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Abstract
Music classification using deep neural networks has gained a lot of attention in recent
years. This is due to the difficult task of capturing every essential aspect of music in fea-
tures and interpretability of classifiers. There is limited research on the integration of
VGG16 and RNNs, but the researchers found that few classifiers accurately capture in-
trinsic musical characteristics. Previous work in this field has primarily focused on spec-
tral features, which has constrained overall performance. To address this issue, we pro-
posed a novel hybrid neural architecture based on Visual Geometry Group 16 (VGG16),
which is highly effective in extracting important features from musical variations. We
combined VGG16 with several recurrent neural network (RNN) variants, including Gated
Recurrent Unit (GRU), Bidirectional GRU (BiGRU), Long Short-Term Memory (LSTM), and
Bidirectional LSTM (BiLSTM). Additionally, we compared their performance for theGTZAN
dataset using bothMel-SpectrogramandMel-Frequency Cepstral Coefficients (MFCC) fea-
tures. Our results indicate that the VGG16+GRU model achieved the highest accuracy of
89. 60% with Mel spectrograms and 82. 70% with MFCC features. These findings demon-
strate the effectiveness of combining advanced feature extraction techniques with deep
learning models for music genre classification.

1 Introduction
Music Classification is a task in music information retrieval (MIR) to understandmusic semantics. Music has many
applications in the industry, such as recommendation systems, personalized playlists, and content-based retrieval.
The evolution of music is linked to changes in dynasties, the development of themarket economy, and changes in
humanistic spirit, leading to the prosperous stage today driven by rapid economic growth [1]. The field of music
genre classification has roots both in musicology and in the development of computational techniques. Although
the concept of categorizing music into genres has existed for centuries based on human intuition and cultural
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conventions, the application of computational methods to automatically classify music genres is a more recent
development. In the past decade, the rise of electronic music and technological advancements have prompted
researchers to develop computational techniques formusic classification. This gave rise to the field ofMusic Infor-
mation Retrieval (MIR). This has led to the development of more advanced algorithms for classifying music. In [2],
hand-crafted features from various sources (audio, chords, lyrics, and visual spectrograms) were evaluated and
compared to the learned features using various fusion algorithms. The hand-crafted features used are the Local
Binary Pattern (LBP), the Robust Local Binary Pattern (RLBP), Statistical Spectrum Descriptors (SSD), Simplified
Chord Sequences (SCS) [3, 4], and the Mel-frequency Cepstral Coefficient (MFCC) [5]. Several DNN models have
achieved impressive results in traditional music classification fields such as VGGNet [6, 7], ResNet [8], DenseNet
[9], NANSNet [10, 11], MobileNet [12].

Deep learning significantly improves music classification [13, 14] by automatically extracting complex, high-
level features from raw audio data that traditional methods struggle to capture. In contrast to hand-crafted char-
acteristics, deep learningmodels such as VGG16 (Visual Geometry Group) and RNNs (Recurrent Neural Networks)
learn to recognize patterns in musical aspects such as rhythm, timbre, melody, and harmony.
1.1 VGG16
VGG16 [15] is well regarded for its simplicity and effectiveness in image classification tasks. Convolution opera-
tions on the audio waveform enable the automatic extraction of features from raw audio signals. The architecture
is notable for using very small convolutional filters, shown in Figure 1.

Figure 1. Architecture of VGG16

1.2 RNNs
Recurrent Neural Networks (RNNs) [16] are a type of artificial neural network that handles sequence data by
maintaining context from earlier data points. Despite typical feedforward neural networks that process each
input independently, RNNs leverage the temporal or sequential structure of the data by passing information
from one step to the next through hidden states. This makes them particularly useful for tasks where context or
previous inputs are important, as shown in Figure 2.

Figure 2. Architecture of RNNs
Previous studies have extensively used the GTZAN [17–19] dataset for music classification, establishing it as
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a standard benchmark for musical analysis. However, there is still a need for a robust analytical framework that
is capable of automatically analyzing the vast and growing digital music libraries. The purpose of combining
VGG16 and RNN variations is to employ feature learning with estimated parameters while simultaneously utilizing
sequential modeling, which is required for neural networks to successfully interpret the intrinsically sequential
structure of music files.

