Reliable Multi Robot Coordination Using
Minimal Communication and Neural Prediction

Sebastian Buck, Thorsten Schmitt, and Michael Beetz

Munich, University of Technology, Germany
{buck,schmittt,beetzm}Q@in.tum.de

Abstract. In many multi robot applications, such as robot soccer, robot
rescue, and exploration, a reliable coordination of robots is required.
Robot teams in these applications should therefore be equipped with
coordination mechanisms that work robustly despite communication ca-
pabilities being corrupted.

In this paper we propose a coordination mechanism in which each robot
first computes a global task assignment for the team that minimizes the
cost of achieving all tasks, and then executes the task assigned to itself.
In this coordination mechanism a robot can infer the intentions of its
team mates given their belief states. Lack of information caused by com-
munication failures causes an increase of uncertainty with respect to the
belief states of team mates. The cost of task achievement is estimated by
a sophisticated temporal projection module that exploits learned dynam-
ical models of the robots. We will show in experiments, both on real and
simulated robots, that our coordination mechanism produces well coor-
dinated behavior and that the coherence of task assignments gracefully
degrades with communication failures.

1 Introduction

Multiple collaborating robots with a common goal usually have to coordinate
their actions in order to avoid physical interferences and to achieve a maximum
of speed-up. Reasonably in cooperative multi robot systems the common goal is
decomposed into several tasks related to the individual robots of the system. The
decomposition in terms of tasks is unique and changes depending on the current
world state. Assuming such tasks can be performed by a single action each the
question is how to assign tasks (actions) to the robots. Actually a sequence of
actions is required for each robot to achieve the common goal. The complexity
of this combinatorial problem increases exponential with the number of robots.
Moreover the cost of a robot executing a certain action must be well known.
This requires an accurate prediction.

Typical multi robot applications dealing with this problem include robot
soccer, exploration, mine sweeping and messenger systems. The main advantages
of multi robot systems over single robot systems are speed-up and fault tolerance
[9, 11]. But without reasonable coordination a multi robot system can even be less
efficient than a single robot system (e.g. two robots block each other). Therefore



Mataric [18,19] suggests that control in multi robot systems must be addressed
as a separate, novel, and unified problem, not an additional 'module’ within a
single-robot approach.

Information acquisition of robots in general occurs by sensors or communi-
cation. To achieve consistency and cooperation in multi robot behavior some
kind of common basis for situation assessment is necessary (e.g. synchroniza-
tion or a common world model) [30]. Young et al. [32] distinguishes between
leader-following and behavioral schemes: While in the first approach one robot
organizes the whole coordination and assigns actions to the other robots in the
latter approach the robots autonomously decide supported by more or less com-
munication. An example for a leader-robot system is given in [10]. While in
the leader-following approach success strongly depends on the leader-robot and
therefore fault tolerance is poor the behavioral approach requires intelligent soft-
ware and computational resources on all robots. Behavioral systems can be cat-
egorized in those with a shared model of the environment, those with a shared
abstract description of the environment’s state (e.g. at the planning level), and
those without shared information. Examples for systems using global maps are
the collaborative exploration systems described in [8,27]. Alur et al. [1] periodi-
cally exchanges information at discrete time intervals. Many other systems rely
on communication too [14,17,23]. The system MAPS [31] uses globally shared
information remodeled in an abstract virtual space. Multi robot systems with a
shared model of the environment require the computation of such a model which
is nontrivial. Systems with synchronization on an abstract description level oblige
to change the implementation whensoever anything changes on that abstract
level (e.g. priorities in planning). Furthermore it is argued that communication
may lead to delays in information acquisition and can increase complexity and
degrade multi robot systems [12,16, 26]. However, using no shared information
means to be dependent on an accurate state estimation of the environment.

Assuming there is a common basis for action selection that characterizes the
current state of the whole multi robot system there is still the question of how
to best coordinate the robots’ actions. Agents must reason about expected team
utilities of future team states [29]. Forestalling interferences and estimating the
team utility requires in general the prediction of the consequences of a particular
action assignment for the robot team.

