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Abstract

Research on 3D human pose estimation from egocentric images aims to estimate the 3D joint coordinates of a user from
egocentric images captured by a head-mounted camera. This research faces challenges such as correcting distortions in egocentric
images caused by fisheye cameras and improving real-time estimation performance. Existing models for 3D wholebody pose
estimation from egocentric images typically adopt a two-stage approach, where hand and body poses are estimated separately and
then combined. However, in this method, a decline in hand detection performance leads to a degradation in hand pose estimation
accuracy. To address this issue, we propose a one-stage approach that is not affected by hand detection performance and can
leverage the relational information between joints. To evaluate the proposed method, we construct the SceneEgo Hand Occlusion
dataset and demonstrate that our approach achieves robust hand pose estimation even under occlusion. Furthermore, we assess pose
estimation speed to validate its potential for real-time applications.
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Table 1. Notations of joint coordinates used in the pose refinement
module

Notation Description Dimension
P Initial wholebody joint coordinates RS55%3
P’ Refined wholebody joint coordinates R55%3

Body joint refinement network
Pgoay Body joint coordinates of P R15%3
Py mce | Left-hand MCP joint coordinates of P R5%3
Pru_mcp | Right-hand MCP joint coordinates of P R5%3
Pg Proay +Pry_mcp+Pru_mce RZ5%3
Pg Refined joint coordinates of Ps R25%3
Right-hand joint refinement network
Pry Right-hand joint coordinates of P R20%3
Prw Right wrist joint coordinates of P R1%3
Pgi Right elbow joint coordinates of P R1X%3
Py Priy+Prw+Prg R22X3
P Refined joint coordinates of Pr R?2%3
Left-hand joint refinement network

Py Left-hand joint coordinates of P R2Z0x%3
Py Left wrist joint coordinates of P R1X%3
Py Left elbow joint coordinates of P R%3
P, Pry+Pow+Prp R?2%3
Py Refined joint coordinates of Py RZZX3
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Table 2. Comparison of body estimation performance on the
EgoWholeBody test dataset

Model MPJPE PA-MPJPE
EgoWholeBody 66.28 43.14
Baseline 65.82 48.51
Ours 63.66 45.73
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Table 3. Comparison of hand estimation performance on the
EgoWholeBody test dataset

Model MPJPE PA-MPJPE
EgoWholeBody 33.10 19.68
Baseline 29.53 9.84
Ours 29.41 9.21
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Table 4. Comparison of wholebody estimation performance on the
EgoWholeBody test dataset

Model MPJPE PA-MPJPE
EgoWholeBody 71.24 43.14
Baseline 55.04 35.13
Ours 54,73 34.78
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Table 5. Comparison of body estimation performance on the
SceneEgo Hand Occlusion dataset

Model MPJPE PA-MPJPE
EgoWholeBody 142.36 106.22
Baseline 161.16 115.73
Ours 151.29 108.43
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Table 6. Comparison of hand estimation performance on the
SceneEgo Hand Occlusion dataset

Model MPJPE PA-MPJPE
EgoWholeBody 112.32 29.14
Baseline 49.06 16.63
Ours 48.31 16.50
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Table 7. Comparison of wholebody estimation performance on the
SceneEgo Hand Occlusion dataset
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Table 8. Comparison ofinference time and fps

Model Time(s) fps
EgoWholeBody 0.117 8.55
Baseline 0.011 90.91
Ours 0.013 76.92
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Table 9. Performance comparison according to the dimensionality of
the input image feature vector for the pose refinement module

Model MPJPE PA-MPJPE Feature dimension MPJPE PA-MPJPE | Inference time
EgoWholeBody 157.55 95.37 128 (Baseline) 65.82 48.51 0.011
Baseline 120.92 81.42 512 (Ours) 63.66 45.73 0.013
Ours 119.33 78.22 1024 64.10 44.80 0.015
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Fig. 7. Qualitative comparison on EgoWholeBody test dataset
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Fig. 8. Qualitative comparison on SceneEgo Hand Occlusion dataset
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