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Abstract. Music genre classification involves automatically categorizing music
tracks into specific genres based on audio features. Key techniques include fea-
ture extraction, focusing on attributes like rhythm, timbre, and pitch. Algorithms
such as K-Nearest Neighbors (K-NN), Support Vector Machines (SVM), and
Random Forests are commonly used to perform the classification task. K-NN
relies on similarity measures between tracks, SVM separates genres by finding
optimal hyperplanes, and Random Forests combine multiple decision trees for
robust classification. These methods enhance music recommendation and organ-
ization systems by enabling efficient genre identification. We achieved highest
accuracy of 87% with random forest, 71% with svm and 27% with KNN

Keywords: Music genre classification, Support Vector Machines (SVM), Ran-
dom Forests

1 Introduction

Music genre classification has gained significant attention in recent years due to its
applications in music recommendation systems and automated content organization.
Support Vector Machines (SVM) have been widely used for this task, demonstrating
the ability to classify music genres by identifying optimal hyperplanes that separate
audio data into distinct categories based on features such as timbre and rhythm [1].

Additionally, the advent of deep learning, particularly Convolutional Neural Networks
(CNNs), has further improved classification accuracy by automatically extracting com-
plex patterns from raw audio data [2]. These advancements have made genre classifi-
cation more accurate and efficient, paving the way for more sophisticated music re-
trieval systems. K-Nearest Neighbors (KNN) is another popular algorithm for music
genre classification, leveraging proximity-based methods to classify tracks by compar-
ing them to their nearest neighbors in the feature space. When combined with Principal
Component Analysis (PCA) for dimensionality reduction, KNN has demonstrated sig-
nificant performance improvements in classification tasks, offering a simple yet effec-
tive approach to identifying music genres [3]. Earlier studies also explored feature-
based methods, such as the work by Tzanetakis and Cook, which focused on extracting
key audio features like timbre, rhythm, and pitch to classify musical genres effectively
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[4]. These feature extraction techniques have laid the groundwork for modern classifi-
cation models by emphasizing the importance of audio signal processing.

Despite the advancements in machine learning and deep learning for music genre clas-
sification, feature extraction remains a critical aspect of improving model accuracy.
Novel feature extraction methods, such as those proposed by Hu and Li, have intro-
duced more effective ways to capture the intricate characteristics of audio signals, lead-
ing to more accurate genre predictions [5]. These innovative techniques focus on refin-
ing the representation of audio data, allowing classifiers to better distinguish between
genres. As the field continues to evolve, further enhancements in feature extraction and
processing will be crucial for developing even more robust and scalable classification
models.

2 Literature survey

The paper "A Comparative Study of Machine Learning Techniques for Music Genre
Classification"[6] evaluates various machine learning models, including SVM, k-NN,
ANN, Decision Trees, and Random Forests, to classify music genres. Using the
GTZAN dataset, the study analyzes performance based on accuracy, comparing differ-
ent algorithms and feature extraction methods like Mel Frequency Cepstral Coefficients
(MFCC). The findings highlight the strengths and weaknesses of each model, empha-
sizing that ensemble methods like Random Forests and deep learning approaches tend
to outperform traditional algorithms in music genre classification tasks. The paper
"Deep Learning for Music Genre Classification: A Survey"[7] published in IEEE Ac-
cess (2018) provides a detailed review of deep learning techniques used for music genre
classification. The authors explore various deep learning models, including Convolu-
tional Neural Networks (CNNSs), Recurrent Neural Networks (RNNSs), and hybrid ar-
chitectures, discussing their effectiveness in extracting complex patterns from audio
data.

The paper also highlights the advantages of deep learning over traditional machine
learning methods, such as automatic feature extraction and improved accuracy. Addi-
tionally, it emphasizes the importance of large datasets and advanced training tech-
niques for achieving high performance in genre classification. The paper "Music Genre
Classification Using Convolutional Neural Networks"[8] published in the Journal of
Intelligent Systems (2017) explores the use of Convolutional Neural Networks (CNNs)
for automatic music genre classification. The authors focus on leveraging CNNs’ abil-
ity to extract features directly from raw audio data, particularly using spectrograms as
input. The study demonstrates that CNNs can effectively capture temporal and spectral
patterns in music, leading to improved classification accuracy compared to traditional
machine learning methods.

