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Abstract: As an important carrier of group intelligence, robot clusters have also received a lot of research and development and more and more

applications. Robot cluster path planning technology has also developed rapidly as a core key technology. The technical development status of robot

cluster path planning was comprehensively and deeply researched. The basic computing architecture applying to different cluster sizes, scalability

requirements, communication requirements, and algorithms of the requirements was innovatively summarized. The basic computing architecture

consists of redundant computing architecture, distributed computing architecture, and hierarchical computing architecture. From the perspective of

scalability and applicability, the path planning method which takes advantage of the most suitable robot clusters, including bionics, artificial

potential field method, geometric method, classical search method and evolutionary learning method, was classified. For the cluster simulation

verification research, it provided seven free downloadable or open source robot cluster simulation verification platforms.

Keywords: swarm intelligence; self-organization; path planning; robots swarm

PR N AT ) 17 B X A B AN PR AR A
HAER, KB PLEE A REWS 52 R 24 AT 55
BLas NSERE I IE i by B e | S At &
TRURE SR AR ) v U SR AT A R BE (swarm
intelligence ) 119 3 M &, 1% K 15 5 ¥ (1 Beni fll
Wang F 1989 4EAE LI B HLAF N R G 5 H 42
B, G Y e TG R R R R ], - i
AR 2 [RI AT 13 B ) 58 LB, R RE A% 5 B 4 Y
AE DTG R AT R R ] SR AR A o i
BT UL RS ) ar BRI S, R g AL IR
AL A O S KL A B e, S8 W e e 7E
TERE R R R SR LS e AT, 55

« WS HHEE 2019 —08 -23

LR IZAEA DU IR TR A4y , B BA =
SFHEAEMALS Ehia A % B, U AL
GG AT B W A 28 BN i 2 S B o AeAA
AT A AR PR A LI B, X A AT O 2 H L
(1, HA A I8 A58 427 B AR i AR AR
BN B AL RGBT R R
GUimH R AR B, BT Z 18] L e 5 B
AR BARBATERZ X R G4 RpIRS 0 T i
VA B AR — 288 i B0 RN SR AT B E A7, (ELAAT]
Z AR AR AR 2 AL O B = A 2Rty
NI REM B o AT REAT AR LA P42
AFEAED ALY T, AALUESE— A&

EE R = W1 (1985—) , 5, INAR PR B, e R RN, A5 1- , E-mail : yihai369 @ 163. com



128 - e AN o 4

5543 &

HLE, BT REMRSRE Y IR )2 58 HL A S HE AR L
W], 57 A= 4 SR J= T T RS R B GR 5 70 TR Y )2
AR5 B AR TR I AT, T A AR
PASEELRE R H o

PLAR NG 228 FFTE N B0 T St 1
AL S TR o A W Aoy A A T S BL H AR, T
BRRADLIX SE AR S AT o, IR I8 1 Bl A
SR XA B AT 5 U, DA T E A8 4 1L 27
AT Z A aUk. HAr, blas NERFC 2AEL
MEFSE R NN

D RE fePlas N B EAGE—E, R
BT R P LS N R 5L, I H T LA
KA R PAT— LA 55 5 A, FE Az il

2) FEEIE AR BN , F Bl A 2 AR R E 1) L
il %8, AR BT (BOE  BIE AR T A, X
LRI n] O A AR DR 315 368 15 Y1 11 R o A 3 5 PR
], EE AN o — 26 i o e 7 el

3) WYL 18 ML de N 3 LUE iU E
S5t TG ImLAR N 4251 T, He ane S s
TE LA Bl S HE PIRG4S R 454
T R,

4) W B R0, Wi SR s A1 PR 058 I &1
FHAERFE KPR BN TR =
HESEHE (BN RE ) o

5) AL, LA NEEREN A 0. AL
T AAHGEE AT 52 bRy B el H AR I 7 B, S
A] HSERTERE M P E AR BT 1 515, B 5
Tk, anblgs AEE B 2 8 OE iUk 5%, I 7E
BALSS R A LA A5 18 o

6) 22181 + L, FEHLAR N B AR U 85 3t ]
MR o 2z B A Al Wt — BB, B, B
X DURITAR H ) SR BT BEAT 22 P 5 L, i e AL
e Nl H AR E

7) R HE i SR AR R A] BE 2 1Y s (] ok
R PRAE IR R B AL N ATl R % B
S .

