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Abstract 
 

This paper proposes a MIDI- and audio-based music genre classification method for Korean 
traditional music. There are many traditional instruments in Korea, and most of the traditional 

songs played using the instruments have similar patterns and rhythms. Although music 

information processing such as music genre classification and audio melody extraction have 
been studied, most studies have focused on pop, jazz, rock, and other universal genres. There 

are few studies on Korean traditional music because of the lack of datasets. This paper 

analyzes raw audio and MIDI phrases in Korean traditional music, performed using Korean 

traditional musical instruments. The classified samples and MIDI, based on our classification 
system, will be used to construct a database or to implement our Kontakt-based instrument 

library. Thus, we can construct a management system for a Korean traditional music library 

using this classification system. Appropriate feature sets for raw audio and MIDI phrases are 
proposed and the classification results—based on machine learning algorithms such as support 

vector machine, multi-layer perception, decision tree, and random forest—are outlined in this 

paper. 
 

 

Keywords: Music genre classification, music sample analysis, MIDI analysis, Korean 

traditional music, music editor 
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1. Introduction 

Following the spread of digital music, music information retrieval (MIR) research began to 

receive increasing attention [1]. In this field of research, many challenging tasks exist, 

including query-by-singing/humming [2, 3], tempo estimation [4], cover-song identification 
[5], audio fingerprinting [6, 7], audio tagging [8], automatic melody extraction [9, 10], and 

music genre classification [11-17]. Among them, music genre classification is considered to 

be one possible way of managing a large digital music database. The musical genre, a 

high-level descriptor of music, is extensively used in music stores, radio stations, and on the 
Internet. It gives a general guideline for retrieving music or for separating and organizing 

music files. Manual classification of music by genre is laborious and time-consuming work 

[13]. Thus, an automatic music genre classification system is a way to determine the proper 
genre for music at a low cost.  

To accomplish this task, most studies extract features from an audio dataset, or a collection 
of audio information organized into a group. MIDI is also used as a raw dataset because it is 

easy to modify and manipulate [16]. MIDI is a symbolic representation method for musical 

information. Raw audio data represents actual sound as a digital signal, while MIDI represents 
a musical event as one or two data bytes, according to the MIDI format specification type. The 

original purpose of MIDI is to communicate with individual instruments and to enable one 

instrument, like a computer MIDI console, to control another, such as a MIDI-enabled 
keyboard. A standard MIDI file format, developed by the MIDI Manufacturers Association, 

consists of a sequence of MIDI messages [18]. Channel messages such as “Note On,” “Note 

Off,” “Control Change,” etc., are used as the raw features of music genre classification. The 

biggest difference between audio- and MIDI-based music genre classifications is the feature 
set type. Timbre, rhythm, and pitch are generally used in audio data. The timbre feature 

represents the tone quality of instruments, including human voices. One well-known method is 

Mel-Frequency Cepstral Coefficients (MFCC), extracted by taking the log-amplitude of a 
magnitude spectrum and then smoothing the grouped fast Fourier transform (FFT) bins 

according to the perceptually motivated Mel-frequency scaling [19]. In addition, other features 

that represent speech and audio, such as spectral centroid, zero crossing, and energy, have 
been suggested in previous studies [20-22]. MIDI features can also represent audio data with 

some limitation. MIDI cannot represent the detail found in timbre. This is because audio 

features are extracted from digitalized raw audio, while MIDI features are extracted from 

command information for instruments, which does not contain detailed musical information. 
However, MIDI features have a number of advantages when compared with audio features. 

MIDI is easy to share, store, and edit. The size of the data in terms of computer space is small. 

Because of its simplicity, computing when extracting the features and analysis of a feature set 
can be done speedily. MIDI also has a musicological meaning and can be used for more 

applied applications. Furthermore, one study reported a low correlation between timbre and 

genre, which means that when determining genre, information like timbre could, in some cases, 
be worthless [23]. 

