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Abstract
refinement of knowledge. Hebbian type [5]
unsupervised learning has been considered by
Pal et. al. [I31 for refinement of knowledge
where certainty factor of rules are adjusted
autonomously for attaining a steady-state value
and thus, tuned to better accuracy. Recently Si1
et. al. [ 141 in her work invoked Dempster-Shafer
theory [ 151 for fusing information from multiple
case histories and then refine the knowledge
using neural nets, realized with Petri nets [16].
Such type of models could be incorporated in a
robotic system to build perception about its
environment autonomously.
Genetic algorithm (GA) has been successfully
used in intelligent search, machine learning,
optimization problems and now GA has proved
its merit in the field of navigational planning
problems of mobile robot where the problem can
be formulated as a constraint optimization task.
Machalewicz successfully applied C A in
navigational planning of mobile robots, as
reported in his recent works [ 17,181.
Multi-agent coordination system recently
receives wide attention among researchers [ 19211 for its application in customized service
fields [22]. In the multi-agent coordination
system, a number of agents participate for
executing a complex task in a cooperative
manner. Asada et. al. in their work [23]
discussed the complexity of the environment in
the context of multi-agent learning, implemented
with the help of a vision-based reinforcement
learning method [ 5 ] .
In the paper, first we propose the
decomposition of a complex task into a number
of subtasks and define the subgoal corresponding
to each subtask using the problem-reduction
technique [24] in AI, while dependency among
various agents (robots) are available from the
problem domain.
One to one mapping

Involvement of the multi-agent systems for
scheduling and executing a complex task
autonomously, has been addressed in the paper
to solve the navigational problems in robotics.
Here, a complex task is broken into a number of
subtasks and one to one mapping between
subtask and agent is determined from the given
relationship among various agents. In a dynamic
environment the state-space model of the multiagent system has been designed using the agents’
spatial coordinate positions and sensory data to
facilitate performing a task through cooperation.
The paper proposes an efficient strategy for
collision resolution that may occur at an instant
of time, while the robots navigate in the common
environment. The distributed agent concept has
been adopted in the paper to implement the
whole scheme in JAVA.

Keywords multi-agent systems, state-space
model, sensory information, collision, object
oriented approach.

1. Introduction
An agent (robot) is an active entity that can
execute a task autonomously to achieve a
definite goal. Information obtained through
various sources, such as sensor, camera, are used
to create the knowledge base of the environment
within which an agent acts. Different learning
methods [ 1-41 using neural nets have been
successfully
implemented
in
pattern
classification, function realization problems
which have various applications in automated
robotic systems. Hopfield neural net [5] was
employed by Elfes in his pioneering work [6] for
storing environment of a robot. Rumelhart’s [7]
well-known back-propagation algorithm is
invoked by many researchers [8-121 for
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determine their path in the environment. Thus,
individual agent meets its subgoal and as a result
the task will be completed autonomously without
any prior training imparted to the agents.

between agent and subtask has been resolved,
using the given relationship among various
agents. In a multi-robot environment, the
representation of the environment is much more
complex for accomplishing a given task [23],

The whole scheme is implemented using
object oriented programming approach where
subtasks are designed as classes and agents are
the instances of those classes. Through stateequations one agent can communicate with other
agents to perform a complete task that supports
the message passing technique between objects.

2. Task Scheduling
Suppose, in a dynamic environment multiple
robots are employed to execute a complex task
say, T and each robot can navigate in 8 different
directions (vide Fig. l), one at a time. First of all
T is broken into T1, T 2 ......Tn, i.e. n number of
subtasks using
the well-known problem
reduction technique [24] in AI. Agent to agent
dependency equation is supplied from the
problem domain, analyzing their knowledge
bases. For example, the equation A1 3 A2, A3
denotes that agent A1 is dependent on agent A2
and A3.

Figure. 1. The schematic view of a robot
with 8 ultrasonic sensors

since one robot’s behavior can not be predicted
by another robot in advance, unless explicit
communication is available. The state-space
model of the multi-agent system has been
designed in the paper using the state-equations of
control theory where each state determines the
spatial coordinate position of the robot. Nextstate is evaluated as a function of the currentstate and other system variables, related with the
environment and available from the sensory
information, at any particular instant of time.
Next-state of the robot is computed in 8 different
directions, as shown in Fig. 1 and the Eucledian
distance between the next-state and the subgoal
of a particular subtask (assigned to the robot) is
evaluated and stored in a linked list, along with
the respective state. The process is repeated for
other agents too. For obvious reason, a robot
tries to move through some definite states in the
environment, so that it can achieve its subgoal
travelling minimum distance, compare to other
probable states. There may occur collision when
more than one agent try to achieve a particular
state fulfilling the above criteria. Under such
circumstances, at a time, only one agent is
allowed to move to that particular state for which
the agent will be smallest distant apart from its
subgoal state, compare to other agents. For rest
of the agents the same procedure is invoked to

2.1. Terminologies
Before describing the task scheduling algorithm,
for the sake of the readers’ convenience the
following definitions are formalized below.

