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Abstract: Music genre classification is a fundamental task in music information retrieval, but the lack of interpretability in
many machine learning models poses a significant challenge. To address this issue, we propose using a Random Forest
Classifier (RFC), a simple and explainable artificial intelligence (XAI) technique, for music genre classification. Our objective
is to develop a model that can identify the genre of a given music sample based on its audio features, while also providing
insights into which features are most important for each genre. By doing so, we aim to gain a deeper understanding of the
underlying patterns in music data and enable the development of more effective music-related applications. In this study, we
combine two datasets and employ XAI techniques to gain insights into the decision-making process of the model while
addressing the issue of class imbalance in the dataset. Overall, our approach provides a comprehensive and effective solution
to music genre classification using XAl tools and methods.

Keywords: Class Imbalance, Explainable Machine Learning, Interpretable Models, Music Genre Classification, Random
Forest Classifier

Impact statement: Music genre classification is essential in a variety of music-related applications. It
provides a better user experience and personalized music recommendations. However, the current music
genre classification system has flaws that limit its usefulness in assuring fair royalties, delivering accurate
classifications, and generating significant data insights. To address the problems of the current system,
we suggest a new approach to music genre classification with explainable algorithms. Our strategy can
address the inadequacies of the current classification system by providing more accurate genre
classification, resulting in a better music listening experience. In addition, the interpretable model can
provide useful insights into music data patterns, which can improve music research. The proposed
technique assists both music enthusiasts and experts by providing an accurate music genre classification
system. Overall, this technique has the potential to increase the efficiency of the music industry and assist
music specialists in making informed decisions.
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1. Introduction

Music genre classification is a key task in MIR that involves automatically classifying music into different
genres based on audio features [1]. ML algorithms have been frequently utilized for this task because they
can learn complicated patterns in audio inputs and identify genres accurately. However, the understanding
of these algorithms is frequently limited, making it difficult to grasp how they arrive at their predictions.
RF is a frequently used ML method that can be used to classify music genres [3]. We used RFC to train a
non-linear function that maps audio features to output genre labels while also providing insight into which
features are most essential for each genre [4]. This approach allows us to not only produce correct genre
predictions but also acquire a deeper understanding of the underlying patterns in the music data, making
it a powerful tool for music genre classification.

XAI can provide insights into the model's decision-making process, assisting us in understanding why
it made a particular classification [5]. XAl can also determine which elements are most significant in
determining the genre, hence boosting the accuracy of music categorization systems.

XAI enhances the model's accountability and transparency while avoiding the ethical issues that come
with utilizing black-box models [6]. Thus, we suggest an RFC model using XAI for this purpose, which is
crucial for enhancing the precision and transparency of ML algorithms in music genre classification.

The paper is organized as follows: Section 2 presents a literature review on music genre classification
and explainable Al techniques. Section 3 describes the methodology, including the dataset, preprocessing,
feature engineering, and the classification models used. Section 4 details the experiments, covering model
training, optimization, and evaluation. In Section 5, we discuss the results and provide insights into model
performance and interpretability. Finally, Section 6 concludes with a summary of findings and suggestions
for future research.

2. Literature Review

The classification of musical genres has long been a divisive area of study in the field of MIR. Recent
advancements in ML, DL, and XAI techniques have made musical genre classification more accurate and
understandable. This review will cover the most recent research on ML-based music genre classification
using XAI.

DT-based algorithms are among the most extensively used XAI algorithms for music genre
classification. Beats per minute, spectral properties, and rhythmic patterns have all been utilized to
categorize distinct musical genres using DT algorithms such as C4.5 and ID3 are examples of how music
genres were identified using DT algorithms based on the tempo and rhythmic patterns of the song [7].

Another interesting XAI method for music genre classification is rule-based algorithms. The patterns
and rules specific to each genre were discovered utilizing rule-based algorithms such as association rule
mining and decision rule learning. For illustration, [8] employed association rule mining to identify
repeating patterns in musical features and label musical genres based on these patterns.

Music genre classification has also been employed in DL algorithms such as CNNs and RNNs. These
algorithms can learn complicated encodings of musical elements and record long-term connections between
them. However, these models are frequently referred to as "black-box" models, and it can be difficult to
understand how they make judgments. To address this issue, XAI techniques such as saliency maps and
attention mechanisms have been used to show the features most important for classification [9].

