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Improving Person Identification Accuracy Using 3D Joint Coordinates

from Gait Features Under Viewpoint Variations
Akito Kono®, Futoshi Kobayashi, (Kobe University)

This research proposes a model-based method for individual identification using time-series 3D skeleton

coordinates acquired from gait via an RGB camera. We transform these coordinates to a canonical viewpoint

before inputting them into a CNN for training. Our experiments demonstrate that this approach achieves a

certain improvement in identification accuracy, even for gait observed under multi-viewpoint conditions.
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Fig. 1. System Overview Diagram.
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Table 1. MotionBERT

Keypoint Name.
Index | Keypoint | Index | Keypoint
0 MidHip 9 Nose
1 RHip 10 Head
2 RKnee 11 LShoulder
. N 3 RAnkl 12 LEIb
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) _ 4 | LHip 13 | LWrist
Fig. 2. MotionBERT
5 LKnee 14 RShoulder
Output Format. 6 | LAnkle 15 | RElbow
7 Torso 16 RWrist
8 Neck
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