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The problem

Figure 1: The real scene
Figure 2: Reconstruction example
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Input: the ICL-NUIM dataset
• RGB-D Video (augmented)

Figure 3: Real image and depth map comparison

• Ground truth scene
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Input: the ICL-NUIM dataset
• RGB-D Video (augmented)

• Ground truth scene

Figure 4: An example of a ground truth scene from ICL-NUIM
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Challenges: odometry drift and loop closure

Figure 5: The general concept of loop closure
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Challenges: camera noise

Figure 6: An image before and after the removal of camera noise

Zygimantas Marcinkus (TUM) | Robust Reconstruction of Indoor Scenes 6

Computer Vision Group,Department of Informatics,Technische Universität München,



The paper: Robust reconstruction of indoor scenes
• Authors: Sungjoon Choi, Qian-Yi Zhou, Vladlen Koltun

• Conference on Computer Vision and Pattern Recognition 2015

An overview of the steps for reconstruction discussed in the paper:

1. Fragment construction

2. Geometric registration

3. Robust optimization

4. Finalization
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Fragment construction
Steps:

1. Divide the RGB-D video into k -frame segments (k = 50 in all experiments)

2. Use RGB-D odometry to estimate the camera trajectory

3. Fuse the range images to obtain a surface mesh for each segment

This results in a vertex set Pi = {p} and a rigid transformation Ri obtained from RGB-D odometry that
aligns Pi and Pi+1 for each fragment i .
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Rigid transformations and geometric registration

Figure 7: Visualizaion of registration with rigid transformations
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Geometric registration: analysis of the algorithms

Figure 8: A graph representing the process of choosing the algorithm used in the paper

1
|K ∗ij |

∑
(p∗,q∗)

||Tijp∗−q∗||2 < τ = 0.22 (1)

• Tij - analysed transformation

• T ∗ij - ground-truth transformation

• K ∗ij - set of point-to-point correspondences
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Geometric registration: analysis of the algorithms
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Geometric registration: PCL modified

Figure 9: Influence region diagram for the point pq

Figure 10: Equation 1 in the algorithm
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Robust optimization: pose graph

Figure 11: Pose Graph before optimization.
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Robust optimization: pose graph

Figure 12: Pose graph after optimization.
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Robust optimization: pose graph

Figure 13: Aspects of an edge connecting the vertex xi
and the vertex xj .

Figure 14: Example of a pose graph
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Robust optimization: pose graph
Output from previous steps:

• Fragments {Pi}
• Transformations {Ri} and Tij

Goal: compute localized set of poses {Ti}. Concretely, solve:

,
with f (Ti ,Tj ,X ) measuring inconsistencies between Ti and Tj and the relative pose X.
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Robust optimization: alignment term f

Figure 15: First glance at the alignment term with Kij as correspondences between XPi and Pj within ε = 0.05m.
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Robust optimization: computing f
Local parametrization representing X−1T−1

j Ti as ξ = (ω, t) = (α,β ,γ,a,b,c) and T−1
j Ti ≈ X−1

i yields

Figure 16: Local parametrization of X−1T−1
j Ti results
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Robust optimization: computing f
Using approximation (6) in f results in (with −[p]x is the skew-symmetric matrix form of the
cross-product with p, and I is the 3×3 identity matrix:

with Gp = [−[p]x |I]
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Robust optimization: line process

Figure 17: ICL-NUIM living room 1 with (c) and without (b) line process
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Robust optimization: line process
Add a line process L = {lij} with penalty function Ψ(l) = (

√
l−1)2:

Figure 18: The objective including a line process

• lij → 0 means Ψ(lij)→ 1

• lij → 1 means Ψ(lij)→ 0

• µ = τ2k where k - average cardinality of correspondance sets Kij and τ = 0.22
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Finalization
1. use g2o to optimize objective (2)
2. prune loop closures with lij < 0.25
3. refine using ICP
4. use pose graph optimization to obtain final fragment poses
5. (optional) use nonrigid refinement
6. fuse into a global mesh by volumetric integration
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Results: synthetic scenes
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Results: real-world scenes
• No ground-truth scene

• Pair-wise comparisons for each input sequence

• BRE as a measure ([−1;1])

Figure 19: ICL-NUIM scenes evaluated with this procedure
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Results: real-world scenes
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Results: real-world scenes
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Summary and Notes
• Reconstruction using global optimization based on line processes

• Robust to erroneous geometric alignments

• Significant accuracy increase

• Potential problem: no actual loop closures

• Potential problem 2: catastrophic odometry failure
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