Poonia et al. [10] used traditional ML and DL approaches for comparing the performance of the
classifier. They used the GTZAN dataset for their model by extracting signal waveform translated into a
spectrogram image as an input. The authors used four classification models; KNN, SVM, and RF for
traditional ML and CNN for DL. They trained their model using a 3-second clip of the song. They
experimented on the four models and CNN provided better performance with a score of 99.8% for training
and 80.0% for testing than the other model.

The transfer learning approach to classify music was also investigated by [11]. The authors used the
GTZAN dataset (2000-2001) for 10 genres with each genre containing 100 WAV files and having a 30-
second duration they generalized that the idea of transfer learning can perform the classification process
faster and with more successful results than humans with an average testing accuracy of 95.8%.

Xu et al. [12] developed a music classifier using a multilayer classifier based on SVM. They have used
four labels for the classification; classic, jazz, pop, and rock. Feature selection techniques like beat
spectrum, zero crossing rate, spectrum power, and MFCC were used. In the data collection, they have used
CDs and the Internet as their data source. Their experiment has found that SVM provides better results
with an error rate of 6.86% than other models.

Cheng & Kuo [13] built music genre classification based on the visual Mel spectrum. In the paper
GTZAN dataset for 10 genres with 100 songs in each genre which have 10-second duration was used. In
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their study, 70% dataset was used for training, 20% for testing, and 10% for validation. Results show that
music classification with Mel spectrum has great performance with an average test result of 97.93%.

Viswanathan [14] conducted a study on music genre classification using ML techniques for grouping
similar music as one. They used the GTZAN dataset for 10 genres having 100 music files in each and a 30-
second duration is used. The author used the Mel-frequency cepstral coefficient for audio feature
extraction. 80% of the dataset for training and 20% of the dataset for testing and results show that the
proposed traditional ML approach, KNN provided a test accuracy of 70%.

Finally, XAI algorithms have improved the precision and interpretability of music genre classification
models [15]. DL techniques, DT-based algorithms, rule-based algorithms, and hybrid models have all
shown promising results when categorizing musical genres. More research is needed, however, to develop
XAI algorithms that can handle the great unpredictability and complexity of musical data and provide a
better understanding of the model's decision-making process [16].

2.1 Review Table

Table 1 contains the details of the dataset and methodology used in the existing manuscript. GTZAN was
the most commonly used dataset and some custom datasets are also used by the author.

Table 1. Review of music genre classification

Traditional ML (KNN, SVM, Random Forest) and Deep GTZAN 2022
Learning (CNN); compared classifier performance.

Multilayer classifier with Support Vector Machine Custom dataset from CDs 2003
(SVM); used beat spectrum, zero crossing rate, and Internet sources

spectrum power, and MFCC for feature selection

Music genre classification using visual Mel spectrum  GTZAN 2022
Traditional ML approach with KNN for grouping GTZAN 2016
similar music; used Mel-frequency cepstral

coefficient for audio feature extraction

Transfer learning for genre classification; GTZAN 2017
transfer of learned features for improved performance

Rule-based genre classification using association rule Custom dataset 2014
mining and decision rule learning

3. Methodology

This section describes the materials and methods used in the proposed study, which aims to improve music
categorization and analysis using the XAl technique, which allows users to understand the inner workings
of ML models, making it easier to interpret and explain their classification. In the following sections, we
present a detailed step-by-step approach for creating a music genre classification model using an
explainable ML algorithm technique.

3.1 Dataset

Combining datasets can produce a wider, more varied pool of data, which can lead to more accurate results
and a deeper understanding of musical genres [17]. Because of this, we use the GTZAN dataset in
conjunction with the MABD. GTZAN dataset has 10 genres (blues, classical, country, disco, hip-hop, jazz,
metal, pop, reggae and rock). Each genre has 100 .wav format audio files with a 30-second duration [1].
MABD has 9 genres (blues, folk country, electronic, hip-hop, jazz, pop, rock, alternative, and funk soul
R&B) Each genre has a .mp3 format audio file with an 11-second duration [18]. Here, except for the last
two genres (alternative and funk soul R&B) of MABD, we have used the other 7 genres with the GTZAN
dataset in combination.

