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A Knee Point Based Coevolution Multi-objective Particle Swarm Optimization Algorithm
for Heterogeneous UAV Cooperative Multi-task Allocation

WANG Feng' HUANG Zi-Lu' HAN Meng-Chen' XING Li-Ning? WANG Ling®

Abstract With the wide application of unmanned aerial vehicle (UAV) technology and the increasing complexity
of UAV tasks, the multi-aircraft cooperative control on UAVs faces new challenges. In this paper, a heterogeneous
UAV cooperative multi-task allocation model which takes the UAV total flight distance and task completion time as
the optimization objectives is set up. The model includes mixed variables and multiple complex constraints, such as
UAYV type and task execution time. As a result, traditional multi-objective optimization algorithms cannot effect-
ively search the problem space and generate feasible solutions. In this paper, a knee point based cooperative multi-
objective particle swarm optimization algorithm, namely knee point based coevolution multi-objective particle
swarm optimization (KnCMPSO), is proposed to solve the above model. In KnCMPSO, a knee point based learn-
ing strategy is employed to update the external archive set, which can help get more better solutions. The learning-
based particle update strategy is proposed to improve the convergence and the interval disturbance based local
search strategy is used to enhance the diversity. The experimental results on four sets of examples show that, the
proposed KnCMPSO algorithm can solve the heterogeneous UAVs collaborative multi-task allocation problem more
effectively than other existing methods.

Key words Unmanned aerial vehicle multi-task allocation, multi-objective optimization, particle swarm algorithm,
coevolution
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4) MENNEES U PRENLIESE — ROUEEANL U;; Bl
HUERTEAN Ui FATAESS My, B R FE CF;

5) else;

6) NTEANBUES U HBEHLE S — 3R TEANL Uy B
HUERTENNL Us PATHT I AESS My IS FHFE CF;

7) end if;

8) K T; BN EIEAMG T U F, K CF AN E TR
FeC iy BOHESS My, SEBUITH B C Ry, « CRy — CF;

9) if CRy <0;

10) TaskSet; + TaskSet; — My;

11) end if;

12) if TaskSet; NZ;

13) T+ T -1y

14) end if;

15) end while.
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MRt FEAR T R R B R . RS2 H
Y LS S VS g N NUEY -A L= 0] R [ SR U
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18] & A 2B [RIE AL T DA 808E G F3dk i . A1
FARERR YR 2 A2 15 H AR{EL A R/ R EAT A A s L AN
SRR, SEBUAEZLERE bR, T AR
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Coevolution strategy of inter-population cooperation and intra-population competition
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X T A R Al MR R 5 S A, BRI R an vk
2 F7R.

BOE 2. TSR AR SR SR

HIN. NSRS Archive, 2 R B Goest, 471
AMEHIN BRI ¢S = (Mes, Ues, Ces)-

. AL E & nS = (My,s, Uns, Cps).

1) EAMSCRY R P B LI £ — MRS IEAME AL

2) if arccos(A, nS) < arccos(Gbest, n.S);

3) B RS TN A A VAR 2 ST, IS 3 % 24
A cs BEAT T, 13 BT MAE nS;

4) else;

5) ¥4 R E MK Goest 1E Nfr7 M, 53
XF A HT AN oS BEATERT, FFBIHTAMEK nS;

6) end if.

w3 pros, R P 1 KA EFR A f1,
Gbest AT MEE 1 AEEARRECH ¢ Iz 4 J5 LA
W, RS MER S, B e, FEAMTR R A T BEAL
ERE— MR AL THEAME A RS Z 8] [P 4R 5%
FLE; SR)5, 5 Gbest A1 S 2 1A] [ A 5% AL 4T
FLEL. A5 S Z IR 5L AHALBE B /NS S50 B A
M AR S (5] R B9, A R T SRR R
S, BRI AMEN S KRS AN R, k2, EHF
Ghest {ERN S A JRZE N 4.

b

) Gbest

A
K3 segr b RSN

Fig.3  Competitive coevolution strategy

TR [ A SR A B PR AT I ) R S
BRI, T H AT RER e Rk s Sk .

