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Research on Robot Navigation Algorithm Based on
Deep Reinforcement Learning

Xiong Liyan, Shu Yaosong, Zeng Hui, Huang Xiaohui
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Abstract: When the mobile robot passes through the dynamic dense crowd, due to the insufficient understanding
of environmental information, the robot navigation efficiency is low and the generalization ability is weak. To
solve this problem, a double-attention deep reinforcement learning algorithm is proposed. Firstly, the sparse re-
ward function was optimized, and the distance penalty term and comfort distance were introduced to ensure that
the robot approached the target while taking into account the safety of navigation. Secondly, a state value net-
work based on double attention was designed to process environmental information to ensure that the robot navi-
gation system has both environmental understanding ability and real —time decision—making ability. Finally, the
algorithm was verified in the simulation environment. Experimental results show that the proposed algorithm not
only improves the navigation efficiency, but also improves the robustness of the robot navigation system; The
main performance is that in 500 random test scenarios, the collision times and timeout times are 0, the naviga-
tion success rate is better than the comparison algorithm, and the average navigation time is 2% shorter than the
best algorithm; When the number of pedestrians and navigation distance in the environment change, the algo-
rithm is still effective, and the navigation time is shorter than the comparison algorithm.
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Tab.2 Experimental result

Navigation Number Average Discom-

Method success of T?neout naviga- fort
rate collisions "™ tion time frequency
CADRL™  0.950 21 4 11.37 0.064
C(;AD3RCLT‘8] 0.978 9 2 11.90 0.067
SARILM 0.998 1 0 10.73 0.007
eﬁigg? 1000 0 0 1050 0011

Parameter Value
Distance penalty factor (7) 0.3
Comfort distance (d,) 0.2
Learning rate (o) 0.001
Discount factor (y) 0.3
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Tab.3 Navigation success rate as pedestrian number

changes
Method p=3 p=4 p=5 p=6
CADRL™ 0.99 0.98 0.95 0.93

GA3C-CADRL™ 0.99 0.99 0.98 0.96
SARL™ 0.99 1.00 1.00 0.99

DADRL(ours) 0.99 1.00 1.00 1.00
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Tab.3 Navigation success rate as navigation distance

changes
Method 3m 35m 4m 45m Sm
CADRL™ 083 091 095 093 0.85
GA3C-CADRL'™ 094 096 098 098 0.98
SARLI™ 099 099 100 1.00 1.00
DADRL(ours) 099 1.00 1.00 1.00 0.99
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