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Incorrect Genre Classification is still often found. One of the causes is the
selection of inappropriate features. This has an impact on the ability of the
classifier model because some methods with a machine learning approach
are highly dependent on the features used. Utilization of several features,
especially spectral features, can improve the performance of the classifier
model. On the other hand, methods with a deep learning approach such as
CNN and RNN have been proven to outperform machine learning-based
methods. This study proposes a hybrid Resnet18-BiLSTM model with the
addition of the Convolutional Block Attention Module (CBAM) attention
mechanism to improve the accuracy of music genre classification. Moreover,
this study also combines two spectral features, namely mel-spectrogram and
MFCC. The results of the experiment using the GTZAN dataset showed that
the combination of mel-spectrogram and MFCC and the addition of the CBAM
attention mechanism were able to classify music genres with an accuracy
rate of 95.60% in validation and 95.30% in testing.
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A. Introduction

Music has been an integral part of human life since ancient times, frequently
used in various contexts such as religious ceremonies, rituals and entertainment.
Prior to the advent of the internet technology, music was generally recorded and
stored on physical media such as vinyl, magnetic tape and compact discs. With the
advancement of technology, music storage has shifted from specialized physical
media to digital formats, making it more accessible.

Currently, several music streaming services allow anyone to listen to music
directly through the internet without having to store music files locally. The
success of music streaming services is inseparable from the presence of music
classification features based on genre. This feature allows users to search for music
with a certain genre without having to listen to it first. However, misclassification
is still often found. This happens because some music genres have similar
characteristics.

Automatic classification of music genres can be done in two stages, feature
extraction and classification. Feature extraction is the process of extracting hidden
information from raw data [1] that represents each genre. Moreover, feature
extraction can also reduce the complexity of data so that it is easier to manage and
also eliminate less relevant information without eliminating important
information in the data [2].

There are several popular feature extraction techniques used in audio
processing. Spectral features such as Short-Term Fourier Transform (STFT), Mel-
Spectogram, Mel Frequency Cepstrum Coefficient (MFCC), tempo, and chromagram
have been shown to improve the accuracy of music genre classification [3].
Moreover, combining several features at once also has an impact on increasing the
accuracy of music genre classification. This is proven by surveys [3] and research
[4], [5] that have been conducted where methods with a combination of spectral
features are better when compared to methods that use single features.

Apart from feature extraction, the accuracy of music genre classification also
depends heavily on the classifier. Several algorithms with Machine Learning (ML)
approaches such as K-Nearest Neighbor (KNN) [6], Random Forest [7], Multi-layer
Perceptron (MLP) [8], Decision Tree [9], Support Vector Machine [10], Naive Bayes
[11] and Deep Learning (DL) approaches such as Convolutional Neural Network
(CNN) [12], [13], [14] have been proposed to perform music genre classification.
Previous research [8] showed that CNN's capabilities are superior to several other
ML-based methods, namely with an accuracy achievement of 91%. Positive results
were also shown by other DL methods, namely Recurrent Neural Network (RNN)
[15], where the proposed method was able to achieve an accuracy level of up to
84%.

DL approaches such as CNN and RNN have some limitations. CNN
architecture is generally better suited to recognizing spatial patterns that are often
found in images while RNN is better at recognizing temporal patterns in sequential
data [5], [16]. Taking advantage of the advantages and disadvantages of both types
of architecture, several previous studies have tried to combine CNN and RNN
serially [13], [16] or in parallel [4], [5]. Each of these studies was able to produce a
hybrid method that was superior when compared to a single network in terms of
accuracy.
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Although CNN has proven to be effective in classifying music genres using
visually represented features, there are some drawbacks that need to be
considered. CNN tends to treat every part of the input in the same way, without
considering the relative relevance. Furthermore, unlike image classification, where
objects typical of a class can occupy a dominant part of the image, in the context of
music genre classification, a particular part of a genre can have a small portion in
the audio recording. To overcome these limitations, an attention mechanism
should be integrated into the CNN architecture. The attention mechanism can
guide the CNN towards relevant important information [17] or focus on local
regions of the image, enabling the model to better represent local features [18].
Adding the Convolutional Block Attention Module (CBAM) [19] can improve the
performance of Resnet [20]. This is due to its ability to highlight important features
on the channel and spatial sides at the same time [19].

This research is inspired by previous research, namely classifying music
genres by combining CNN and RNN networks in parallel. Combining the two
networks is expected to be able to learn comprehensive features for music genre
classification. The Resnet architecture [21] was chosen on the CNN network side
because of its advantages in overcoming the vanishing gradient problem. However,
due to limited resources, the experiment will be limited to the Resnet-18 variant.
On the other hand, the RNN network used to understand temporal patterns is
adopted from previous research [22] which has been modified. In this study, two
spectral features, namely Mel-Spectogram and MFCC, will be combined and used as
input for each network. However, considering that both features can cause
information redundancy [3], the CBAM attention mechanism will be added to
Resnet-18.