The approach proposed in this paper engages a minimum of communication
while primarily relying on a robot’s local information. The robots in our system
share no global model of the environment but individually estimate the state of
the environment with such an accuracy that a periodically exchange of some key
features (e.g. distances and angles) of the local estimations among the robots suf-
fices to ensure a cooperative action selection. Moreover these key features enable
one robot to put itself in each others robot’s situation and thereby to compute
the action selected by the other robot. The action selection process employs a
state-projection system based on neural networks that is able to project the
robots’ states into the future. This Projector is supported by a hybrid multi
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Fig. 1. A robot architecture in a multi robot system to facilitate cooperative behavior:
The robot’s state estimation is based on local sensor data and key features from the
other robots of the system (if available via communication). Local key features are
sent to the other robots. The robot estimates the environment’s state not only from
its local view but also from the views of the other robots. Thus cooperative action
selection is done by a wutility function which can rely on all of the robot’s local views. A
neural projector supports the utility function by estimating the time need for desired
state changes. Thereafter the target states of the actions are given to the multi robot
navigation system which considers path planning and computes the appropriate low
level control command for the robot.

robot navigation system. The whole system is implemented and tested in highly
dynamic robot soccer environment.

The remainder of the Paper is organized as follows: In Section 2 we give
an overview on the proposed multi robot coordination architecture and the ac-
tion selection algorithm and discuss advantages and disadvantages. Section 3.1
shortly describes how a single robot localizes itself and other objects and gen-
erates a model of its environment. Section 3.2 introduces the neural projection
system and describes how it works in conjunction with the employed multi robot
navigation system and the action selection algorithm. In Section 4 we put our
approach in relation with two concrete examples of robot soccer ((a) which robot
is to go for the ball and (b) playing double pass without explicitly learning it)
and give results of empirical investigations. Finally in section 5 we close with a
conclusion.

2 Overview

To coordinate a team of multiple robots with a common goal in a shared environ-
ment we use a layered hybrid system [2] containing a state estimation module,
an action selection unit, and a multi robot navigation system. The hybrid archi-
tecture works as follows (see fig. 1).



The robot receives sensor data from its camera and some key features from its
team mates. Out of that information a model of its environment is built. Thereby
principally local information is used while the other robots’ key features (if
available) are used for evidence. Additionally the robot constructs a model of the
environment from each other robot’s local view by primarily relying on the key
features of that robot. If those features are not available due to communication
problems only local information is used.

This technique enables the action selection unit not only to choose an action
from a local point of view but to put the robot in another robot’s situation and
thereby to consider the choice of that robot. This consistency allows the robot to
behave cooperative and avoids robots interfering one another. Action selection is
done by a simple utility function which is based on a priority list of actions. It is
supported by a sophisticated neural projection system which estimates the time
need for a requested change in state. Actions are assigned at a frequency of 10Hz
and may change depending on the world state even if the respective task was
not completed. There is no explicit synchronization between the robots but each
robot deciding every 100ms allows only very short times of double assignments.

Each action can be mapped to a certain target state for the robot. All of those
target states (consisting of position, orientation etc.) are given to the multi robot
navigation system whose task it is to compute a low level control command
leading the robot towards its target state considering obstacle avoidance and
motion dynamics.

A Cooperative Action Selection Algorithm Action selection from a set of
actions 4 in the context of a multi robot system R with a common goal means
to find a mapping S : R — A which assigns each robot of the team r; € R a
different action (task) a; € A in a way that the common goal can be performed
with minimal costs (¢(r;, a;) is the cost for robot r; performing action a;).

IR

mch(n,sm)) S(ri) #S(rj) i #j (1)

Since this combinatorial problem is NP-hard usually heuristics are applied
for minimizing the cost function. Assuming there are only four robots and four
actions given this problem can be solved exactly with the amount of comparing
all 24 options.

All the above considerations are based on the assumption that each robot
can perform all actions and most notably that the performance of all actions is
equally important. But in mine sweeping disabling a mine directly near a civil
institution is prior and in robot soccer shooting the ball is more important than
any other action in an offensive situation. Furthermore not all robots can execute
all actions: A soccer robot without ball cannot shoot the ball and a robot that
is stuck cannot move at all. Recapitulatory this means for certain applications
the use of a priority list as well as a feasibility list of actions is necessary. Hence
we define a feasibility function



F : R x A — {true,false} (2)

mapping a robot and an action to a boolean value (estimating the probability of
success F can map to [0,1] too [7]. In this case the following algorithm has to be
modified and thresholds are used). In the following algorithm A (R) denotes the
priority list of actions (the set of idle robots). This algorithm takes into account
that the actions are not equally important and not necessarily feasible for all

robots.

