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Abstract 

In recent years, advances in AI have led to a rapid increase in tools such as natural language 

generation and image generation. AI technologies in the music field include Izotope's 

Ozone11 for automatic mastering and Mubert's tool for automatically generating music from 

text. However, AI-based music analysis tools for classification purposes are not yet 

widespread.  

 

This research aims to use AI and machine learning to classify music genres and assist artists. 

By objectively analyzing their own music, artists can better understand the characteristics of 

their music and incorporate popular trends. Additionally, they can also evaluate their own 

work, set goals, and drive continuous improvement. In this study, we use Music2vec[1] as a 

method to convert music into vector representations for classification. We also explore 

previous work using Soundnet[2] and CRNN for music analysis. The definition of musical 

genre establishes its two defining criteria: classification based on performance form and 

musical structure and classification based on historical description.  

In this study, we conducted experiments using a dataset of UK Hardcore and J-core genres to 

train machine learning models. The inputs consisted of 30-second tracks, which were used as 

Mel spectrograms. We trained the models on 180 songs from each genre and compared of the 

models with and without stride. The model trained without stride achieved 71% accuracy, 

while the model trained with stride achieved 80% accuracy. This shows that using stride to 

expand the dataset can lead to higher accuracy. 

This research also demonstrates new possibilities for artists, showing how AI can provide 

insights into their music that they may not have been aware of. By using these insights in self-

promotion, artists can reach an audience that more closely matches with their intended market. 
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Introduction 

In recent years, there has been remarkable progress in AI, with increasing opportunities for its 

application becoming commonplace. Examples include ChatGPT by OpenAI [1] and Stable 

Diffusion by Stability AI [2]. ChatGPT is capable of generating text, while Stability AI can 

produce images and artistic works. Moreover, various products utilizing AI for music have 

emerged. For instance, Ozone 11 by Izotope [3] features AI-driven suggestions for mastering 

tasks. Additionally, Mubert by Mubert [4] offers a tool for automatic music generation from 

text. Thus, AI is believed to provide diverse approaches from a third-party perspective in 



supporting creative works. 

However, tools for music analysis using AI have yet to be widely adopted. Analyzing one's 

own compositions with AI to determine differences compared to currently popular songs 

could provide valuable support to artists. 

The objective of this research is to leverage AI and machine learning for music classification 

to provide support for artists. Music genres are defined by humans and categorized based on 

their distinct characteristics [5]. Music classification by AI offers artists an objective 

perspective on their own compositions, facilitating the incorporation of features and 

characteristics from popular songs into their own work. Understanding the differences 

between composed songs and popular music enables artists to evaluate themselves, set 

improvement goals, and facilitate continuous growth. Further subdivision of categorized 

music genres allows for distinguishing the specific characteristics of each song. 

Previous Studies 

1. Music2vec [6] 

One of the methods for music classification using AI is Music2vec. Music2vec, developed by 

Rajat Hebbar, converts music into vector representations. This technique applies features from 

text-based information retrieval models. The dataset utilized is the Free Music Archive 

(FMA), consisting of a large collection of 106,574 tracks from 16,341 artists and 14,854 

albums, organized into a hierarchical classification of 161 genres. Mel spectrograms are used 

as input information. While spectrograms are commonly used for visualizing audio in a 2D 

representation of time and frequency axes, mel spectrograms are employed for faster 

computational processing. Figure 1 depicts a mel spectrogram of electronic music used in the 

study. By converting this mel spectrogram into vector representations and conducting learning, 

the test set achieved an accuracy of 43%. 

Figure 1.  Mel Spectrogram of Electronic Music 

 

2. Soundnet 

Soundnet is a deep learning model for audio recognition in machine learning [7]. It utilizes 

Convolutional Neural Networks (CNNs), a type of deep learning, to learn features of audio. 

According to research, Soundnet learns from large amounts of unlabeled video data and 

performs classification of acoustic scenes and objects. Video data contains both visual and 

audio information, and Soundnet learns audio features using visual recognition models. 

Figure 2 displays labels recognized by AI from audio, including objects and landscapes, as 

reported in the study. 



Figure 2.  Image Displaying Labels Recognized by Soundnet for Objects and 

Landscapes from Audio 

 

3. CRNN(Convolutional Recurrent Neural Network) 

CRNN combines CNN (Convolutional Neural Network) and RNN (Recurrent Neural 

Network). It is used to model continuous data such as audio signals and word sequences. 

CNN, known as Convolutional Neural Network, is utilized for processing mel spectrogram 

images. Then, the music's time-series data is handled by RNN, a type of recurrent neural 

network. According to the research by Keunwoo Choi et al. [8] which utilized CRNN for 

music classification, it reported higher effectiveness in music tagging compared to three other 

CNN models. 