B. Research Method
This research was conducted in several stages. Starting with collecting
relevant datasets for music genre classification analysis. The collected datasets are
then continued to the preprocessing and augmentation stages. This process aims
to clean the dataset and add variety. After completing the preprocessing and
augmentation stages, the next step is to perform feature extraction on each
trimmed audio data. Feature extraction is important to convert raw audio data in
the form of signals into numeric representations that can be easily analyzed by the
classification model. After feature extraction is performed, the final step is to build
a classification model using the CNN-RNN architecture. The prepared dataset is
then trained by the CNN-RNN model and finally, the model is evaluated to measure
the performance of the proposed method.
1. Data Collecting
The data used in this study is GTZAN [23] and openly available from the Zenodo
Repository, DOI: https://doi.org/10.5281/zen0do.3534000. This dataset
consists of 10 categories of music genres such as blues, classical, country, disco,
hiphop, jazz, metal, pop, reggae, and rock. Each genre has 100 audio recordings
with each audio lasting about 30 seconds with a sampling rate of 22050. The
total data available is 1000 audio recordings.
2. Data Processing and Augmentation
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Observation shows that most of the data is inconsistent in terms of duration.
There are some data below and above 30 seconds. Even though the difference is
quite small (a fraction of a millisecond), it can have an impact on the number of
frames of the extracted feature later. Therefore, padding and trimming
processes are required. All data that has a duration above or below 30 seconds
will be padded first to standardize the recording duration. Next, the data will go
through a trimming process by dividing each audio recording into 10 segments
as shown in figure 1, thus producing new data with a shorter duration of
around 3 seconds.
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Figurel. Visualization of Trimming Audio
This is an augmentation process that is done to increase data variation. Table 1
shows the difference in data distribution of each genre before and after

augmentation.

Table 1. Data Distribution Before and After Preprocessing & Augmentation

Genre Before After
Blues 100 1000
Classical 100 1000
Country 100 1000
Disco 100 1000
Jazz 100 1000
Metal 100 1000
Pop 100 1000
Reggae 100 1000
Rock 100 1000
Hiphop 100 1000
Total 1000 10000

3. Feature Extraction

Feature extraction using librosa library which is an open source library for
audio analysis in Python language. In this study, there are two feature
extraction techniques applied, namely Mel-spectogram which is a visual
representation of the frequency spectrum of sound over time and MFCC which
is a representation of sound signals in the cepstral frequency domain. Details of
the parameters used in this study for both feature extraction techniques can be
seen in Table 2.
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Table 2. MFCC and Mel-Spectogram Parameters Using Librosa Library

Parameter Mel-Spectogram MFCC
Window length 2048 Default
Overlap length 512 Default
FFT length 2048 Default

Num bands 128 -
Mel Coefficient - 20

Each feature produces two-dimensional data with F,, .. € R0%130 (128 is the
number of mel filters and 130 is the number of frames) and F ¢ € R0x130 (20
is the number of MFCC coefficients and 130 is the number of frames). These
two features are combined to produce new matrix F,,,pmeq € R- 220, This
data will later be used as input to the RNN architecture. On the other hand, the
data used as input to the CNN network is an RGB image. The RGB image is a
visual representation of both types of features as shown in figure 3.

blues

Time

Figure3. Visual Representation of Mel-Spectogram and MFCC Feature

The size of the image generated from both features will be adjusted to
224x224x3 and combined together to produce a new image with a size of
224x224x6. All data created is then randomly selected and grouped into three
different data subsets, namely train, validation and test with a proportion of
80% being laith data, 10% validation data and 10% test data.

4. Build CNN-RNN Model
Figure 4 illustrates the DL architecture proposed in this study. It can be
observed that the proposed model uses two different networks and is
combined in parallel. On the CNN network side, one of the Resnet variants,
namely Resnet-18, is utilized to analyze spatial patterns in input images. In the
initial layer, the input images I € RE*#*W*C where H,W, C are the height, width
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and image channel with values 224, 224 and 6. The input image is first
processed through a convolution layer as expressed by equation 1.
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Figure4. Resnet18-BiLSTM architecture
X.=f(W=I1+D) €Y

W is the parameter weight, b is the bias and the symbol = indicates the
convolution operation. The output of this layer is a tensor X; € RE*H*WxC
which is then activated using the ReLU function (equation 2) followed by batch
normalization (equation 3).

