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[Abstract]

In this paper, we define static gestures and dynamic gestures to be used as a user interface in a virtual space, and propose a method to
extract features using deep learning models and to recognize hand gestures input through RGB camera in order to improve the price and
recognition speed of the existing virtual / augmented reality interface device. Through various deep learning models, we learned the data
in various ways and extracted the features to recognize hand gestures. Deep learning models used are Faster-RCNN, ResNet, U-Net, and
3D-CNN. Since we recognize hand gestures in the virtual space and use them as user interfaces, we want to contribute to using virtual /

augmented reality through high recognition rates and fast recognition speeds without the help of specific sensors or wearable devices.
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