Rerearch Methodology 

1. Three Types of Classification 

There are three types of classification to be conducted. Firstly, classification by genre, which 

solely categorizes music genres such as rock and jazz to examine the extent to which genres 

can be further subdivided. Even within rock, there exist closely related genres like metal and 

punk, which can be further differentiated. This aims to investigate whether AI can classify 

genres that are difficult even for humans to distinguish. Secondly, classification by country, 

which categorizes songs based on the nationality of the composing artist. This investigates 

whether classification is possible based on the artist's country of origin, even for music of the 

same genre. Lastly, classification of popular songs in each country. Although popular songs 

vary by country, this classification aims to train the model on the hit charts of each country to 

classify popular songs. 

2. Definition of Music Genres 

Defining each music genre is necessary when preparing the dataset. However, to date, there is 

no universal definition of music genres. For example, the genre of rock generally emphasizes 

electric guitar sounds, and it may include instruments such as bass and drums in a band setup. 

Similarly, the genre of metal primarily features distorted electric guitars, bass, and drums, 

which are also present in rock. The difference between rock and metal is believed to lie in 

metal's emphasis on low-frequency sounds, although there isn't a clear distinction in low 

frequencies. Furthermore, there are rock songs that emphasize low frequencies as well. In 

many cases, music genres lack clear classification boundaries. However, by considering the 

following two items, it is possible to differentiate unclear music genres when defining music 

genres [9]. Firstly, classification based on performance forms and musical structures. For 

example, in classical music, there are symphonies and concertos, while in popular music, 

there are bands, solo performances, and instrumentals. Secondly, classification based on 

historical descriptions, such as the classification of classical music into Baroque, Classical, 

Romantic, and Contemporary periods. By considering these two items, it is possible to 

prepare a dataset for music genre classification. 

Experiment 

1. Genre of Analyzed Songs 

In this study, the analyzed songs focus on the genre of Hardcore, one of the subgenres of 

Electronic Dance Music (EDM). Hardcore emerged in the early 1990s in countries such as the 

Netherlands, Belgium, and Germany [10]. In Japan, unique derived genres like Jcore and 

JHardcore have been established, while in the UK, it is known as UKHardcore. The definition 



of Hardcore for the two countries is "Hardcore in general released by labels and track makers 

within each country" [11]. 

2. Experimental Method 

The experiment involves converting music into vector representations and conducting 

classification using Music2vec and Soundnet. Referring to the model by Rajat Hebbar and 

KMASAHIRO [12]. As input, 30-second music data and corresponding country vectors were 

loaded for training. The output was assigning country labels to data every 30 seconds. Python 

was used as the programming language. The file format was WAV (Waveform Audio File 

Format), with a playback time of 30 seconds and a sampling rate of 22050Hz. When 

preparing the model, a function to construct Soundnet using pre-trained weights was used. 

3. Training Data 

Two types of input data were prepared: three songs and ten songs for each country. Since each 

song is from two different countries, there are a total of six songs and twenty songs, 

respectively. Each song was divided into 30-second segments to increase the amount of data. 

Two methods of segmentation are shown in Figure 3. One method divides the song into 30-

second segments without striding. The other method strides within one song to divide it into 

30-second segments, aiming to increase the training data. It is ensured that one piece of data 

does not span multiple songs. 

Figure 3.  Above: Segmentation without striding Below: Segmentation with striding. 

 

4. Test Data 

Test data consisted of five Hardcore songs produced by Japanese artists and five produced by 

British artists. Each song was divided into 50 datasets, resulting in a total of 100 datasets. 

These 100 datasets were evaluated using Music2vec to determine the accuracy. Additionally, 

the test songs were not included in the training data. 

5. Results of Training Data with 40 Datasets (3 Songs)  

Training was conducted with six songs divided into 40 datasets without striding, and the 

results of testing 100 datasets are shown in Table 1. The accuracy was 50%. As the 

predictions are column-wise, all 100 datasets were classified as Japanese Hardcore. 

Table 1.  Results of Training with 40 datasets (3 songs) 

 Jcore UKHardcore 

Jcore 50 0 

UKHardcore 50 0 

 

6. Results with 120 datasets (20 songs) for Training Data 

Next, training was conducted on twenty songs divided into 120 datasets without striding, and 

the results of testing are shown in Table 2. The accuracy was 74%, which was higher than the 

accuracy achieved with six songs. 

