Learning Maneuver Dictionaries for Ground Robot Planning

Pierre Sermanet^{1,2} Marco Scoffier^{1,2} Chris Crudele^2 Urs Muller^2 Yann LeCun^1

(1) Courant Institute of Mathematical Sciences New York University New York, NY, USA

(2) Net-Scale Technologies Morganville, NJ, USA

Abstract— Vehicle dynamics is typically handled by models whose parameters are found through system identification or manually computed from the vehicle’s characteristics. While these methods provide accurate theoretical dynamical models, they may not take into account differences between individual vehicles, lack adaptability to new environments and may not handle sophisticated models, requiring hand-crafted heuristics for backwards motion for example. Similarly to space and aerial maneuver-based planning methods, we demonstrate a simple and computationally fast planning method for ground robots with obstacle avoidance. It bypasses the need for model parameters identification and hand-crafted heuristics, learns the particularities of individual vehicles, allows on-line adaptation and sophisticated models. Human-driven or autonomouslydriven trajectories are recorded and stored into a trajectory bank. While in learning mode, the robot records each traveled trajectory and places it into a bank, indexed by the initial speeds of each left and right wheels and the ending position at a fixed radius. Only the best trajectories are stored in the trajectory bank and then reused during autonomous runs for optimal short-range planning. Pre-computed (but not recorded) trajectories have been used in previous work and provide an important computational advantage over on-line computation methods, which are less practical in real-time applications due to the high-dimensional search space. A collision-free platform was developed without any hand-crafted heuristics or knowledge about the vehicle’s characteristics. This method is demonstrated on the LAGR platform, a non-holonomic (differential drive) off-road mobile robot.

I. INTRODUCTION As part as the LAGR program (Learning Applied to Ground Robots), a software navigation platform was developed to support research in machine learning applied to longrange vision. In order to demonstrate its full potential, highlevel and long-range perception must be free of the lowlevel perception, planning and control matters. Collisions and local planning optimization are mainly addressed by a low-latency system [16] that can take into account the vehicle’s dynamics. To build this collision-free system, a multi-layered architecture was designed to split the longrange deliberative perception and planning [5], [17] from the fast and short-range reactive perception and planning. The reactive module perceives and plans in real-time with a low latency while taking into account dynamics. As part of a complete collision-free navigation platform, we propose a simple and computationally fast method to use sophisticated dynamics models while avoiding complex and innacurate modelling of traditional methods.

A. Related Work

Optimal control techniques [1] for motion planning provide optimal solutions but suffer from high computational costs, making them impractical for real-time applications. Most efforts have concentrated on curve-fitting for online planning from line segments [20] or arcs [13] or clothoids [9] or cubic spirals [8]. Curve-fitting relies on identification of the parameters of a vehicle’s dynamical model. Our method provides a simple and automatic indentification of model parameters while bypassing the complex curve-fitting problem and resulting in a nearly null online computation cost. [15] introduced maneuver-based planning in free environments for aerial vehicles by recording human experts maneuvers, and later developed a maneuver-based automaton [3] that can concatenate trajectory primitives with a regular language. While the concept of trajectory recording for maneuverbased planning is the same, we extended it to perform obstacle avoidance as well, and apply it for ground robots non-holonomic planning. A similar pre-computed dynamics planning architecture was introduced by [2] but using an offline clothoids pre-computation method which still relies on hand-crafted modelling. [10] points out the need for a parametric trajectory representation in contrast to the prohibitively large space required by pre-storing methods. The practical results of [2] and this paper advocate in favor of trajectory pre-storing. While recording and pre-storing can certainly not address all nonholonomic planning problems, its simplicity and efficiency make it worth considering for some systems. Our recording method is currently limited to 2D planning and does not address the 3D challenges treated in [19], [7].