R=R
fori=1to|R|

S(r;) = no_operation
fori=1to |A

FRADA min, 5 (c(r,a;)) < o0

r; = argminTE,,g(C(T; az’)) (3)
S(’f‘j) = a;
R=R\r;

The algorithm initializes all robots with the action no_operation and then
loops for all actions in the order of priority.

priority(a;) > priority(a;) < i < j 4)

If there is an idle robot left which can perform the current action the robot
with minimal cost to perform this action is chosen to do so. The costs ¢(r, a)
are set to infinity if a robot r cannot perform the action a and to a predicted
value P(r, a) otherwise. The prediction P depends on the application dependent
criterion of optimization.

00 if F(r,a) = false
olra) = {’P(r, a) otherwise (5)
Using the above algorithm each robot employs P not only for predicting its
own cost but for comparing it with the values computed for its team mates.
Relying on identical software and the same local environment data the action
selection of this algorithm is unique and consistent. By predicting the cost for
robot r; performing a less important action a; P can already rely on the knowl-
edge which robot is to perform a more important action and in case there might
be any interference P(r;,a;) will increase. This mechanism forces cooperative
behavior and informs all robots on the action selection of their team mates. The
major advantages of this approach so far are

— A robot can put itself into the situation of a team mate and thereby will
behave cooperative by considering the team mates’ decisions.

— All sequences of chosen actions are locally known and toggling situations in
action selection can easily be detected and avoided.



— The algorithm is resistant against a crash of a single robot which will be
detected (if not moving and not communicating for a certain time). Likewise
a new robot can easily be integrated in the system. In systems using a high-
accuracy state estimation there is even no communication necessary.

— The concept works fine with homogeneous and heterogenous robots. For
heterogenous robots P must be implemented for each different robot.

— The laborious computation of a global map of the environment is not nec-
essary. There is no loss of time for broadcasting a global map.

3 Cooperative Action Selection

3.1 State Estimation

Since action selection strongly depends on a robots view of its environment we
first describe how a robot estimates its state.

Probabilistic State Estimation We employ a state estimation module for
individual autonomous robots [25] that enables a team of robots to estimate
their joint positions in a known environment (such as a soccer field or an office
building) and track the positions of autonomously moving objects. The state
estimation modules of different robots cooperate to increase the accuracy and
reliability of the estimation process. In particular, the cooperation between the
robots enables them to track temporarily occluded objects and to faster recover
their position after they have lost track of it.

The state estimation module of a single robot is decomposed into subcom-
ponents for self-localization [13] and for tracking different kinds of objects. This
decomposition reduces the overall complexity of the state estimation process
and enables the robots to exploit the structures and assumptions underlying the
different subtasks of the complete estimation task. Accuracy and reliability is
further increased through the cooperation of these subcomponents. In this co-
operation the estimated state of one subcomponent is used as evidence by the
other subcomponents.

Considering further Physical Properties for State Estimation So far
physical properties like inertia and acceleration of robots are not considered
for state estimation. All robots are dealing more or less with a dead time which
means that at the moment a robot is performing visual localization it has already
sent control commands (e.g. translational and rotational velocity) for further
movements. These sent commands can be used to predict the robot’s state a
little time ahead. This requires a mapping

A Cc X f = Csucc (6)

from a current state (. and a sent command & to the successor state (syce-
A is learned from experience, that is recorded data from real robot runs. We



Fig. 2. A training scenario in the multi robot simulation environment (M-ROSE): To
acquire training patterns for the neural projector P a robot is set to a randomly defined
start state (s (position of the robot in subfigure a) and has to drive to a randomly
defined target state (; indicated by the dashed arrow. The direction and length of this
arrow indicate the target state’s orientation and velocity. The time the robot needs

to reach its target state (subfigure b & c) is taken to complete the training pattern

((Csa <t>7time)'

propose to learn this mapping using a simple multi layer neural network and
supervised learning with the RPROP algorithm [22]. Depending on the number
of command cycles equating with the dead time A has to be applied repeatedly
to the current state. This enables a robot to perform action selection and path
planning considering its future state which is predetermined anyway.

In many mobile robot applications robots can get stuck or blocked by other
objects. It is very useful to detect such a situation because it may strongly
change the process of action selection not only of the affected robot but of all
team mates too. To detect such a situation we employ A once again. Recording
the low level commands £ sent to the robot we can predict the robot’s changes in
state. If they differ significantly from the measured changes in state we assume
the robot is not able to move correctly. This information is posted among the
robots and will be considered in action selection. If communication fails and a
robot does not move a certain time it will be considered dead anyway. Moving
again it will be considered alive again.