In this paper, we propose a genre classification system for Korean traditional music using 
MIDI or .wav files. Each file contains a phrase of music within a genre. The phrase is a 

minimal chunk communicating a musical pattern that has a musical sense, one that is difficult 

to classify. Two different forms of input (MIDI and wav file) are implemented, and their 
performances are investigated. To develop the system, we created a Korean traditional music 
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genre dataset. Because MIR has lacked proper datasets to explore it, Korean traditional music 

has not yet been used in MIR research. For a music genre classification system to be realized, 
a proper dataset is essential. Various datasets such as GTZAN and MSD have been released, 

and among datasets, the GTZAN music genre dataset is the most famous and widely used [24, 

25]. Our dataset, which we will release upon completion, is designed for Korean traditional 

music. Our work is a part of larger project: making virtual instruments for Korean traditional 
music and web-based music production/playing/distribution platforms in which the virtual 

instruments can be used. The music clips in the dataset, which were created and labeled by 

Korean traditional musicians, were originally collected using a small group of virtual 
instruments. Because the music clips are short, classification is difficult. Our Korean 

traditional music genre classification system and dataset will be implemented in an authoring 

tool in the platform, which makes it easier to produce Korean traditional music. This paper is 
unique because it is the first involving MIR research for Korean traditional music. The genre 

classification system proposed in this paper showed satisfactory results for our dataset, and 

these results can be applied as a guideline for Korean traditional music genre research.  

This paper is organized as follows. In Section 2, we review previous work in genre 
classification. Section 3 introduces Korean traditional music and instruments. Section 4 

describes the classification method, including the feature extraction method. Section 5 

explains and analyses the experimental results of our classification method. Section 6 
introduces the prototype applications that are based on Kontakt and the web environment. The 

result of our work will feed into the application. Finally, we summarize our study and explain 

our future work in Section 7. 

2. Related Work 

In general, the MIR system has been used with pop music, but traditional music has begun to 
garner interest [26-29]. In [26], information related to gathering data on flamenco music from 

general knowledge bases is shown. As a result of this work, a new knowledge base containing 

information about flamenco music was created and released. Using this knowledge base, artist 

relevance can be computed. From this research, we can consider that only gathering and 
arranging the music information can make a new value with information retrieval technique. 

In [27], a new Greek Music Dataset (GMD) was proposed. The authors of that paper hold the 

opinion that Greek traditional music presents a number of unique characteristics. The GMD 
includes information for 1,400 Greek music tracks, arranged by track, lyrics, symbolic 

features, manually annotated labels, and so on. In [28], a large machine-readable dataset of 

Turkish makam musical phrases is presented. In the dataset, musical scores are segmented into 
phrases by experts. The authors of the paper argue that Turkish makam music is rarely studied 

since data resources are not available. In [29], a classification for phrase-based Indian art 

music, rāga, was suggested. They collected 124 hours of audio in 480 recordings, including 40 

of Carnatic music, for use in the genres of rāga. They extracted a feature matrix using three 
steps (melodic pattern discovery, melodic pattern clustering, and feature extraction). Some 

classification algorithms were compared for evaluation and a naïve Bayes classifier 

outperformed the other. As written in the papers [26 -29], a database is essential for MIR 
research, so the researchers created their own databases. The databases are explained in Table 

1. Through these attempts, we can see that existing MIR techniques, based on collected data, 

contribute to the development and investigation of traditional culture. There is little in the way 
of Korean traditional music datasets for MIR research. On the Traditional Korean Music site 
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[30] and Gugak1 archive from the National Gugak Center [31], music clips and performance 

video clips of Korean traditional music are provided, but it is difficult to use these clips in MIR 
research.  

