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[Abstract]

Most of the studies on the existing sign language use expensive equipment or do not consider non-manual signals. In order to
improve this problem, we intend to acquire an image using an RGB camera and recognize sign language by including non-manual
signals, which take a considerable weight in sign language, beyond recognizing only the existing hand shape. By using the
OpenPose library, hand gestures, body gestures, and facial expressions were represented in the data as key points and were
included as the non-manual signals . In addition, we propose a method of learning data using a deep learning neural network
model and recognizing sign language motion through the trained model. In this paper, the goal is to increase the recognition rate
for each sign language motion without the help of a specific sensor or wearable device because it learns data including

non-manual elements and recognizes sign language motions.
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