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Map—Based Obstacle Avoidance Algorithm for Mobile Robot

Using Deep Reinforcement Learning
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Abstract

Deep reinforcement learning is an artificial intelligence algorithm that enables learners to select optimal behavior based
on raw and, high-dimensional input data. A lot of research using this is being conducted to create an optimal movement
path of a mobile robot in an environment in which obstacles exist. In this paper, we selected the Dueling Double DQN
(D3QN) algorithm that uses the prioritized experience replay to create the moving path of mobile robot from the image
of the complex surrounding environment. The virtual environment is implemented using Webots, a robot simulator, and
through simulation, it is confirmed that the mobile robot grasped the position of the obstacle in real time and avoided it
to reach the destination.
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Table 1. Deep reinforcement learmning model parameters.

E 1 A5 ZEteks 22 me2folH
Hyperparameters Value
Architecture Conv(32-8x8-4)
Conv(64-4x4-3)
Conv(64-3x3-1)
FullyConnected(512)
FullyConnected(256)
FullyConnected(64)
Batch size 128
Start e 1.0
End € 0.01
Annealing step 500000
Memory size 500000
Learning rate 0.0001
Discount rate 0.9
PER «o 0.6
PER 0.4
PER ( increase 0.0000025
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Fig. 7. Path generation when there are no obstacles.
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