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•  Mise en contexte 
•  Énoncé du problème de cartographie�en ligne’, à long terme et à 

grande échelle 
•  Description de l’approche de gestion de mémoire et de planification 

•  Résultats navigation autonome à long terme 
•  Schéma d’architecture 
•  Résultats comparatifs entre caméras et lasers 
•  Conclusion 
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Vous êtes 
ici! 
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Cartographie et Localisation Simultanées 
Simultaneous Localization And Mapping (SLAM) 
 

•  Localisation précise externe non disponible  
•  Exemple: pas de GPS 

•  Carte de l’environnement non disponible 
•  Les capteurs ne sont pas parfaits 
•  Problème de “l’oeuf ou la poule?” 

7 



Cartographie et Localisation Simultanées 
Simultaneous Localization And Mapping (SLAM) 
 

8 



Cartographie et Localisation Simultanées 
Simultaneous Localization And Mapping (SLAM) 
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1)  Détection de fermeture de 
boucle 

2)  Optimisation du graphe 

3)  Regénération de la carte 
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Détection de 
fermeture de boucle 

+ 
Optimisation du 

graphe 
+ 

Regénération de la 
carte 

 

Problématique de mise à jour ‘en ligne’, à long 
terme et à grande échelle 



Noeuds vues moins souvent et plus vieux (poids moins élevé) 
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Gestion de mémoire 
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Gestion de mémoire 



13 

Gestion de mémoire 
Mémoire à long 

terme 

Mémoire de travail 

Transfert 
(oublier) 

Noeuds Récupération 
(se rappeler) 

Dernière 
position 

� 



14 

Gestion de mémoire 
Suivi de trajectoire 

Noeud 
courant 

Trajectoire 
planifiée 
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Gestion de mémoire 
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Gestion de mémoire 



WP4	
WP3	

WP2	

WP1	

Battery Charger	

a)! b)! c)! d)! e)!

21 

Gestion de mémoire 
Expérience 

•  Robot patrouilleur 
•  Patrouiller entre 4 points de 

passage (WP1, WP2, WP3, WP4) 
•  11 sessions (~45 min chacune) sur 

2 semaines (total ~8 heures) 
•  111 cycles 
•  10.5 km 
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Gestion de mémoire 
Suivi de trajectoire de WP4 à WP1 
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Gestion de mémoire 
Performance d’atteinte des 
buts 
 

445 fois sur 446 
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Gestion de mémoire 
 

Temps de calcul Taille mémoire de travail 
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Gestion de mémoire 
Variables non constantes 
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Optional 
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4.5. EVALUATING COMPUTATION PERFORMANCE BETWEEN VISUAL AND
LIDAR SLAM CONFIGURATIONS WITH RTAB-MAP 99

(a) (b)

Figure 4.17 OctoMap of depth a) 16 and b) 14 using the RGB-D camera.

4.5.1 Examining the Use of RTAB-Map’s Memory Management

Mechanism

For large-scale and long-term SLAM where the graph is constantly adding new nodes, these
previous solutions to adjust computation load based on occupancy grid type may not be
sufficient. In all previously described experiments, RTAB-Map’s memory management
mechanism was disabled to always have access to global map for trajectory accuracy and
occupancy grid comparisons. To outline how much time is required for each module of
RTAB-Map’s WM in Figure 4.1 in a large scale environment, the two MIT Stata Center
sequences were played back to back, creating a long mapping experiment containing two
mapping sessions linked together. Both sequences start and finish at the same location, so a
loop closure between the end of the first sequence and the beginning of the second sequence
can be detected when playing the second bag, merging automatically the two maps. As
the ground truth coordinates between the two bags are slightly off, the ground truth of the
second bag is transformed in the same coordinates than the ground truth of the first bag.
To do so, we assembled the scans for each sequence separately using their respective ground
truths, then using pcl_icp tool 17, the two point clouds are registered and the resulting
transformation (x, y, ✓) = (0.006236 m, �0.351500 m, �0.017832 rad) can be applied to
the ground truth of the second bag. RTAB-Map’s update rate “Rtabmap/DetectionRate"
is also increased to 2 Hz to add twice the nodes to the graph, with “Mem/STMSize"
set back to 30 so that nodes stay the same time in STM than at 1 Hz. WM is limited

17. https://github.com/PointCloudLibrary/pcl/blob/master/tools/icp.cpp
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48 CHAPITRE 3. GRAPH-BASED SPLAM WITH MEMORY MANAGEMENT

Figure 3.15 Example where MPP plans a slightly different path (orange) than
the one provided by TPP (pink). The yellow dot is the current position of the
robot and the lower right image is the corresponding RGB image.

To test this idea, data from the 11 sessions were processed again to test the influences of the
graph reduction approach using real data acquired by the robot. Note that even though
graph reduction was validated offline, we carefully monitored the experiment manually to
make sure that the robot could still localize itself correctly on the planned paths.

Figure 3.17 shows a comparison of the final global map without and with graph reduction.
The zones with less blue links indicate that there were many nodes merged. The zones
with more blue links are where nodes were not merged, because of a lack of features or
because of obstacles: the robot was not able to localize itself perfectly on the paths every
time, thus adding new nodes to the map.