8) Uhifliz 3l , 38 % 2 1Y [ PR 5 BAJE , AT
TR EL 22 [ 3l N DR B -4

9) ARz k , AaHlas NOMEIL Rz i

10) SEMRFT YL 07— BRI R 3R b, Bl
o N AL AU ) phe SR 38 8 — B0, f91) a2 AP 2% e
T EREALE H 5 o

L1) BA, 45 Hlae N AR AE - 4R W) 1 4 s
[ 525X m RS R AR T30

TR A IRZXAERHT, AL A fE
DR IEA PR, HLas NEEIE i ZHLE AL, B

TR TAEIEAR A BN —FE A B R, B4 0
SEARIAT 55 , AT 4t 13 A 55 OR A 55 ot o, S5
EEPITHRIG M.

MLER NAERER T AL as AT GlAE SERF R &
TR AT 55 KA AR T B A LR | AR A4 o 5
ZIRZ AR . Hor Blgs N TERE AR A 2 5
UL A NS B AR A B R SRR Rl 25 S AT RN A
RS I OCHE, IR FELR S RN B — 1
Blas N AE BN R 46 67 5 21 B b7 5 1 iz 3l i
12, BRI BN B R B, B SE L
AEHE N LA A RH R Alf, FL kR O 5 PR SR Rl R
LIRS F AR ) a1 B RN ALK i, iR L
i N B A L0 D) U Y 4% S, A (7 A 2 A
N TR TUAA] il e A | 28 BB AR A5 70 45
{HRLS IR H ARt g — 1, RIAEHE L2 A
% BRI E LR, R 2R 4 B B 0E KF
B3R H B AR B[R] 1 7] e 2058 B AR &,
TR0 [) 0 Py 24 o LA 8 245 (1) i i 2 B 3 Al 24
W FER KT A A A B R4 . A T8
ASPLAF BRI [m] R0, B T B A% R 30 T 0 e A5
TET 56—, B TARME S h K ELE AL, R
JARDE A5 AL B i 4E B AR FLR 28 15 2 PR AR
PR 56 =, B A2 AR 1Y 2 31 X 23 (8] ( Polynomial
SPACE, PSPACE) 252 % 1y, T3k — AN K 10 i 1)
XL CANSRATAE , B8 A FETE N e e ) X
PR TFFEARLE RS A 47 3 58 =, A0y L RUBSE B AR K
HitB 2 Rl S 7E X e e UPERR BRI
) AR WA 5 2% RE AR v %) ) A, %o [ 0 4 3
SEARBURAS, B B A ME LR . SR A%
IREEH R ORI AT R 1 s =X IR R A Ak
R B N Gk A ] R

EEINIPIEAIR YN 2N NS W A
HIS A AE L Y SCHR £ 348 FH 2 AR H A4, (B3 22 B7F 53 )
BTN A B B A G BN L PR 458 ) 46 )
B SCERL4 1 vHe 2 HLas N B BRI ik i i B2
FROE , LS A Z B PR 6 T AR FL R AR 2
JoTf VRGBT EE AR 2 WL N Z (R IME LA SE B H
bro BEEDLAS ANECR I, B /AR e AL 4G Pl
e TRE R Jo Rl P AT A B, SCHER[S ] A8
457 Z T NHLIRIBEAR R 7 058 . B Ae A
T IR RN L R, SR 5 B T R AE SR B AR P
W ENR T IV E T 2T AW PR
PRARFRR 72, B B T AR AT RE B ST U 1)
SCHERL 6 X2 thblldis NEERE BB R AT T R SE
PEZRIAR ¥ BAG 53 A1 203 e 1Y [R) 20 B A R Herp
— TR SR BB T 28 o A AT 55



o514

], S ML SRR A LI SR S AR - 129 -

G BE T, 3of T bip ) e A2 ALK T 0 R iy ot fie
Lo SCHRLT TINZT0 N7 40 A A JE AR G B 5 1
TN U ETTINT SRR A RE S NS DN I 23 77N
TR AU T 10 2 TN T 4 A A2 L
QI =R EW T A, IRLRR RN AT JE
TSR AFRHE 2Ry JBE 3T 22 0 N 7 A LK Tt A7
oo