2.3  ETEIBINTEHRE

FEARUHERL T RESLIE T, R A0S B I XA
AR B AU 5 A1 4 Ja) B 0N AR RE 4T 22 31 SRS FT R
P oL P 24 A7 R S R B R T RS
AR EE TIRGRE, JFHARKMARZ,
2 IR BR LR 0 S 5 2R AR Al A2 20 3R
RLT, BT DAA SR 301 1) 58 O kAT Bt A
FEASE WL 3 R I — W, 7 BB A
i TS A S 2T 17 FOR R TIPS 2

Tit, /£ KnCMPSO H it 7 —fdk 22 2] fks
THE S, BARERE WL 3 P,

BUE 3. BT S KL T ST SR

BN Fr IR AL E 1 & 1S = (Mys, Uis, Cis), 4
FMEMINL B R ¢S = (Mg, Ues, Ces), F M pro.

B, ML E M & nS = (My,s, Uns, Cns)-

1) WA MARIAL B & nS = (Mys, Uns, Cns);

2) for H#5 j, 0 < j < Np;

3) if random < pro;

4) B R AR 1S AL E RS 14T 5 400 H A g AR
=AML E ERME, BRI 1S A B 1) B H RS JE I
FPAR AN BT S A7 B ) R0 R A

5) H5 B AMESS R R T8 ML EL B TE AL G U T AR B4l
NE nS i B 1) 8 10 AL

6) end if;

7) end for;

8) for (M EMESEE s, 0<s<nS;

9) if A7 E m R s AT,

10) H5 H TN es 0 H AR HARKS B TE AL A L
Te NBLBEIEAE B A2 B4 MR IEN BRI nS oz B [ &
AL

11) end if;

12) end for.

Bl 4 F ) 1S RIRFr 2 I AME, oS Rom 2410
MK, nS REE L5 21 X 5 A O M. %
NIRRT Bk, VIR — DT NME nS.
WUGE B A I H AR dm S, Dh—E RSk Y
BT B AR g 5 AT 5 2 A B 9 ATIE A B bR
TN 2, WA R S MARM B I 25 1175 2 M5
=AM E ERE, % IEHAE 1S AL B M & H IR
SEJE O MU BTN nS AL B W) & I AL
B, [FIRE S ANMESS A R F 6 AWLEL S TE AHL B IR
VHFEE RN B A7 B 17 8 X R E . 6 H g5 2k
IT—WRE 2 )G, H AR nS Fr3E 200 B AR A7
R AMEIS G B, )5, ¥IERIEAME S H 1
HAn B AR5 B Te AL AR T6 AL B R4 FH &\
Ao B IRSE N B MR B R S A B, Bk
HAME S EAFER B F5.

W AR AR AT 22 2 R B ) R
FEEC (1) AT, b X () ARERR T 7SR IR
ERFHINLE, Pbest; NRLFLES ¢ IEARH A
EAAE, A RIMBRREFTME, Goest A ¢
ﬁ'\%fﬁtfjmé%ﬁ%ﬁﬁ, wjﬂ‘yﬁ/%ﬁ, competition
RFE TR F A Fl Gbest fH 5+, FARE TR ¥
AR 5 2] FE.
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Fig.4  The learning process of particles from better individuals

X(t+1)=(1-w)® Flwe F(X;(t), Pbest;),
competition(A, Gbest)) (11)

ETXE N ERMER
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ATH R, AE 40 SR 75 BT B R 2% S s xo)
FAR R B MAREAT 2 2], 2 SBUEEAAIERE
RN R BB, AT — DR TR 2 A DA
M ER R RGeS, A — DR TR T
BRI ERAE R NS, BRI R Bk 4 s,

BE 4. F T X A1) 1) e 4 2R SR B

BN URTAMEIIA B 95 ¢S = (Mes, Ues, Ces).

. MERAL B HE nS = (Mas, Uns, Cns).

