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http://pointclouds.org/documentation/tutorials/interactive_icp.php#interactive - icp
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ÅData association
ÅCloset point

ÅK-D Tree

ÅNormal shooting

https://en.wikipedia.org/wiki/K -d_tree
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https://blog.csdn.net/fuxingyin/article/details/51425721
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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.
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ÅConvert the depth image into
ÅVertex map

ÅNormal map

ÅPyramid ICP
ÅProjective data association

ÅRemove outliers by normal direction and 
distance

ÅMinimize point to plane distance

ICP ҽᶛ̔KinectFusion



ÅFrame-to-model ICP based on surfels

ÅA time window divides the model into 

active/inactive part
ÅA surfel is active if it is most recent update time t

ÅOnly active surfels are used to do camera pose 

estimation  and depth map fusion

ICP ҽᶛ̔ElasticFusion
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ÅCorrespondence Filtering

Consistent Correspondence

RGB-D ҽᶛ̔BundleFusion
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ÅṾ ᴺ ֩ᾭ(Signed Distance Function):
Å sdf : Ὑ ᴼὙ

ÅḾ҈♇ p, sdf (p) ẹ҃ἫḜῑṃֹῳ ￼

Å sdf (p) ѭ 0 ￼ ᵀᴏѭ

ÅἈᾸṾ ᴺ ֩ᾭ(Truncated Signed 
Distance Function)
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http://flafla2.github.io/2016/10/01/ raymarching.html

TSDF: rendering by raycasting



ԍTSDF KinectFusion



ÅFor each voxel

ÅProject the voxel to image space

ÅCompute the TSDF observation d(x)

ÅUpdate by weighted sum

http://ifp.uni -
stuttgart.de/lehre/diplomarbeiten/korcz/index.html

ԍTSDF KinectFusionïIntegration



ÅOnly use depth image

ÅRobust to lighting

ÅWorks on dark environment

ÅBut not works on structureless scene

ÅHigh memory consumption

ÅEach voxel takes 8 byte

ÅA 2mx2mx2m scene, takes ~0.5GB at 5mm 

resolution (geometry only, double if add color)

ԍTSDF KinectFusion - Limitations



TSDF ̔Kintinuous


