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[Abstract]

Telepresence, a rapidly emerging technology, enables users to experience the sensation of being physically present in a distant
environment. This sense of immersion has found utility in various domains ranging from remote conferencing and remote
healthcare to distant control operations. One significant advancement that has augmented the experience of telepresence is the
evolution of head-mounted displays (HMDs). There has been a burgeoning research trend that focuses on leveraging augmented
reality (AR) and virtual reality (VR) to enhance remote operations and improve telepresence experiences. For achieving a
heightened sense of telepresence, it is essential to analyse the video data captured from remote environments and stream both the
surroundings and object details to the user in real-time. In this comprehensive study, we review the technologies that facilitate the
transmission of VR/AR-based telepresence environments via HMDs. Research trends are categorized into point clouds, voxels,
view synthesis, and pose estimation. The critical challenges faced by researchers in each category are explored and the latest

research are introduced to provide an intuitive perspective to the readers.
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