3.2 A Neural Projection System to Estimate the Time Need for
Changes in State in Robotics

As mentioned in section 2 the costs ¢(r;, a;) of a robot r; performing an action
a; depend on the specific application. In traveling it may be the way, in mine
sweeping the time use per mine and in robot soccer the time to score or prevent
a goal.

As written above we decompose a goal into several tasks which can be per-
formed by an action each. In our case the costs ¢(r;,a;) of a robot r; can be



described as the time to complete an action a;. Assuming that to complete an
action means to reach a certain target state we try to predict the time a robot
needs to reach that target state. This will give us an information how suitable it
is that a robot performs a proposed task. That means we have to estimate the
time need of a robot to complete an action considering the following:

— Knowledge of the dynamic behavior of the robot itself must be acquired.
— Actions of team mates must be taken into account.
— Other dynamic objects must be regarded as moving obstacles.

Due to the physical complexity of this problem it seems impossible to esti-
mate the amount of time without learning algorithms. But learning the projec-
tion

P:Rx A= time (7

with data from real robot runs would require an impractical huge amount of
time for data acquisition. Less expensive is to construct a robot simulator which
mimics the physical behavior of the robots. Our multi robot simulation environ-
ment (M-ROSE,[4]) is based on the state change function A (equation 6). Not
only the development of a low level controller but the implementation of an ac-
tion selection unit are substantially simplified by this. Once an accurate level of
simulation is achieved one can obtain unlimited training data for learning from
such a multi robot simulator.

Learning a Neural Projection Neural Networks have been shown to be an
accurate means for the prediction of run-times (see Smith et al.[28] for exam-
ple). Hence we choose neural learning to obtain P. We apply multi layer networks
and the backpropagation derivative RPROP [22] because of its adaptive step-size
computation in gradient descent. The data we use to train the neural projector
P is completely obtained from the also learned simulator in minimal time. The
training patterns are of the form ({((s, (;),time) where ( is the randomly chosen
start state of a robot and (; its also randomly chosen target state in the simula-
tion. We get the necessary value of time by simulating a robot driving from (, to
(i (see fig. 2). P was trained with around 300.000 patterns using a network with
input, output, and two hidden layers. At learning time there are no other ob-
jects or team mates taken into consideration. Using validation patterns for early
stopping [24] the trained network achieved an average error of 0.13 seconds per
prediction on a test set not used for learning. Due to the inherent indeterministic
robot behavior and noise this is an acceptable result.

Taking the Actions of Team Mates into Account Using the proposed al-
gorithm (3) to select a robot to execute an action a; we can consider the behavior
of all robots executing actions a; under the condition that ¢ < j (a; prior to a;).
Thus we can use this knowledge to compute P(r, a;) for any robot r € R. Since
we know all start and target states of all robots executing actions ay (k < j) a



set of start and target states as well as the priority of each target state (action)
is given. A multi robot navigation system receives this data and computes the
paths for all concerned robots including r. The multi robot navigation system
(described more in detail in [5, 6]) consists of three components: an artificial neu-
ral network controller, a library of software tools for planning and plan merging,
and a decision module that selects the appropriate planning and execution meth-
ods in a situation-specific way. The system has learned predictive models for the
performance of different navigation planning methods by experimentation. The
decision module uses the learned predictive models to select the most promising
planning methods for the given navigation task. If the multi robot navigation
system proposes to apply a path planning method for r to get from its start
state (, to its target state (; and the first intermediate state on the computed
path is (; the time need is set to

P(Cs5G) = P(Cs,Gi) + P(Gis o) (8)

This equation may be used recursively for the computation of P((;, ;) if ¢;
is not the last intermediate state on the computed path.

Considering Moving Obstacles The multi robot navigation system considers
moving obstacles as well. The objective of the navigation system is to achieve
a state where each robot is at its target state as fast as possible. A set of rep-
resentative features considering all obstacles is computed to characterize the
navigation task. These features are then tested by a learned decision tree (see [5,
6] for more details) that chooses the most promising single robot path planning
and plan merging method provided by a toolbox of algorithms. The decision tree
was trained using moving obstacles with random direction. The toolbox extracts
sequences of target states from the repaired plans and sends those sequences to
the neural network controllers of the respective robots.

