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. . ] Micfosoft HoloLens HTC Vive
Requirement of high-quality 3D content for AR, V _
UQ+ F I hmf w

Usually: manual modelling (e.g. Maya)

Wide availability of commodity RGB-D sensors:
efficient methods for 3D reconstruction

Challenge: how toreconstruct high-quality 3D
models with best-possible geometry and color
from low-cost depth sensors?
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RGB-D based 3D Reconstruction

Goal: stream of RGBD frames of a scenel 3D shapethat maximizes the geometric
consistency

Reaktime, robust, fairly accurate geometric reconstructions

DynamicFusion, 2015

XinectFusion: Reakime Dense DynamicFusion: Reconstruction and Tracking of BundleFusion: Reatti_me Globally Consistent
Surface Mapping and Tracking] + Non-rigid Scenesin Reaktime| Newcombe et al., 3D Reconstructlon_usmg Onthe-fly Surface
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State-of-the-art

Voxel Hashing

/. BaselineRGBD based3D reconstruction
framework

/A initial camera poses

/\ sparse SDF reconstruction

/" Challenges:

/A (Slightly) inaccurate and over-smoothed geometry
/" Bad colors
/" Inaccurate camera pose estimation

/" Input data quality (e.g. motion blur, sensor noise)

/" Goal:High-Quality Reconstruction of
Geometry and Color

SQdtim&2C Qdbnmrsqgt bshnm -~ s RNeRBRedetal. TdGR0L3. Unwdk G r ghmf { + 19
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State-of-the-art

High-Quality Colors [Zhou2014]

Optimize camera poses and image deformations
to optimally fit initial (maybe wrong)
reconstruction

But: HQ images required, no geometry refinement
involved
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State-of-the-art

High-Quality Colors [Zhou2014]

High-Quality Geometry [Zollh6fer2015]

Optimize camera poses and image deformations
to optimally fit initial (maybe wrong)
reconstruction

But: HQ images required, no geometry refinement
involved
Bnkng L o Noshlhy shnm enqg Regh Qd!
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Adjust camera posesin advance (bundle
adjustment) to improve color

Use shading cues (RGB) torefine geometry
(shading basedrefinement of surface & albedo)

But: RGB is fixed (no color refinement basedn
refined geometry)
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Adjust camera poses in advance (bundle
adjustment) to improve color

Use shading cues (RGB) torefine geometry
(shading basedrefinement of surface & albedo)

But: RGB is fixed (no color refinement basedn
refined geometry)

r>sRia b@hhmfinc vQd gh Bhimd ms dgqm Unkt | dsqgh
Zollhofer et al., ToG 2015

ldea:

jointly optimize for geometry, albedo and image formation model to

simultaneously obtain high-quality geometry and appearance!
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