Table 2.  Results of Training with 120 datasets (20 songs) 

 Jcore UKHardcore 



Jcore 45 5 

UKHardcore 21 29 

 

7. Results with 360 datasets (3 songs) for Training Data 

Similarly, training was conducted on twenty songs divided into 360 datasets, and the results 

of testing are shown in Table 4. The test resulted in 77% accuracy. All datasets without 

striding achieved higher accuracy than those without striding. 

Table 3.  Results of Training with 360 datasets (3 songs) 

 Jcore UKHardcore 

Jcore 40 10 

UKHardcore 12 38 

 

8. Results with 360 datasets (20 songs) for Training Data 

Similarly, training was conducted on twenty songs divided into 360 datasets, and the results 

of testing are shown in Table 4. The test resulted in 77% accuracy. All datasets without 

striding achieved higher accuracy than those without striding. 

Table 4.  Results of Training with 360 datasets (20 songs) 

 Jcore UKHardcore 

Jcore 47 3 

UKHardcore 20 30 

 

Consideration 

In this experiment, we observed differences in AI classification accuracy based on the 

quantity of training data. Increasing the number of input songs or expanding the volume of 

training data can lead to improved accuracy. Additionally, considering the maximum accuracy 

of 78%, it can be inferred that the AI has grasped the characteristics of Japanese and British 

Hardcore. Below, we discuss the differences between Japanese and British Hardcore 

concerning the key and BPM (Beats Per Minute) used in the training data, as summarized in 

Table 5, and illustrated in Figure 4. 

According to Table 5, Japanese Hardcore has an average BPM of 186.7, with 4 out of 10 

songs in major keys, indicating a faster tempo and brighter compositions compared to British 

Hardcore. Conversely, British Hardcore has an average BPM of 165.5, with 7 out of 10 songs 

in minor keys, suggesting a slower tempo and darker compositions compared to Japanese 

Hardcore. These differences are likely influenced by each country's market. Japanese 

Hardcore is primarily produced for Japan's music gaming market. This can be attributed to the 

establishment of Jcore in the early 2000s [13], coinciding with the late 1998 music gaming 

boom, which introduced Hardcore into the music gaming market. Consequently, Jcore is 

expected to be sold at events related to music gaming, leading to an increase in compositions 

targeting music gaming enthusiasts. The higher average BPM in Japanese Hardcore may be 

due to setting higher difficulty levels for fingertip-based gaming rather than dance-based 

music typically played in clubs, compared to British Hardcore. On the other hand, British 

Hardcore targets primarily overseas club markets. This can be traced back to Hardcore 

Techno, the predecessor of UKHardcore, being used as EDM in clubs and festivals. As a 

result, UKHardcore is expected to be sold as dance music, leading to an increase in 

compositions used by DJs and performance artists. Considering these observations, the reason 



Music2vec demonstrated high accuracy may be attributed to considering differences in BPM 

and key signatures of the compositions. 

Table 5.  Key and BPM 

BPM Jcore UKHardcore 

Average 186.7 165.5 

Minimum 165 153 

Maximum 222 170 

Major Key 4tracks 3tracks 

Minor Key 6tracks 7tracks 

Figure 4.  Top: BPM of Japanese Hardcore, Bottom: BPM of British Hardcore 

 

Conclusion 

In this experiment, we utilized Music2vec for music classification. The results showed that 

when training with 40 datasets without sliding 6 songs, the accuracy was 50%. When training 

with 120 datasets without sliding 20 songs, the accuracy improved to 74%. Training with 360 

datasets by sliding 6 songs resulted in an accuracy of 78%, and training with 360 datasets by 

sliding 20 songs yielded an accuracy of 77%. These findings indicate that increasing the 

original number of songs in the training data and augmenting the data by splitting songs 

contribute to improving the accuracy of Music2vec. 

Furthermore, the high accuracy can be attributed to the characteristics of the Japanese and 

British music markets. The Japanese Hardcore market includes compositions targeted at 

music gaming enthusiasts due to the prevalence of music gaming-related compositions and 

events, while the British Hardcore market targets events such as clubs and festivals, owing to 

the history of Hardcore Techno being used in DJ-centric contexts. 

Future research directions include standardizing the data extracted from the songs used for 

training and testing. Currently, each song is divided into 30-second segments, so each data 

point is classified based on the country, requiring a mechanism to assign a single label per 

song. Additionally, classifying songs based on popularity provides another research avenue 

aimed at revealing the preferences of music consumers in Japan and the UK. We plan to 

proceed with classification using Spotify API's popularity metric, as it allows us to understand 

real-time popularity rather than cumulative values like play counts. 

The potential of the system developed in this study lies in its ability to provide artists with a 

multifaceted perspective by classifying their compositions using AI, thereby contributing to 

the demand for internationalized content. 
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