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Feature-based monocular SLAM 

Real-time operation 

Unprecedented performance with respect to other state-of-the-art SLAM approaches

1. Introduction
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Contributions 

Use same ORB features for tracking, mapping, relocalization, and loop closing                        
real-time without GPU, invariance to changes 

Tracking and mapping on local covisible area ( Covisibility Graph ) 

Capability of relocalization, recovery from failure, enhanced map reuse 

Loop closing based on optimization of a pose graph ( Essential Graph ) 

An automatic and robust initialization procedure based on model selection among 
planar and non-planar scenes 

A survival of the fittest approach to map point and keyframe selection, discard 
redundant keyframes —> improved tracking robustness

2. Overview
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Covisibility Graph 
Undirected weighted graph 
Very dense 
θ >= 15 

Essential Graph 
Spanning tree 
All nodes, subset of edges and loop 
closure edges 
θ >= 100 
Preserves strong network

2. Overview
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Bag of Words Place Recognition 
based on DBoW2 to perform loop detection and relocalization 

Vocabulary created offline with ORB descriptors  

Overview
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2. Method description
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Goal: Compute relative pose and triangulate an initial set of map points  

1. Extract ORB features and match 

2. Compute 2 geometrical models in parallel 
Homography matrix & Fundamental matrix 
Compute model score 

3. Use heuristic, select model 

4. Try to recover the relative pose 
Not enough inliers, then back to 1 
  ✓ Robust under low-parallax and the twofold ambiguity configuration 

5. Full bundle adjustment

 Map Initialization
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Tracking
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1. Extract ORB features 

2. Initial pose estimation if previously successful tracking 
Matches features & optimize poses 

3. Initial pose estimation if tracking is lost 
Global relocalization with bag of words 
Find pose & optimize 

4. Track the local map 
Local map: set of keyframes, their neighbors and seen map points 
Project the map points and match & discard some map points 

5. Decide whether the current frame stays as a keyframe or not 
Insert as fast as possible 
✓  Robust to camera movements
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Local Mapping
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1. Insert the keyframe 
Update covisibility graph & BoW representation 

2. Cull recent map points  

3. New point creation 
Triangulate ORB feature & match  
Discard if not fulfill the epipolar constraint 

4. Local bundle adjustment 

5. Cull local keyframes
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Loop Closing
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1. Detect loop candidates 
Candidates from the non-neighbors and with score more than the threshold 

2. Compute the similarity transformation (7 DoF) 
Information about the error accumulated and serve as geometrical validation 

3. Loop fusion 
Correct the keyframe pose & propagate 
Update the covisibility graph 

4. Optimize the essential graph 
Pose graph optimization 
Distribute the loop closing error along the graph
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4. Experiments and Results
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1. NewCollege: large robot sequences 
2. TUM RGB-D benchmark: 16 indoor scenes 
3. KITTI: 10 car outdoor sequences
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4. Experiments and Results
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Map before and after a loop closure in the NewCollege sequence
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4. Experiments and Results
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Time needed for loop closing increases sublinearly with the number of 
keyframes. 

Reason: BoW & sparse essential graph
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Localization accuracy in terms of Absolute Trajectory 
Error 

ORB-SLAM is able to process most of the 
sequences 

Higher accuracy when detecting large loops. 

4. Experiments and Results
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Relocalization comparing with PTAM using TUM 
RGB-D benchmark 

ORB-SLAM accurately relocalizes more than 
the double of frames than PTAM.

4. Experiments and Results
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Relocalization is robust under dynamic cases. 

Even in dynamic sequences, ORB-SLAM 
relocalizes 78% of the frames.

4. Experiments and Results
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Example of a challenging dynamic sceneExample of a challenging dynamic scene

https://www.youtube.com/watch?v=ZdxgIbd7nhI
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The number of keyframes saturates. 

Culling procedure of keyframes helps. 

4. Experiments and Results
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Loop Closing in the KITTI Dataset 
Accurate trajectories, exception of sequence 08  

ORB-SLAM needs loop closure for accurate reconstruction. 

4. Experiments and Results
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Indoor and outdoor scenes 

The accuracy is impressive. 

Combined new and old ideas,  
such as the loop detection, the loop closing procedure and covisibility graph, and ORB 
features. 

Adding new frames soon, cull when redundant  
—> capture fast movement while maintaining a compact but representative graph

6. Summary
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👍 Essential Graph, Covisibility Graph, BoW 

👍 Not overgrowing of map and number of frames in graph 

👍 Invariance and robust to different viewpoints 

👍 Applicable both indoor and outdoor scenes 

👍 Parallel computing of building blocks 

👎 Need of loop closure 

5. Comments
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Thank you for your attention. 

Questions?

23


