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Abstract:In order to improve the visual navigation ability of mobile robots without maps and improve the success rate of visual
navigation, a visual navigation model of mobile robots is proposed that integrates long short term memory (LSTM) and proximal policy
optimization (PPO) algorithms. Firstly, the model integrates LSTM and PPO as a network model for visual navigation. Secondly, a new
reward function is designed to train the target through factors such as the action of mobile robots, the distance between the robots and the
target, and the running time of robots. Finally, the RGB-D image obtained from the first perspective of mobile robots and the polar
coordinates of the target in mobile robots coordinate system are used as the model input, and the continuous motion of mobile robots is
used as the model output to realize the task of end-to-end visual navigation without maps, and the new target that has not been trained is
reached according to the model inference. Compared with the pre-order algorithms, the model has an average increase of 17. 7% in the
navigation success rate of the old target and 23.3% of the new target in simulated environments, which has better navigation
performance.
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Fig. 4  Visual navigation model for mobile robots integrating LSTM and PPO algorithms
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Table 1 Visual navigation model success rate comparison

Yo IH B RIEIHEAR  SEER B R B bR
PRUES PRES IRIES PRES
78| 81% 75% 93% 81%
W2 79% 62% 91% 69%

AL R B A BB B AR AR AN ] 14~ 16 TR

P14 FRET 1R ARSI
Fig. 14 Path to new target in Map 1

K15 PR5E 2 HEREHAR 1 Ae
Fig. 15 Path to new targetl in Map 2

4 % i

-

ARSCHE A BRI A 27 ) I 0E SUTHE SR R 1A Tk



5 8 3]

R4 LSTM Fil PPO Bk AL ShML 28 A2 S0 139 .

P16 FREE 2 R H AR 2 HAelE
Fig. 16  Path to new target 2 in Map 2

B — PR RS LSTM Al PPO BVE R ShHLAE A
PR SRR MR SRS ShHL AR S — 0 A UL 2 ) RGB-
D EUR LIS H bR S AERS Sh WL N A bR 3R T AR P A B
T 3 A P 24 5 4 B B T T T il ok AR, DI R RE S
DABS PR B BY, 7E gazebo 1 FTAEE T, B shibLas A5k
PR AR BRI 90% , 1% 0T AR F R —
PET;, TE gazebo [l ELIREE AT 847 1 SRR . KR
TARH 5 JE S R 2 () T A A shblgs A58 0L,
N FHEISEBRES ShbL A A L, I i — 25 38 S A X 5
Mz AbEES .

S5 3Hk

(1]

(2]

(3]

[4]

[5]

[6]

MA L, LIU Y, CHEN ], et al. Learning to navigate in
indoor environments; From memorizing to reasoning[ J ].
ArXiv Preprint,2019, arXiv:1904. 06933.
KHAIRUDDIN A R, TALIB M S, HARON H. Review
on simultaneous localization and mapping (SLAM) [ C].
2015 IEEE International Conference on Control System,
Computing and Engineering (ICCSCE) ,2015; 85-90.
ZHU K, ZHANG T. Deep reinforcement learning based
mobile robot navigation; A review[ J]. Tsinghua Science
and Technology, 2021, 26(5) ; 674-691.

CADENA C, CARLONE L, CARRILLO H, et al. Past,
present, and future of simultaneous localization and
mapping: Toward the robust-perception age[J]. IEEE
Transactions on Robotics, 2016, 32(6) : 1309-1332.
PN, TLH, fEfe . T s 3 Ok i otk L e
SLAM F3E[J]. L7l 5 {0240, 2020, 34(9)
23-31.

SUN L L, JIANG M, JTAO CH J. Improved visual SLAM
algorithm based on the motion vector [ J]. Journal of
Electronic Measurement 2020,
34(9) . 23-31.

ZENG F, WANG C, GE S S. A survey on visual

and Instrumentation,

navigation for artificial agents with deep reinforcement

learning[ J]. TEEE Access, 2020, 8. 135426-135442.

[7]

[8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

MNIH V, KAVUKCUOGLU K, SILVER D, et al. Human-
level control through deep reinforcement learning [ J ].
Nature, 2015, 518(7540) : 529-533.

LILLICRAP T P, HUNT J J, PRITZEL A, et al.
Continuous control with deep reinforcement learning[ J ].
ArXiv Preprint, 2015, arXiv:150902971.

MNIH V, BADIA A P, MIRZA M, et al. Asynchronous
methods  for learning [ C ].

deep  reinforcement

International Conference on Machine Learning, 2016;
1928-1937.