2.4

2) BENLIEEE—MES My

3) WA My, BIAES5 KT, $R BT S5 My, AT 4N (9 7E
[startPos, endPos];

4) 7E [startPos, endPos] & [ Y BEHLI%L F7AF 55 1 A AL
& insertPos;

5) ¥ My, 1l NALE 17 B P insertPos, R AL B AT
FAKIKIENE] nS B [startPos, endPos] J0 [ H;

6) FHTBCE ST S My, (R0 AL RAH S ) B 5 AE.

HARSLI 7 KB 5. & 5 oS R 2 ETA
8, nS AR AT 58 J5 B 15 2R SR W 2 J A B AR A
. LI —E BERAE A oS LRENLERS — 1 H
PR BRI —MES k. AEIRAR S5 AT B 7 20 R 4R
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Fig.5

Local search strategy based on interval disturbance
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Fig.6  Uneven solution set distribution graph
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HEEZ H AR AR, TS R R A — AT T R
FE T T, U353 AR E SO B I 1T B
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Fig.7 Illustration of knee point

P R S E i
3 (12) 1 A ARANEBRS R AR Archive TAEE
= MNRETEAEK, kneePt ARKPI S, FONKLF AL
FrARE) 2 2 i R, BARSEI 77 U5 2.3 1.
A; = F(4,;, kneePt) (12)
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FAE N Eclipse, AbBE88 9 190 3.6 GHz Y Intel
Core i7-4790.

3.1 ESEARZT

ALV T 4 FhAS RS g s, e H s fai] 1
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Table 5  The target attribute value in example 4 Table 6  Attribute value of drone in example 4
Ak AR S T = 22 84 25 8 S A BT A FR ] e s 25 =

A (%ﬂtiﬂé) m:gj)ﬂﬁ] %Tﬁﬁﬁ(g?i?ﬁz ﬁﬁi})‘lﬂ ML (%ﬂtz*) LT %‘irn(ﬁ)?ﬁ%z (?jé%ﬁ)
T1 (13, 41) 100 2 40 U1 (57, 5) S 0 0.10
T2 (63, 83) 120 1 20 U2 (42, 8) (E=<ilk 0 0.12
T3 (79, 12) 40 3 10 U3 (50, 99) (g2 0 0.12
T4 (41, 98) 90 4 15 U4 (62, 25) [OE=2il8 0 0.1
T5 (23, 65) 150 2 20 Us (20, 61) lE=2il 0 0.1
T6 (53, 19) 20 2 5 U6 (83, 46) (g2 0 0.12
T7 (36, 49) 100 2 40 U7 (56, 90) [OE=2il8 0 0.1
T8 (70, 47) 120 1 20 Us (39, 45) lE=2il 0 0.11
T9 (25, 15) 40 3 10 U9 (58, 69) (g2 0 0.11
T10 (62, 89) 90 4 15 U10 (13, 86) [OE=2il8 0 0.1
T11 (54, 42) 150 2 20 U1l (5, 57) lE=2il 0 0.11
T12 (61, 39) 20 2 5 U12 (86, 46) RN 11 0.13
T13 (74, 29) 100 2 40 U13 (89, 34) AL 8 0.09
T14 (68, 33) 120 1 20 U14 (53, 11) HE2FAL 10 0.11
T15 (76, 38) 40 3 10 U15 (92, 86) H2HL 9 0.09
T16 (96, 26) 90 4 15 U16 (96, 18) AL 12 0.11
T17 (52, 55) 150 2 20 U17 (73, 76) 2R 8 0.16
T18 (59, 98) 20 2 5 U18 (47, 56) AL 7 0.16
T19 (30, 43) 100 2 40 U19 (56, 80) % =HHL 8 0.12
720 (27, 82) 120 1 20 U20 (78, 4) RN 9 0.16
T21 (59, 13) 40 3 10
T22 (42, 28) 90 4 15 7% (Coevolutionary particle swarm optimiza-
T23 (55, 39) 15 2 20 tion, CPSO)® FIEET- 73 i 1) U [F) 2E A0 2 H bR J& 30
T24 (8, 46) 20 2 5 R 5% (Coevolutionary multiobjective local

o ANALH 73 A5 FH S J il BRI 58K, SRV AE 52491 3
AISEA] 4 b1 SR AG 45 S RE i b S ik B 5K A i Y
s Sh itk ge. JELAE 4 > SEE] BRI, wT RO 5
IRIRR 56 1M ED PR BE 0 HEAT B4 T B PPA

