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Overview of Global Path Planning Algorithms for Mobile Robots
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Abstract Global path planning is the key technology of mobile robot outdoor work,and global path planning algorithm is mainly
used in geographical scenarios to predict the outdoor environment. In the face of the complex outdoor environment, the robot opti-
mizes the algorithm to improve real-time obstacle avoidance of robot path planning, path smoothness, planning effectiveness,
which has become the core content in the research of global path planning algorithm. Depending on the degree of intelligent algo-
rithm, the global path planning algorithm for mobile robot is divided into traditional global path planning algorithm and the bionic
intelligent global path planning algorithm. Then, this paper further expounds the current practical multi-objective path planning
algorithm,introduces several typical optimizations of each algorithm,and summarizes and analyzes the advantages and disadvanta-
ges of the improved algorithm. Finally, this paper discusses the future development trend of global path algorithm,and points out
four aspects of future research and development, which are optimizing the performance of the conventional algorithm for path
planning, various existing algorithms advantage integration,complex environment dynamic obstacle avoidance and improving map

representation methods adapting to diverse environment.
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Fig.1 Global path planning algorithm
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Fig.2 A* algorithm path planning diagram
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Fig. 3 RRT algorithm path planning diagram
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3.2 WEHEZE

WY B 449 (Ant Colony Algorithm, ACA) 247 i BEAT Hy
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EERMMAE LD, WG RERERERENKRZ W
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HE ST P SR R,

HE R A R

PR O ROk
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FERBETH AR
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Song SN HR T Rl A BRI 2 B (Fuzzy Logic, FL) A
RO 1 S S R RIS MS o 2R WS 1 S0 % St o MR Bk et
R E TR AL HE R 10 7 B 0 R B 3X RO B 00 R S TR S
W T I8 4T R AT BN IE B B A S5 L B B X 30 285 Ik LA
G 280 A A TR AL R I ) IR B 1 M) R R I B A
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U PN 2 95 SN E SR TN S e
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T2 308 5 5 /N SR ) 348 R 0930 ROk 2 T TR R AR R R R Y
WS SIC i APk o o5 3 T vk 2 DU R S i 4 R SRR I A
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Zhan U HE—TF IR R 44 8 T WO S0 — A I R 0 4 5
J5 10 I AL TR 8 i3 K R A 45 5 1 1 WAC SICHRF T 7 B
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T B A S 3B A 8 o ) SRR T M ke BRI AR A e LA
BCUR Y E S N RE ), H S Sk (4811 Y T ik AR AR BE AR 1L
MR BN E B Y A8 Pk T B w1 B ARt it
SR AR R et SR b T SCHRLA8 ] Bk i B bl . X
T HEAT 1A S 0 JE A AK TR AT

B of IR B 1 Bl 25 R R 8] B L Zhaot**) 2 Y T — B fRT 2R 10
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FRERES WM I, ZAEEBRLRE AR, A
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Yen G50 SR RO STk 45 6 BOW 722 B T RSB
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A2 o 1) T 7 A% I g A U A8 B AL A% T 7 I B A, TR R RS
LA N 545 A B DLk TT R 15 4 78 IR B8 4 &2 44 1 JL A o
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F AGV B8 A5 42 2R G5 %A% R rP 32 e ok 5 s A 10 A5 31 4
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PRT 0 SR AT A AT ST . Ak (6) B 7R i 503 19 s 3 2
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B (ES-PSO) , %5 B 3 5 JL AR RRAE b 151 47 B 400 52 36, >R
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Fol R E N 2 AR EAL IR, RS A
SHUE P, WR S KB ER SIS M. 52 H R
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