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3D Human Data Is Expensive to Acquire
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Modalities

v'Large-scale

v'Multi-modal
v RGB
v’ Depth/Point Cloud
v’ Action Label
v’ 2D Keypoints
v’ 3D Keypoints
v SMPL
v’ Mesh
v’ Texture

v'Mobile device
v Multi-task

e) Mesh f) Texture




Mobile Device

v'Multiple Modalities

v'Mobile Device
v'With Build-in LiDAR

v'Action Set
v'Multiple Tasks

a) Kinect (ID 0)
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Hardware
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a) Perspective view b) Top view
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Toolchain
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Shape Registration

Registration on High-Resolution Scans
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Textured Mesh Reconstruction

a) Point Cloud Denoising b) Depth-aware Texture Reconstruction




Textured Mesh and SMPL Sequences
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Action Set




Action Set

* Hierarchical
* Completeness
* Unambiguity
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(a) Schematic Diagram (Front View)
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(b) Schematic Diagram (Back View)

(¢) Action Hierarchy Diagram
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Subjects

Varieties in Genders, Ages, Body Shapes (Heights, Weights), Ethnicity, and Clothing
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Experiments
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Action Recognition

* Challenging action set Table 2: Action Recognition
e 25-AGCN obtains Top-1
accuracy of 88.9% and 82.9% Method  Top-1 (%)T Top-5 ()1
NTU RGB-D 60/120 -
SR 60/ ST-GCN 72.5 04.3
* Fine-grained actions 96 ACCN 741 05 4

* Large Top-1 vs Top-5 gap

e



3D Keypoints

* 3D keypoint estimation is
challenging in HuMMan

* Model trained on HuMMan
exhibits better transferability
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Table 3: 3D Keypoint Detection. PA:
PA-MPJPE

Train Test MPJPE | PA |

FON [62]

HuMMan HuMMan 78.5 46.3
H36M AIST++ 133.9 73.1
HuMMan AIST++ 116.4 67.2

Video3D [75]

HuMMan HuMMan 73.1 43.5
H36M AIST++ 128.5 72.0
HuMMan AIST++ 109.2 63.5
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3D Parametric Human Recovery VIR

e Point cloud-based
parametric human recovery
is challenging

Table 4: 3D Parametric Human Re-
covery. Image- and point cloud-based
methods are evaluated

Method  MPJPE | PA-MPJPE |

HMR 54.78 36.14

VoteHMR  144.99 106.32




Mobile Device

e Cross-device domain
gap exists

* More severe In point
cloud applications
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Table 5: Mobile Device. The models are
trained with different training sets, and eval-
unated on HuMMan iPhone test set. Kin.:
Kinect training set. i1Ph.: iPhone training

set. PA: PA-MPJPE

Met] Kin. iPh. MPJPE | PA |
HMR v - 97.81 H2.74
HMR - v 72.62 41.86
VoteHMR v - 255.71  162.00

VoteHMR

- v 83.18 61.69




Thank you!

Homepage:
https://caizhongang.github.io/projects/HuMMan/
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