The primary contributions of this paper are as follows:
• MFCC and Mel-Spectrograms are used to identify the most effective neural architecture for music classifica-
tion.

• For music classification, various hybrid models such as VGG16+LSTM, VGG16+BiLSTM, VGG16+GRU, and
VGG16+BiGRU are considered.

• Finally, the performance of the different hybrid models was evaluated across various extracted features
utilizing a similar music dataset.

The remaining sections of this paper are structured as follows: Section 2 includes a literature review. Section 3
describes the proposed hybrid architecture, while Section 4 covers dataset overview, the experimental design,
and the result and analysis. Section 5 discusses the results and process of feature extraction. The conclusion is
in Section 6.
2 Literature Review
In Music Information Retrieval (MIR) tasks, extracting information from images is crucial because of the increasing
challenges in feature extraction, it is more difficult to directly identify the genre of music from the audio input and
use classifiers to categorize the music into specific genres. Many researchers used machine learning algorithms
like Support Vector Machines (SVM) [20] and K-Nearest Neighbors (K-NN) [21]. Feature extraction from the audio
file is performed with Mel-Frequency Cepstral Coefficients (MFCC) to obtain feature vectors. The feature vectors
were classified using supervised learningmethods [22], namely K-NN, Linear SVM, and Polynomial SVM, achieving
overall accuracies of 64.4%, 60%, and 77.78%, respectively.

Ahmed et al. [23] utilized digital signal processing techniques followed by music genre classification and rec-
ommendations by machine learning techniques to extract the acoustic features of music. SVM outperformed
other models with mixed characteristics, reaching 72% accuracy. Furthermore, convolutional neural networks, a
deep learning approach, were also employed, and they performed their task in three steps: creating raw data,
utilizing STFT with a hop size of 1024 and a window length of 2048, and MFCC with 13 coefficients. The results
showed a 66% accuracy. Similarly, Suo et al. [24] compared different strategies for recognizing and classifying the
GTZAN music dataset and employed a CNN model for the genre classification by using STFT and MFCC but were
unable to perform a predictable result.

To classify music, Ashuman et al. used a model approach [25] collected eight features from audio files. These
features were utilized to train neural networks for classical and Sufi genres. The model attained an overall test
accuracy of 85%. Similarly, Heakl et al. [26] utilized the GTZAN dataset with constrained parameters and a global
pooling strategy to evaluate a CNN-based network but only achieved a test accuracy of 70.60%. Li et al. proposed
[27] a spectrogram-based approach for evaluating the models’ performance in a deep neural network (DNN).
They created a balanced, trusted model, ResNet50-trust. The FMA dataset has the highest classification accuracy
of 80.14%.

The sequential nature of audio and RNN variants like LSTM and GRU are proposed for music classification in
[28]. Mohsin et al. [29] introduced a Globally Regularized hybrid architecture that combines the convolutional and
recurrent neural networks for music classification, addressing feature biases and training complexity caused by a
fixed batch size, which hampers consistent training performance. Fulzele et al. [30] proposed a combined model
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of LSTMand SVM formusic classification, which enhanced the accuracy compared to using the individualmethods.
Similarly, Choi et al. [31] employed a CRNN (Convolutional Recurrent Neural Network) for music auto-tagging and
evaluated its performance with three different CNN architectures, focusing on the result and training time per
sample while controlling for the number of parameters. Furthermore, Mohsin et al. [32] successfully achieved
outstanding outcomes and proved to have been highly effective in music classification by utilizing MFCC and Mel-
Spectrogram features and used four models: CNN+GRU, CNN+LSTM, CNN+Bi-GRU, and CNN+Bi-LSTM, reaching
a high accuracy of 89.30%. Similarly, Noopur et al.[33] utilized MFCCs for audio representation and applied two
CRNN models on the GTZAN dataset, CNN-GRU, and CNN-LSTM, achieving an accuracy of 87.5%.

