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ABSTRACT

Understanding crowd emotions through sound is critical for applications in event
monitoring, public safety, and mental health studies. However, there has been a notable
gap in the availability of specialized datasets and novel robust models for classifying
crowd sound emotions. To address this, a comprehensive Sri Lankan Crowd Sound
Emotion Dataset (SLCSED) was developed, enriched with detailed annotations, to
support future research. The study proposes a computational framework based on
Music Information Retrieval (MIR) techniques combined with advanced machine
learning algorithms to perform emotion classification in crowd. Feature extraction was
performed using MIR methods, Wav2Vec 2.0 embeddings, and Emotion2Vec
representation. PCA was applied as a dimensionality reduction technique. Various
machine learning and transfer learning classifiers, including TabNet, LightGBM,
Multi-Layer Perceptrons (MLP), wav2vec, and emotion2vec, were evaluated. Specific
architectures were tuned for better accuracy, such as LightGBM with Gradient
boosting and MLPs with hidden layers of (128, 64) units. Furthermore, emotion
recognition models were developed using supervised learning methods, drawing
inspiration from approaches tested on decision trees, random forests, XGBoost, and
LightGBM in related studies. The results demonstrated highly promising outcomes,
with the LightGBM classifier achieving up to 99.95% validation accuracy on the
Emotional Crowd Sounds Data(ECSD) dataset and the MLP achieving 99.53% on the
SLCSED dataset without dimensionality reduction. PCA was found to slightly reduce
the performance in most cases. Additionally, the Emotion2Vec framework showed
significant improvements after PCA application, reaching 99.99% accuracy. These
findings highlight the effectiveness of MIR-based feature engineering combined with
carefully selected classifiers for crowd emotion detection. This work not only fills a
major gap by introducing a localized and richly annotated dataset but also presents a
robust methodological pipeline for crowd sound emotion recognition, paving the way
for future applications in real-world monitoring and psychological analysis.

Keywords: ECSD, MIR, MLP, PCA, SLCSED
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LIST OF ABBREVIATIONS

Abbreviation Description
CNN Convolutional Neural Networks
CSv Comma Separated Values
CTC Connectionist Temporal Classification
ECSD Emotional Crowd Sound Data
FFT Fast Fourier Transform
FN False Negative
FP False Positive
FP Fourier parameter
GBDT Gradient Boosting Decision Tree
GBM Gradient Boosting Machine
KNN K-Nearest Neighbors
LTD Linear Discriminant Analysis
MFCC Mel-frequency cepstral coefficients
MIR Music Information Retrieval
MLi Multi-Lingual
MLP Multi-Layer Perceptrons
MTL Multi-Task Learning
PANN Pre-trained Audio Neural Network
PCA Principal Component Analysis
PNN Probabilistic Neural Network
RF Random Forest
ROC Receiver-operating characteristic
SER Speech Emotion Recognition
SLCSED Sri Lankan Crowd Sound Emotion Dataset
SVM Support Vector Machine
TIM-NET Temporal-aware bl-direction Multi-scale Network
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TN True Negative
TP True Positive

ViT Vision Transformer
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