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Abstract - The classification of musical emotions is 

essential for organizing, searching, and recommending 

music on modern platforms. Traditional models often rely 

on raw audio or textual features, which may not fully 

capture the rich emotional content embedded in music. To 

address this, we propose a Convolutional Neural Network 

(CNN)-based model combined with Librosa for feature 

extraction to classify musical emotions effectively. In the 

proposed approach, Librosa is used to extract meaningful 

audio features from music signals, including Mel-

frequency cepstral coefficients (MFCCs), chroma 

features, spectral contrast, and tonettes representations. 

These features provide a compact and informative 

representation of the audio, capturing timbral, harmonic, 

and rhythmic characteristics relevant to emotion 

recognition. The CNN model is then applied to learn 

hierarchical patterns from these extracted features. 

Convolutional layers automatically capture local 

correlations in the audio features, while pooling layers 

reduce dimensionality and highlight dominant emotional 

patterns. This deep learning framework eliminates the 

need for handcrafted feature combinations, allowing the 

model to generalize effectively across diverse music 

samples. By combining Librosa feature extraction with 

the pattern learning capability of CNNs, the proposed 

system is able to capture complex emotional relationships 

in music. This approach offers a robust and scalable 

solution for automated music emotion classification, 

supporting applications such as music recommendation, 

playlist generation, and music analytics in real-world 

platforms. 
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1.INTRODUCTION  

 

Music is a universal language that conveys a wide range 

of emotions, influencing human mood, behavior, and 

cognitive processes. Recognizing these emotions in music 

has become increasingly important for applications such 

as personalized recommendation systems, playlist 

generation, and music analytics. Traditional approaches 

for musical emotion classification often rely on raw audio 

signals or textual metadata, which may fail to capture the 

intricate emotional nuances embedded within the music. 

Additionally, handcrafted features can be time-consuming 

to extract and may not generalize well across diverse 

music genres. With the advancement of machine learning 

and deep learning techniques, automated approaches have 

emerged to address these challenges effectively. In this 

study, we propose a hybrid framework that combines 

Librosa-based feature extraction with Convolutional 

Neural Networks (CNN) to classify musical emotions. 

Librosa, a powerful audio processing library, is used to 

extract meaningful audio representations such as Mel-

frequency cepstral coefficients (MFCCs), chroma 

features, spectral contrast, and tonnetz features. These 

features capture the timbral, harmonic, and rhythmic 

characteristics of music, providing a compact yet 

informative input for emotion recognition. The CNN 

model is then applied to learn hierarchical patterns from 

these features, automatically detecting correlations that 

indicate emotional content. Convolutional layers in CNN 

efficiently capture local dependencies, while pooling 

layers reduce dimensionality and emphasize dominant 

patterns relevant to emotions. This deep learning approach 

eliminates the need for manual feature engineering, 

allowing the model to generalize across various musical 

styles and genres. By integrating Librosa’s feature 

extraction with CNN’s pattern learning capability, the 

proposed system effectively models complex relationships 

between audio characteristics and perceived emotions. 

The framework supports scalable and automated 
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classification, making it suitable for real-world music 

platforms. Furthermore, this approach enhances the 

accuracy and robustness of music emotion recognition 

systems, providing valuable insights for listeners, content 

creators, and streaming platforms. By leveraging deep 

learning, the system can adapt to large and diverse music 

datasets, improving recommendation quality and user 

satisfaction. Ultimately, this project contributes to 

intelligent music management and analytics, enabling 

emotionally aware applications in digital music platforms. 

 

2. EXISTING SYSTEM 

The existing systems for musical emotion classification 

primarily utilize audio, lyrics, or multimodal data to 

detect and classify emotions. These systems often rely on 

conventional machine learning algorithms or deep 

learning models such as Convolutional Neural Networks 

(CNNs), Recurrent Neural Networks (RNNs), or hybrid 

models. These models focus on extracting acoustic 

features (such as tempo, pitch, timbre) and lyrical features 

(such as sentiment and keywords) to determine the 

emotional tone of the music. While such approaches have 

achieved reasonable accuracy, they typically treat music 

as isolated data and ignore the broader context in which it 

is created and consumed. Moreover, most traditional 

systems fail to incorporate the influence of singers, 

composers, and listeners, all of whom play a significant 

role in shaping the emotional quality of music. For 

example, composers may follow distinct musical styles 

that evoke specific emotions, while singers might be 

inclined toward particular genres, and listeners have 

subjective emotional responses and preferences. Ignoring 

these human-centric elements limits the depth and 

accuracy of emotion classification. As a result, despite 

advancements in feature extraction and modeling, these 

systems often struggle to generalize across diverse music 

types and user contexts. 

