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Lifting 2D Keypoints to 3D Human Pose Estimation
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Quantitative Results
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* MHFormer performs better on actions with heavy occlusions, for
example, sitting and phoning. This is because MHFormer generates
multiple hypotheses

* PoseFormer performs better on actions with less occlusions, for

example, walking and posing. This is because single hypothesis is

Z d capable of predicting less occlusive actions while multi-hypothesis

j adds variance

' For all models, actions with heavier occlusion have

\/ worse performance compared with actions with less occlusion

|  Transformer models need at least the root location (trunk) for

inferencing 3D pose estimation

Input data accuracy (2D joint position) is crucial to the performance

of all the transformer models

Validation: S9, 11; total 543,360 frames

Data Pre-Processing:
* Obtain 2D key-point detection using CPN network
* 440 X 440 pixel around the center of person

Qualitative Results
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Future Works

Evaluation Metrics

Mean Per Joint Position Error (MPJPE)
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* Train more epochs until convergence
* Try alternate model architecture to leverage MHFormer multiple
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MPJPE(f,s) = - hypotheses along with PoseFormer to generate 3D HPE for

f= fra(r;wfi index | s — corresponding skeleton \//:// \ occluding situations
Py '— estimated ground truth. == * Potentially fuse Transformer-XL for increasing the long-term
P — estimated position of joint i
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