Although several studies have demonstrated consistent performance, they suffered from limited feature rep-
resentation, inadequate training, and lack of compactness, which led to performance overhead. To enhance the
effectiveness and accuracy of neural networks in classification tasks, we proposed a hybrid approach combining
VGG16 with RNN variants models. By using twomain features, Mel-Spectrograms andMFCC, in a new joint design.
These features are first processed using VGG16 layers before being given to optimized RNN variants like LSTM,
Bi-LSTM, GRU, and Bi-GRU, which were used to evaluate and compare the performance on the GTZAN dataset.
3 Proposed Hybrid VGG16-RNN Model
The proposed hybrid model for music genre classification has been implemented with MFCC and Mel-
Spectrogram features. The workflow begins by generating Mel-Spectrograms and MFCCs through the use
of the librosa library and Python package for music analysis. These Mel-Spectrograms and MFCCs are then fed
into the joint architecture, which integrates VGG16 with RNN variants, followed by a comparison of accuracy
between Mel-Spectrograms and MFCCs as shown in the below Figure 3.

Figure 3. Proposed Hybrid VRNN Model
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The subsequent steps of our proposed architecture are as follows:
• Segmentation with 50% overlapping
• Creating Mel-Spectrogram and MFCC
• Learning Algorithm (VGG16-RNN)

3.1 Segmentation
After preprocessing an audio input, an audio-splitting process is applied to convert a 30-second audio clip into
3-second segments, allowing for a more detailed evaluation of the proposed model.
3.2 Creating Mel-Spectrogram and MFCC
Each music clip underwent evaluation using different feature extraction techniques. The methods used for this
comparison are Mel-Spectrograms and MFCCs. A spectrogram provides a two-dimensional visualization of data
on frequencies across time and is also associated with bandpass filters, where X(t) is any input data, n is the count
of analysis filter banks, and an(f ) represents the analytical filters. By applying these analysis filter banks, a signalis decomposed into a set of sub-components signals fn(t) as shown in Figure 4, with each sub-component signal
having a chunk of the original frequency spectrum. It closely resembles the analysis of digital filter banks versus
Mel filter banks in Figure 5

Figure 4. Digital filter bank analysis
During Mel-Spectrogram processing, we initiate by taking the audio clip as input and applying a Hann window

process. Then, FFT is performed on each block, transforming the time-domain signal into a frequency-domain
signal, that is alike to the Short-Time Fourier Transform (STFT). It is also utilized to process each frequency-domain
signal, as illustrated in Figure 5.

Figure 5. Evaluation process of Mel-Spectrogram
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To evaluate further, the filter bank energy is calculated bymultiplying the signal by the filter bank and summing
the coefficients. Mel-Spectrogram vectors are formed by aggregating the coefficients across n filters.

ha,k = f (x) =


fk–fa–1
fa–fa–1 , if fa–1 ≤ fk < fa
fa+1–fk
fa+1–fa , if fa ≤ fk < fa+1
0, otherwise

(1)

In this context, fk represents the frequency bin obtained from the FFT, while fa, fa–1, and fa+1 denote the fre-quencies of the adjacent Mel bands. When this equation is applied, the resulting values create a triangular graph,
as illustrated in Figure 6. Each triangle is colored differently to represent various analysis filter banks, which
facilitates the comparison of these filter bands with the Mel-based filter bank. Triangle filters are effective for
smoothing signals and are fundamental to the Mel scale, which mimics the way humans perceive sound.

Figure 6. Mel-based filter bank for n=10
Each clip has dimensions of (128,129) when the Mel-Spectrogram is generated using an FFT window length

and hop size of 1024 and 512, respectively as depicted in Figure 7.

Figure 7. Generation of a Mel-Spectrogram for a Segment of Hip-hop Music (3-Sec duration).
.
Mel-Frequency Cepstral Coefficients (MFCC) is a representation of audio signals that capture the perceptually

significant features of sound. The process we used involves taking the logarithm of the power spectrum and ap-
plying the Discrete Cosine Transform (DCT) to extract a compact set of 13 selected coefficients. These coefficients
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effectively summarize the spectral characteristics of the audio. We chose to use the Discrete Cosine Transform
(DCT) instead of the inverse Fast Fourier Transform (IFFT) because the DCT is expected to perform similarly to the
FFT while being easier to compute and implement, as shown in Figure. 8.