f(x) = max (0,x) (2)
Xpnorm =Y :'%-'_ f-? A3)

Where u and g? are the mean and variance of the batch, ¥ and B are the trained
parameters and € is a constant with a small value to prevent zero division. The
first convolution layer is terminated by a max-pooling operation with a size of

H W

3% 3. The entire of processes described above produce a tensor X; € REXT¥I*E,
The next step is to analyze the tensor on a series of residual blocks. Resnet-18
has four residual blocks formulated by equation 4. Each residual block has two
convolution layers followed by batch normalization and ReLU activation. The
output of the two convolution layers F(x) will be summed with the identity x
which is the original input of the residual block through the skip connection
mechanism. However, sometimes the dimensions of x and F(x) are different.
Therefore, identity x needs to be transformed using a 1X1 convolution
operation to equalize the dimensions.
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Y, =F(x)+x 4)

After passing through all residual blocks, the tensor is processed by the global
average pooling layer and produces a vector I, € R

On the other hand, the RNN network receives input from the combination of
MFCC and Mel-spectrogram features F_ ;.00 € B2 Each element
contained in the input is calculated using the following LSTM formula.

Et = G'(W:-:-It + b:-:- + W.l!fht—l + b,f;;') (5)
fo=0WieXe + bip + Wiyehe i + Dpg) (©)
g,=tanh(W x, + b, + Wy h, | +Dbp;) Q)
0, = U(quxt+ b:-g + W.fmht—l + bhu) (8)
¢=f06c,+1;0g, ®)

h, = 0, © tanh (c;) (10)

Where i, f, g, 0, c, h are the input, forget, cell, output gates, cell state, and hidden
state at time t. The symbol © is the Hadamard product. This study uses two
layers of Bidirectional Long Short-Term Memory (Bi-LSTM) with 512 hidden
states. Bi-LSTM processes information in two directions, forward and backward.
The outputs of forward and backward are combined for each time ¢, resulting in
a vector F,,, € R""** and forwarded to the normalization layer. The output of
the CNN network I, € R*'? and the Bi-LSTM network F,.: € R are
combined to produce a vector V., pmeq € R0 which will then be fed forward
to the Multi-Layer Perceptron (MLP) to map the vector into one of the 10 genre
classes. Class determination uses the softmax function (equation 11) and the
prediction results are evaluated using cross entropy (equation 12).

s exp (E)
i T 5 o 1D
H(p.q) = — X¥plog (g,) (12)

Where z;,K,p,q; are the input vectors, the number of genre classes, the
probability of the i-th class and the estimated value. Training the network using

several hyperparameters and Table 3 shows some of the hyperparameters
used.

Table 3. Model hyperparameter

Hyperparameter Value
Optimizer Adam
Learning rate 0.001
Epoch 30
Batch size 8

5. Build Attention Mechanism
CBAM is modular and can be integrated anywhere in the convolutional layer.
The input of CBAM is an intermediate feature map F,,, € R7"*¢ and infers
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using two type of attention, channel attention map M_ € RY**C and spatial
attention map M, € R¥*"*! The whole process is formulated by the following

eqation.

F' = Mc(Fmap) ® Fmap (13)
F'" = M.(F) ® F’ (14)

However, the placement of CBAM can affect the model performance. In this
study, there are three different strategies related to the placement of the CBAM
attention mechanism as shown in Figure 5.

Input Input Input
Residual Block

Figure5. [lustration of different CBAM strategy. (A) CBAM in identity branch.
(B) CBAM in last layer of main branch. (C) CBAM between residual block

In Figure 5 (A), CBAM is placed on the identity branch which is expected to
maintain or obtain relevant information that may be lost on the main branch.
The next strategy is shown in Figure 5 (B), where CBAM is placed on the last
layer of the main branch. This strategy is expected to help the model to pay
attention to important features that have been extracted. Then, the next
strategy is shown in Figure (C) where CBAM is inserted between residual
blocks. This aims to help the model in paying attention to features at various
levels.

C. Result and Discussion

Experiments were conducted on three different architectures: ResNet-18, Bi-
LSTM, and ResNet18-BiLSTM. Each architecture was trained using two different
feature extraction strategies, namely single spectral feature and multiple spectral
features. Specifically for the ResNet-18 architecture, we add observations on the
influence of the CBAM attention mechanism placement strategy as illustrated in
Figure 5. The experimental results of each architecture are presented in Table 4,
Table 5, and Table 6. Note that the “Val” column in the table shows the best
validation accuracy during the training process.
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Table 4. Resnet-18 performance with different feature and attention mechanism

Attention Feature Acuracy
Model mechanism Parameters
Mel-spectogram MFCC Val Test
CBAM
v 88.909 .699
x % 88.69% 11.27M
(A) x 4 80.10% 78.78%
v v 90.20% 89.69% 11.28M
v 0 0
X 93.80% 92.29% 11.27M
(B] X v 88.50% 87.69%
Resnet-18 v v 94.10% 93.39% 11.28M
v X 90.70% 91.59%
11.19M
[C) X v 86.20% 87.39%
v v 91.20% 91.78% 11.20M
v 90.709 91.099
) & o 11.18M
x X v 86.40% 86.99%
v v 91.02% 91.59% 11.19M

In the first part, experiments were conducted on the Resnet-18 architecture.
Based on the experimental results presented in table 4, here are some conclusions
that can be drawn:

1.