 
Table 1. Traditional music database [26-29] 

Music Data type Amount 

Flamenco[26] 
Audio, Artist, Album, Track, Palo and Place, three domain 

specific classes, and so on 
14,078 tracks 

Greek[27] 
Audio, lyrics, symbolic features, mood, genre, MIDI, and 

so on 
1,400 tracks 

Turkish makam 

music [28] 
Symbolic 31,362 phrases 

Indian art music 

[29] 
Audio 

124 hours of audio 

in 480 tracks 

 

A music genre classification system has two parts: feature extraction and classification 
based on the feature set [11]. The input can be a MIDI file or wav file. Most music genre 

classification systems use wav files because it is more difficult to collect MIDI files. In some 

applications, MIDI files converted from wav files have been used [32], but to the best of our 

knowledge, converted MIDI files have not been used in music genre classification. However, 
whether using MIDI or wav as an input is not the problem of difficulty. MIDI input can lead to 

the easy extraction of musical features related to both music structure and notes, but it cannot 

supply information about timbre feature. Some genres have special properties related to timbre. 
Thus, whether MIDI input is better than wav input cannot be concluded, and investigation 

about comparison of two inputs is not yet announced.  

 In musical genre classification system with wav input, various features which are obtained 
from signal processing techniques are used: spectral feature, MFCC, octave-based spectral 

contrast (OSC), octave-based modulation spectral contrast (OMSC), decorrelated filter bank 
(DFB), and so on. The feature values themselves, statistical values (mean, median, maximum, 

standard deviation, and so on) of the feature values, and variations and/or modulations of the 

feature values are used as input vectors for the classifiers. A spectral feature is the value 
calculated from the output of short-time Fourier transform (STFT) such as spectral centroid, 

spectral roll off, zero crossing, and others [11]. MFCC refers to perceptually motivated 

features that are also based on the STFT [11]. It has been widely used in various speech 

processing areas, and it represents spectral characteristics based on Mel-frequency scaling 
[33]. Many articles have proven the effectiveness of MFCC as a main tool for music 

classification. OSC involves the spectral peak, spectral valley, and spectral contrast in each 

octave-based sub band [34]. DFB involves the variation of amplitudes between neighboring 
bands. It was originally used for speaker recognition, and it is applied in music genre 

classification [35]. It is extracted using subtraction of the log spectrum of the neighboring 

Mel-scale band. OMSC is extracted using long-term modulation spectrum analysis to 
represent the time-varying behavior of music signals [12]. Through the latest advances in 

neural network research, a novel method based on neural networks is also proposed in [15]. 

In musical genre classification systems using MIDI input, information including tempo, note, 
and rhythm, among others, are used as feature sets. Statistical values/histograms/moments of 

the features were used in previous studies [16, 17]. A similarity measurement of sequences, 

                                                        

1 Gugak means Korean traditional music.  
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SMBGT (Subsequence Matching with Bounded Gaps and Tolerances) has been used with 

k-Nearest Neighbor to classify MIDI data sets [36]. In this study, the researchers collected 100 
MIDI files in four genres: classical, blues, rock, and pop. In [37], they focused on 

transformation of the pitch and duration feature. Four methods, transposition transformation, 

augmentation/diminution transformation, sequential modulation transformation, and crab 

transformation, are defined to preserve feature invariance. A combination of audio and MIDI 
features was introduced in [38]. Well-known feature extraction methods such as MFCC, 

spectral centroid, spectral roll-off, spectral flux, and time domain zero crossing were used for 

the audio feature. They did not extract MIDI features but measured the distance between two 
music pieces using normalized compression distance (NCD). The result of this voting method 

showed an improvement in accuracy. 

3. The Korean Traditional Music Genre 

As shown in Fig. 1 we concentrate on four genres: "Minyo", "Sanjo," "Gagok," and 

"Pungryu." We also examine 12 subgenres:Jinyangjo, Jungmori, JungJungmori, Jajinmori, 
Whimori, Gutgeri, Gyeonggi, Sedo, Dongbu, Namdo, Gagok, and Pungryu are used for our 

study 

 
Fig. 1. Taxonomy of the Korean traditional music genres for the proposed system 
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 Minyo is a song passed down orally, bearing a traditional set of rhythms. Minyo has been 
handed down, separated by natural geography, preserving their unique colors. Currently, the 
transmission of Minyo is divided into four districts with distinct musical characteristics: 

Gyeonggi, Seodo, Dongbu, and NamDo. Therefore, the geographical subdivision of Minyo is 

similar to genre classification in western music.  

