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Abstract: Despite significant advancements in brain-computer interface (BCI) systems across multiple domains, they
continue to face substantial challenges in performance, usability, and user satisfaction—particularly in terms of intelligence.
To address these limitations, this paper explores the integration of artificial intelligence (Al) technologies, especially deep
learning algorithms, into BCI systems to enhance their overall performance and intelligence levels. The article begins with
a review of the development and fundamental principles of BCI, systematically analyzing the limitations of traditional BCI
systems in key stages such as brain signal processing, feature extraction, and neural decoding. It then delves into the potential
and advantages of Al technologies—particularly deep learning—in modeling complex neural patterns, extracting high-level
features, and improving decoding capabilities. Special emphasis is placed on the breakthrough applications of Al-driven BClIs
in clinical settings, including aiding speech communication, reconstructing motor control, and enhancing sensory feedback.
Furthermore, the paper discusses the expanding potential of AI-BCIs in non-clinical contexts. Finally, it summarizes the
current challenges faced by AI-BCI systems in technical implementation, ethical regulation, and societal acceptance, and

proposes future research directions. The goal is to foster the development of the next-generation BCI systems that are more
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intelligent, accessible, and user-friendly, paving the way for more efficient interactions between the human brain and the

external world.

Keywords: Brain-Computer Interface, BCI; Artificial Intelligence, Al; Deep Learning; Neural Decoding
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