RGB-D SLAM

R




X E

A RGBD<eyH
A RGB-D’
A¥Ws "~ &
A RKD-SLAM
Afrypzr




RGB-D J




RGB-D €05

A Kinect Xtion

Kinect

ZED TangoM M

an



RGB-D €0 5

AYTAsn 1
A Af
A ZED
A Tango
Ad _ x AJ
A Kinect v1
A Xtion

ATOFAT
A Kinect v2
A RealSense

https://www.pcmag.com/news/356997/microsoft -is-ending -kinect - production
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ICPa lterative Closest Point
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White: Original peint cloud
Red: ICP aligned point cloud
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http://pointclouds.org/documentation/tutorials/interactive_icp.php#interactive -icp
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|ICP Variants
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A Uniform Sampling

A Random Sampling

A Normal Space Sampling
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ICP Variants

A Data association

A Closet point
A K-D Tree

A Normal shooting

https://fen.wikipedia.org/wiki/K -d_tree



|ICP Variants

A Data association

A Project
A project and walk
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https://blog.csdn.net/fuxingyin/article/details/51425721



|ICP Variants
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A Uncertainty
Aoz’ o &




|ICP Variants
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|ICP Variants

ATy
A point -to -point
A point -to-plane  destination

destination
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Low K L. Linear least -squares optimization for point -to-plane icp

surface registration[J]. Chapel Hill, University of North Carolina,
2004, 4: 1.






ICP e Db * KinectFusion

A Convert the depth image into
A Vertex map
A Normal map

A Pyramid ICP

A Projective data association

A Remove outliers by normal direction and
distance

A Minimize point to plane distance



ICP e Db ° ElasticFusion

A Frame-to-model ICP based on surfels

A A time window divides the model into
active/inactive part
A A surfel is active if it is most recent update time t
A Only active surfels are used to do camera pose
estimation and depth map fusion

o ey
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RGB-D e D0 ° BundleFusion

A Correspondence Filtering

Consistent Correspondence

#pixels

Reproj Err(if) = ) |(pie — T Ty (0y(ma (T Tip))) -
k



RGB-D e Db BundleFusion

A Sparse-to -Dense Optimization

E(T) = WspurseEsparse (T) + WaenseEdense (T)

#frames #corresp.

Esparse (T) = Z Z HTiPi.t.: - T}pﬂfui
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RGB-D e D0 ° BundleFusion

A Sparse-to -Dense Optimization
E(T) — wspurseEspﬂrse (T) T WaenseEdense (T)

Edense (T) — WdepthEdepth (T) + WEGEGTEEGEGT (T}

#frames #pixels
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RGB-D e D0 ° BundleFusion

A Sparse-to -Dense Optimization

E(T) — WsparseEspﬂrse (T) T WaenseEaense (T)

Edense (T) — WdepthEdepth (T) + WCGEGTECGEGT (T}
#frames #pixels

o= Y Y P10 - 71 (5 Tp )
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TSDF
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TSDF: rendering by raycasting
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http://flafla2.github.io/2016/10/01/ raymarching.html



¢ TSDF KinectFusion

SIGGRAPH Talks 2011
KinectFusion:

Real-Time Dynamic 3D Surface
Reconstruction and Interaction

Shahram lzadi 1, Richard Newcombe 2, David Kim 1,3, Otmar Hilliges 1,
David Molyneaux 1,4, Pushmeet Kohli 1, Jamie Shotton 1,
Steve Hodges 1, Dustin Freeman 5, Andrew Davison 2, Andrew Fitzgibbon 1

1 Microsoft Research Cambridge 2 Imperial College London
3 Newcastle University 4 Lancaster University
5 University of Toronto




G TSDF KinectFusionT Integration

A For each voxel
A Project the voxel to image space
A Compute the TSDF observation d(x)
A Update by weighted sum
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http://ifp.uni -
stuttgart.de/lehre/diplomarbeiten/korcz/index.html



¢ TSDF KinectFusion - Limitations

A Only use depth image
A Robust to lighting
A Works on dark environment
A But not works on structureless scene

A High memory consumption

A Each voxel takes 8 byte

A A 2mx2mx2m scene, takes ~0.5GB at 5mm
resolution (geometry only, double if add color)
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