Figure 8. Process of MFCC evaluation
The MFCC for the Hip-Hop genre is illustrated in Figure 9.

Figure 9. Generation of an MFCC for a Segment of Hip-hop Music (3-Sec duration).

3.3 Learning Algorithm (VGG16-RNN)
We segmented the dataset into three sections: training, testing, and validation, using an 8:1:1 ratio. To maintain
continuity in the sequence, we preserved 50% of the original data, allowing for shufflingwithin each genre without
losing information. After training, the model’s performance on validation data is evaluated after each epoch to
assess its ability to generalize to unseen data. The performance is measured using test samples following the
training and validation data assessment. VGG16 has achieved remarkable outcomes in the analysis of image
data. Music classification demonstrates its ability to capture complex patterns and features within audio signals.
The methodology used [34] involves an architecture comprising 16 convolutional layers, which allows it to extract
high-level features from Mel-Spectrograms and Mel Frequency Cepstral Coefficients (MFCC). While VGG16 excels
at feature extraction from static images, it does not account for changes over time. To address this limitation,
RNN variants play a significant role in storing information for future use. Additionally, during the training process,
we made various adjustments to the hyperparameters to optimize performance.
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4 Experiments
This section covers the experiments conducted with our proposed model, including an overview of the dataset,
baseline models, the design of the experiments, and results and detailed analysis.
4.1 Dataset Overview
We utilized the publicly available GTZAN dataset to evaluate our proposed model. This dataset consists of 1,000
audio tracks, each lasting 30 seconds. It includes 10 distinct genres: blues, classical, country, disco, hip-hop, jazz,
metal, pop, reggae, and rock, with 100 tracks per genre. The audio files are in .WAV format, sampled at 22.05 kHz
with a 16-bit resolution.
4.2 Baseline Model
For our assessment of CNN and RNNmodels, we begin by showcasing the baseline model using various features
applied to the GTZAN dataset, as displayed in Table 1. Following this, we experiment with the baseline model by
incorporating the VGG16 architecture alongside RNNs, as also presented in the table 2.

Table 1. Base model utilizes the GTZAN dataset

Standard Model Feature

CNN-RNN [32] Mel-Spectrogram and MFCC

Table 2. Proposed model utilizes the GTZAN dataset

Standard Model Feature

VGG16-RNN Mel-Spectrogram and MFCC

4.3 Experimental Design
We utilized Jupyter Notebook for our experiment, as it is compatible with various packages and software. The
Librosa package transforms music samples into Mel-Spectrograms and MFCCs during the architectural develop-
ment process. Using the logarithmic function on the music files, we achieve a scalable result when the window
length is 2048 and the hop length is 512. This method leverages the human perception of intensity, which is mea-
sured in decibels. It’s important to note that using the same hyperparameters across all datasets is ineffective,
as different datasets can uniquely influence various architectures. Therefore, selecting the right hyperparameter
values and network size is crucial for training the neural network model. We conducted numerous experiments
to identify the optimal attributes, including the VGG16 layers, kernel size, kernel count, hidden layers in RNN
variants, and the learning rate, as shown in the below Table 3.

Figure 10. Proposed VGG16 and RNN variants (LSTM/GRU)
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Table 3. Configuration of attributes for the proposed model

Attributes Options value Heightened

Window Size - 2048
Hop Size - 512
VGG16 - 5
Filter Size - 3
Number of Filters [64, 128, 256] 128
LSTM/GRU/BiGRU/BiLSTM - 3
Dense [16, 32, 64] 32
Dropout [0.3, 0.5, 0.7] 0.5
Epochs Counts [15, 20, 25, 30] 20, 30
Learning-Rate [0.1, 0.01, 0.001] 0.001

In our proposed architecture, we employed a VGG16 block (with its initial five layers frozen) to extract features
from the input data. Each layer has the same filter size. We then flattened the output into a 1D array and reshaped
the features. The reshaped data is subsequently processed through three stacked GRU (Gated Recurrent Unit)
or LSTM (Long Short-Term Memory) layers, each with 128 units, followed by a 50% dropout, which helps prevent
overfitting. Lastly, use dense layers followed by an output layer as shown in Figure 10. We utilized the Adam
optimizer for 15 to 30 epochs with a learning-rate of 0.001, using categorical cross-entropy as the loss function.