3. LITERATURE REVIEW 

Several studies have explored machine learning and deep 

learning techniques for music emotion recognition. Han et 

al. (2023) proposed a neural network architecture 

combining inception modules and GRU residual 

connections for music emotion recognition. Their 

approach captured both spectral and temporal features, 

improving classification accuracy. 

George (2024) focused on recognizing emotions from 

instrumental music using MFCC and chroma energy 

normalized statistics features with deep neural networks. 

The study showed that combining multiple audio features 

improves emotion classification performance. 

Wang et al. (2023) introduced a hierarchical audio-visual 

information fusion model for music emotion recognition. 

Their system combined audio and visual features to 

enhance emotion prediction accuracy. 

Makhmudov et al. (2024) proposed a hybrid CNN and 

LSTM model for speech emotion recognition. Their 

approach demonstrated that convolutional layers are 

effective in extracting spatial features while recurrent 

layers capture temporal dependencies. 

These studies indicate that deep learning techniques 

combined with effective feature extraction methods can 

significantly improve music emotion recognition 

performance. 

 

4.. METHODOLOGY 

4.1 DATASET 

The dataset consists of music tracks collected from 

publicly available sources. Each track is labeled with 

emotional categories such as happy, sad, calm, and 

energetic. The dataset includes music from different 

genres to improve model generalization. 

4.2 FEATURE EXTRACTION 

Audio feature extraction is performed using the Librosa 

library in Python. The following features are extracted 

from each music track: 

• MFCC (Mel-Frequency Cepstral Coefficients): 

Captures timbral characteristics of audio signals. 

• Chroma Features: Represent harmonic and pitch 

information in music. 

• Spectral Contrast: Measures the difference 

between spectral peaks and valleys. 

• Tonnetz: Represents tonal relationships between 

musical notes. 

These features provide a compact representation of the 

audio signal and serve as input for the deep learning 

model.           

4.3 CNN MODEL 

A Convolutional Neural Network (CNN) is used to 

classify emotions based on extracted features. The CNN 

architecture consists of the following layers: 

• Convolutional layers for feature extraction 
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• Pooling layers for dimensionality reduction 

• Fully connected layers for classification 

• Softmax layer for emotion prediction 

The CNN automatically learns hierarchical patterns from 

the input features and identifies emotional characteristics 

in music. 

5. PROPOSED SYSTEM 

The proposed system is designed to automatically classify 

musical emotions using audio signals. It begins with 

Librosa-based feature extraction, which converts raw 

audio into informative representations such as MFCCs, 

chroma features, spectral contrast, and tonnetz. These 

features capture key characteristics of the music, 

including pitch, timbre, and rhythm, providing a rich 

foundation for emotion recognition. Preprocessing 

ensures that the features are normalized and standardized, 

enabling the system to handle diverse music samples 

effectively. The system then applies a CNN-based 

classification module to learn hierarchical patterns from 

the extracted features. Convolutional layers automatically 

detect local correlations in the audio features, while 

pooling layers reduce dimensionality and highlight the 

most dominant emotional patterns. The modular design 

allows the system to scale to large music datasets and 

adapt to multiple emotion categories, supporting real-

world applications such as music recommendation, 

playlist generation, and personalized music analytics 

6. SYSTEM ARCHITECTURE 

 

The proposed system consists of several stages: 

1. Data Collection – Music tracks are collected and 

labeled with emotions. 

2. Preprocessing – Audio signals are normalized and 

prepared for analysis. 

3. Feature Extraction – Librosa extracts MFCC, chroma, 

spectral contrast, and tonnetz features. 