3.2 Data Preprocessing

We began the data preprocessing stage by dividing the dataset into three-second intervals to increase its
size. We then separated the labels and features from the dataset to prepare it for ML. Because ML models
can only interpret numerical inputs, we utilized Label Encoder to convert the labels' categorical text values
to numeric values. Likewise, we used Standard Scaler to normalize the features so that they all had the
same standard values of a mean of zero and a standard deviation of one. This phase was critical to avoid
having one particular attribute dominate the model training and testing processes [19].
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However, upon examining the dataset using the Matplotlib tool, we identified an unbalanced class
distribution. To overcome this issue, we utilized SMOTE to increase minority classes and balance the
dataset. SMOTE is an oversampling strategy used to balance unbalanced datasets by interpolating feature
values across minority class samples and their KNN. It generates synthetic samples for the minority class
[20]. A bar chart illustrated in Fig. 1 shows a skew in the dataset favoring some music genres over others
and a balanced dataset after SMOTE was applied.
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Fig. 1. Comparison of music genre distributions: the left graph illustrates an imbalanced dataset, with rock
containing more songs than other genres, while the right graph shows a balanced dataset, where each genre has an
equal number of songs.

To overcome this issue, we utilized SMOTE to increase minority classes and balance the dataset.
Smote, an oversampling strategy used to balance unbalanced datasets by interpolating feature values
across minority class samples and their KNN, generates synthetic samples for the minority class [20]. The
second figure displays a visualization of the balanced dataset produced after SMOTE was applied.

3.3 Feature Engineering

In this phase, we applied Librosa to extract the necessary features from the music data. The algorithm's
performance is determined by its capacity to extract features in the time, frequency, and time-frequency
domains, which are all chosen based on the properties of the audio data. All of these characteristics are
required for the method to function properly [21].

The feature extraction step includes converting the audio signal input into a set of features that can
represent the audio signal. The major types of features utilized in musical genre classification include time-
domain, frequency-domain, and time-frequency domain features. Time-domain features describe the
signal's temporal qualities, whereas frequency-domain features describe the signal's spectrum
characteristics, and time-frequency features combine information about the signal's temporal and spectral
characteristics. The suitable feature set for music genre classification is determined by the application and
the classification method used, as different algorithms require different features or combinations of
features [22].

The use of a combination of feature sets that include time-domain, frequency-domain, and time-
frequency domain features can significantly improve the accuracy of the classification model [23]. Due to
that, we have used the combination of time domain, frequency domain, and time-frequency domain
features. To summarize, we extracted the following feature in Table 2 from the combined audio dataset.

Table 2. List of time-domain, frequency domain, and time-frequency domain features extracted from the Librosa

Tomogram
Polynomial Feature
Spectral Centroid
Spectral Contrast
Spectral Bandwidth
Spectral Rolloff

Tonal Centroid Feature

3.4 Model Building

In this stage, we used preprocessed data and feature-engineered features to train an ML model for music
genre classification. To achieve this, we investigated several methods such as RFC, DT, and LR. Each
model was chosen for its potential to provide insights into model interpretability while handling the
complexities of genre classification. Although DL models like CNNs are widely used for audio classification
tasks due to their ability to capture complex patterns, they are often considered "black-box" models [9].
This lack of interpretability makes it challenging to understand their internal decision processes, which is
a primary objective of this study. Moreover, CNNs typically require larger datasets and higher
computational resources, which may limit their feasibility in certain MIR applications. By using RFC,
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combined with explainable AI techniques (LIME and SHAP), we achieve an interpretable and accurate
model suited for music genre classification while maintaining transparency in the classification process.
To properly analyze the model's performance, we separated the dataset into two subsets: a training set
that comprised 80% of the data and a testing set that comprised 20%. We then trained the models using
default parameters and showed the accuracy results of each algorithm. Moreover, we adjust the model's
parameters using Bayesian optimization methods to enhance the model's performance.

Bayesian optimization is a mathematical framework that helps to optimize black-box functions by
reducing the number of function evaluations required to identify the optimal parameters for a given
problem. By using this technique, we were able to tune the hyper-parameters of the RFC model to achieve
maximum accuracy [24].