We used a similar approach by applying a single LSTM or GRU layer with 128 units to the VGG16 model. This
was combined with a Bi-LSTM or Bi-GRU layer, which was then followed by another LSTM or GRU layer, also
consisting of 128 units. These layers were then connected to a dense layer and finally an output layer.

Figure 11. Proposed VGG16 and RNN variants (BiLSTM/BiGRU))

4.4 Results and Analysis
To evaluate the performance of our proposed model, we compared the accuracies of both the base model and
the proposed model in a Table.4 and ??.In the base model for the GTZAN dataset and achieved accuracies of
87.78% for the CNN-RNN model using Mel-Spectrogram features and 71.50% using MFCC features. In contrast,
the VGG16-RNN model achieved accuracy rates of 89.60% with Mel-Spectrograms and 82.70% with MFCCs.

Table 4. Accuracy% of base model utilizes the GTZAN dataset
Standard Model Feature Result

CNN-RNN Mel-Spectrogram 87.78
CNN-RNN MFCC 71.50
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Furthermore, we compared the accuracies of four distinct variants: VGG16+LSTM, VGG16+GRU, VGG16+BiLSTM,
and VGG16+BiGRU using both Mel-Spectrogram and MFCC features as shown below in Table 5 and Figure 12 to
assess the proposed hybrid model’s performance.

Table 5. Outcomes of feature extraction using the proposed hybrid model

Audio-Feature Architecture Accuracy%

Mel-Spectrogram VGG16-GRU 89.60%
Mel-Spectrogram VGG16-LSTM 87.00%
Mel-Spectrogram VGG16-BiGRU 89.20%
Mel-Spectrogram VGG16-BiLSTM 86.70%
MFCC VGG16+GRU 82.70%
MFCC VGG16+LSTM 81.70%
MFCC VGG16+BiGRU 80.60%
MFCC VGG16+BiLSTM 81.70%

Figure 12. Extracted features’ outcomes with proposed joint model
The VGG16+GRU combination, as shown in Figure 12, achieved the highest performance onMel-Spectrograms

with an accuracy of 89.60%, surpassing other models. The VGG16+BiGRU architecture followed closely, securing
an accuracy of 89.20%. In contrast, whenwe evaluated the proposedmodel usingMFCC features, the VGG16+GRU
combination achieved the highest accuracy of 82.70%. A detailed comparison of our proposed architecture with
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state-of-the-art models can be found in Table 6 and Figure 13.
Table 6. Results of feature processing using the proposed hybrid structure

Methodology Accuracy%

Patil et al. [22] 64.00%
Ahmed et al. [23] 66.00%
Suo et al. [24] 68.70 %
Heakl et al. [26] 70.00%
Li et al. [27] 80.14%
Ashuman et al. [25] 85.00%
Noopur et al. [33] 87.50%
Jukubik. [28] 87.70%
Mohsin et al. [32] 89.30%
Proposed Model Work(VRNN) 89.60%

Figure 13. Comparison between the Innovative architecture and proposed architecture
Wecomputedprecision, recall, and F1-score for each genre in theGTZANdataset to assessmodel performance,

as shown in 7. In the GTZAN dataset, the reggae genre performs best, while classical shows the lowest results.
This difference is due to some music samples being highly distinct, leading to high precision, recall, and F1-Score,
while others have similar beats and rhythms, resulting in lower performance metrics.