Def. 2.1: Agent to agent dependency matrix
(AADM) P, is an (m x m) dimensional matrix
where p,=l, if agent a, depends on agent ai;
otherwise 0.
Def. 2.2: In the Agent to agent dependency
matrix (AADM) P, if pij=O for all i then agent ai
is called a free agent of order zero. A free
agent of order zero is employed to perform a
subtask, at time t=O.
Def. 2.3: An agent q j becomes a free agent of
order x-1, if q,=O for all i, where Q=Px ( P is
named according to Def. 2.2) and x > l .
Def. 2.4: An agent qi is called a cyclic agent, if
qii=l, for any value of x > l , where Q=Px ( P is
named
according
to
Def.
2.2).
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2.2. Task scheduling algorithm

3.1 Navigational Planning

Input: set of cyclic agents, sets of free agents
with different order, set of subtasks, number of
free agents with different order.

An agent computes its next-state in different
directions, vide expression (1) & (2).
dmi,l(t)= min (ed,' (t), ed,' (t), ....) ............ (3)

Output: one to one mapping between agent and
subtask.
Begin
If there is no free agent of order zero then
report failure.
Else
Begin
k=O ;
while (all subtasks are not exhausted) do
Begin
For i= 1 to (number of free agents of
order k)
Begin
(free agent of order k)
is assigned to a (particular
subtask) ;
k=k+l ;
End ;
End ;
End;
End.

dmin'(t)is the minimum distance among edN' (t),
ed,' (t), ........, that Agent-1 may attain in order
to achieve its subgoal and edN1 (t), ed,' (t)
represent Eucledian distance between next-state
and subgoal of Agent-1, towards N direction, S
direction, respectively.
Actually, for Agent-1 the edN' (t), ed,' (t) .......
are stored in an array say, B 1 in ascending order.
Similarly, Eucledian distance between next-state
and subgoal for Agent-2, Agent-3, .... are
stored in arrays, B2, B3, ... respectively, for
handling collision among the agents.
It is worth mentioning here, that the total
number of agents in an environment should not
exceed the number of directions a robot can
navigate to keep motion of every agent, at an
instant of time t.

3.2. Collision Resolution Strategy

3. State-space Model
Suppose, at a time all agents (Agent-1, Agent-2
and Agent-3, vide Fig.2), in the environment try
to attain a particular state (state-1), for achieving
their respective subgoals (subgoal-1 , subgoal-2,
subgoal-3) and hence, collision occurs at that
particular state (State-1).

After mapping an agent to a subtask, the next
phase of the work is to design the state-space
model of the multi-agent system. Here, the state
of an agent is defined by its spatial coordinate
position while next-state is determined using
state-equations of control theory, vide expression
(1) & (2).
xNA(t+I)= xNA(t)+ r. uA (t) ....................

To resolve the crisis only one agent is
allowed to move in that particular state using
expression (4).

(1)

Where Dmln(t) represents minimum distance
among dm,n'(t),dmln2
(t), ....... dmIn8
(t), i.e. among
the first elements of B 1, B2 ....B8, respectively.
Using expression (4) only a single agent, say
Agent-3 has been selected to move state-1 and
thereby resolving the crisis.
Other agents try to move towards different
directions satisfying condition stated, in
expression (3) if no more collision occurs. In
case of collision, among rest of the agents
(Agent-1 and Agent-2, at stateZ), the same

where xNA(t+l),yNA(t+l)denote (XJ) coordinate
of agent A, towards north direction N, at a time
(t+l). uA (t) represents information obtained by
the sensors of agent A, at time t and r,s are the
coefficients used to measure the displacement
from current-state (xNA(t), yNA(t) ) to next-state
(XNA(t+l ), Y N A (t+l>)
Similarly, for every agent, (x,y) coordinate in 8
different directions are computed synchronously.
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4. Conclusions

procedure is repeated and another agent
(Agent-2), vide expression (4), determines its
next-state (state-2) from the linked list,
corresponding to the second minimum distance
i.e. among the second elements of B2, B3, ... B8,
respectively. Thus, all agents responsible for
collision can determine their next-state for
navigation.

subgoal-1

The paper proposes a simple method of mapping
an agent to a subtask where execution of each
subtask yields completion of the complex task.
Next, the proposed state-space model of the
multi-robot environment can be represented into
a vector-matrix form to facilitate autonomous
navigation and execution of tasks while
collisions among the robots have been tackled
efficiently in the paper.

nsut)goal-3

JAVA has been used to implement the
proposed work to coordinate a task by multirobots in object oriented approach. Here, each
subtask has been implemented as a class and
agents are instances of classes, called objects.
Information obtained through the sensors of
individual agent, act as data or properties of the
agent and an agent can only have information
regarding the next-state of other agents while
sensory data are kept hiding supporting one of
the main feature of object oriented programming
approach. The concept of distributed agent
technology is emerged from this work where the
researchers have a great scope to concentrate.

Figure 2. An illustrative example of proposed
collision resolution strategy
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