After performing hyper-parameter tuning, we saw a considerable improvement in the performance of
the RFC model for music genre classification. We discovered that RFC is an easy-to-understand and
effective algorithm for music genres by modifying the hyper-parameters. The model takes into account a
variety of input features and generates a clear output indicating the likelihood of each genre. The optimized
hyper-parameters and their associated values are shown in Table 3 below.

Table 3. Presents the optimized hyper-parameters for the RFC model achieved through Bayesian optimization. Key
hyper-parameters include maximum depth, minimum samples per leaf, minimum samples required to split an
internal node, and number of trees, which were adjusted to enhance accuracy.

The maximum depth of the tree; limits how deep each tree can grow
The minimum number of samples required in a leaf node 1
The minimum number of samples required to split an internal node 2
Number of trees in the forest 500

In addition, we used methodologies to improve the transparency and the interpretability of the model.
These strategies enabled us to better understand the decision-making process and evaluate the model [25].
This method was quite useful and valuable for accurately classifying and interpreting the prediction of
musical genres. Our goal was not only to achieve high accuracy but also to understand how the model
works on the classification task. As a result, we employed XAI techniques to explain RF mode.

3.5 Model Evaluation

After training and optimizing the model, the next critical step is to assess its performance. To accomplish
that, we employed metrics including Accuracy, Precision, Recall, ROC curve, Confusion Matrix, and F1-
score. These metrics allow us to analyze the model's performance based on many parameters such as the
number of correctly and erroneously categorized cases, the number of true and false positives, and the
number of true and false negatives.

Confusion Matrix is a highly useful tool for analyzing the model's performance. This matrix displays
how many examples are correctly and incorrectly classified across different categories, providing a visual
representation of how the model is working [5].

Overall, evaluating the performance of an ML model is a critical step toward improving its accuracy
and efficacy. We can obtain important insights into the model's performance and make data-driven
decisions to improve its overall efficacy by combining metrics and visualization tools.

3.6 Model Interpretation

The most important stage in our research was interpreting the model using XAI ML techniques, which
offer transparency and interpretability in the decision-making process of the model [26]. We employed a
variety of techniques to discover the most relevant traits and aspects in the classification process, allowing
us to better understand how the model makes its predictions. XAI algorithms are becoming increasingly
crucial in promoting openness and accountability in ML applications.

We can better understand how and why ML models create predictions by using XAI approaches. This
is critical in musical genre categorization since the high variability and complexity of musical data make
it difficult for human experts to understand the model's decision-making process. XAl tools such as feature
importance analysis, summary plot, and force plot can offer insight into the model's decision-making
process by emphasizing the most essential features and elements that contribute to the classification task
[16].

XAI approaches enable fair and accurate music genre classification by recognizing and correcting
biases, eliminating ethical difficulties associated with black-box models. They improve precision, openness,
and accountability by producing accurate predictions, flagging areas for improvement, and providing
insights into the decision-making process [27]. XAI approaches are needed for accurate and

5
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understandable music genre classification models. Ultimately, we used the following XAI strategies to
increase transparency and explanation in the music genre classification processes:

Local Interpretable Model-Agnostic Explanations (LIME): LIME is a sophisticated approach
that provides insight into classifier prediction by creating an interpretable model approximation. More
specifically, LIME is used in our situation to bring attention to the audio features that have the most
influence over the classifier's decision-making process [5].

SHapley Additive exPlanations (SHAP): SHAP is a measure of feature importance that considers
the interactions between features, giving a more complete and accurate representation of the classifier's
decision-making. This method is very helpful for developing credible explanations for the model's
conclusions [25]. The proposed model has the following architecture Fig. 2.
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Fig. 2. This figure illustrates the proposed Explainable ML architecture for music genre classification by combining
two datasets: GTZAN and MABD. The combined dataset undergoes a preprocessing stage, which involves audio
segmentation, feature engineering, and balancing. The preprocessed data is then used to train the model and the XAl
explains the classification using SHAP and LIME.