SCHULMAN J, LEVINE S, ABBEEL P, et al. Trust
region policy optimization [ C ]. International Conference
on Machine Learning, 2015, 1889-1897.

SCHULMAN J, WOLSKI F, DHARIWAL P, et al
Proximal policy optimization algorithms [ J]. ArXiv
Preprint,2017, arXiv:170706347.

NG, KRG, B, S WA LSTM fO¥R B Ak
SO ML [T]. Jo& TR, 2022, 52(1):
161-167.

YUAN H, LIU Z Y, LIANG J, et al
navigation algorithm with LSTM and deep reinforcement

2022, 52 (1)

Visual-based
learning [ J ]. Radio Engineering,
161-167.

ZHU Y, MOTTAGHI R, KOLVE E, et al. Target-driven
visual navigation in indoor scenes using deep
reinforcement learning [ C ]. 2017 IEEE International
Conference on Robotics and Automation (ICRA), 2017
3357-3364.

NWAONUMAH E, SAMANTA B. Deep reinforcement
learning for visual navigation of wheeled mobile robots[ C ].
2020 SoutheastCon, 2020 1-8.

DEVO A, MEZZETTI G, COSTANTE G, et al. Towards
generalization in target-driven visual navigation by using
deep reinforcement learning [ J]. IEEE Transactions on
Robotics, 2020, 36(5) : 1546-1561.

YOKOYAMA K, MORIOKA K. Autonomous mobile
robot with simple navigation system based on deep
reinforcement learning and a monocular camera[ C]. 2020
IEEE/SICE
Integration (SIT), 2020, 525-530.

VAN HOUDT G, MOSQUERA C, NAPOLES G. A

International ~ Symposium  on  System

review on the long short-term memory model [ J ].
Artificial 2020, 53 (8):
5929-5955.

STAUDEMEYER R C, MORRIS E R. Understanding

Intelligence  Review,

LSTM—a tutorial into long short-term memory recurrent

neural networks [ J ]. ArXiv Preprint, 2019,



- 140 -

LSRR R e o

536 %

[19]

[20]

(21]

(22]

[23]

arXiv:1909. 09586.

WIERING M A, VAN OTTERLO M. Reinforcement
learning[ J ]. Adaptation, Learning, and Optimization,
2012, 12(3) . 729.

R, B, THE, % WEMAEIREGGR1T].
AN TR, 2021, 47(12) ; 19-29.

YANG S M, SHAN ZH, DING Y, et al. Survey of
research on deep reinforcement learning [ J ].
Engineering, 2021, 47(12) ; 19-29.
R, malde, R, BT bR BORN SR W o R Y TR
BEsR AL ST R [T]. THE LA, 2019, 42(6):
1406-1438.

LIU J W, GAO F, LUO X L. Survey of deep

Computer

reinforcement learning based on value function and policy
gradient [ J ].
42(6) ;. 1406-1438.

ARULKUMARAN K, DEISENROTH M P, BRUNDAGE

Chinese Journal of Computers, 2019,

M, et al. Deep reinforcement learning; A brief survey[]J].
IEEE Signal Processing Magazine, 2017, 34(6) ; 26-38.
SCHULMAN J, WOLSKI F, DHARIWAL P, et al.
ArXiv

Proximal policy optimization algorithms [ J ].

Preprint, 2017, arXiv:1707. 06347.

EEE N

A, 2018 4 TR ROl AR 3R AR 2
i, B v B e RS L S A
FEEWTIT 0 R
E-mail ;y. zhang@ siat. ac. cn

Zhang Yi received her B. Sc. degree

from Huazhong Agricultural University in
2018. Now she is a M. Sc. candidate at University of Chinese
Academy of Sciences. Her main research interest includes
reinforcement learning.

BiHGRIEEH) ,2001 FEFAEPRHE K
SFPAG AR, 2006 4E TFAE R KoE R
P20, 2016 A A7 95 SOR“EBESE 51,
By v B2 Bt DRI S i B AR 5 Be T 58
O, EEWITTT 1 LR N SRR
E-mail ; wei. feng@ siat. ac. cn

Feng Wei ( Corresponding author ) received the B. Sc.
degree from the School of Materials Science and Engineering in
2001 and the Ph. D. degree in 2006, both from the Huazhong
University of Science and Technology, Wuhan, China. He was
appointed as a research fellow with the Chinese University of Hong
Kong in 2016. He is now a full professor in Shenzhen Institute of
Advanced Technology, Chinese Academy of Sciences. His main

research interests include robotics and intelligent system.



