
Simultaneous Localization 
and Mapping (SLAM)
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Big picture
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We are going back to estimation, but now consider that we don’t have a model	
of the environment a priori
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Mapping from Known Poses
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Resulting Map
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Maximum Likelihood Estimate
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Clip the occupancy grid map at a threshold of 0.5



Duckietown

k+1
k

We can estimate 
motion between consecutive  
poses from motion controls 
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We can estimate 
motion between consecutive  
poses from motion controls 
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Combining odometry & landmarks: 
the SLAM problem
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Combining odometry & landmarks: 
the SLAM problem
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Feature-based SLAM in Duckietown

14



Duckietown

SLAM: a bit of history

1990 2000 2005
EKF-SLAM

20101995 2015
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SLAM: a bit of history

1990 2000 2005
EKF-SLAM

20101995 2015

Particle Filter  
SLAM MAP estimation

Not included in today’s lecture: 
• sparse extended information filters 
• set membership methods 
• topological SLAM 
• many others..
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EKF-SLAM

https://www.youtube.com/watch?v=vCVS9WAffi4 

https://www.youtube.com/watch?v=vCVS9WAffi4
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Limitations
• Filter divergence: linearization may be a poor  

approximation of original nonlinear system

• Scalability: complexity is quadratic in  
the number of landmarks

• Convergence? Consistency?  
hard to provide performance  
guarantees

• Robustness: noise, outliers
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FAST-SLAM - Prediction
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FAST-SLAM Update (pt. 1)
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FAST-SLAM Update (pt. 2)
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Particle Filter View-based SLAM

Grisetti, 2007
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samples represent possible trajectories of the robot

Top: 
ground truth 

Left: 
PF-SLAM 

Right: 
mapping  

from  
odometry

Particle Filter view-based SLAM
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PF-SLAM in ROS
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gmapping: ROS 
package for  

PF-SLAM 

Plug & play,  
but requires a  

2D laser scanner  
and a decent  

odometry 

[courtesy of Cyrill Stachniss]
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Advantages & Limitations
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Relax EKF assumption 
nonlinear, non-Gaussian, 
less strict requirements on measurement model 

Particle depletion 
when uncertainty is large, a limited number of 
particles if a poor approximation of the posterior 
(poor performance in 3D)

# particles VS computational cost 
the more particles, the better the estimate, but  
computationally expensive
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Graph interpretation
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Graph:  

• vertices: poses to be 
estimated 

• edges: measurements 
between pair of poses

Pose Graph Optimization

prior
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Mechanical interpretation
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• measurements as 
springs connecting 
pairs of masses 

• MAP estimate is the 
position of the masses 
minimizing energy
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Lu & Milios

initial  
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Gauss-Netwon
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MAP estimation for SLAM: pose graph optimization,  
smoothing & mapping, optimization-based SLAM
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Challenges: MAP Estimation for SLAM
• Large scale optimization:

efficient & incremental solvers exist 
problem keeps growing over time 

• Non-convex optimization
available initialization techniques (new!) 
possible to study convergence (new!) 

• Not robust to outliers
possible to improve robustness using 
robust cost functions 
need more research on performance 
guarantees 
dynamic environments 

MAP  
estimate

wrong  
estimate


