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9ol e) E-(wearable) 71%9] ¥hd 0 2 AFRA}9] o] Fo] A-FEYAHA] tulo] 2 (device)d] A1 (viewpoint) ol A 214
Z(human pose)& F783k= B4 o] & #AlS Bl Qv =iol A= o] 2l dk 27|54l Al (egocentric viewpoint) ol 4 ¢
H 5= 2ol dolE(depth data)E ©o]-§ato] AA7F 3D A EZ(pose)S FAsHE S AfEH) Aletksts ol e
head-mounted display®ll J2¥ th% zlo] 7hv|e}2 58 2}7|F4] Zlo] tlo]El(egocentric depth data)& 2~E# (stream)
w2 o 2 P53}l ResNet 7]1F U/ E 9 = (ResNet-based network) S £ AM&#}2] 3D A u]= 34 ¢ %] (skeletal joint
position)& FA$ T 1 AFEE FZ(reference) AR E T4 YX| ¢} v]arste] B4} o] & B8l AT L= 73
S 98] Ao 2 ALEEE Wdk 47]9 dlolE Ml(dataset) 2] 715 AA EowA] <A tpekdt =25 S48 4= )

[Abstract]

Advancements in wearable technology have enabled greater user mobility, leading to significant interest in methods to estimate
human poses from the device viewpoint. This paper introduces a novel method for estimating real-time 3D human poses using
the depth data input from the egocentric viewpoint. The proposed method acquired egocentric depth data in a streaming manner
from multiple depth cameras mounted on a head-mounted display. It then estimated the 3D skeletal joint positions of the user
using a ResNet-based network. The accuracy was compared with reference skeletal joint positions for calibration. The proposed
approach enables the tracking of diverse human poses while reducing the size of the large datasets traditionally required for
egocentric pose estimation.
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Table 1. Mean per joint pisition errors and evaluation of
heaviness (0: no difference, 1: little, 2: somewhat, 3:
much) for various motions

Motion Motion Average Heaviness

Style Length (fps) Errors (mm) (0~3)
Walking 3,120 30 1.6
Jogging 1,815 32 1.9
Running 1,432 38 2.1

Sitting 916 34 1.1
Standing 884 33 1.3
Punching 1,106 41 1.9
Kicking 798 43 2.3

Kicking

Sitting

d8 9. ¢l SEo=2RE FHE AR ED Kinect (WH)
2Z2[E2| Bl

Fig. 9. Comparison between the estimated and the Kinect
(red) skeleton from input motions
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