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Abstract With the rapid development of artificial intelligence technology, the applications of emotion recognition
and electroencephalogram (EEG) signal classification in the fields of healthcare and human-computer interaction
have gradually deepened. However, traditional centralized data processing methods face challenges in privacy and
security. Federated Learning (FL), as an emerging distributed machine learning framework, effectively enhances
model performance while protecting user privacy through local training and model aggregation. This paper
systematically analyzes the application potential of federated learning in emotion recognition and EEG signal
classification, explores key technologies, privacy protection mechanisms, and future development directions,
providing a theoretical foundation and practical guidance for promoting the application of federated learning
technology in related fields.
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