 51.1 51.1

difference  
(SVM - LR -0.5 12.5 2.7 13.7 2 12.4

Prediction 
%pattern

1
pattern

2
pattern

3

pattern 
1 336 58 36 78.1

pattern 
2 179 143 95 34.3

pattern 
3 146 29 234 57.2

Overall 
precision  

56.7

Figure 4.8 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of C

Prediction 
%pattern

4
pattern

5
pattern

6

pattern 
4 86 74 140 21.6

pattern 
5 51 190 198 64.8

pattern 
6 98 84 300 46

Overall 
precision  

44.5

Figure 4.9 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of Dm
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Prediction 
%pattern

16
pattern

17
pattern

18

pattern 
16 92 257 70 22

pattern 
17 67 317 29 76.8

pattern 
18 54 133 229 55

Overall 
precision  

51.1

Prediction 
%pattern

13
pattern

14
pattern

15

pattern 
13 323 33 51 79.4

pattern 
14 261 109 43 26.4

pattern 
15 150 62 196 48.0

Overall 
precision  

51.1

Figure 4.12 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of G

Figure 4.13 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of Am

Prediction 
%pattern

7
pattern

8
pattern

9

pattern 
7 203 74 140 48.6

pattern 
8 28 190 198 45.7

pattern 
9 28 84 300 72.8

Overall 
precision  

55.7

Figure 4.10 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of Em

Prediction 
%pattern

10
pattern

11
pattern

12

pattern 
10 224 88 117 52.2

pattern 
11 17 198 205 47.1

pattern 
12 142 83 184 45

Overall 
precision  

48

Figure 4.11 Confusion matrix:  
Using noisy dataset as testing data for 

fret position of F
Ac
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Chapter 5 Discussion and Conclusion 

 This study implements a system architecture to recognize guitar chord fret positions 

from guitar audio signals. The system contains two main recognition processes, chord type 

recognition and fret position recognition, because guitar chord fret position can be defined by 

these two information. Both processes need a audio feature to represent the meaning of data. 

PCP feature is for chord type recognition and MFCC feature is for fret position recognition. 

And both processes apply SVM classifier as the supervised learning method.  

5.1 Conclusion 

 In previous chapters, we conduct several experiments and evaluation to observe the 

feasibility of the system. For chord type recognition, the experiment result shows that the 

overall performance would be good regardless of using typical Nearest Neighbor pattern 

matching method or SVM classifier, although SVM gets better precision and much less 

misclassification than Nearest Neighbor method. Therefore, we can conclude that the PCP 

feature is an ideal feature for chord type recognition. For fret position recognition, the 

experiment compares SVM to LR. The result shows that SVM got much better performance, 

but it still has space to be improved. 

5.2 Limitation and Future Work 

 This study contains some following research limitations. In future work, the study 

should consider them to fit real situation. 
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1. MFCC is just only one kind of feature used in timbre recognition. We can also 

consider more timbral features such as Spectral Centroid and even Spectral Flux to 

combine with MFCC in a frame to enhance the reliability in model training phase. 

(Liu, 2010)  

2. Furthermore, the data we use were merely recorded by 5 guitarists. It should contain 

some timbral difference when two people play the same chord. The data would not be 

able to represent all playing style. Therefore, the data source should be collected by 

more guitarists and get more timbral diversity.  

3. The study only focus on often played Major Triad Chord and Minor Triad Chord. 

However, there are various kinds of chord may be played on guitar, such as 

Diminished Triad and Seventh Chord. In the future, the system should include them to 

cover wider kinds of music. 

4. Despite that SVM leads to acceptable performance, some other supervised learning 

method may be applied to investigate its suitability, such as Neural Network (NN) 

Back propagation Network (BPN). 

 With the system of this study, we can recognize the guitar chord fret position by the 

technology of Music Information Retrieval. In Pan’s (2013) words, the timbre and harmony of 

chords on guitar can be different depends on the guitar chord fret position. In the future, the 

detail high-level music content description of guitar chord fret position need to be further 

defined. To define the high-level music content description of guitar chord fret position is to 

acknowledge the guitar music deeply. In the future work, it is not only involved in computer  

system but also other fields such as musicology and phycology.  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