Forb ZE AR 55 H AR AL G AALIR A8 Bk 5 A7 9 T
K, TABLRATHZ BT K/, AN KK
HLEEES 9 2000 T2K. JE AHLSE BT 55 A4 T i
G5 VTS 55 (0 B RIS 18] D9 60 AP, o AHL5E
J— AT AR 55 B KT FE SR 2GR 4 AL

XL EEAIEM FE R

N T EAE KnCMPSO Rtk fe, A SCEECR
i TE N WL [FAT 55 3 T 10 38 PR 6 T P [R) AL VR
AR Z HisR T E I (Coevolution based
mixed-variable multi-objective particle swarm op-
timization algorithm, C-MOPSO)!" 5 3 N EA X
FME IR B T 0 (R 2E A4 1) 22 MR T B L AL B
(Coevolutionary multiswarm particle swarm op-

timization, CMPSO)® & ¥ [F]k 4b 1 ks 7 B

3.2

search based on decomposition, CoMOLS /D) i
7RSS, BT SR RO R RN N BCE N 300,
B RIEARIEL 9 500 K, AREBRS 25 RN S8 g A e
KK =y 2 —. A R A # A Hypervolum
(HV) $8 05 PR &> FESRAT AE SCRC R 1AL 25
HV fibrd — N EGEE VR Fa b5, B8 [F I PRAL 5
ARSI A 2 B BRI, HV 85 1 21 Bk
K, RoRFIEAEWCE M 2 FEPE B R R IR LT, A
XHV #8855 % BN (15000, 15000).

SRS

AT B % o B B BE 08 SR A AR ST IR
B FRXHEEYRH TS5 KnCMPSO A8 1)
GuhD SR mE UL R wlaa iy 0. BRI, N TR
UE S0 45 B AP, B C-MOPSO HiE2 4h, H
Al Y 595350 R AR ST T B PR T B g R Je 3
2R

TESLIR AR, AL EIREANUE
255y EL S B ARAT 30 IRBRSLSEES . & HIELERTA
S ) BV 8RR EdE Ik 7 fros, Hp Mean %

3.3
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(a) Schematic diagram of example 1 (b) Schematic diagram of example 2
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(c) Schematic diagram of example 3 (d) Schematic diagram of example 4
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Fig.8 Schematic diagram of four examples
x 7 BEIFESASH LR HY H
Table 7 The HV value of the algorithm on each example
S 42 K Hv CMPSO CoMOLS/D CPSO C-MOPSO KnCMPSO
Mean 1.941 x 108 1.846 x 10% 1.934 x 108 1.873 x 108 1.963 x 10%
Std 1.326 x 10° 2.035 x 108 1.574 x 10 2.483 x 10° 1.053 x 10°
S 451
S 1 A
Worst 1.918 x 108 1.799 x 108 1.893 x 108 1.836 x 108 1.942 x 108
Best 1.969 x 108 1.881 x 108 1.958 x 108 1.937 x 108 1.982 x 10%
Mean 1.586 x 108 1.312 x 108 1.554 x 108 1.371 x 108 1.629 x 10%
. Std 2.916 x 10° 3.387 x 108 3.158 x 108 3.523 x 10° 3.114 x 10°
S 2
Worst 1.525 x 108 1.259 x 108 1.494 x 108 1.297 x 108 1.544 x 10%
Best 1.640 x 108 1.371 x 108 1.637 x 108 1.464 x 108 1.675 x 108
Mean 1.326 x 108 9.365 x 107 1.284 x 108 1.032 x 108 1.387 x 108
- Std 3.133 x 10° 4.722 x 10° 3.174 x 108 4.292 x 10° 4.271 x 10°
S 3
Worst 1.265 x 108 8.571 x 107 1.208 x 108 9.782 x 107 1.289 x 108
Best 1.383 x 108 1.029 x 108 1.365 x 108 1.130 x 10% 1.487 x 108
Mean 1.103 x 108 6.209 x 107 1.027 x 108 7.068 x 107 1.151 x 108
. Std 4.482 x 10° 3.658 x 10° 4.850 x 10° 3.056 x 10° 6.337 x 10°
SEB 4 -
Worst 9.913 x 107 5.582 x 107 9.023 x 107 6.601 x 107 1.033 x 10%
Best 1.192 x 108 6.970 x 107 1.116 x 108 7.631 x 107 1.241 x 108