4. Experiments

The experiment was carried out on a Windows 10 platform using Python version 3.9.1 in a Jupyter
Notebook environment. Our study includes comparing the performance of various ML models, such as the
RFC, DT, and LR, in conjunction with XAI techniques. Our objective was to find the best model
combinations for accuracy and transparency. To do this, we designed and carried out experiments that
compared the performance of each model and combination, allowing us to discover the most effective
strategies for achieving our goals.

In the first experiment, we compared the performance of different audio features. We extracted the
mean, variance, and standard deviation of one feature (MFCC) for the first, six features (spectrogram, Mel-
spectrogram, MFCC, spectral centroid, zero-crossing rate, and RMS energy) for the second, and fifteen
features depicted in Table 4 for the third experiment. We found that the combination of features provided
the best result with an accuracy of 85.25% using RFC.

In the second experiment, we compared the performance of RFC, LR, and DT before and after balancing
the dataset for the combined feature. as seen in Table 5.

Table 4. illustrates the effect of data balance on the accuracy of three different models: RFC, DT, and LR.

As demonstrated in Table 4, data balancing helped all three models, with the RFC model witnessing
the greatest improvement in accuracy. After data balancing, the accuracy of the RFC model increased from
82.14% to 89.57%. The DT and LR models significantly improved in accuracy following data balancing,
with accuracy of 69.90% and 68.04%, respectively.

In the third experiment, we evaluated the performance of the models by optimizing parameters using
a Bayesian optimizer on a balanced dataset. The results of this experiment are presented in Table 5.

Table 5. The accuracy of RFC before optimization was 89.57 but after optimization, its accuracy improved to 90.02.
The table shows the impact of optimization on the accuracy of models including DT and LR.
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As demonstrated in Table 5, all three models benefited from optimization, with the RFC model gaining
the greatest improvement in accuracy. The DT and LR models significantly improved in accuracy following
optimization, with accuracy of 70.14% and 68.71%, respectively. These results highlight the effectiveness
of optimization in increasing the performance of ML models.

As part of our last experiment, we did an in-depth analysis of the model's accuracy on the test set by
utilizing the advanced tools provided by XAI, including LIME and SHAP.

These interpretive tools allowed us to develop a more sophisticated understanding of the factors
influencing the performance of our model on the test set. Using this strategy, we were able to uncover any
potential weaknesses or biases in the model and make informed modifications as a result. By combining
XAI and the RFC model, we achieved the goal of creating a more accurate and reliable model with a higher
degree of transparency.

5. Result and Discussion

The results showed that the RFC model is a valid and successful strategy for the task at hand. However,
it is vital to analyze the model's apparent flaws and identify potential future study and development
opportunities. By incorporating explainable ML methodologies into our study, we were able to gain a full
understanding of the RFC model's strengths and limitations. Overall, we were able to conduct a complete
and rigorous examination of the model's performance using this method.

To study and assess the accuracy of the music genre classification model, we used a variety of
performance indicators. The confusion matrix, ROC curve, precision, recall, and f1-score were all included.

To provide a deep and comprehensive understanding of the model's categorization abilities, we began
by showing the confusion matrix. This matrix provided a tabular representation of the model's true
positive, false positive, true negative, and false negative classifications [28]. We learned how well the model
could accurately identify and differentiate between different music genres by studying these individual
components. This helped us to have a better understanding of the classifier's performance and make more
accurate and informed decisions about further optimization or model modification.
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Fig. 3. In this figure the rows reflect the true labels, while the columns indicate the predicted labels. The numbers in
the cells show the number of cases categorized as having that specific combination of true and predicted labels.

Following that, we visualized the ROC curve in Fig. 5, which allowed us to examine the model's
capacity to distinguish between positive and negative classifications [29]. This provided us with
information about the classifier's overall performance as well as its sensitivity to false positives and false
negatives.

ROC Curve for Music Genre Classification
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Fig. 4. In this figure, the x-axis represents the false positive rate (FPR), while the y-axis represents the true positive
rate (TPR). The line over the dotted line represents the ROC curve, while the area under each curve represents the
AUC.

Furthermore, we used classification reports, as depicted in Fig. 6, to demonstrate the model's precision,
recall, and f1-score. These measurements were critical in understanding the classifier's ability to reliably
categorize music genres.
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Fig. 5. Presents the precision, recall, and f1-score for the music genre classification task. The report evaluates the
model's performance for each genre label, including the model’s ability to correctly classify each genre.

