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Abstract:  Audio files, Music, Speech all of these 

are a part and parcel of our lives. We all have 

our favorite songs, our unique voice, and 

various audio data on our phones and 

computers which are all very distinct and 

different from each other. We have all tried to 

sort our favorite songs according to their 

respective genres and this is the aim of this 

paper. In this paper we are focusing on music 

classification according to their respective 

genres.   
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1. INTRODUCTION 

With the booming growth of the music industry 

and innumerable songs released every year or even 

months in the past years, music listeners have the 

advantage of listening to songs from a wide range 

of ever-expanding genres. While there may be 

distinct genres such as Classical, Blues, Pop, Jazz, 

Hip-Hop, Rock, Metal, etc. the music nowadays 

seems to blur the line between these genres. It is 

also common for some songs to share genres and 

also to form a new genre of its own. In such cases 

it becomes increasingly difficult for even us 

humans to distinguish songs based on only their 

genres.  

 

This is where our topic shines as it will be trained 

to tell this difference easily. In this paper we plan 

to use distinct genres as our base Classifiers such 

as Blues, Classical, Rock, Hip-Hop, Pop, Metal, 

Jazz, Country, Reggae, etc. and instead of giving a 

single genre as predicted output, we aim at giving 

an output that will give the percentages of each 

genre used in the particular song. For example, if a 

song makes use of Rock and Pop genres, the 

output shows the percentage of these two 

respective genres used in the song while the other 

genres show 0% result. If a song is of only Blues 

genre the output should show 100% or maximum 

percentage of Blues genre. Along with these 

important features, this paper also aims to achieve 

a few conditions, 

1. The project or model needs to be made without 

any money spent. 2. The model used for 

classification should use very little memory. 3. The 

model used for classification  

should run with minimum RAM and processing 

power.  

4. The dataset for the model should be selected 

keeping the above mentioned parameters in mind. 

5. The model needs to be trained and tested in the 

above parameters and the output accuracy must be 

an acceptable one. 

 

The remaining sections of this paper are organized 

as follows: Section 2 gives a brief related work. 

Section 3 describes the methodology used. Section 

4 describes the experimental results and discussion. 

We present our conclusions in Section 5. 

2. RELATED WORK 

 

As per the above-mentioned conditions, our first 

step was to select a dataset that would consume 

minimum memory and be the most appropriate 

for our model. For this purpose we analyzed 

various free music datasets available online, for 

example, the FMA dataset, the million songs 

dataset, the gtzan dataset, etc. We also considered 
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collecting and creating a dataset of our own but 

again that would take a lot of time and effort. 

Thus we selected the famous gtzan dataset for our 

model. 

 

The GTZAN dataset consists of presorted audio 

files according to their genres. It consists of 1000, 

30-second songs or audio files with each genre 

consisting of 100 songs each. This dataset is 

about 1.2 Gbps. It is also very appropriate for our 

model as the songs are 30 sec each providing us 

with quick operations on them and being pre-

sorted saving us that precious time; also it is free 

to download. 

The audio files in the gtzan dataset are in .au 

format but since we are using python to create the 

model, we need to somehow convert the .au format 

files into .wav format as python is compatible with 

this format. This would be our next step. Once this 

step is complete we can now work with the audio 

files. 

Now there are many approaches to making a 

model that would classify songs based on their 

genres but we need to follow our strict parameters 

and find an approach best suited for this task. For 

this purpose, we found it is better to work with 

numerical or tangible data instead of working with 

audio files for further classification and operations. 

Hence the next step would be to extract 

appropriate data from these audio files and save 

them as a .csv file for further operations. In the 

next Data pre-processing step we shall see this in 

detail. 

3. DATA PRE-PROCESSING 

For data pre-processing we need to extract only 

those features from the audio files that we need so 

as to keep the size of the end  result .csv file as 

small as possible. For this purpose we chose the 

following features- 

1. Zero Crossing Rate 

2. Spectral Centroid 

3. Spectral Rolloff 

4. Mel-Frequency Cepstral Coefficients 

5.  Chroma Frequencies 

6. Root Mean Square Errors (RMSE) 

These features were chosen as each distinct genre 

has these distinct features. i.e. no two genres would 

have same Zero Crossing Rate or same Spectral 

Rolloff. This data plays an important role in the 

classification of music according to their genres. 

These features can only be extracted from an 

image format of these audio files and not from the 

audio files directly. Hence we first need to convert 

each audio file into its respective Spectrogram and 

save it separately. Once this step is complete we 

can now extract the above mentioned features from 

the respective spectrograms. The feature extraction 

task as well as converting audio files into their 

spectrograms can be achieved easily using the 

Librosa package in Python. 

 

Fig.1 Image of Spectrogram. 

 

Fig.2 Image of Zero Crossing Rate. 

 

Fig.3 Image of Spectral Centroid 
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Fig.4 Image of Mel-Frequency Cepstral 

Coefficients. 

 

Fig.5 Image of Chroma Frequencies. 

 

4. METHODOLOGY 

 

We are now going to use the .csv file that we 

created after feature extraction as our working 

dataset. As for our model, again there exists 

several approaches to this but we need to adhere to 

our set parameters. Therefore we will try and test 

several options for this purpose and reject any 

option exceeding our parameters. 

 

 CNN/RNN Model 

 

This is one of the most classical approaches to 

music genre classification. CNN Model allows 

flexibility in the input but can still provide 

acceptable output. 

CNN and RNN is the go to option as CNN can 

directly resolve images and here it could easily 

work on the spectrograms that we extracted from 

the audio files while RNN can also work with data 

and graphs. We tried Implementing CNN/RNN 

using Tensorflow and Keras. We tried both the 

parallel approach and the Convolutional Recurrent 

approach. For the Convolutional Recurrent model 

we referred the work done by Keunwoo Choi et al. 