4 Empirical Investigations

The algorithm described in section 2 has been implemented and extensively
tested in simulation and real robot environment. Being highly reliant on cooper-
ation soccer playing robots are a suitable appliance for the approach described
above. We observed (a) the behavior of a team of 11 autonomous soccer robots
in the RoboCup simulation league environment and (b) the behavior of 4 real
robots belonging to the RoboCup MidSize league.

4.1 Simulation Experiments

In the RoboCup simulation environment a soccer team consists of 11 autonomous
software agents communicating with a server program [15,20]. The agents re-
ceive sensory data and send low level control commands. Using the Karlsruhe



Brainstormers agent of RoboCup 1999 [21] as a basis for our experiments each
robot can avail itself of a set of actions

A = {shoot2goal,pass2player,dribble, receive_pass,go2ball, offer4pass,gohome}

which are mapped to low level commands by the agent. The feasibility func-
tion F is instantiated by hand-coded functions based on situation dependent
features. Action selection is done at the frequency of 10Hz. There is no direct
communication between the agents but a limited communication via the soccer
server simulation program.

We played several games and recorded the locally selected actions of all agents
and measured how many times the agent chosen to receive a pass by the agent
playing the pass was identic with the agent planning to receive a pass in rela-
tion to all passes played. At this we rated a match within a temporal difference
of 0.1 seconds (1 simulation cycle) positive. This quotient gives us a measure
of cooperation since pass play is a paradigm of cooperation. The experiments
were performed with working communication and temporary disordered commu-
nication. In the following table one can see the above explained quotient with
working communication and with a communication breakdown every 30, 60, and
120 seconds which lasts tpq seconds with tpg uniformly distributed over [0, 30]
seconds. Furthermore we played games without any communication. Each result
is based on 10 games respectively.

|Communication [Matches (pass player / receiver)[Average goals per game]
full 82.1% 8.1
breakdown each 120 s 76.2% 7.4
breakdown each 60 s 70.1% 6.5
breakdown each 30 s 66.1% 6.1
no communication 63.9% 5.7

One can see that an increasing frequency of communication breakdown ac-
companies with a decreasing number of goals scored per game. Moreover less
communication means less successful planning of pass play and therewith less co-
ordination. Nevertheless a team using no communication is able to score around
70% of the goals a team with full communication scores. Additionally 77.8%
of the matching quotient of a team using full communication is reached by a
team without any communication. These results document that the chosen ap-
proach for action selection and coordination is robust and can deal very well
with temporary failures.

Double Pass Play Without ever explicitly learning to play a double pass and
no special double-pass-plan specified not seldom double pass play was observed.
Analyzing some cases of double pass play we found a reasonable pattern to
explain this effect (see fig. 3). Robot number 3 holds the ball and decides to pass
to player number 2. Meanwhile player number 2 puts itself in the situation of
player number 3 and recognizes that it has to receive a pass:



Fig. 3. A double pass scenario in the RoboCup soccer server environment. Player 3
chooses to play a pass to player 2 while at the same time player 2 awaits the ball
(subfigure a). After player 3 gets rid of the ball he starts to offer itself for a pass
play. As player 2 gets the ball player 3 computes that player 2 will pass the ball again
(subfigure b). Finally player 3 gets back the ball (subfigure ¢ & d).

S(r3) = pass2player, S(re) = receive_passs

Immediately after having played the ball player 3 performs S(r3) = offer4pass
to offer itself for a receipt of a pass (fig. 3a). As player 2 receives the ball it
chooses to play a pass to player 3. Meanwhile player 3 puts itself in the situation
of player number 2 and recognizes that it has to receive a pass (fig. 3b):

S(r2) = passZplayers S(r3) = receive_pass,

Further player 3 performs S(r3) = receive_pass while player 2 performs
S(r2) = offer4pass after playing the pass back to player 3 (fig. 3c). Receiving
the ball again player 3 is to choose from {shoot2goal,pass2player,dribble} again
(fig. 3d).

