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Top-Down

Human Detection + Single
Person Pose Estimation

Pros:

1. Use global context

Cons:
1. imperfect human detector

2. lIsolated limbs or occlusion

3. Two-stage pipeline

Bottom-up
Body part detection + Grouping

Pros:

1. Robust to occlusion and rare
poses.

Enable single-stage end-to-
end prediction

Cons:

1. Lacking in global constraints
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Joint Detection and Grouping

MJDG = Associative Embedding + Weakly-supervised instance segmentation

“weakly-supervised” human instance segmentation using only keypoint
supervision

Pose Estimation € instance segmentation [7]

[7]1 A. Kendall, Y. Gal and R. Cipolla. Multi-Task Learning Using Uncertainty to Weigh Losses for Scene Geometry and
Semantics. arXiv preprint arXiv:1705.07115, 2017




L2 Loss for detection
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Visualizations

Final Results Embedding Fields Instance Vector X Instance Vector Y
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Implementation Details

Note:

(1) Backbone network --- 4-stage stacked hourglass.
(2) Train from scratch using MHP dataset only.

(3) Single model without extra refinement.

(4) Multi-scale testing (2, 1.5, 1.25, 1, 0.75, 0.5)

(5) We use a weighted sum of losses. The weight of detection, grouping
and instance vector regression loss is 1:1e-3:1e-4 respectively.




Tablel. Pose Estimation Results on MHP validation dataset

MJIDG-seg . 87.3 79.6 71.0 60.4 73.5 74.0

79.7 71.5 61.2 74.0 74.6

Baseline . . 61.9 583 38.6 51.2 435

67.2

OSU-Human




Multi-person Pose Estimation on Other Datasets

Table3. Pose Estimation on COCO mini-val Table4. Pose Estimation on PoseTrack-val

PAF (our implementation) . Mask R-CNN (our implementation)

Mask R-CNN (our implementation) . PAF (our implementation)
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Rare Poses




Failure Cases




Thanks for your attention!