B. LAGR Research Context

Our long-range vision learning approach briefly introduced below is fully described in [5], [6]. The existing paradigm for vision-based mobile robots relies on handtuned heuristics: a stereo algorithm produces a (x,y,z) point cloud and traversability costs are assigned to points based on their proximity to a ground plane [11], [4]. However, stereo algorithms that run in realtime often produce costmaps that are short-range, sparse, and noisy. Our learning strategy uses these stereo labels for supervision to train a realtime classifier. The classifier then predicts the traversability of all visible areas, from close-range to the horizon. For accurate recognition of ground and obstacle categories, it is best to train on large, discriminative windows from the image, since larger windows give contextual information that is lacking in color and texture features. Other research has explored the use of online learning for mobile robots, but their methods have been largely restricted to simple color/texture correspondences [12], [14], [18].

II. SIMPLE TRAJECTORY RECORDING

The basic trajectory recording method described below provides good navigation performance with a minimum amount of development. Some refinements to increase performance will be described in the following section.

Running Time Obstacle hits Number of Runs Course steering trajectories steering trajectories steering trajectories 1 wall (easy) 19s 16s 0 0 1 1 2 walls (easy) 20s 15s 0 0 1 1 3 walls (moderate) 36.5s 18s 3 0 2 1 Slalom (hard) 56s 26.33s 11 0 1 3 Scattered (hardest) X 24 X 0 0 1

Fig. 9. Comparison of old steering-angle system (red) versus new learned-trajectories system (green). Both systems were run 1 to 3 times over 5 different 30 meter courses each consisting of a different arrangement of buckets as obstacles with gradually increasing difficulty (left: slalom course). Running times and number of obstacle hits are reported. The hardest course could not be completed by the steering-angle system because the course was systematically destroyed by obstacle hits. As the difficulty increases, the running time and number of hits of the steering-angle system increases dramatically. On the contrary, the new system with learned trajectories keeps a low running time over all courses and a total of 0 collisions. The trajectory bank used in this experiment was only 15% full and was extracted from 2 hours of human recorded runs.

subsampling. It gives however good approximations and very fast online computation and has not yet presented any of those limitations in practice.

VI. FURTHER WORK

Besides exploring more difference measures to cover more of the trajectory search space as discussed above, another interesting way of research is to increase the autonomy of trajectory recording with online and offline methods, in order to facilitate even more the recording process without any human intervention and to constantly optimize trajectories during navigation.

1) Offline Trajectories Search with Global Search Heuristics: As in [3], a set of recorded maneuver primitives could be used as a basis for a more complicated “language” of trajectories. An offline algorithm could reconstruct new nonrecorded trajectories from pieces of those basic trajectories. This way, all slots of the bank could get filled and optimized more easily. To speed up the search of optimized trajectories, global search heuristics such as genetics algorithms could be used to take advantage of the best trajectory pieces combinations.

2) Online Trajectories Recording in Production Mode: When the vehicle runs in production mode, it is very cheap to record and add new trajectories on the fly when more optimized ones occur. With minimal effort, the robot can constantly improve its driving skills through experience.

3) Online Trajectories Recording and Search in Selfsupervised Mode: Given a large obstacle-free training area, the robot can try to fill its trajectory bank itself by knowing which areas need trajectories or optimization. During this self-supervised learning mode, the trajectory space could be searched using simple wheel commands heuristics and gradient descent to approach the desired target points.

VII. CONCLUSION

We have described a simple and efficient trajectory recording method as part of a reliable collision-free navigation platform. The LAGR vehicle dynamics was integrated without any complex model parameter identification nor online curve-fitting solution search and with minimal engineering effort.

Acknowledgements

This work was supported in part by the DARPA LAGR program under contract HR001105C0038.

REFERENCES

[1] A. E. Bryson and Y. C. Ho. Applied optimal control. In New York:

Hemisphere Publishing, 1975. [2] D. Coombs, K. Murphy, A. Lacaze, and S. Legowik. Driving autonomously offroad up to 35 km/h. In Intelligent Vehicles Symposium, 2000.