Sanjo is an instrumental type of music in which the tempo increases for each movement. 
Sanjo is typical Korean instrumental music and is composed of the plural music movements. 
Each movement has a subcategory organized by tempo, instrument, or clique. Table 2 shows 

the Sanjo subgenres. 

 
Table 2. The subgenres of Sanjo 

Subgenre Tempo 

Jinyangjo Slowest 

Jungmori Slower, 12/4 time 

JungJungmori Between Joongmori and Jajinmori 

Jajinmori Faster, 12/8 time 

Gutgeri Faster, 12/8 time 

Whimori Fastest 

 
Sanjo is a branch of traditional music based on Sanna's roots in shaman culture and Pansori. It 
developed as a folk art and has since been transformed into a high-level instrumental solo 

performance. Sanjo has a variable characteristic: improvisation, allowing performers to play 

or to add a melody or a rhythm depending on the whim of the performer. However, even if the 

improvised music is highly flexible, it is based on logic in its overall structure and form. 
Gagok is a genre of traditional Korean vocal music sung by men and women accompanied by 

a small orchestra. Traditional Gagok originated from a song sung among the scholars of the 

Joseon Dynasty period, and it is distinctly different from recent art songs composed in the 
western technique. Pungryu is a specific instrument-centric music genre that can be divided 

into two categories: chordophone-based Pungryu and wind instrument-based Pungryu. It is 

also called Bangjungak, meaning music for indoor performance. In this paper, we gathered 
audio samples and MIDI datasets for Korean traditional music. We extracted MIDI datasets 

from four distinct genres that are heavily utilized in traditional music. 

4. Classification Method 

Music genre classification is commonly composed of two steps - feature extraction and 

classification. Fig. 2 shows the overall architecture of the proposed system. 
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Fig. 2. Overall system architecture 

 

As shown in Fig. 2, each audio sample is recorded by performers using Korean traditional 

instruments. Gayageum and Geomungo are plucked string instruments. These instruments are 
played by striking or plucking the strings with a rod-shaped bamboo plectrum. Ajaeng, a zither 

with silk strings, was designed to perform effect music in the mid-20th century. It has the 

lowest range of all Korean traditional instruments. It sounds a bit rough and clumsy, but 
majestic. Haegeum, a fiddle-like instrument, is the instrument that can move about the scale 

most freely among Korean traditional instruments. Yanggeum is a metal-stringed instrument; 

it was the only metal instrument played in Korea before the 20th century. It is used for various 

types of music because of its distinctively clear sound.  

The creation of a MIDI data set is done by converting and optimizing the audio samples. To 
extract the phrases of the entire music, we defined some attributes as shown in Table 3. 
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Table 3. The criteria of phrases gathering 

Classification Sub-classification 

Universality Originality, repetitiveness, conventionality 

Functionality Circularity, correspondence to western music, symbolism, segmentation 

Esthetic Creativity, artistic value 

 

Before we extracted the audio features, we first parsed MIDI events from the MIDI files. A 
MIDI event includes Note On, Velocity, Control, Change, Tick, etc. It consists of a sequence 

form. During the feature extraction step, we extracted features as follows: 

 
Table 4. MIDI feature set and description 

Raw 

feature vector 
Statistical value Description 

Pitch 

Mean 
The average and standard deviation of 

MIDI pitch values Standard deviation 

Maximum 
Maximum and minimum of MIDI pitch 

values Minimum 

Rate of change 
The average of the absolute value of the 

difference between Note On values 

Velocity 
Mean 

The average and standard deviation of 

MIDI velocity values Standard deviation 

Tick 
Mean The average and standard deviation of 

MIDI tick values Standard deviation 

Tempo 
Initial tempo 

Initial tempo and the change in tempo 
Change in tempo 

Control Change The number of control change the number of control changed 

 

