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Indoor visual local path planning based on deep reinforcement learning

ZHU Shaokai, MENG Qinghao, JIN Sheng, DAI Xuyang

(Institute of Robotics and Autonomous Systems, School of Electrical and Information Engineering, Tianjin University, 300072,
China)

Abstract: Traditional robot local path planning methods are mostly designed for situations with prior maps, thus lead-
ing to poor results in navigation when combined with visual simultaneous localization and mapping (SLAM). Therefore,
this paper proposes a visual local path planning strategy based on deep reinforcement learning. First, a grid map of the
surrounding environment is built based on the visual SLAM technology, and the global path is planned using the A* al-
gorithm. Second, considering the problems of obstacle avoidance, robot walking efficiency, and pose tracking, a local
path planning strategy is constructed based on deep reinforcement learning to design the discrete action space with for-
ward movement, left turn, and right turn as the basic elements, as well as the state space based on visual observation
maps, such as color, depth, and feature point maps. The proximal policy optimization (PPO) algorithm is used to learn
and explore the best state—action mapping network. The running results of the habitat simulation platform show that the
proposed local path planning strategy can design an optimal or sub-optimal path on a map generated in real time. Com-
pared with traditional local path planning algorithms, the average success rate of the proposed strategy is increased by
53.9%, and the average tracking failure rate and collision rate are reduced by 66.5% and 30.1%, respectively.
Keywords: visual navigation; deep learning; reinforcement learning; local path planning; obstacle avoidance; visual
SLAM; proximal policy optimization (PPO); mobile robot
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Fig. 1 Overall navigation framework
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Fig. 2 Schematic diagram of the local navigation
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Fig. 5 Actor network structure
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Table 1 Network parameters setting

= A Activation Fath
Resnet18 512x512x5 Relu 512
FC1 2 Relu 512
FC2 1 Relu 512
FC3 1536 Relu 300
FC4 300 Relu 3
Softmax 3 — 3
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U5 FLFT il A FF- 5 28— 3 CPU 2150 Intel
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Z4: . python 3.6 WiA, Pytorch 1.7.1 fi74, ROS
Melodic iliAs ., 1) B 2% {# FH Facebook 23 H Y %=
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Mosquito} F1illik, A5 & 71 A~ 0T
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510 24 0 4 B AR 8 25 2% ( geodesic distance along
the shortest path, GDSP) 435/~ 3.24 m, 7.51 m,
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Fig. 6 Navigation map visualization
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Table 2 Algorithm training parameters
ERlie 1 1t
Pt dam
Pr4nE+y 0.8
Eiln=w N 64
HIZ e 0.2
ActorIla: 1% axio™
CriticHT iR > % %107
A2 TR A~ [30, 20, 40,
80, 30, 80]

32 ERRESH
R TR BT IR O A A RO, X L
T DWA, TEB., MPC 5.6 il 42 B B (path follow-
er, PF) #.1% ., DWA. TEB, MPC 5.k J2 ROS &4
H BR A R Je) 0 B A A R, TR R ARG R b A
FEi 5 PF 230k 2 SCHR [27] 4R 3 A — i 56 42 R Bt
L, BB T PID A9 B B ) S AL NI
FA 2 Jm B AT E . TEATE R R, AL
N A T 38 H AR CY RGO B 5 R &8 B AR
W AL 15 ©), WIPAT 225 s A e L i/ A &
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FrS BEEE /N T 0.2 m B, A — AN ST 45
R

AR SCVFER T AL B 8 M) % (success rate, SR).
R EE % 2K R (tracking failure rate, TFR) . filf i K
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L, TR RIE R ER AR E I . B, 7E 3 MR
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filf 45 2898/ T 30.1%. 31X Ui AR L 4% G 1) Jmy &8
BEAR TR J5 3, ARSI $ S 1Y L A% S B B 3k
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IR ERARE M o

4) FE 3¢ 3~5 h, AR SO 4 9 5 1A AE Bdgemere
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IR Z., TE Mosquito 54T 55 H 3R A X 4 25
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BN AL — N EME A DA
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Table 3 Comparison of the average results of different al-
gorithms in the Edgemere scene task

Ak SR TFR CR
ES'S 74.65 1.41 23.94
PF 14.08 9.86 76.06
DWA 55.32 32.39 12.29
TEB 59.15 30.99 9.86
MPC 50.70 36.62 12.68

F 4 AEEZEEEastville HEEZHHFHERITEE
Table 4 Comparison of the average results of different al-
gorithms in the Eastville scene task

N7 SR TFR CR
AL 56.33 11.27 32.40
PF 5.63 14.08 80.29
DWA 25.35 21.13 53.52
TEB 23.94 26.76 49.30
MPC 21.13 53.52 25.35
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Table S Comparison of the average results of different al-

gorithms in the Mosquito scene task

RS SR TFR CR
AL 45.07 14.08 40.85
PF 2.86 15.49 81.65
DWA 18.31 23.94 57.75
TEB 23.94 28.17 47.89
MPC 23.94 26.76 49.30
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Fig. 7 Performance-navigation distance change curves
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Fig.8 Comparisons of the number of feature points (The
30th navigation mission of the Edgemere scene)
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Fig.9 Trajectory comparison
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