We made use of the RELU activation and ADAM 

optimizer. The Loss function used was Categorical 

Cross Entropy. We trained the model for various 

epochs and validation datasets. This model also 

provided us with good accuracy results depending 

upon the epochs set and validation selected. Overall 

this model is still effective and can be applied. The 

detailed results and outcome can be seen in the 

results section. The model block diagram can be 

seen as follows: 

 

 
 

For the parallel model we referred the work done 

by Lin Fen and Shenlen Liu. In this model we 

found that the spectrograms or image data would be 

processed by both the CNN model and the RNN 

model in a parallel manner. This slightly increased 

the overall accuracy of the model but also increased 

the time and resources need for training. The 

detailed outcome can be seen in the results section.   

The Model block diagram can be seen as follows: 

 

 
 

 Machine Learning Approach 

In this approach we will make use of several basic 

machine learning algorithms which are easy to 

understand and implement to create a model and 

then train and test it. The first approach would be 

SVM (Support Vector Machine). In this approach 

we used LGB (Light Gradient Boost) for feature 

extraction for SVM. We set basic parameters for 

SVM and the pipeline. We made use of the 

Standard Scalar scale and for feature selection we 

made use of previously mentioned lgbm classifier. 

The Second approach was the XGBoost 

architecture. Here as well we set basic parameters 

and XGB was itself used for the feature selection as 

it is pretty much powerful by itself to do so. Grid 

Search CV was used in both the approaches. After 

training and testing both the models it was found 

that the SVM model performed better amongst the 

two by an output accuracy of about 70%. This 

model is also an effective approach in music genre 

classification and could be taken into consideration 

for further improvement. By taking an even bigger 

dataset with more detailed information the accuracy 

can be greatly increased. It also takes less memory 

and RAM processing and hence could be a 
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contender. The detailed outcome can be seen in the 

results section. 

 

5. RESULTS 

 

All the different models and approaches that we 

attempted gave us good results but we had to 

analyze each one of them based upon our set 

parameters.  

 

5.1 Time parameter 

 

The CNN/RNN model overall was very time 

consuming as it took a significant amount of time 

to code and create the working model. The training 

of this model also took large amounts of time 

which depended upon the training set selected, 

epochs selected, validation set selected, etc. It was 

also seen that in order to reduce the time for 

training we could use a greater specification CPU 

or GPU but again this was demanding more 

resources than normal. But the tradeoff was such 

that if the training time was increased, if the higher 

resources were met we received a higher accuracy 

of about 79% to 83%. While working with base 

conditions only provided about 69% to 72% which 

is still acceptable. 

 

The Machine learning models (SVM and XGBoost) 

consumed less time overall as even coding and 

creating the working model proved to be easy and 

convenient. The time taken for training also seemed 

less as it highly depended upon the size of training 

dataset, larger the dataset, more the time consumed 

for training. Here as well there was a tradeoff 

where if larger dataset was provided for training, 

more time was consumed for the same but we 

received greater accuracy of about 76% to 80%. 

While in base conditions we only reached to about 

59% to 68%. This model did not require higher 

CPU or GPU specifications as it purely worked on 

numerical data that was extracted from the 

spectrograms. 

 

5.2 Memory Parameter 

 

The CNN/RNN model as expected required larger 

memory space for storage which again depended 

upon the same features, the epochs set, the size of 

training dataset, the validation dataset, etc. While 

the machine learning models took less disk space.   

 

5.3 Accuracy Visualization 

 

Model Used Accuracy 

on training 

dataset 

Accuracy 

on testing 

dataset 

Convolutional 

Recurrent 

Neural 

Network 

78.75% 75.11% 

Parallel 

CNN/RNN 

80.66% 81.34% 

SVM model 69.52% 70.23% 

XGBoost 

model 

72.78% 74.55% 

 

 

6. CONCLUSIONCertain things in this model 

need to be considered: 

Firstly, since the dataset (Gtzan) used contains 

almost a decade old songs and this same data is 

used to train the models, the models also 

accurately predict old songs well but it may not 

correctly classify the new songs with complex 

genres. This can be corrected easily by making 

use of new datasets available but again they 

might be large in size and may not be free and 

hence were not used in this project. 

Secondly, even we humans cannot almost every 

time classify a song correctly based on only its 

genres. We may use various other factors such as 

it lyrics, instruments used, etc. and since these 

factors were not included in this project, the 

overall accuracy of any model used cannot be 

expected to exceed 90%. This also goes to show 

how much these created models are alike to us 

humans. 

Overall the models created gave acceptable 

output and proved that music can be classified 

using Machine Learning easily and without 

spending money or using excessive resources or 

time. In conclusion, the set parameters were met 

and a working model to classify the input music 

according to basic distinct genres was created. 

7. FUTURE SCOPE 

If the limitations set by us were not present, these 

models can definitely perform way better as it 

were. For further improvement we can also use 

the python speech recognition package to read 
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and analyse the song lyrics and include another 

layer of classification according to lyrics. 

This will also greatly impact the accuracy. The 

song can also be decomposed and the instruments 

used in the song can be isolated and recognized 

separately giving us another layer of classification. 

We can also use a pipeline of basic machine 

learning classification algorithms to serially input 

data and analyze it while giving its output to the 

next algorithm in the pipeline. The algorithms used 

could be KNN, Naive Bayes, SVM, XGBoost, 

Decision tree, etc. This will also ensure excellent 

accuracy. 
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