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DQN Reinforcement Learning: The Robot’s Optimum
Path Navigation in Dynamic Environments for Smart Factory
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ABSTRACT

Most of the robots used in smart factory are controlled by users or are commercially available with line-tracer
techniques. These robots are used to carry out accessories or repair by moving them to a designated position or
to a position where alarms are activated. However, there is a problem with these methods that it is difficult to
apply the existing algorithms due to frequently changing process line layout and a position where alarms are
activated. To solve these problems, this paper proposes a reinforcement learning model that can be actively and
flexibly dealt with the change of situation. The proposed model is a model using Deep Q-Network, one of the
enhanced learning algorithms, that receives images of the internal structure and derives the optimal path of

movement for the current location of robots. This method allows the establishment of a system that can be

# o] = 20179 AHCRPIEA LA ] Aoz g rAete] A ¢S ol 53 7] 2374131 J(2017R1A2B4003512)
¢ First Author : Inha University Department of Information and Communication Engineering, tpy7723 @naver.com, SHJ3]<1

°  Corresponding Author : Inha University Department of Information and Communication Engineering, sjyoo@inha.ac.kr, £413]<1
Inha University Department of Information and Communication Engineering, ye_in2@naver.com; zipell135@gmail.com, SH3]<]
= E D KICS2019-08-173, Received August 7, 2019; Revised November 6, 2019; Accepted November 6, 2019

*

2269

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences ’19-12 Vol.44 No.12

proactive and flexible in responding to the changes in circumstances. In addition, the system will greatly

contribute to energy savings and productivity gains. The simulation results showed that even in new unlearned

environments it was found that the proposed method effectively elicited the optimal path taking into account the

structure and conditions inside the plant.
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Fig. 1. Reinforcement learning through image input
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Algorithm 1. DQN Reinforcement Learning Using Experience Replay and Separation Networks

Initialize replay memory D to capacity N

Initialize action-value function () with random weights 6

o(sy)

Initialize target action-value function @ with weights 0 =6
For episode = 1, M do
Initialize sequence s;= {:U } and preprocessed sequence ¢; =
for t=1, T do

With probability € select a random action @, otherwise select a, = argmax Qa(qﬁ(st),aﬁ)

Execute action @, in emulator and observe reward 7, and image x,

Set S;4q

Store transition (¢,,a,.74,¢, ;) in D

=5, a4, Ty, and preprocess @, =

¢(St+1)

Sample random minibatch of transitions (¢,,a,,7,,¢,,,) from D

T; if episode terminates at step j+1

Set y, = ~ P
Yi rity e maxan(qupa 07)

Perform a gradient descent step on (yj— Q(qﬁj,aj;g

Every C steps reset ()= )
End For
End For

otherwise

))2 with respect to the network parameters 6
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Table 2. Learmng parameters and simulation parameters
Parameter Values Parameter Values
) Minimum
Epsilon(€) 0.1 Reward(R. ) -12
Discount
005 | Replay Buffer 50000
Factor(7y) Size (N)
Batch Size | 64 Random 32
Sampling
X, Y Size 4, 6 MapSize 24
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Fig. 6. Simulation of robot’s optimal-path prediction, (a)
creating a virtual simulation environment, (b) simulation
test, (c) changing the structure and waypoints
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