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Multi-view Semi-supervised Learning-based 3D Human Pose Estimation
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Abstract

3D human pose estimation models can be classified into a multi-view model and a single-view model. In general, the multi-view
model shows superior pose estimation performance compared to the single-view model. In the case of the single-view model, the
improvement of the 3D pose estimation performance requires a large amount of training data. However, it is not easy to obtain
annotations for training 3D pose estimation models. To address this problem, we propose a method to generate pseudo ground-truths of
multi-view human pose data from a multi-view model and exploit the resultant pseudo ground-truths to train a single-view model. In
addition, we propose a multi-view consistency loss function that considers the consistency of poses estimated from multi-view images,
showing that the proposed loss helps the effective training of single-view models. Experiments using Human3.6M and MPI-INF-3DHP
datasets show that the proposed method is effective for training single-view 3D human pose estimation models.
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Base L1-only Ours
MPJPE (mm) | PAMPJPE (mm) | MPJPE (mm) | PA-MPJPE (mm) | MPJPE (mm) | PA-MPJPE (mm)
Cam1 107.78 84.72 78.34 62.9 76.92 59.36
Cam2 99.7 79.11 106.12 86.41 98.19 77.66
Cam3 116.7 93.13 79.27 62.22 76.26 57.86
Cam4 96.57 76.76 93.76 74.79 84.71 67.15
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Table 2. Performance comparison of baseline models and proposed method (Ours) on MPI-INF-3DHP evaluation dataset
Base L1-only Ours
MPJPE (mm) | PA-MPJPE (mm) | MPJPE (mm) | PAMPJPE (mm) | MPJIPE (mm) | PA-MPJPE (mm)
Cam0 162.61 139.48 142.47 115.56 132.93 104.17
Cam2 183.31 156.48 188.87 149.03 166.40 134.20
Cam7 195.5 156.44 182.94 139.73 175.75 131.98
Cam8 161.26 140.60 149.02 126.76 132.39 108.00
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Fig. 4. Qualitative comparison of the proposed method (Ours) and the baseline (Base) model on Human3.6M (left) evaluation
datasets. 3D pose estimation results projected on the input images (left), and comparison results between the GT pose (gray
skeleton) and the estimated pose (colored skeleton) by each method (right)
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