4.2 Real Robot Experiments

To evaluate our approach in a real robot environment we choose the RoboCup
MidSize league. Two teams of 4 players compete on a field of about 9 meters in



length and 5 meters in width. Compared with the RoboCup simulation league
there are some new challenging problems: The sensory data is not provided by
a server program but must be acquired by the robot itself. Furthermore most
robots are not able to receive a pass from any direction (like in simulation league)
and path planning is more important on a comparably small field (the field in
simulation league is 105 meters long). For our experiments we use the Agilo
RoboCuppers team [3] as a basis. The available list of actions looks as follows:

A = {shoot2goal,dribble,clear_ball,go2ball,gohome, get_unstuck}

To demonstrate the coordination of the team we measure the number of
robots performing go2ball at the same time. Further we observe how long the
same robot performs go2ball without being interrupted by another robot. The
data was acquired from five real robot games against different opponent teams
at the international robot soccer world cup 2001. The following table depicts in
how much percent of the whole time played none, one, and more than one robot
performed go2ball. The frequency of action selection is around 10Hz.

#robots performing go2balll quota in relation to
at the same time the whole time played
0 00.34%
1 98.64%
>1 01.02%

The average time one robot performs go2ball or handles the ball without
being interrupted by a decision of a team mate is 3.35 seconds. In only 0.25%
of the time a robot that is stuck is determined to go for the ball by the other
robots.

These results show that, in the context of robot soccer, coordination is war-
ranted to a great extent. There are hardly ever situations where no robot or
more than one robot approaches the ball at a time and the situations in which
it is not clear which robot is to go for the ball are just a few.

Solving Situations with Stuck Robots In a highly dynamic environment
like robot soccer not seldom a robot gets stuck due to another robot blocking
it. The following example shows how such incidents were handled by the robots
in our experiments (see fig. 4). Robot number 2 is supposed to be the fastest to
get the ball and therefore approaches the ball (fig. 4a): S(r2) =go2ball. Near the
ball robot 2 collides with an opponent robot. Robot 2 is in a deadlock situation
and cannot move forward anymore. The only action feasible to execute remains
get_unstuck. Thus robot 3 approaches the ball now (fig. 4b):

F(re,a) =0Va € A\ get_unstuck S(rz) = get_unstuck S(r3z) = go2ball

Having reached the ball robot 3 dribbles towards the opponent goal while
robot 2 is moving backwards (fig. 4c):
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Fig.4. An example for intelligent cooperation in a real robot soccer environment.
Robot 2 approaches the ball (subfigure a) and thereby collides with a robot of the
opponent team (subfigure b). As the opponent robot constantly pushes robot 2 is stuck
and temporary not regarded by the other robots. Thus robot 3 moves towards the ball
while robot 2 tries to get unstuck (subfigure c¢). Finally robot 3 dribbles towards the
opponent goal while robot 2 is staying back in its own half (subfigure d).

F(ra,a) =0Va € A\ get_unstuck  S(ry) = get_unstuck  S(r3) = dribble

Further on robot 2 is no more stuck and robot 3 is still dribbling:

F(ra, go2ball) =1 S(ry) = gohome S(rs) = dribble

5 Conclusions

In this paper we propose an autonomous approach to collaborative action se-
lection for multi robot environments. Action selection directly depends on the
model of the environment. Our state estimation process of a single robot is
mainly based on local sensor data while information from other robots is used
for evidence only. Decision making is supported by the ability of a robot to put



itself in its team mates’ situation. This mechanism used by humans and apes
allows cooperative behavior among the robots. Moreover employing a neural pro-
jection system each robot can estimate the time need for itself or other robots
to reach a certain state. Our technique has been implemented and tested in the
highly dynamic and cooperation-dependent RoboCup environment both in sim-
ulation and in real robot runs. The results show that the proposed approach is
reliable and, to a high extent, fault tolerant even if there is no communication
between the robots but a reliable localization.

Compared to most previous methods our concept is neither leader-following
nor dependent on a shared global map of the environment. Each robot decides
completely autonomous supported by neural prediction. In action selection we
consider the feasibility of an action as well as its costs and its priority. The main
advantages of our method are extensibility, the applicability to heterogenous
robots, stability in situations of failures of single robots, the consistency in action
assignment,, and that the laborious computation of a shared global map is not
necessary.

Multi robot action selection in common is assumed to be a combinatorial
problem that requires an exponential computational amount to be solved ex-
actly. However we have to consider feasibility and priority of actions as well. To
improve performance in the aspect of time sophisticated heuristics are required.
We believe that a reasonable set of executable actions as well as the optimization
in performance of every single action will substantially support the effectiveness
of our algorithm. These extensions are subject of our future investigations as well
as the integration of long term plans and the extension to other applications.
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