Figure 3.18 illustrates TPP planning time corresponding to LTM size with and without
graph reduction. As the LTM became larger, TPP planning time increased: with graph
reduction, TPP planning time was reduced by 89% for the last path planned (272 ms
instead of 2.4 sec). Figure 3.19 illustrates hard drive usage with and without graph
reduction. Extrapolating linearly memory usage with a 100 Gb hard drive, the robot
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Caméra Stéréo 
Caméra RGB-D (Kinect) 
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Laser 3D 

Robot PR2 

Comparaison SLAM visuel vs géométrique 
MIT Stata Center             KITTI 
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90 CHAPITRE 4. RTAB-MAP AS AN OPEN-SOURCE SLAM LIBRARY
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Figure 4.12 Trajectories using RTAB-Map (blue) against ground truths
(black) for the 2012-01-25-12-14-25 (left) and 2012-01-25-12-33-29 (right) Stata
Center sequences using stereo camera (top) or long-range lidar (bottom). Errors
between poses estimated by RTAB-Map and the ground truths are shown in red.

similar, the lidar-based approach follows the ground truth almost perfectly. Table 4.8
presents the resulting ATE performance for each sequence. Long-range lidar configurations
are the most accurate (lowest ATEend and ATEmax), and there are not so much differences
between S2M and S2S approaches using WheelIMU or not. For short-range lidar, it is
better to use WheelIMU→S2M over WheelIMU→S2S. The poor results of S2M and S2S
with short-range lidar are caused by the corridors in the sequences: as explained in Section
4.3.4, when entering a corridor with a constant speed and a short-range lidar, the robot
cannot know if it is accelerating or decelerating while seeing only two parallel lines, so
with the constant motion assumption, it drifts along the corridor direction until it reaches
the end of the corridor; for WheelIMU→S2M and WheelIMU→S2S approaches, this does
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Figure 4.12 Trajectories using RTAB-Map (blue) against ground truths
(black) for the 2012-01-25-12-14-25 (left) and 2012-01-25-12-33-29 (right) Stata
Center sequences using stereo camera (top) or long-range lidar (bottom). Errors
between poses estimated by RTAB-Map and the ground truths are shown in red.

similar, the lidar-based approach follows the ground truth almost perfectly. Table 4.8
presents the resulting ATE performance for each sequence. Long-range lidar configurations
are the most accurate (lowest ATEend and ATEmax), and there are not so much differences
between S2M and S2S approaches using WheelIMU or not. For short-range lidar, it is
better to use WheelIMU→S2M over WheelIMU→S2S. The poor results of S2M and S2S
with short-range lidar are caused by the corridors in the sequences: as explained in Section
4.3.4, when entering a corridor with a constant speed and a short-range lidar, the robot
cannot know if it is accelerating or decelerating while seeing only two parallel lines, so
with the constant motion assumption, it drifts along the corridor direction until it reaches
the end of the corridor; for WheelIMU→S2M and WheelIMU→S2S approaches, this does
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Laser longue-portée (30 mètres) 
RMSE = 5 cm 
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Séquence 07 

Caméra Stéréo Laser 3D 
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Caméra stéréo: 
RMSE = 1 m 
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Tableau 4.1 Popular ROS-compatible lidar and visual SLAM approaches with
their supported inputs and online outputs

Inputs Online Outputs
Camera Lidar Odom Pose Occupancy Point

Stereo RGB-D Multi IMU 2D 3D 2D 3D Cloud
GMapping X X X X
TinySLAM X X X X
Hector SLAM X X X
ETHZASL-ICP X X X X X Dense
Karto SLAM X X X X
Lago SLAM X X X X
Cartographer X X X X X Dense
BLAM X X Dense
SegMatch X Dense
VINS-Mono X X
ORB-SLAM2 X X
S-PTAM X X Sparse
DVO-SLAM X X
RGBiD-SLAM X
MCPTAM X X X Sparse
RGBDSLAMv2 X X X X Dense
RTAB-Map X X X X X X X X X Dense

SLAM2 and RGBiD-SLAM do not have any online outputs: they do have a visualizer
to see the pose and point cloud, but they do not provide them as ROS topics to other
modules out-of-the-box. VINS-Mono does provide current point cloud of odometry but
not the map and the TSDF map output is not available through the current project
page. The last entry in Table 4.1 situates what inputs can be used and outputs that are
provided in the extended version of RTAB-Map presented in this paper. Beside RTAB-
Map and RGBDSLAMv2, no visual SLAM approaches provide out-of-the-box occupancy
grid outputs required for autonomous navigation. RGBDSLAMv2 [Endres et coll., 2014]
is probably the visual SLAM approach sharing the most similarities with RTAB-Map,
since both can use external odometry as motion estimation. While they do not combine
IMU with camera, they can still use visual-intertial odometry approach with their external
odometry input. They can also generate a 3D occupancy grid (OctoMap[Hornung et coll.,
2013]) and a dense point cloud for depending modules. However, RTAB-Map can also
provide 2D occupancy grid like lidar-based SLAM approaches.
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Approches de SLAM disponibles pour robots mobiles (compatibles ROS) 

Laser 

Caméra 

Gestion de 
mémoire* 

✔ 

En résumé 



Conclusion 
Exemples de projets utilisant RTAB-Map: 
•  Fauteuil roulant autonome peu coûteux  
•  MANUELA (Orano): Instrumentation de mesure nucléaire  
•  MapIt: une application mobile pour la représentation virtuelle 3D de 

l’environnement domiciliaire au service du handicap et de la rééducation  
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