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Human Pose Forecasting Approach
Why Important? 3D Pose Forecasting Network (3D-PFNet) Architecture of the 3D-PFNet

1. The ability of forecasting reflects a higher-level intelligence beyond per- 1. Integrate recent advances on (1) single-image human pose estima- (a) (b)

ception and recognition. tion (hourglass networks [19]) and (2) sequence prediction (recurrent FC
2. For robot assistants, action forecasting is particularly crucial since the neural networks). Encoder Decoder I] [| 3DKevmointlocation
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capability of action recognition (i.e. identifying action categories after a . Convert 2D predictions into 3D space. o
complete obseravtion) is not sufficient for providing timely response. M 3D Translation to Projection
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predicted skeleton (3D location of N keypoints) at time <.
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Decoder (a) Recurrent hourglass architecture for 2D pose forecasting (b) 3D skeleton converter
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1. The first study on single-frame human pose forecasting. wnees P S

2. A novel DNN-based approach for 2D pose forecasting and 3D pose re- et — 1) Hourglass 2) 3D Skeleton Converter 3) Full Network
covery. TR M Pre-train the hourglass network on the MPII Train on the Human3.6M (MoCap) dataset ~ Train on Penn Action using static images

3. Outperforming performance over strong baselines on 2D forecasting Human Pose datase and fine-tune on the by synthesizing 2D pose heatmaps from 3D  and their corresponding ground-truth pose

and over two state-of-the-art methods on 3D pose recovery. Hourglass network [18] Penn Action dataset. ground truths. sequence.

Quantitative Results

1) 2D Pose Forecasting on Penn Action

oD Pose o Rl R : o p e Evaluation metric: Percentage of Correct Keypoints (PCK).
ey o Y MM monm O nm fame 0S€ * Our approach outperforms Nearest Neighbor (NN) based baselines.
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2) 3D Pose Recovery on Human3.6M
Ground-truth

Aol o e F L emr e 2 = Bl 2 P e Evaluation metric: mean per joint position error (MPJPE) in mm.
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