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Abstract: This article studies the application of virtual reality (BCI) and brain computer interface (VR) in emotion recognition and
regulation, and constructs a closed-loop system framework based on VR emotion induction and EEG signal analysis. The article
systematically elaborates on the entire process from emotion modeling, signal acquisition and preprocessing, feature extraction to
recognition modeling (covering traditional machine learning and deep learning models such as CNN and LSTM), analyzes the
advantages of VR in improving the ecological validity and controllability of emotion induction, and points out the current challenges
in signal quality, individual differences, and model generalization, which also looks forward to future directions such as multimodal

fusion and lightweight portable devices.
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