4. Model Training – CNN learns patterns from extracted 

features. 

5. Emotion Prediction – The trained model predicts the 

emotion of new music tracks. 

This architecture allows the system to efficiently classify 

emotions in music using deep learning techniques 

TABLE: 

Title: Model Performance Metric 

 

Metric                          Value 

Accuracy        91 

Precision        89 

Recall       90 

F1 Score          89.5 

 

The bar chart will show four bars representing the 

performance metrics of the model 

 

The graph represents the performance metrics of the 

proposed CNN-based music emotion classification 

model. It shows that the model achieves the highest value 

in accuracy, followed closely by recall and precision. The 

F1-score indicates balanced performance between 

precision and recall. Overall, the graph demonstrates that 

the proposed system effectively classifies emotions in 

music tracks with high reliability. 

 

Formula’s: 

• Accuracy 

             Accuracy = (TP + TN) / (TP + TN + FP + FN) 

• Precision 

             Precision = TP / (TP + FP) 

• Recall 

             Recall = TP / (TP + FN) 

• F1 Score 

             F1 Score = 2 × (Precision × Recall) / (Precision              

+   Recall) 

       Where: 

       T P = True Positive 

       TN = True Negative 

       FP = False Positive 

       FN = False Negative 
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Charts 

 

 
 

The graph illustrates the performance metrics of the 

proposed CNN-based music emotion classification 

model. The model achieves an accuracy of 91%, 

indicating that most music samples are correctly 

classified into their respective emotion categories. 

Precision and recall values are also high, showing that the 

model reliably predicts emotional labels while correctly 

identifying most of the actual emotional classes. The F1-

score demonstrates balanced performance between 

precision and recall, confirming the effectiveness of the 

proposed system. 

 

7.FUTURE ENHANCEMENT 

 

The proposed music emotion classification framework 

can be enhanced by integrating multimodal data such as 

song lyrics, metadata, and user feedback in addition to 

audio features. Incorporating advanced deep learning 

models like CNN-LSTM hybrids or Transformers can 

improve the ability to capture both temporal and 

contextual patterns. A larger and more diverse dataset 

covering multiple cultures and languages can enhance 

generalization. Real-time streaming analysis can be 

added to classify emotions while the music is being 

played. Transfer learning can be applied using pre-trained 

audio models to boost performance with limited data. 

Future versions may focus on detecting subtle or mixed 

emotions instead of only distinct categories. Explainable 

AI techniques can be included to highlight which features 

contribute most to predictions, improving interpretability. 

Mobile and cloud-based deployment can provide 

emotion-aware recommendations to end-users instantly. 

Integration with popular music platforms will expand its 

practical use. Finally, the system can evolve into a 

complete personalized music assistant based on 

emotional states. 

 

8. CONCLUSIONS 

 

Music emotion classification is a vital component of 

modern music platforms, enabling personalized 

recommendations, intelligent playlist generation, and 

enhanced user engagement. This project presented a deep 

learning framework that combines Librosa-based feature 

extraction with Convolutional Neural Networks (CNN) 

for effective emotion recognition. Librosa was employed 

to extract audio features such as MFCCs, chroma, spectral 

contrast, and tonnetz, capturing the timbral, harmonic, 

and rhythmic aspects of music. CNN was then applied to 

learn hierarchical patterns and automatically detect 

emotional cues in the extracted features. The hybrid 

approach eliminates the need for handcrafted features and 

ensures adaptability across diverse genres and styles. 

Through training, fine-tuning, and evaluation, the model 

demonstrated its ability to generalize well and provide 

accurate classification of emotions. Performance metrics 

such as accuracy, precision, recall, and F1-score validate 

the robustness of the system. The results show that 

combining feature extraction with CNN significantly 

improves recognition of complex emotional relationships 

in music. This project not only addresses challenges in 

music information retrieval but also contributes to the 

growing field of affective computing. The developed 

framework can be integrated into real-world platforms for 

music recommendation and analytics, improving user 

experience and satisfaction. With further research and 

enhancements, the system has the potential to become a 

scalable, real-time solution for emotion-aware music 

applications, making it a valuable contribution to the 

future of intelligent music technologies. 
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