The paper highlights the advantages of CNNs in handling large datasets and complex
audio structures, making them a promising approach for genre classification. The paper
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"A Feature Selection Method for Music Genre Classification"[9] published in IEEE
Transactions on Multimedia (2013) presents a novel feature selection technique to en-
hance music genre classification accuracy. The authors focus on selecting the most rel-
evant audio features, such as timbre, rhythm, and pitch, using methods like Principal
Component Analysis (PCA) to reduce dimensionality and improve model performance.
The study demonstrates that effective feature selection significantly enhances the clas-
sification accuracy of machine learning models like Support Vector Machines (SVM)
and k-Nearest Neighbors (k-NN). The proposed method reduces computational com-
plexity, making music genre classification more efficient and accurate.

The paper "Music Genre Classification Using Spectrogram and Deep Learning"[10]
published in the Journal of Computer Science and Technology (2020) investigates the
use of spectrograms and deep learning models for music genre classification. The au-
thors utilize spectrograms to visually represent audio signals, allowing Convolutional
Neural Networks (CNNs) to capture intricate time-frequency patterns. The study
demonstrates that CNNs, when trained on spectrograms, can effectively classify music
genres with higher accuracy compared to traditional methods. to This approach lever-
ages the visual structure of audio data improve classification performance, highlighting
deep learning’s potential in music genre recognition tasks, especially with large da-
tasets.

3 Methodolgy

Dataset The dataset used in this study consists of audio files across multiple genres,
each representing a distinct style of music. To classify these songs into their respective
genres, we utilized two different approaches to handle the data [4]: Direct Feature Ex-
traction from Audio Files: In this approach, we processed the raw audio files to extract
features that characterize the musical attributes of each song [11]. Pre-extracted Fea-
tures from CSV File: In the second approach, we used a pre-processed CSV file con-
taining features that were already extracted from the audio files. This method allowed
us to bypass the computationally expensive process of extracting features during model
training and testing [12]. For consistency and efficiency, the final evaluations in this
study were conducted using the preextracted features from the CSV file, ensuring uni-
formity across all models. For the purpose of maintaining consistency, reducing com-
putational overhead, and ensuring fair comparison across different models, the final
evaluations and analyses in this study were carried out using the pre-extracted features
from the CSV file.

This approach provided a uniform and optimized foundation for implementing and
comparing machine learning algorithms, ultimately enhancing the reliability and accu-
racy of the genre classification results. Feature extraction process 1. Mel-frequency
Cepstral Coefficients (MFCCs): Mel-Frequency Cepstral Coefficients (MFCCs) are
among the most widely used and effective features for analyzing and classifying audio
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signals, especially in tasks involving speech recognition, speaker identification, and
music genre classification. They serve as a compact representation of the short-term
power spectrum of an audio signal and are designed to mimic the human auditory per-
ception of sound frequencies. Since human hearing is more sensitive to lower frequen-
cies than higher ones, MFCCs transform the frequency scale of an audio signal to the
mel scale, which is a perceptual scale that approximates how humans perceive pitch
and tone. The computation of MFCCs involves several key signal processing steps.
First, the raw audio waveform is divided into small overlapping frames, typically of
20-40 milliseconds in duration, since audio signals are non-stationary and need to be
analyzed over short time intervals. Each frame is then passed through a windowing
function (such as a Hamming window) to minimize spectral leakage at the boundaries.

After this, the Fast Fourier Transform (FFT) is applied to convert the time-domain sig-
nal into its frequency-domain representation, producing a spectrum that reflects the dis-
tribution of signal energy across various frequencies. Next, the spectrum is passed
through a Melfilter bank, which consists of triangular filters spaced according to the
mel scale. This step emphasizes frequencies that are more perceptually relevant to hu-
man hearing while reducing the effect of less significant frequencies. The logarithm of
the filtered signal is then taken to approximate the human ear’s logarithmic response to
sound intensity.