Then, we used XAl approaches to acquire a better understanding of the model's predictions. SHAP was
specifically employed to provide insights into the features that the model depended on for classification.
To evaluate the results, we used summary and force plots. Similarly, we used LIME, which gave us feature
importance graphs, allowing us to examine the value of the features that the classifier relied on for accurate
predictions [25].

Using these XAl techniques, we were able to increase our understanding of the model's predictions and
make informed decisions about the model to improve its classification accuracy. We choose RFC to learn
more about the accuracy of the predictions.

SHAP offers a useful summary graphic for the top features in prediction, allowing for the identification
of the most essential features that lead to correct genre prediction. As a result, this information proved
useful in model development and identifying significant musical features that are highly related to distinct

genres, as shown in Fig. 7.
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Fig. 6. The figure shows the summary plot of the data that uses rectangular bars to display the SHAP values of
different features. The bars are arranged horizontally and show the contribution of each feature to the final prediction
model. The plot provides a clear visualization of each feature's contribution and significance in predicting the music
genre.

Then we used force plots to display the significance of each variable in predicting the genre for a
selected sample of test sets to better examine the model's performance. This method is seen in the image
below, and it allows for a more detailed analysis of the model's correctness.
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Fig. 7. Shows the impact of each feature on the prediction of the model, including its direction and magnitude. The

plot is color-coded, highlighting the positive contribution (red) and negative contribution (blue) of each feature to the

prediction. The base value, which is the actual value of the feature, and the expected value (f(x)) are also included in
the plot.
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Afterward, we used LIME to understand the model prediction pattern. In this section, we develop
explanations for a sample of occurrences and show their predictions. This enabled the identification of
biases and provided insights into how different features contributed to the prediction. The diagram below
summarizes the prediction probabilities of the model from the given sets of features.
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Fig. 8. shows the local explanations provided by LIME for two instances. Each plot depicts the contribution of the top
features to the predicted label for the relevant instance. The features are organized by contribution, with the most
important feature at the top. The length of the bars denotes the size of the contribution, while the color of the bars
indicates the type of music genre associated with the feature.

The proposed method demonstrates several notable advantages. By integrating the RFC with
explainable Al techniques (LIME and SHAP), the model achieves both accuracy and transparency in music
genre classification. This combination allows users to understand the importance of specific features in the
classification process, enhancing the interpretability of the model's predictions and making it well-suited
for applications where interpretability is crucial.

However, the approach also has certain limitations. The RFC, while interpretable, may not match the
performance levels of more complex DL models, which could impact accuracy in highly nuanced
classification tasks. Additionally, the reliance on LIME and SHAP explanations introduces extra
computational overhead, which could be a limitation when applied to larger datasets. Moreover, as the
model is trained on a specific set of genres from combined datasets, its scalability to new genres or larger
datasets may require extensive reconfiguration and parameter tuning.

6. Conclusion

Music genre classification is a critical task in MIR, especially with the increasing demand for personalized
music recommendations and content-based retrieval systems. This study introduces an interpretable
model that combines the advantages of the RFC with Explainable AI (XAI) techniques, specifically LIME
and SHAP. Achieving 90.02% accuracy, the model ensures high performance while maintaining
transparency in decision-making. LIME and SHAP explanations provide a comprehensive understanding
of how various audio features contribute to genre classification, improving model interpretability and
fostering user trust in predictions. These tools also help identify relevant features and trends in the data,
ensuring that the model's outputs are meaningful and reliable. However, static visualizations from LIME
and SHAP can be complex without context. Future work could incorporate interactive visualizations,
allowing users to explore data and predictions in real-time to enhance usability. This approach has
significant implications for MIR tasks that require interpretable models, addressing the growing demand
for transparency in ML. Extending this research to integrate explainable Al with advanced DL models
could further enhance accuracy while preserving interpretability. Applying the method to larger, more
diverse datasets could improve scalability and reliability across a broader range of genres. Developing real-
time, interactive tools for exploring feature contributions and predictions could also enhance user
engagement and the utility of explainable Al in music classification.
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