NS EE 30 SRR THEAS 2N HV F54R (1124
A8, FR/IN S SRR AT 0 AR S S A B 1 W S e AN

ZHREME. Std RN AL 30 R AR EI
HV $8br 07 22, HR/N BRI R VE. Best
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Table 8 The HV value of the algorithm
on each example
S 44 TR HV KnCMPSO-SLR KnCMPSO
Mean 1.951 x 108 1.974 x 108
Std 7.942 x 10° 1.046 x 108
S 1
Worst 1.934 x 108 1.959 x 10°
Best 1.961 x 108 1.989 x 108
Mean 1.625 x 108 1.622 x 108
Std 3.290 x 10° 1.632 x 10°
S 2
Worst 1.569 x 108 1.598 x 10°
Best 1.690 x 108 1.645 x 108
Mean 1.347 x 108 1.395 x 10
Std 2.031 x 10° 3.099 x 106
S 3
Worst 1.318 x 108 1.361 x 10°
Best 1.385 x 108 1.449 x 108
Mean 1.146 x 108 1.184 x 108
L Std 2.251 x 10° 3.492 x 10°
SEH 4
Worst 1.087 x 108 1.124 x 10
Best 1.165 x 108 1.241 x 10®

R PR PRI R A T 476, L7
R A e R 4 X 30 025 57 O SRR T B
IERENE, SR T SRR, TR
IS AR R AL R T AR AT ATAR, SR K
%R
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Table 9 The HV value of the algorithm on each example
S5 44 B HV KnCMPSO-PF KnCMPSO-FR KnCMPSO-SR KnCMPSO
Mean 1.800 % 108 1.782 x 108 1.786 x 108 1.861 x 10%
N Std 3.005 x 10° 3.881 x 10° 3.778 x 10° 1.948 x 10°
i Worst 1.721 x 108 1.703 x 10® 1.705 x 108 1.800 x 10®
Best 1.860 x 108 1.837 x 108 1.839 x 10% 1.898 x 10%
Mean 1.362 x 108 1.346 x 108 1.356 x 108 1.449 x 10°
Std 4.110 x 108 3.981 x 10° 4.166 x 108 4.562 x 10°
S 2 -

Worst 1.275 x 108 1.257 x 10% 1.296 x 108 1.362 x 108
Best 1.435 x 108 1.426 x 108 1.453 x 108 1.529 x 10
Mean 1.046 x 108 1.036 x 108 1.003 x 108 1.175 x 10
Std 4.892 x 10° 6.045 x 10° 4.629 x 10° 4.027 x 10°

S5 3 -
Worst 9.602 x 107 8.900 x 107 8.618 x 107 1.112 x 10
Best 1.145 x 108 1.139 x 10® 1.066 x 10% 1.243 x 10®
Mean 7.920 x 107 7.851 x 107 7.833 x 107 9.603 x 107
N Std 6.365 x 108 6.608 x 10° 6.008 x 10° 5.376 x 10°
b4 Worst 6.537 x 107 6.412 x 107 6.007 x 107 8.466 x 107
Best 9.105 x 107 8.916 x 107 8.653 x 107 1.045 x 108
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Table A1 The target attribute value in example 3

