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30 Years of SLAM: 
   
 
  

John Leonard  
 Samuel C. Collins Professor of Mechanical and Ocean Engineering 

Massachusetts Institute of Technology 
 

With thanks to many many people….. 

30 Years of SLAM: 
 

A Personal Historical Perspective  
on 3 Decades of Mobile Robotics Research 

John Leonard  
 Samuel C. Collins Professor of Mechanical and Ocean Engineering 

Massachusetts Institute of Technology 
 

With thanks to many many people….. 
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Outline 

 

• 1985-2015 

– 30 Years of papers 
– Are the “old” questions answered? 
– How do we measure progress? 

 

• Is SLAM “solved?” 

– If yes, how do we know it is solved? 
– If no, what are the open questions? 

 

 

Q: Where am I?                                                 
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Q: Where am I? A: Jenkin Building, Oxford 

Q: Where am I? A: Jenkin Building, Oxford 

Hartley and Zisserman, Cambridge University Press 
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Jenkin Building Basement, Circa 1989 

Representation 

Inference 

Systems & Autonomy 

Why is SLAM Difficult? 
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Occupancy Grids 
ICRA 1985 

1985 

“The key idea is to use a relational map, which is rubbery and stretchy, 
rather than to try to place observations in a 2-D coordinate frame. 

1985 Visual Map Making for a Mobile Robot  

Rodney Brooks, ICRA 1985 
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Chatila and Laumond, ICRA 1985 

Position Referencing and Consistent World 
Modeling for Mobile Robots, ICRA 1985 

French Television, 1982 

1985 

A Stochastic Map for Spatial Relationships 

Smith, Self and Cheesemen 

Proceedings of the Second Conference on Uncertainty in 
Artificial Intelligence, 1986 

1986 
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“Rather than treat spatial 
uncertainty as a side issue in 
geometrical reasoning, we believe it 
must be an intrinsic part of spatial 
representations. In this paper, we 
describe a representation for spatial 
information, called the stochastic 
map, and associated procedures for 
building it, reading information from 
it, and revising it incrementally as 
new information is obtained.”  

A Stochastic Map for Spatial Relationships 

Smith, Self and Cheesemen 

Proceedings of the Second Conference on Uncertainty in 
Artificial Intelligence, 1986 

1986 

Consistent Integration and Propagation of 
Disparate Sensor Observations  
Hugh Durrant-Whyte 

1987 

The International journal of 
robotics research 6 (3), 3-24 
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Tracking and Data Association 
Bar-Shalom and Fortmann, Academic Press, 1988 

1988 

Tracking and Data Association 
Bar-Shalom and Fortmann, Academic Press, 1988 

1988 
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Jenkin Building Basement, Oxford, 1990 

1990 Localization with an a priori map 

Mapping from Known Locations 1990 
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1991 The First Complete SLAM Implementation! 

1991 The First Complete SLAM Implementation! 
Philippe Moutarlier, LAAS 
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1992 Dynamic Environments (?) 

IJRR, 1992 

Durrant-Whyte, et al., “Localization of Autonomous Guided Vehicles”, ISRR, 1995 

Hugh Durrant-Whyte 
Grasp Lab PhD 1986 

 
Advisor: Lou Paul 

Mentors: Ruzena Bacjsy 
and Max Mintz 

1995 
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New approach to simultaneous localization and dynamic 
map building. Csorba, Uhlmann, and Durrant-Whyte  

 SPIE 1996 

1996 

Consistent Pose Estimation (Lu and Milios) 
1997 

Our approach is to maintain all the local frames of data as well as the relative 
spatial relationships between local frames. These spatial relationships are 
modeled as random variables and are derived from matching pairwise scans or 
from odometry. Then we formulate a procedure based on the maximum likelihood 
criterion to optimally combine all the spatial relations. Consistency is achieved by 
using all the spatial relations as constraints to solve for the data frame poses 

simultaneously.  
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1998 
Visual SLAM – 

Andrew Davison 

Visual SLAM – 

Andrew Davison 

1998 
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Loop-Closing – Gutmann and Konolige 
 

``A map is represented as an undirected graph: nodes are robot poses with 
associated scans and links are constraints between poses obtained from 
dead-reckoning, scan-matching, or correlation (Gutmann and Konolige, 
CIRA, 1999)” 

 
 

 

 

 

 

 

 

 

 

 

 

J.-S. Gutmann and K. Konolige. Incremental Mapping of Large Cyclic Environments, in: 
International Symposium on Computational Intelligence in Robotics and Automation 
(CIRA'99), Monterey, November 1999.  

1999 

Probabilistic Algorithms and the Interactive 

Museum Tour-Guide Robot Minerva – Thrun et al. 