Audio features were extracted using the method in Table 5 with LibROSA [39]. The 
features were defined using 12 methods (137 dimensions) and each method was categorized 

into three types (time related, spectral related, and chroma related). Onset and beat features 

were estimated from the time intervals of detected onsets and beats, respectively. Spectral 
features represent the distributions of energy over a set of frequencies. It is composed of 60 

dimensions. MFCC represents spectral characteristics, based on Mel-frequency scaling. We 

extracted 20 MFCC sequences for the raw feature vector. Tonnetz represents tonal centroid 
features. Six dimensions of features were extracted for each frame. The other well-known 

features, zero crossing, roll-off, spectral centroid, root mean square energy (RMSE), are used 

for spectral representation of the audio signal. The chroma feature, also known as chromagram, 
refers to the twelve pitch classes. We utilized the chromagram of STFT, constant-q (CQT), 

and chroma energy normalized (CENS). 
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Table 5. Audio feature set and description 

Type 
Raw 

feature vector 
Statistical value Dimension 

Time 
related 

Tempo BPM 1 

Onset 
Mean and 

Standard deviation 
2 

Beat 
Mean and 

Standard deviation 
2 

Spectral 

related 

MFCC 
Mean and 

Standard deviation 
40 

Tonnetz 
Mean and 

Standard deviation 
12 

Zero Crossing 
Mean and 

Standard deviation 
2 

Roll-off 
Mean and 

Standard deviation 
2 

Spectral Centroid 
Mean and 

Standard deviation 
2 

RMSE 
Mean and 

Standard deviation 
2 

Chroma 

(Pitch) 

related 

STFT 
Mean and 

Standard deviation 
24 

CQT 
Mean and 

Standard deviation 
24 

CENS 
Mean and 

Standard deviation 
24 

 

The extracted statistical values of raw vectors were normalized, then learned by 

machine-learning algorithms such as the support vector machine (SVM), multi-layer 

perception (MLP), random forest (RF), and decision tree (DT). We will compare the 
performance of the classifiers through the experiments in the next section. SVM, in particular, 

is well known in genre classification because it has shown good performance with high 

dimensional features.  
SVM kernels differ in training time, training performance, and overfitting/underfitting 

problems, depending on the type and size of the data. In our case, we used the linear, RBF, and 

poly kernels to perform comparative experiments. The size of the hidden node and hidden 
layer of the MLP was also experimentally determined in a small range. Stochastic gradient 

descent (SGD) was used as a learning algorithm. Recently, as the performance of deep 

learning has dramatically improved for large datasets, the number of studies that apply a deep 

learning algorithm to the genre classification problem have been increasing [40, 41]. However, 
we did not use deep learning because our data set is small. The basic RF and DT model of 

Scikit-learn [43] was also used. 
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5. Experimental Results and Analysis 

The purpose of the experiment was to determine the feature set and learning algorithm that 

have the highest performance for four music genres and 12 subgenres. Before the experiment, 
we performed a simple analysis by visualizing the features of the raw audio data. Next, we 

compared the performance of the combination of audio features and MIDI features. Finally, a 

detailed analysis of the accuracy rate was performed through the confusion matrix for the 12 
subgenres. 

In our experiments, 587 MIDI and audio phrases were used for genre and subgenre 

classification, respectively. To achieve accuracy in the classification, 10-fold cross validation 

was used. This means that the model was trained using 9 out of 10 folds as training data, and 
the result model was validated based on the remaining part of the data. We utilized Scikit-learn 

for classification and the parameter tuning of all classifiers was done experimentally. 

Fig. 3 is a set of examples of Mel-scaled spectrograms for raw audio phrases. As seen in the 
figure, the similarities between instruments seem to increase between genres. This may cause 

performance degradation due to timbre features. We have confirmed this point through the 

following experiments. 
 