Finally, a Discrete Cosine Transform (DCT) is applied to the log-mel spectrum, result-
ing in the MFCCs. These coefficients represent the overall shape of the spectral enve-
lope, capturing essential timbral characteristics that distinguish one type of sound from
another. These coefficients represent the short-term power spectrum of the sound signal
and are widely used in speech and music classification tasks. For each audio file, we
extracted 40 MFCCs, which were then averaged to obtain a compact representation of
the audio signal [13]. 2. 2. Chroma Feature: The Chroma feature, also known as the
Chroma vector or Chromagram, is one of the most informative representations of an
audio signal when it comes to identifying musical characteristics related to harmony
and pitch. It captures the intensity of each of the 12 distinct pitch classes—C, C#, D,
D#, E, F, F#, G, G#, A, A#, and B—of the Western musical scale, regardless of the
octave in which they occur. This makes the chroma feature particularly effective for
analyzing harmonic and melodic content, as it focuses on the tonal aspects of music
rather than its timbral or rhythmic components.

The process of computing the chroma feature begins with transforming the raw audio
signal from the time domain to the frequency domain using the Short-Time Fourier
Transform (STFT). This transformation allows the analysis of how the signal’s fre-
guency content evolves over time. Once the frequency spectrum is obtained, the spec-
tral bins are mapped into 12 categories corresponding to the 12 pitch classes. This map-
ping is performed in a logarithmic frequency scale, which aligns with how human per-
ception interprets pitch—each octave doubling the frequency of the previous one. Each
chroma vector therefore represents the relative intensity of each pitch class present in a
given frame of the audio signal. For instance, in a chord containing notes C, E, and G,
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the chroma vector will show higher intensities for those three pitch classes, regardless
of whether the chord is played in a low or high octave. By aggregating these chroma
vectors over time, a chromagram is produced—a twodimensional representation show-
ing how pitch class energy varies throughout the duration of the song. Chroma features
represent the distribution of the 12 different pitch classes. Since music is often orga-
nized by pitch, this feature captures harmonic content that is important for genre clas-
sification [14].

In the first approach, these features were extracted from the raw audio files directly
before training the models. However, in the second approach, these features were pre
extracted and provided in a CSV file, which allowed for faster training and testing [15].
Data Preprocessing The raw audio data was preprocessed in the following steps: Load-
ing and Resampling: Each audio file was loaded and resampled to a consistent sampling
rate (typically 22,050 3. K-Nearest Neighbors (KNN): Hz) using the librosa. load()
function. This ensured uniformity across all audio files [12]. Feature Extraction: Using
librosa, the features mentioned above were extracted. For MFCCs, a matrix of shape
(n_mfcc, T) was generated, where n_mfcc is the number of coefficients and T is the
number of time frames. The mean of each coefficient was then calculated to create a
fixed-size feature vector [16]. Normalization: All extracted features were standardized
to have zero mean and unit variance using StandardScaler from scikit-learn. This step
was important for algorithms such as KNN and SVM, which are sensitive to the scale
of the input data [17]. Models Overview 1. Random Forest Classifier: Description: Ran-
dom Forest is an ensemble learning method that constructs multiple decision trees and
aggregates their predictions. It can handle both categorical and continuous features and
is robust against overfitting due to the randomness involved in its construction [16].
Implementation: We used the RandomForestClassifier from the sklearn.ensemble mod-
ule.

