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DeepCap

Human performance capture from a monocular camera
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Challenges

= Monocular setting is inherently ambiguous

= High-dimensional problem
— Pose and surface deformation

Source: https://www fiylo.de/
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Related Work

= Capture using parametric models
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Xiang et al. 2018
Kanazawa et al. 2018

Metaxas et al. 1993, Plaenkers et al. 2001, Sminchisescu et al. 2003, Sigal et al. 2004, Joo et al. 2018,

Pavlakos et al. 2018, Kanazawa et al. 2019, Pavlakos et al. 2019, ...
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Related Work

= Monocular template-free capture
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Huang et al. 2018, Varol et al. 2018, Natsume et al. 2019, ...
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Related Work

= Template-based capture

Habermann et al. 2019 Xu et al. 2018

Carranza et al. 2003, Bray et al. 2006, Starck et al. 2007, De Aguiar et al. 2008, Brox et al. 2010,
Cagniart et al. 2010, ...
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DeepCap

Learning based approach

Pose + surface deformation

Weak multi-view supervision
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Personalized Character Model
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Inference Time
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Direct Supervision?
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Ground truth 3D pose

Difficult to obtain

Ground truth 3D surface
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Weak Supervision
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Training Data - Weak Multi View

OpenPose
(Cao et al. 2019)
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Color keying

Calibrated multi-view images
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Pipeline
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PoseNet
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PoseNet
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PoseNet
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PoseNet
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DefNet
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DefNet
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DefNet
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DefNet
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DefNet
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Qualitative Evaluation

Habermann et al. 2019

Overlay on
input image

Overlay on
reference view
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Qualitative Evaluation

3D view

Overlay on
input image

Saito et al. 2019 /heng et al. 2019 Ours
il il
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Quantitative Evaluation

Surface reconstruction accuracy

Method (on $4) Multi-view loU*
(in %)
HMR (Kanazawa et al. 2018) 65.1
— Person-unspecific
HMMR (Kanazawa et al. 2019) 63.79
LiveCap (Habermann et al. 2019) 59.96 N
ours 82.53 — Person-specific

—

*loU = Infersection over Union
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More resulis
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Our Results (Overlayed)
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