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Fig.1 Mobile robot platform
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Fig.2 Coordinate system of mobile robot
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Tab.3 Rewards and punishments value
W& W AEAH
¢ B %) r+ 1 %
=2uy +uy +2,
d,(1+1)=d, (1), AT T oy He
Myt T s Ws + e + Mg
sl ~s4 sl ~s4 . :
- + + +
dm(t+1)<dm(t);M+(M_1)w
My o s s + e g
+2u, +2,
55 ~s8 Pa 22 2oy e
Mo sy s + e g
+2us +2,
dm(t+1);dm(t):w+(”4_1)”'76
Mo+ sty s + e + Mg
s5 ~s8 85 ~s8
+2, +2u, +
A, (141) <d,, (1), 22T, e T e TR
Mo T sty s + e + Mg
=2u, + +2u, +
sl ~s4 B B SO V. Bt i
My g s + e + Mg

(a)

B4 R Ak ) p a6 5
Fig.4 Experiment environment of navigation based on reinforcement learning
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Fig.5 Experiment result of navigation based on reinforcement learning
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Vision Navigation of Agricultural Mobile Robot Based on
Reinforcement Learning

Zhou Jun Chen Qin Liang Quan
(Jiangsu Key Laboratory for Intelligent Agricultural Equipments, Nanjing Agricultural University, Nanjing 210031, China)

Abstract; The method that agricultural mobile robot acquire the navigation strategies through autonomous
learning was development based on reinforcement learning and fuzzy logic. Firstly, the machine vision
was applied to detect obstacles in the navigation environment, and the corresponding direction and
distance between the robot and the obstacle was calculated. Then the algorithm of acquiring the more
optimal navigation strategies was introduced with the reinforcement learning, so the capability of the
mobile robot of adapting the dynamic navigation environment was improved. Finally, the continuous
values of the direction and the distance between the obstacles and the mobile robot were discretized with
the fuzzy logic rules, and the discrete navigation environment states were obtained, then the ( value table
was designed for the reinforcement learning. The experiment was carried out with the wheeled mobile
robot, and the experimental results showed that the mobile robot was able to automatically acquire more
optimal navigation strategies in the actual environment, and fulfill the expected navigation tasks.

Key words: Agricultural robot Reinforcement learning Fuzzy logic  Vision navigation