  
(a) Geomungo, Gagok (b) Geomungo, Pungryu 

  

(c) Haegeum, Gagok (d) Haegeum, Pungryu 

  

Fig. 3. Mel-scaled spectrogram of the audio phrase 

 
 

First, we measured accuracy based on the feature type defined in Table 5 to measure the 

performance difference between the combinations of audio feature types. Fig. 4 shows the 
result of classifying four genres by combining audio features. The accuracy of each feature 

type was the highest for spectral-related features and the performance of all classifiers, except 

DT, was nearly the same. When combining two feature types, the combination of spectral and 
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chroma showed the highest accuracy, and SVM-RBF showed the highest performance, with 

79.3%. When all features were combined, MLP showed the highest accuracy at 79.0%, but 
this accuracy was slightly lower than that of the combination of spectral and chroma 

(SVM-RBF). Considering the relationship between classifiers and feature combinations, DT 

and MLP showed the highest accuracy combining all features, while SVM and RF are spectral 

+ chroma and tempo + spectral, respectively. 
 

 
 

Fig. 4. Accuracy of the audio feature combination (4 genres) 

 

 

The following outlines some important combinations of MIDI features from the preliminary 
experiments and feature analysis. The accuracy rate of combining MIDI features is shown in 

Fig. 5, which displays the result of classifying the four genres. The accuracy when using all the 

features was the highest in all classifiers. The most remarkable aspect in the results is that RF 

and DT showed the highest accuracy, more than 98% in all feature combinations. They even 
maintained high accuracy and showed higher performance than other classifiers when 

single-feature types like velocity or tempo were used. In the results, except for DT and RF, 

SVM-RBF with all features showed the highest performance, at 98.4%. In terms of feature 
combinations, tick + tempo and tempo + velocity + pitch combinations were degraded in most 

classifiers. 
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Fig. 5. Accuracy of the MIDI feature combination (4 genres) 

 

Table 6 shows the performance comparison of audio and MIDI features for 12 subgenres. 

Although the result using the audio feature type showed a significant decrease in accuracy, it 

maintained high accuracy in some classifiers (SVM-RBF, DT, RF) using MIDI features. It is 
encouraging that high performance was obtained in some classifiers, even though there was 

little data to learn from. In addition, most classifiers displayed high performance when all 

features were used. 
 

Table 6. The average accuracy of 12 subgenres 

Type Classifier Feature Accuracy 

Audio 

SVM(Linear) All 0.517±0.18 

SVM(RBF) All 0.544±0.18 

SVM(Poly) All 0.517±0.18 

MLP Timbral+Pitch 0.495±0.18 

Decision Tree Timbral+Tempo 0.376±0.13 

Random Forest Timbral+Tempo 0.476±0.17 

MIDI 

SVM(Linear) All 0.503±0.11 

SVM(RBF) All 0.883±0.08 

SVM(Poly) CC+Tempo+Pitch 0.500±0.15 

MLP All 0.564±0.14 

Decision Tree All 0.959±0.07 

Random Forest All 0.969±0.04 
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Table 7 is the confusion matrix of MIDI-based subgenre classification; RF was used for the 
classifier. The performance was measured using the Weka [44] tool to determine the reliability 

of the previous experimental results. As shown in the table, most subgenres were well 

classified, at 95.4 and 97.9%, respectively. In particular, the accuracy of RF and DT was 

97.9% and 95.4%, respectively, and the performance of MLP was lower than RF and DT. 
 

Table 7. Confusion matrix of MDI based subgenre classification 

 DB GG KG ND PR SD GI JJM JYJ JJM JM WM 

DB 28 0 0 0 0 1 0 0 0 0 0 0 

GG 0 42 0 0 0 0 1 0 0 0 0 0 

KG 0 0 53 0 0 0 0 0 0 0 0 1 

ND 0 0 1 38 0 0 0 0 0 0 0 0 

PR 0 0 0 0 95 0 0 0 0 0 0 0 

SD 0 0 0 0 0 20 0 0 0 0 0 0 

GI 0 0 0 0 0 0 28 0 0 0 0 0 

JJM 0 0 0 0 0 0 0 70 0 0 1 0 

JYJ 0 0 0 1 0 0 0 0 54 0 1 0 

JJM 0 0 1 0 0 0 0 0 0 54 0 0 

JM 0 0 0 0 0 0 0 0 0 1 56 0 

WM 0 0 1 0 0 0 1 0 0 0 1 37 

6. Prototype Platform and Application 

We are using the information in this study to advance our progress in making virtual 
instruments for Korean traditional music and designing a web-based music 

