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Problem: 3D Human Pose Estimation from a Single Image Training the Probabilistic 3D Human Pose Model Quantitative Results on Human3.6M Dataset
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Qualitative Results on MPIl Dataset
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The accuracy of both 2D and 3D landmark locations improves progressively
through the stages.
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5. Generate projected belief maps

2. From belief maps to 2D pose 1 if(i,j) =Y,

Y, = argmax b, [u, v] by . =
(u,v) |

3. From 2D to 3D pose followed by convolution with Gaussian filter
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