SO A TR AT T HL & N REERAR AL
QIR BAR K EBAR o AR T4 R 2528 RE A b
[) MR £33t SCRIK , AR SCRIGH R 3 U 40 13 T A
CIE S T N2 S QT R R Y PSS SRS
BNIES TSR Shi A R VI g RS I
AT BRI AN 3 J2 T A8, D i BURBIE TS N 51
St TSR AT 225 S s AT R P R 3
PEFE 3R 40 T Ml NI AR LA D55, 0
A 22T 6 N T8k U207k 2 i
FILMHEAL A 20k AR B B T nl 3% T 30T
TR LA NERIE O BT &, DU T e A o A sl
FEN S PRE A B O LR UE PR

1 RS mITERY

BLAF N SR PR AR AL [ A 3T | — AR
BRETHA R, T AR FAE R RE I R I 2
KEE, ARPEHEARFEL SE 15 R PAUE SR 17
THE AT ZEAL B R SE LR AR RE RS G
PN SERTPE . B IR AT R DL K R AR
KB BERNE , iT LA R = Fh = R .
TORTFELAY S AT AR Ao 254
1.1 TRITESEN

RETURTHA R 281 7 — A R AR LR 35
AR B RAPLEE AR S, B8RS ST, &
B AN MCER 25 1T I 2 SR N A LA A RS
FE R A AR (AL F2E BT
ST BRAR IR, FRf L) 8 7 AR Y SR A Bk AR D B
FH ORI Bk & % ATt T
Bl 1R

TSRS P T Io vk sl LSS 5E 4 a3 A
TR B BEAR R B, Han U AnT 2% B A2 R
Bio EXEAF R B AT HE P A A G A IR R AR
AR T AR ST B — 3ok, — B il
F I e 53 A T 305 B — 30, 2 1 )
SR B A — B B R AR 0P B ANSGE &
TN AL NG T AE AR R ARS8 A5 2% 10 il
Mo TETRES e, —J7 T 3 2 I E AL AL A
PR G B M —30 5 — i, R febl ez T
IINFIASLER T B A7 AR [

ML MEA2 A
B B2 o B

| | L
W=l
| wm | | | |
LU U e A |
71 e BT

K1 SRR

Fig. 1 Redundant computing architecture
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2.5.4 Hibzik
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StarLogo' ! & MIT £ i K521 2 F 1994 4F
TR A AL, HoAf 5L -~ A B 4 R,
StarLogo $&4lt T Logo 4 f 15 & Lisp MY JE FIAL
PR IR RAENENAE . Nt RS E S T
FHHY)RESR A B TC LB 2 iy = e 5 D)
YRS, AT R A R GAT R, AT
VFZI SRR LS, L a0 55 3 | i R 1 3 48

Novalar:

T,

[k = e [
[#]2]

=0

[©[e]

& LT

&l 4 StarLogo #l#x A5 EH H P A1

Fig.4 StarLogo robot simulation user interface
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Fig.5 ARGoS robot cluster simulation effect

3.3 Swarm
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Fig. 6 Swarm robot cluster simulation effect
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3.4 Breve
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(a) Visual script
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Fig.7 Breve robot simulation user interface
3.5 Player/Stage
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Fig. 8 Player/Stage software interface effect
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3.6 SwarmFare
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(a) Visual script
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(c) Server tab interface
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Fig.9 SwarmFare software effect
3.7 ARGoS/Buzz
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(a) Breve simulation micro robot
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(b) Breve simulation experiment process
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Fig. 10 ARGoS/Buzz robot cluster simulation effect
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