The model was configured with 100 decision trees (n_estimators=100) and was trained
using the pre-extracted features [18]. Performance: This model achieved the highest
accuracy at 87%, demonstrating strong classification capability across different genres.
Its ability to model complex interactions between features likely contributed to this high
performance [19]. 2. Support Vector Machine (SVM): Description: SVM is a super-
vised learning algorithm that finds the optimal hyperplane that maximizes the margin
between different classes. SVM is particularly effective for high-dimensional data, such
as the feature space generated in this study [16]. Implementation: The SVM model was
implemented using the SVC class from sklearn.svm. We used the radial basis function
(RBF) kernel to allow the model to handle nonlinear relationships between features.
Hyperparameters were tuned using cross-validation [20]. Performance: The SVM
model achieved an accuracy of 71%, performing well in genre classification but not as
effectively as Random Forest. The relatively lower performance may be attributed to
the non-linear nature of the data, which the RBF kernel could only partially capture
[21]. 3. K-Nearest Neighbors (KNN): Description: KNN is a non-parametric method
that classifies a sample based on the majority vote of its k nearest neighbors in the
feature space. While simple to implement, KNN is sensitive to the choice of k and can
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struggle with high-dimensional data [16]. Implementation: We used the K Neighbors
Classifier from sklearn. neighbors and experimented with different values for k (the
number of neighbors) and distance metrics (Euclidean and Manhattan distances). The
final model was tuned using grid search cross-validation to find the optimal k [22].
Performance: KNN performed the worst, with an accuracy of 27%. The poor perfor-
mance is likely due to the high dimensional feature space, where KNN can suffer from
the "curse of dimensionality," leading to poor generalization [23]. Evaluation Process

To evaluate the models, we used an 80/20 train-test split, ensuring that 80% of the data
was used for training and 20% for testing. The pre-extracted features from the CSV file
were used for both training and testing. This approach ensured consistency and fairness
in the evaluation of all three models.[24] Training: Each model was trained using the
training data, which consisted of the pre-extracted features.[25] Testing: After training,
the models were evaluated on the test set, and metrics such as accuracy, precision, re-
call, and F1-score were calculated.

Accuracy = TP+TN/TP+TN+FP+FN[26], Precision = TP/TP+FP, Recall = TP/TP+FN,
and the F-1 score = 2 (Precision * Recall/Precision + Recall). The final comparison of
the models was based on accuracy, as shown in the results section.[26]

4 Result

In this study, we have classified genre of songs using audio files. We evaluated the
performance of three machine learning models—Random Forest, Support Vector Ma-
chine (SVM), and K-Nearest Neighbors (KNN)—on the task of song genre classifica-
tion. The evaluation was conducted using features extracted from a pre-processed CSV
file, ensuring consistency across all models for comparative analysis. Model Accura-
cies Random Forest: Random Forest is a powerful and widely used ensemble learning
algorithm that combines the predictions of multiple decision trees to improve accuracy,
robustness, and generalization. It is based on the principle that a group of weak learners,
when combined properly, can form a strong learner. In classification tasks, such as pre-
dicting the genre of a song from its audio features, Random Forest helps in achieving
high accuracy and stability while minimizing the risks of overfitting that often occur
with single decision trees.

At its core, a Random Forest is composed of many independent decision trees, each
trained on a random subset of the training data and using a random subset of the input
features. This randomness introduces diversity among the trees, ensuring that they do
not all make the same errors. When a new data point is introduced, each tree in the
forest provides its own prediction, and the final output is determined by a majority vote
(for classification) or the average of all tree predictions (for regression). This ensemble
approach effectively reduces the variance of the model and improves predictive perfor-
mance. The training process of a Random Forest involves two main randomization
steps: bootstrap sampling and feature selection. Bootstrap sampling means that each
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tree is trained on a randomly selected subset of the training data, with replacement,
meaning some data points may be repeated while others are omitted. This ensures that
each tree sees slightly different data, leading to diversity in the decision boundaries.

The second randomization occurs when splitting nodes in each tree. Instead of consid-
ering all features to find the best split, the algorithm selects a random subset of features,
which helps to reduce correlation between trees and further enhances the overall
model’s generalization ability. The Random Forest classifier achieved an accuracy of
87%, making it the most effective model in this study. Random Forest’s ensemble
learning approach and ability to handle both linear and non-linear relationships between
features allowed it to outperform the other classifiers significantly. This model’s per-
formance suggests that it effectively captured the complex feature interactions present
in the dataset.