[3] E. Frazzoli, M. A. Dahleh, and E. Feron. Maneuver-based motion planning for nonlinear systems with symmetries. In IEEE transactions on robotics, 2005.

[4] S. B. Goldberg, M. Maimone, and L. Matthies. Stereo vision and robot navigation software for planetary exploration. In IEEE Aerospace Conf. Proc., March 2002.

[5] R. Hadsell, A. Erkan, P. Sermanet, M. Scoffier, U. Muller, and Y. LeCun. Deep belief net learning in a long-range vision system for autonomous off-road driving. In Proc. of Int’l Conf on Intelligent Robots and Systems (IROS), 2008.

[6] R. Hadsell, P. Sermanet, J. Ben, A. Erkan, J. Han, B. Flepp, U. Muller, and Y. LeCun. Online learning for offroad robots: Using spatial label propagation to learn long-range traversability. In Proc. of Robotics: Science and Systems (RSS), 2007.

[7] T. Howard and A. Kelly. Terrain-adaptive generation of optimal continuous trajectories for mobile robots. In International Symposium on Artificial Intelligence, 2005.

[8] Y. Kanayama and B. Hartman. Smooth local path planning for autonomous vehicles. In Technical Report, Dept. of Computer Science, University of California, Santa Barbara , 1988.

[9] Y. Kanayama and N. Miyake. Trajectory generation for mobile robots.

In Robotics Research, MIT Press, Cambridge, 1985. [10] A. Kelly and B. Nagy. Reactive nonholonomic trajectory generation via parametric optimal control. In International Journal of Robotics Research, 2003.

[11] A. Kelly and A. Stentz. Stereo vision enhancements for low-cost outdoor autonomous vehicles. ICRA Workshop WS-7, May 1998.

[12] D. Kim, J. Sun, S. M. Oh, J. M. Rehg, and B. A. F. Traversibility classification using unsupervised on-lne visual learning for outdoor robot navigation. In IEEE Int’l. Conf. on Robotics and Automation (ICRA), May 2006.

[13] K. Komoriya, S. Tachi, and K. Tanie. A method for autonomous locomotion of mobile robots. In Journal of the Robotics Society of Japan, vol 2, pp 222-231, 1984.

[14] R. Manduchi, A. Castano, A. Talukder, and L. Matthies. Obstacle detection and terrain classification for autonomous off-road navigation. Autonomous Robot, 18:81–102, 2003.

[15] M. PiedMonte and E. Feron. Aggressive maneuvering of autonomous aerial vehicles: A human-centered approach. In International Symposium on Robotics Research, 1999.

[16] P. Sermanet, R. Hadsell, J. Ben, A. N. Erkan, B. Flepp, U. Muller, and Y. LeCun. Speed-range dilemmas for vision-based navigation in unstructured terrain. In Proc. 6th IFAC Symposium on Intelligent Autonomous Vehicles, 2007.

[17] P. Sermanet, R. Hadsell, M. Scoffier, U. Muller, and Y. LeCun.

Mapping and planning under uncertainty in mobile robots with longrange perception. In Proc. of Int’l Conf on Intelligent Robots and Systems (IROS), 2008.

[18] B. Sofman, E. Lin, J. Bagnell, N. Vandapel, and A. Stentz. Improving robot navigation through self-supervised online learning. In Proc. of Robotics: Science and Systems (RSS), June 2006.

[19] M. Spenko, Y. Kuroda, S. Dubowsky, and K. Iagnemma. Hazard avoidance for high-speed mobile robots in rough terrain. In Journal of Field Robotics, 2006.

[20] T. Tsumura, N. Fujiwara, T. Shirakawa, and M. Hashimoto. An experimental system for automatic guidance of a robotic vehicle following a route stored in memory. In Proceedings of the 11th International Symposium on Industrial Robots, pp 187-193, 1981.