production/playing/distribution platform [42]. The proposed Korean traditional music genre 

classification system will be adopted in the platform with the virtual instruments. Using the 
genre classification system in the platform led to three benefits. First, our study of a Korean 

traditional music genre classification system can help people who have an interest in Korean 

traditional music but who are not familiar with it. In the forthcoming production platform, 

virtual instruments for Korean traditional music will be created, and every user can use them. 
However, not every user will be familiar with or understand virtual instruments. Genre-based 

information and varied examples can help the unfamiliar user. To accomplish this, Korean 

traditional music genre classification is necessary. Varying music clips related to Korean 
traditional music are collected in the platform and classified. The clips are intended for the 

users. Using the results of the classification method and experiment, we have been 

constructing a sample audio and MIDI database as well. As shown in Fig. 6, we are 
implementing a Kontakt-based Korean traditional instrument library. Kontakt is a virtual 

studio technology (VST) sampler that can develop a sampler instrument using its own 

language. The purpose of the prototype application is to construct as large a dataset of Korean 

traditional music phrases as possible. As the phrase dataset increases, the automatic genre 
classification process will be increasingly essential.  

Second, Korean traditional music lessons can be given in the music platform using the 

classification system. As written in [42], a lesson service will be opened on the platform. This 
service was originally planned for piano lessons, but it is not limited to piano. Lessons related 

to Korean traditional music can be very helpful for building interest in the platform. The 
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knowledge captured in the classification system and the enlarged database will show the 

variety of Korean traditional music within the platform. Third, the outputs of the music 
production platform can be classified appropriately when they are distributed. Music clips 

produced on the platform shall be sold with proper tags to explain the clips. Traditional music 

is not familiar to many listeners; thus, correct genre information is essential to give advice on 

selection. 

The features of the prototype application are as follows: 

 Single sounds playing: A feature that can play the individual sound of Korean traditional 

instruments, such as Keomungo, Ajang, Gayageum, Haegeum, etc. 

 Phrases playing: A feature that can load and play constructed phrase sets from Korean 

traditional music. The phrases in the pattern slots are loaded from categorized datasets 

from the phrase list. 
 MIDI editor: A feature that can load, store, and edit constructed MIDI sets for Korean 

traditional music. 
 

 
Fig. 6. Prototype application 

6. Conclusion 

In this study, we presented a method to classify phrases of Korean traditional music by 
genre and subgenre. We classified four genres (Minyo, Sanjo, Gagok, and Pyongyang) and 12 

subgenres of Korean traditional music and recorded performances on five traditional musical 

instruments to collect audio datasets. We then converted them to MIDI format. Datasets were 
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collected in phrases rather than whole pieces or songs. In the feature extraction step, we 

extracted 12 features from the MIDI data and 137 features from the audio data. RF showed the 
highest accuracy compared to other algorithms.  

We also introduced the platform and prototype applications, in which the results of this 

study will be utilized. We explained the necessity of a genre classification module and how it 

will increase the efficiency of our platform. 
In the near future, we are planning to collect more datasets. To improve the accuracy rate, 

we will explore deep learning algorithms, which have become an increasing issue in recent 

years. Some studies have already attempted to classify music genres using Convolutional 
Neural Network (CNN) and have shown promising results. One of the benefits of deep 

learning is that end-to-end learning is possible, which means that the hand-crafted feature 

extraction step is not necessary. In [37], CNN outperformed the hand-crafted feature-based 
method. Furthermore, the combination of CNN with hand-crafted feature extraction showed 

the highest accuracy rate. Recurrent Neural Network (RNN), one of the deep learning 

algorithms, can learn sequential data. Audio and MIDI data are suitable for use with this 

algorithm as sequential data, and we will conduct experiments in this vein to improve the 
performance of music genre classification. 
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