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Self-supervised Single-Frame 3D Human Pose Estimation
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Self-supervised Single-Frame 3D Human Pose Estimation ‘
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Self-supervised Single-Frame 3D Human Pose Estimation

Input Triangulation Loss:

Projection Loss:

Consistency Loss:

Output Triangulation Loss:
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Self-supervised Temporal 3D Human Pose Estimation

Multi-view Temporal 3D Human Pose Estimation for indoor Environments
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Qualitative Results ‘
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Qualitative Results

Input

Reconstruction
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»» Weakly-supervised 3D Human Pose
Estimation for Autonomous Driving
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Related Work ‘

« Open Pose * Energy term minimization * Deep learning based
* First multi-person realtime 2D « Strong dependency * Multi-modal approach
pose detection system on labels and sensors * Moving vehicle
« Evaluation on 3D MOCAP data « 3D pose estimation via weak
supervision
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3D Human Pose Estimation for Autonomous Driving
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Weakly-supervised Multimodal 3D Human Pose Estimation ‘

Supervised Approach Weakly-supervised Approach
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Weakly-supervised Multimodal 3D Human Pose Estimation

Qualitative Results of the weakly-supervised Approach
Comparison between keypoint lifting, LIDAR-based regression and sensor-modality fusion

Ground Truth
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Conclusion ‘

Self-supervised Training Strategy 3D Human Pose Estimation in Indoor Environments
Multiple view Supervision without 3D Ground-Truth.
Single-Frame and Temporal Approaches
State-of-the-art results on public benchmarks

Competitive performance to fully-supervised approaches and generalization in the wild.

Self-supervised Training Strategy 3D Human Pose Estimation for Autonomous Driving
Weakly-supervised Approach
Multimodal Approach (Camera, LIDAR)

Future work:
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