Accuracy for CSV-based input: 87.29%
Classification Report:

precision recall fl-score support

blues 0.87 0.85 0.86 208
classical 0.92 0.98 0.95 203
country 0.74 0.82 0.78 186
disco 0.88 0.84 0.86 199
hiphop 9.91 0.87 0.89 218
jazz 0.84 0.90 0.87 192
metal 0.90 0.95 0.92 204

pop 0.93 0.94 0.93 180
reggae 0.99 0.85 0.87 211
rock 0.85 0.74 0.79 197
accuracy 0.87 1998
macro avg 0.87 0.87 0.87 1998
weighted avg 0.87 0.87 0.87 1998

Fig. 1 Classification report for Random Forest

The image displays a classification report for a machine learning model with an accu-
racy of 87.29%. It shows precision, recall, F1-score, and support for various music gen-
res such as blues, classical, country, disco, etc. Most genres have high precision and
recall, with classical, pop, and metal performing exceptionally well (F1-scores above
0.90). Some genres, like country and rock, have lower F1-scores, indicating more dif-
ficulty in predicting these categories accurately. The overall macro and weighted aver-
ages of precision, recall, and Fl-score are all 0.87, reflecting balanced model
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performance across categories. Support Vector Machine (SVM): Support Vector Ma-
chine (SVM) is a powerful supervised machine learning algorithm primarily used for
classification and regression tasks. In the context of music genre classification, SVM
helps distinguish between various musical styles by analyzing and separating patterns
within the extracted audio features. It is especially known for its ability to handle com-
plex, high- dimensional datasets effectively and achieve high accuracy even with lim-
ited training samples.

The main principle behind SVM is the concept of finding an optimal hyperplane that
separates data points of different classes with the maximum possible margin. In a twodi-
mensional space, this hyperplane can be visualized as a line that divides the data into
two groups. In higher dimensions, it becomes a hyperplane that separates the feature
space based on their respective class labels. The data points that are closest to this hy-
perplane are known as support vectors, and they play a critical role in defining the po-
sition and orientation of the boundary. These points essentially “support” the decision
surface, hence the name Support Vector Machine. SVM works by transforming the in-
put data into a higher dimensional space using a technique called the kernel trick. This
transformation allows the algorithm to find a linear separation even when the data is
not linearly separable in its original space. Some commonly used kernel functions in-
clude the linear kernel, polynomial kernel, radial basis function (RBF) kernel, and sig-
moid kernel. Among these, the RBF kernel is widely used in practical applications as
it can effectively handle non-linear relationships by mapping data into an infinite-di-
mensional space where a separating hyperplane can be easily established. During the
training process, SVM attempts to minimize a cost function that balances two objec-
tives: maximizing the margin between classes and minimizing classification errors.
This trade-off is controlled by a parameter called C (regularization parameter). A
smaller value of C allows a wider margin but tolerates more misclassifications, while a
larger C focuses on correctly classifying all training points, potentially leading to over-
fitting.

Another key parameter, gamma, determines how much influence a single training ex-
ample has, affecting the curvature of the decision boundary. Fine-tuning these parame-
ters is essential for achieving optimal model performance. One of the key advantages
of SVM is its effectiveness in high-dimensional spaces and its robustness to overfitting,
especially when the number of features exceeds the number of samples. It performs
well on both linear and non-linear classification problems and can be applied to a wide
variety of real-world datasets. Additionally, SVM provides a well-defined mathemati-
cal framework and often produces highly accurate results even with limited data. How-
ever, it also has certain limitations — training can be computationally expensive for
very large datasets, and selecting the right kernel function and parameters requires care-
ful tuning and experimentation. The SVM classifier achieved an accuracy of 71%, per-
forming moderately well in classifying the song genres. While it was able to separate
genres with reasonable accuracy, SVM’s reliance on finding optimal hyperplanes may
have limited its performance relative to the Random Forest model, particularly given
the non-linear and high- dimensional nature of the audio features.
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Accuracy for CSV-based input: 71.34%
Classification Report:

precision recall fl-score support
blues ©.70 0.68 0.69 208
classical .78 0.89 .83 203
country 0.61 9.65 0.63 186
disco 0.66 9.71 0.68 199
hiphop 0.73 0.70 0.72 218
jazz ©.65 0.71 0.68 192
metal .75 0.80 0.78 204
pop 0.76 0.75 0.75 180
reggae 0.70 0.69 0.70 211
rock 0.62 0.58 0.60 197
accuracy 0.71 1998
macro avg 0.79 0.71 .71 1998
weighted avg .71 0.71 .71 1998

Fig. 2 Classification report for SVM

The image shows a classification report for a model with an accuracy of 71.34%. It
includes precision, recall, F1- score, and support for various music genres. The perfor-
mance is lower across most genres compared to the previous report. Classical and metal
perform relatively well (F1-scores above 0.80), while country, rock, and disco show
weaker performance (F1-scores below 0.70). The macro and weighted averages for pre-
cision, recall, and F1-score are all around 0.71, reflecting lower overall performance
and more difficulty in accurately classifying the genres. K-Nearest Neighbors (KNN):
The KNN model achieved the lowest accuracy at 27%. This poor performance indicates
that KNN was not well-suited for the high-dimensional feature space generated from
the audio data. The algorithm’s sensitivity to the local distribution of data and its ten-
dency to be affected by noisy features may have contributed to its underperformance.
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Accuracy for CSV-based input: 27.13%
Classification Report:

precision recall fl-score support
blues 0.29 0.22 0.25 208
classical 0.40 0.35 0.37 203
country 0.19 0.25 9.21 186
disco 9.22 0.28 0.24 199
hiphop 0.33 0.29 0.31 218
jazz 0.25 0.18 0.21 192
metal 0.32 0.36 0.34 204
pop 0.24 0.21 0.22 180
reggae 0.27 0.25 0.26 211
rock 0.19 0.14 0.16 197
accuracy 0.27 1998
macro avg 0.27 0.27 0.26 1998
weighted avg 0.28 0.27 0.27 1998

Fig. 3 Classification for KNN

The image shows a classification report for a model with a much lower accuracy of
27.13%. The precision, recall, and F1-scores are significantly low across all music gen-
res, indicating poor model performance. Classical and metal genres still perform rela-
tively better compared to others, but their F1-scores are below 0.40. Genres like coun-
try, rock, and jazz have very low F1-scores, around 0.20 or less, suggesting major dif-
ficulty in classifying these categories. The macro and weighted averages for precision,
recall, and F1-score are all around 0.27, reflecting a general failure in accurate predic-
tions for this dataset.

Comparison and Observation

We initially explored two approaches in this study:

1. Direct Feature Extraction: In this method, features were extracted directly from audio
files during model training.

2. Pre-extracted Features: For final testing, we opted to use pre-extracted features from
a CSV file to ensure uniformity
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Accuracy Comparison: Random Forest, SVM, and KNN

87.29%

80r

Accuracy (%)

20¢

Random Forest SVM KNN
Classification Models
Fig. 4 Accuracy Comparison graph

The results clearly demonstrate that Random Forest outperformed both SVM and
KNN, likely due to its robust ensemble learning mechanism. On the other hand, KNN
struggled significantly, likely due to the complexity of the feature set and the high-
dimensional space it operates in. SVM performed well but was not able to match the
versatility of Random Forest in handling the intricate relationships between feature.

