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[Abstract]  With the rapid advancements in neuroscience and computer science, Brain-Computer Interface (BCI) technology
has emerged as a research hotspot. BCI technology transcends traditional boundaries, facilitating the connection between human
or animal brains and external devices. The application prospects of BCI technology are vast which can not only assist disabled
individuals in regaining mobility and enhancing their quality of life, but also holds the potential to spark a new revolution in the field of
human-computer interaction. Through BCI technology, individuals will be able to interact with the external world in a more natural and
intuitive manner, significantly enhancing the efficiency and comfort of human-computer interaction, thereby showcasing its boundless
potential. In recent years, with the public release of numerous large and high-quality electroencephalography (EEG) datasets, deep
learning research in the field of BCI has gained solid data support. Deep learning techniques have demonstrated remarkable potential in
parsing EEG data when dealing with complex tasks such as motor imagery classification and seizure monitoring. Currently, BCI
research based on deep learning has become a hot topic in the scientific research field, and the demand for developing deep learning
models capable of deeply exploring EEG data is also constantly increasing. This article initially offers a concise overview of the
fundamental concepts of EEG-based BCI and deep learning. Subsequently, it elaborates on the current application status of deep
learning technology in the field of BCL Lastly, in response to the challenges faced by deep learning in EEG based BCI, this article
proposes a series of suggestions for future research directions. This article strives to offer a solid research foundation and valuable
reference for BCI researchers as they develop future BCI systems.
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