Moreover, the outcomes are influenced by image dimensions, layer count, the number of filters, and kernel
dimensions. The proposed model achieves an accuracy of 90%.
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Table 7. Evaluation Metrics
Genre Precision Recall F1-Score

Blues 0.92 0.93 0.92
Classical 0.85 0.73 0.78
Country 0.88 0.91 0.90
Disco 0.96 0.86 0.91
Hiphop 0.84 0.92 0.88
Jazz 0.96 0.89 0.92
Metal 0.94 0.91 0.92
Raggae 0.93 0.94 0.93
Rock 0.79 0.92 0.85

5 Discussion
After analyzing the proposed VGG16-RNN model, we compared it with different RNN variants for music classifi-
cation tasks discussed in this section. Music features include zero-cross rate, spectral centroid, spectral contrast,
and other techniques for classification tasks that restrict model performance as mentioned in [35, 36]. In compar-
ison, this approach preserves spatiotemporal dependencies while normalizing the input feature map, resulting
in improved training complexity and accuracy performance. By utilizing the Mel-Scale, spectrograms produce
Mel-spectrograms and visualize samples as points evenly separated by time (t) and frequency (f). Our work lever-
ages the advantages of the spatiotemporal domain by utilizing Mel-Spectrograms andMFCCs for improvedmusic
analysis. The GTZAN [17–19] dataset, frequently used in music information retrieval (MIR), has several limitations,
including class imbalance and data overlap. Class imbalance can lead models to favor popular genres, reducing
their ability to generalize to underrepresented ones. Additionally, overlapping data can cause overfitting, which
may distort performancemetrics. TheGTZANdataset is widely used inmusic information retrieval (MIR), with over
90% of studies depending on it. Our model produced strong results, but testing on alternative datasets could fur-
ther confirm these findings. VGG16 combined with various RNN variants delivers impressive performance. More-
over, identifying the information patterns allows the model to more accurately assess the significance of features
extracted by the VGG16 network at a defined period. Moreover, recurrent neural networks (RNNs) effectively cap-
ture long-term dependencies through temporal aggregation, enabling efficient management of sequential data.
In the initial stages of the hybrid VGG16 and RNN, lower accuracy may arise due to RNNs’ sensitivity to longer
sequences, where information can degrade. Moreover, tuning issues with hyperparameter optimization. It was
conducted to balancemodel accuracy and computational efficiencymore effectively: the learning rate was initially
set to 0.01 and gradually reduced to 0.001 using a learning rate scheduler for stable convergence, and selected
the dropout rate to avoid overfitting, I experimented with numbers ranging from 0.2 to 0.5, and 0.5 produced
the best results. Various kernel sizes (3x3, 5x5, 7x7) were tested for convolutional layers with 3x3 providing an
optimal balance of feature extraction and speed.

The following 14 and 15 illustrate the model’s accuracy during training and validation along the vertical axis
increases as epochs along the horizontal axis.
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Figure 14. Accuracy between training and validation

Figure 15. Loss between training and validation
The validation accuracy stabilizes after 15 epochs and remains consistent through the 20-epoch Mel-

Spectrogram feature, while the training accuracy stabilizes after 25 epochs and continues to be consistent
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through the 30-epoch MFCC feature. Our tests revealed that using Mel-Spectrograms and MFCC with VGG16-
RNN with distinct variants accuracy results shown in TABLES 5 We further examined how the VGG16-RNN hybrid
architecture is better optimized for Mel-Spectrograms, which aligns effectively with the spatial feature extraction
capabilities of VGG16 and the temporal modeling strength of RNNs.
6 Conclusion
This research has contributed to the field of music genre classification by implementing and evaluating a hybrid
deep-learning approach on the GTZAN dataset. We achieved notable classification accuracy by leveraging the
strength of VGG16 combined with RNN variants and utilizing Mel-Spectrogram and MFCC techniques for trans-
forming audio data. Our findings show that the VGG16+GRUmodel yielded the highest accuracy of 83%withMFCC
features and an impressive 89.60% with Mel-Spectrograms, outperforming other tested configurations. This ap-
proach not only demonstrated competitive results with current state-of-the-art methods but also emphasized
the benefits of combining advanced feature extraction with deep learning techniques. This work has important
real-world applications. Music recommendation systems can use genre classification models to understand user
preferences and create personalized playlists. Automated music tagging systems can efficiently manage large
audio libraries with these models. Moreover, this research can support advancements in audio-based emotion
recognition, music education tools, and content moderation, where genre classification is key. Future research
could build on these results by experimenting with more complex feature extraction methods and diverse model
architectures to further refine and enhance classification accuracy.
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