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Blending Gaussian Approximation and Particle
Filters for Real-Time Non-Gaussian SLAM

1. Introduction: Inferring posterior distributions of

robot poses and landmarks

- Motivation:
1) Evaluating uncertainty of localization and mapping
2) Planning how to reduce uncertainty for safe navigation
- Standard real-time methods:
1) Gaussian approximation?:
Good scalabllity but poor expressiveness
2) Rao-Blackwellized particle filters* (RBPF):

Good expressiveness but poor scalability
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Gaussian approximations! (ellipses) An RBPF approach?

2. Our algorithm: Blending Gaussian approximation and

particle filters for their complementary strengths.

SLAM example GAPSLAM

Gaussian approximation
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3. Range-only SLAM Experiment

Time step O

Time step 5

Time step 21

Time step 23

4. Object-based bearing-only SLAM Experiment
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(b) 3D map at time step 20

(c) final 3D map
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Pseudo ground truth
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- reinitialization
- update GA
- update samples
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