(continued table)
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5 KnCMPSO, JFi%it T 4 F0A [ AL i) s 4 e (68,5) 120 ! 20
HEAT 07 B0 S g RS R A TR e Tis o (16,38) 0 ’ 10
FEVERISICME b 540 T Hef %) b 50, A <L T (96, 26) % ! N
PR R 05 ORI TE AN I R 245 55 23 2 il A5 mr (6259 150 2 20
KnCMPSO 5057 Fi I 2 4 9 77 20 b B LG R = °
ZVRAC BT AR T 1%, REAT RORE G AN AT gt 19 42 Table Aj% i3trib?1<t1zﬂv3alfe%oﬁji))iri$rfﬁexam le 3
&, K FH O R 3E A SR K 22 H AR Ak in) #i % v % H _ — pm
FRAEFE I3 FBROEAL 1AL, R T AR LS R LU L U Il
FEME PR EIR WS E AN 2 8618, PRt AT DAR 47 3 o1 57.5) R o 010
EH T2 B2 2R JC AWUESS 70 Be i) @& B i U2 (42, 8) b 0 0.12
ﬂ: KHCMPSO ﬁ?ﬁ E@%EE‘II*[&E%‘?%%%*EﬁE*@ U3 (507 99) 1B 0 0.12
6 NHUAEZ5 43 B 1a] @ R AR P 2 A T BT, S T HeAR i U4 (62, 25) - 0 011
%’ Hbr 2 LR A AR R0 ) 8, 3 75 0t 7245 2 19 Us (20, 61) - 0 0.10
G h 7 sURIHE R SRS R AT KA. U6 (83, 46) - 0 0.12
ASCHR PR AR S T RN A S PRI U7 (56, 90) figEhL 0 0.11
(PIL SR 26 AT E bR eR A, (EE AR BT I SR SRR B Us (39, 45) g 0 0.11
I I — E R R, N T Bk Pimft U9 (58, 69) fHigehL 0 0.11
5oy B Y B A R, ARSRIE R TC ANUE S5 4 I U10 (13, 86) figEhL 0 0.10
BRI K25 8 TE 2 1575 SRR (M 29 R 25 A A E b R 0 U1l (56, 80) B AL 8 0.12
U12 (86, 46) AL 9 0.13
Bﬁ% A U13 (89, 34) I E il 7 0.09
F ALK A2 43 B 17 S 3 1 B bR AR vl (53, 11) kAL 9 0-11
AHLI & Fh @M. 2 A3 FI5R Ad o3l s 1 5Ll U5 (92, 86) L 7 0.09
2 ff FARAIIC AL & R R L. 2 A5 FI92 AG 43 1 oo e A ’ o
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Table A1  The target attribute value in example 3 Table A3 The target attribute value in example 2
. Aekr W TR AT . AR W TR R T
(F2K, FK) () () () (F2K, TXK) () €9 ()
T1 (13, 41) 100 2 40 T1 (13, 41) 100 2 40
T2 (63, 83) 120 1 20 T2 (63, 83) 120 1 20
T3 (79, 12) 40 3 10 T3 (79, 12) 40 3 10
T4 (41, 98) 90 4 15 T4 (41, 98) 90 4 15
T5 (23, 65) 150 2 20 T5 (23, 65) 150 2 20
T6 (53, 19) 20 2 5 T6 (53, 19) 20 2 5
7 (36, 49) 100 2 40 7 (36, 49) 100 2 40
T8 (70, 47) 120 1 20 T8 (70, 47) 120 1 20
T9 (25, 15) 40 3 10 T9 (25, 15) 40 3 10
T10 (62, 89) 90 4 15 T10 (62, 89) 90 4 15
T11 (54, 42) 150 2 20 T11 (54, 42) 150 2 20
T12 (61, 39) 20 2 5 T12 (61, 39) 20 2 5
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U1 (73, 91) EEHL 0 0.10 k2R, 2020, 46(2): 222-241)
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