5 Conclusion

Music genre classification has witnessed remarkable progress over the years, largely
driven by advancements in machine learning, deep learning, and digital signal pro-
cessing. What began as a simple task of grouping songs based on manually selected
features has now evolved into a complex and highly efficient process powered by in-
telligent algorithms and largescale data analytics. The core goal of genre classification
is to automatically categorize audio signals into predefined musical genres such as rock,
pop, jazz, classical, or hip-hop, based on their inherent characteristics like rhythm, tim-
bre, pitch, and spectral content. This area of research plays a significant role in the
modern music industry, particularly in applications like automated playlist generation,
music recommendation systems, and organization of large digital music libraries. In
this study, machine learning algorithms such as Support Vector Machine (SVM),
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Random Forest, and K-Nearest Neighbors (KNN) were employed to perform genre
classification based on pre-extracted audio features. Each of these models brings unique
strengths and methodologies to the problem, offering different perspectives on how
music data can be analyzed and interpreted. Through these approaches, the study ex-
plored not only the accuracy of genre prediction but also the impact of feature repre-
sentation, dataset quality, and computational efficiency on model performance. The
first step in any audio classification task is effective feature extraction. Raw audio sig-
nals are complex and continuous, making them difficult to process directly using ma-
chine learning algorithms. Therefore, meaningful features that capture the essential as-
pects of sound are extracted. Commonly used features include Mel-Frequency Cepstral
Coefficients (MFCCs), chroma features, spectral contrast, zero-crossing rate, tempo,
and spectral centroid. These features collectively describe the timbral, harmonic, and
rhythmic properties of the music, which are crucial for distinguishing between genres.
In the present study, both direct feature extraction from audio files and the use of preex-
tracted features from a CSV file were considered. Using the pre-extracted dataset en-
sured consistency, reduced computation time, and provided a uniform foundation for
training and testing the machine learning models. The Support Vector Machine (SVM)
algorithm played an important role due to its strong theoretical foundation and proven
performance in classification tasks. SVM’s ability to find an optimal hyperplane that
maximizes the margin between different classes made it highly effective in separating
overlapping musical patterns. The kernel trick further enhanced its flexibility, enabling
it to handle nonlinear relationships present in the audio data. By mapping features into
higher-dimensional spaces, SVM could identify subtle boundaries between genres such
as pop and electronic or jazz and blues. Moreover, its resistance to overfitting and ro-
bustness with high-dimensional data made it an excellent baseline model for genre clas-
sification. The Random Forest algorithm offered a different yet complementary per-
spective. As an ensemble learning technique, it combined the outputs of multiple deci-
sion trees to improve predictive accuracy and stability. Each tree in the forest was
trained on a random subset of the dataset, ensuring diversity and minimizing bias. Ran-
dom Forest’s ability to handle both categorical and continuous data, along with its fea-
ture importance analysis, made it a valuable tool for understanding which audio char-
acteristics most strongly influenced genre prediction. For example, features like
MFCCs and spectral roll-off were often found to play a significant role in distinguishing
between rhythm-intensive genres like rock and tempo-based genres like classical or
jazz. Although computationally more demanding, Random Forest demonstrated strong
generalization performance and reliable accuracy, making it a suitable choice for this
application. Another algorithm utilized was K-Nearest Neighbors (KNN), a simple yet
powerful non-parametric method based on the concept of similarity. KNN classifies a
data point by analyzing the majority class among its nearest neighbors in the feature
space. It does not involve any training phase, which makes it computationally light-
weight in model creation, though prediction can be slower for large datasets. Despite
its simplicity, KNN performed remarkably well for music genre classification, espe-
cially when properly tuned with an optimal number of neighbors and appropriate dis-
tance metrics such as Euclidean or Manhattan distance. However, KNN’s sensitivity to
feature scaling and dataset imbalance was noted as a limitation, highlighting the need
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for normalization and data preprocessing before applying the algorithm. A key factor
in improving the performance of all these models lies in the representation of musical
data. Traditional feature extraction methods have now been supplemented by more ad-
vanced techniques, including timefrequency representations like spectrograms, mel-
spectrograms, and chromagrams. These visual representations of audio signals allow
models to capture temporal and spectral patterns more effectively, mirroring how hu-
mans perceive sound. Furthermore, the integration of deep learning architectures, such
as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNSs),
has revolutionized this domain by automating the feature extraction process. CNNs, for
instance, can directly learn from spectrograms and identify patterns in frequency and
time domains, providing superior accuracy compared to traditional handcrafted features
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