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Area—Based Q-learning Algorithm to Search Target Object
of Multiple Robots
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Abstract

In this paper, we present the area-based Q-learning to search a target object using multiple robot. To search the
target in Markovian space, the robots should recognize their surrounding at where they are located and generate some
rules to act upon by themselves. Under area-based Q-learning, a robot, first of all, obtains 6-distances from itself to
environment by infrared sensor which are hexagonally allocated around itself. Second, it calculates 6-areas with those
distances then take an action, i.e., turn and move toward where the widest space will be guaranteed. After the action
is taken, the value of Q will be updated by relative formula at the state. We set up an experimental environment with
five small mobile robots, obstacles, and a target object, and tried to search for a target object while navigating in a
unknown hallway where some obstacles were placed. In the end of this paper, we presents the results of three
algorithms - a random search, area-based action making (ABAM), and hexagonal area-based Q-learning.
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2. Area-Based Action Making Process
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Fig. 1. Different action taken under DBAM and ABAM.
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3. Hexagonal Area-Based Q-Learning
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Table 1. Q-learning algorithm

For each s, @ initialize the table entry Q(s, a) zero
Observe the current state s
Do forever
« Select the action « and execute it
« Receive the immediate reward 7
» Update the table entry for Q(s, @) 03]
s 5§
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Fig. 5. Hexagonal area-based Q-learning.
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Table 2. Hexagonal area-based Q-learning algorithm.

For each g, g initialize the table entry Q(s, a) zero
Calculate 6-areas at the current state s
Do until the task is completed
+ Select the action a 4 to the widest area, and
execute it
» Receive the immediate reward »
« Observe the new state s’
If Q(s’, a,) is greater or equal than B(s, a,)
« Update the table entry for Q(s, a )
s s — § -
Else, if BQ(s’, a,) is far less than Q(s, a4
» Move back to the previous state
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Table 3. The displacement of x and ¥ under robot’s action.
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