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Abstract

Analyzing a person's motion to measure similarity is used in the various problem. However, since the motion is
captured through a camera, the motion expressed as a time series of two-dimensional joint coordinates in a video
also changes if the camera angle is varied. If this factor is not taken into account when measuring motion similarity,
the machine will not be able to determine motions with different camera angles as the same motion. In this study, in
order to improve the similarity measurement performance in this situation, an auto-encoder based model that generates
motion embedding independent of the camera angle factor was utilized. Furthermore, through the proposed algorithm
that can measure the similarity from the generated motion embedding, it is possible to measure the motion similarity
regardless of the camera angle. The experiment was conducted with two-dimensional joint coordinates of motions
projecting from various angles and showed more accurate results than the similarity measured by motion embedding
generated from a model that did not consider the camera angle.
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camera angle factors from motion embedding
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1. Similarity measurement result of the same HipHop motions projected from different angles

Motions HipHop1 HipHop2 HipHop3 HipHop4 HipHop5 HipHop6
Models —45° | 45° | -45° | 45° | 45° | 45° -45° | 45° -45° | 45° —-45° | 45°
Auto-encoder(10] | 0.930 | 0.875 | 0.921 | 0.878 | 0917 | 0.844 | 0903 | 0.836 | 0.920 | 0.839 | 0.920 | 0.850
LSTMI1] 0.861 | 0800 | 0.849 | 0.823 | 0.869 | 0.849 | 0889 | 0.831 | 0.863 | 0.811 | 0.867 | 0.794
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Table 2. Similarity measurement result of the same Jazz motions projected from different angles
Motions Jazz1 Jazz? Jazz3 Jazz4 Jazzb Jazz6
Models —45° | 45° | -45° | 45° | 45° | 45° -45° | 45° -45° | 45° —45° | 45°
Auto-encoder(10] | 0.922 | 0.882 | 0922 | 0874 | 0912 | 0869 | 0.927 | 0.878 | 0912 | 0.858 | 0.929 | 0.896
LSTMI1] 0.858 | 0843 | 0.858 | 0.809 | 0.856 | 0.843 | 0866 | 0.821 | 0.859 | 0.848 | 0.878 | 0.829
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