Collaborative Multi-Robot Localization

Dieter Fox, Wolfram Burgard, Hannes Kruppa, John Langford, and Sebastian Thrun

Problem: Throughout the last decade, sensor-based position estimation has been recognized as a key problem in mobile robotics [3]. The majority of existing work has focused on tracking the position of a single robot [1]. Here a robot knows its initial position and ŞonlyŤ has to accommodate small errors in its odometry as it moves. Recently, several methods have been developed that solve the more dif^cult global localization problem, that of estimating a robot’s position from scratch (see e.g. [7, 2]). Our approach to collaborative robot localization addresses the problem of globally localizing multiple robots operating in the same environment. The key question in this context is how to combine the sensor information collected by the different robots in an ef^cient and probabilistically sound way.

Impact: Ef^cient task achievement by multiple, collaborating robots becomes more and more important. Our approach allows to combine sensor information collected on different robotic platforms, thereby enhancing the localization performance of each individual robot. The importance of exchanging information during localization is particularly striking for heterogeneous robot teams. Consider, for example, a robot team where some robots are equipped with expensive, high-accuracy sensors (such as laser range-^nders), whereas others are only equipped with low-cost sensors such as sonar sensors. Here, collaborative multirobot localization facilitates the amortization of high-end high-accuracy sensors across teams of robots.

State of the Art: Almost all existing approaches to mobile robot localization address single-robot localization only. Moreover, the majority of approaches is incapable of localizing a robot globally; instead, they are designed to track the robot’s position by compensating small odometric errors. Thus, they differ from the approach described here in that they require knowledge of the robot’s initial position; and they are not able to make use of the additional information available when localizing multiple robots at the same time.

Approach: We propose an ef^cient probabilistic approach for collaborative multi-robot localization [6]. Our approach is based on Markov localization, a family of probabilistic approaches that have recently been applied with great practical success to single-robot localization. In contrast to previous research, which relied on grid-based or coarse-grained topological representations of a robot’s state space, our approach adopts a sampling-based representation [4, 5], which is capable of approximating a wide range of belief functions in real-time. To transfer information across different robotic platforms, probabilistic Şdetection modelsŤ are employed to model the robots’ abilities to recognize each other. When one robot detects another, these detection models are used to synchronize the individual robots’ beliefs, thereby reducing the uncertainty of both robots during localization. To accommodate the noise and ambiguity arising in real-world domains, detection models are probabilistic, capturing the reliability and accuracy of robot detection. The constraint propagation is implemented using sampling, and density trees are employed to integrate information from other robots into a robot’s belief (see Figure 1 for an example).

While our approach is applicable to any sensor capable of (occasionally) detecting other robots, we present an implementation that uses color cameras and laser range-^nders for robot detection. The parameters of the corresponding probabilistic detection model are learned using a maximum likelihood estimator. Experimental results, carried out in real and simulated environments, demonstrate that our approach can reduce the uncertainty in localization signi^cantly, when compared to conventional single-robot localization. In one of the experiments we showed that under certain conditions, successful localization is only possible if teams of heterogeneous robots collaborate during localization.

(a) (b)

(c) (d) (e)

Figure 1: Detection event: (a) Samples representing Robin’s belief during global localization. Marian detects Robin as it passes the lab. The sample set representing Marian’s belief at this point in time is given in (c). (d) Sample set re~ecting Marian’s belief about Robin’s position. (e) Tree-representation of this sample set. This tree is used to integrate the observation into Robin’s belief. (b) Sample set of Robin’s belief after incorporating Marian’s observation. The robot is now localized.

Future Work: Our current implementation of multi-robot localization only updates the belief of the detected robot (Robin in Figure 1). Preliminary experiments indicate that using an observation to constrain the belief of the detecting robot (Marian in Figure 1) can signi^cantly increase the performance of the approach. Furthermore, the current approach applies a simple heuristic in order to minimize the effect of using the same evidence several times (see [6] for details). By keeping separate parallel belief states for each robot detection, we can model the independence between sensor measurements in a probabilistically sound way.

Selected References:

[1] J. Borenstein, B. Everett, and L. Feng. Navigating Mobile Robots: Systems and Techniques. A. K. Peters, Ltd., Wellesley, MA, 1996.

[2] W. Burgard, D. Fox, D. Hennig, and T. Schmidt. Estimating the absolute position of a mobile robot using position probability grids. In Proc. of the National Conference on Arti�cial Intelligence (AAAI), 1996.

[3] I.J. Cox. BlancheŮan experiment in guidance and navigation of an autonomous robot vehicle. IEEE Transactions on Robotics and Automation, 7(2):193Ű204, 1991.

[4] F. Dellaert, D. Fox, W. Burgard, and S. Thrun. Monte Carlo Localization for mobile robots. In Proc. of the IEEE International Conference on Robotics & Automation (ICRA), 1999.

[5] D. Fox, W. Burgard, F. Dellaert, and S. Thrun. Monte Carlo Localization: Ef^cient position estimation for mobile robots. In Proc. of the National Conference on Arti�cial Intelligence (AAAI), 1999.

[6] D. Fox, W. Burgard, H. Kruppa, and S. Thrun. A probabilistic approach to collaborative multi-robot localization. Autonomous Robots, 8(3), 2000. To appear.

[7] R. Simmons and S. Koenig. Probabilistic robot navigation in partially observable environments. In Proc. of the International Joint Conference on Arti�cial Intelligence (IJCAI), 1995.