2000 
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Optimization of the Simultaneous Localization 

and Map Building Algorithm for Real Time  
Implementation (Guivant and Nebot) 

2001 

IEEE Trans R&A, 2001 

Real-time SLAM using laser  
Paul Newman 

View from the robot Starting position Overhead view of 

scene (MIT Lobby 7) 

Final adjustment Return to home Real-time software 

2002 



METR4202 – Special Guest Lecture October 30, 2015 

16 

First SLAM Summer School 2002 

Montemerlo and Thrun, FastSLAM 2002 

AAAI 2002     Video courtesy of Cyrill Stachniss (from several years later) 
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An Atlas Framework for Scalable Mapping (Bosse) 2003 

ICRA 2003 

Thrun, Burgard and Fox, MIT Press 

Wolfram Burgard, Dieter Fox and Sebastian Thrun (July, 2014) 
 

Photo courtesy Wolfram Burgard 

2005 
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2006 

G. Grisetti, C. Stachniss, S. Grzonka and W. Burgard 
A Tree Parameterization for Efficiently Computing 
Maximum Likelihood Maps using Gradient Descent 

2007 

RSS 2007 
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 ISMAR, 2007 (Best Paper Award) 

Parallel Tracking and Mapping (PTAM) 
Klein and Murray 

2007 

FAB-MAP: Probabilistic Localization and Mapping in 
the Space of Appearance 
Mark Cummins and Paul Newman 

2009 

IJRR 2009 
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Sibley et al. – Relative Bundle Adjustment/VSLAM 2010 

ICRA 2010 

KinectFusion – Izadi, Necombe et al. 
2011 
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• Extension of KinectFusion               
(Newcombe, et al. ISMAR ’11) 

• Treat volumetric model as a cyclical 
buffer. 

– As region leaves the range of the buffer, 
extract surface data. 

– As region enters the range of the buffer, 
initialise and track the new data. 

Whelan et al. RSS 2012 RGB-D Workshop 

Kintinuous (Whelan, McDonald et al.) 
2012 

2013 

SLAM++ 

Salas-Moreno et al. 

CVPR 2013 
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“Deformation-based Loop Closure for Large Scale Dense RGB-D SLAM” by 
T. Whelan, M. Kaess, J. Leonard and J. McDonald, IROS 2013 

Kintinous Processing Pipeline (“Cloud Slices” 
connected to pose graph SLAM optimization)  

2013 

2014 

Google Tango – Journey 

www.youtube.com/watch?v=44vppay5UDc 



METR4202 – Special Guest Lecture October 30, 2015 

23 

Progress in SLAM online pose graph optimization 

(courtesy of Luca Carlone) 

Check out the slides from his recent MIT talk at http://www.lucacarlone.com/ 
 

2015 

Kintinuous with Dense 
Stereo on MIT DRC Atlas 

Maurice Fallon. Scott 
Kuidersma, Tom Whelan, 

and Russ Tedrake.   

2015 Kintinuous with Stereo – Walking over Stairs 
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Conclusion and Future Research Challenges 
Goals: 
• My dream is to achieve persistent autonomy and lifelong map 

learning in highly dynamic environments 
• Can we robustly integrate mapping and localization with      

real-time planning and control?                                              
 

Open Questions: 
• Robustness – we would love to have guarantees of 

performance, but we do not have them for most approaches  
• Representation – how can we integrate many different types? 
• We need dynamic scene understanding and robust vision                       

(recent work in computer vision is very exciting, but current 
precision-recall curves indicate we have a long way to go) 
 

 
 

Is SLAM “Solved?” 
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Its an Exciting Time to Work in Mobile Sensing! 

Postdocs and PhD students that can build real-time 
3D perception, navigation and motion planning 
systems are in high demand: 
• Virtual Reality 
• Mobile Devices 
• Self-Driving Vehicles 
• Drones 
Big tech companies such as Google, Apple, Facebook 
and Uber 
Small startups such as skydio 
Traditional companies in transition, such as Ford, 
Delphi, Continental, Bosch… 

 
 

Vision for Mobile Robotics:  
A Research Agenda 

• We need an object-based understanding of the 
environment that facilitates life-long learning 

• Let’s build rich representations that leverage knowledge 
of location to better understand about objects, and 
concurrently uses information about objects to better 
understand location 

– Sudeep Pillai: Monocular SLAM Supported Object 
Recognition (presented at RSS2015 on Tuesday) 

– Ross Finman: Automatic Discovery of Objects in 
lifelong Dense RGB-D maps 

 Key Idea: can we learn about objects through 
 observing changes in the world? 
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Pillai and Leonard, RSS 2015 

Representation 

Inference 

Systems & Autonomy 

Why is SLAM Difficult? 
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Inference 
State Estimation & Data Assocation 

Why is SLAM Difficult? 

Representation Systems & Autonomy 

Inference 
State Estimation & Data Assocation 
Learning 

Why is SLAM Difficult? 

Representation Systems & Autonomy 
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Inference 
State Estimation & Data Assocation 
Learning 

Why is SLAM Difficult? 

Representation 
Metric vs. Topological 
 

Systems & Autonomy 

Inference 
State Estimation & Data Assocation 
Learning 

Why is SLAM Difficult? 

Representation 
Metric vs. Topological 
Objects 
 

Systems & Autonomy 
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Inference 
State Estimation & Data Assocation 
Learning 

Why is SLAM Difficult? 

Representation 
Metric vs. Topological 
Objects 
Dense 
 

Systems & Autonomy 

Inference 
State Estimation & Data Assocation 
Learning 

Why is SLAM Difficult? 

Systems & Autonomy   
From Demo to  
Deployment 

 

Representation 
Metric vs. Topological 
Objects 
Dense 
 


