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Introduction

« 3D human pose estimation aims to extract 3D poses of people
from 2D images or videos.

 Methods can be divided into unsupervised methods and
supervised methods.

» Supervised methods: Accurate, need large-scale 3D datasets
* Unsupervised methods: Not very accurate, but can take advantage
of large amount of in-the-wild 2D data

3D data: « Needs expensive equipment such as motion capture systems
* Needs careful calibration and elaborate setup with multiple
sensors and bodysuits
* Impractical to use outside
2D data: « Easy and cheap to obtain, such as videos on YouTube

Proposed Strategies
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Replacing GAN with WGAN
* The balancing problem in GAN.

Body consistency constraints
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« Same body part should maintain same
bone length in different frames.

Quantitative Results

Qualitative Results
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