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Abstract

As the distribution of 3D content such as augmented reality and virtual reality increases, the importance of real-time computer
animation technology is increasing. However, the computer animation process consists mostly of manual or marker-attaching motion
capture, which requires a very long time for experienced professionals to obtain realistic images. To solve these problems,
animation production systems and algorithms based on deep learning model and sensors have recently emerged. Thus, in this
paper, we study four methods of implementing natural human movement in deep learning model and kinect camera-based
animation production systems. Each method is chosen considering its environmental characteristics and accuracy. The first method
uses a Kinect camera. The second method uses a Kinect camera and a calibration algorithm. The third method uses deep learning
model. The fourth method uses deep learning model and kinect. Experiments with the proposed method showed that the fourth
method of deep learning model and using the Kinect simultaneously showed the best results compared to other methods.

Keyword : Kinect, deep learning, 3D animation, skeleton, human pose estimation
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Table 1. User Action and Experimental Results

Input Image

Using Kinect

Using the Kinect and BSL,
ROM

Using Deep Learning
Model

Using Deep Learning
Model and Kinect
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Table 3. Authoring File Compatibility

Methods Real-time Storage Download
Using Kinect (6] (0] X
Using the Kinect and BSL, ROM (6] (0] X
Using Deep Learning Model O (0} (6]
Using Deep Learning Model and Kinect o o (6]

¥ 4. _u.IO KI—H|
Table 4. Equipment required

Methods Kinect RGB Camera High performance
computer
Using Kinect O X X
Using the Kinect and BSL, ROM (@] X X
Using Deep Learning Model X o o
Using Deep Learning Model and Kinect (0] X o
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