Adding CBAM to the Resnet-18 architecture does not significantly
increase the number of parameters. The average increase in the number
of parameters is only about 0.38%.

Different CBAM placement strategies produce varying performance,
ranging from 80.10% to 94.10% on the validation side and 78.78% to
93.39% on the testing side. This shows and proves that the position of
CBAM in the network can affect the model performance.

Adding CBAM to the network does not always improve model
performance. It can be observed that the performance of the model
implementing the CBAM strategy (A) is unable to outperform the
performance of the model without using CBAM.

On the input features side, the multiple features strategy tends to improve
model performance. However, when comparing the single feature
strategy, the melspectogram feature tends to produce the best performing
model when compared to the MFCC feature.

The best performance was achieved when the model applied both
strategies simultaneously (CBAM attention mechanism and multiple
features), where the model was able to achieve an accuracy level of up to
94.10% on the validation side and 93.39% on the testing side.

Table 5. Bi-LSTM performance with different feature

Feature Acuracy
Model Mel-spectogram  MFCC Val Test Parameters
v X 94.20% 94.19% 1.32M
Bi-LSTM X v 94.50% 93.99% 1.21M
v v 95.90% 94.99% 1.34M

Similar to the previous experiment, the results presented in table 5 show that
the multiple feature strategy is able to improve the performance of the Bi-LSTM
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model. It is noted that the highest level of accuracy was obtained after applying the
multiple features strategy, which was 91.80% on the validation side and 91.18%
on the testing side. In addition, when comparing the single feature strategy, the
melspectogram feature produces a model with better performance when
compared to the model that only uses the MFCC feature. Then in terms of the
number of parameters, the model that applies the multiple features strategy has
more parameters when compared to the model that applies the single feature
strategy, with an average increase rate of around 6.12%.

Table 6. Resnet18-BiLSTM performance with different feature and attention

mechanism
Attention Feature Acuracy
Model mechanism Parameters
Mel-spectogram MFCC Val Test
CBAM
v X 93.60% 94.09% 12.60M
(A) x v 93.00% 94.30% 12.49M
v v 94.60% 94.99% 12.63M
v x 94.70% 94.79% 12.60M
(B) x v 94.50% 93.19% 12.49M
Resnet18- v v 95.60% 95.30% 12.63M
BiLSTM v x 93.50% 93.19% 12.61M
©) x v 93.10% 93.99% 12.50M
v v 95.40% 95.20% 12.64M
v x 94.70% 93.79% 12.60M
x x v 93.00% 93.79% 12.49M
v v 94.10% 94.39% 12.63M

Finally, the discussion of the experimental results on the Resnet18-BiLSTM
architecture. It can be seen in Table 6 that combining two different architectures
tends to improve model performance. One of the evidences can be observed when
the Resnet18-BiLSTM model applies a multiple features strategy and without the
addition of the CBAM attention mechanism. The model is able to produce an
accuracy of 93.66% in validation and 93.47% in testing. These results are better
when compared to the single Resnet-18 and Bi-LSTM architectures. Similar results
are also shown in other strategies such as multiple features and the addition of
CBAM, where the Resnet18-BiLSTM model is able to outperform the single
architecture of Resnet-18 and Bi-LSTM. The best results from all experiments were
achieved by the Resnet18-BiLSTM model by implementing the multiple feature
strategy and the addition of the CBAM attention mechanism (B) with an accuracy
rate of 95.60% on the validation side and 95.30% on the testing side.

D. Conclusion

This study proves that combining two spectral features simultaneously, adding
the CBAM attention mechanism to the Resnet-18 architecture and combining two
different architectures, namely Resnet-18 and Bi_LSTM, can create a model with
very good performance in classifying music genres. This is proven by the results of
the experiments conducted, where the proposed method was able to achieve an
accuracy of 95.60% on the validation side and 95.30% on the testing side. We
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realize that the two features used in this study allow for information redundancy
because the MFCC and Mel-Spectogram features are part of the STFT, so it is
expected to use other feature extraction techniques.
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