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A sensor optimization deployment method based on Collaborative evolution

Multi-Objective Particle Swarm Optimization

ZHANG Yuxiang, GUO Lantu, LIU Yuchao
(China Research Institute of Radiowave Propagation, Qingdao Shandong 266075, China)

Abstract: The sensor optimization deployment is a multi—objective optimization problem involving
sensor coverage effectiveness, frequency conflict probability, and resource utilization. The existing
sensor optimization deployment methods mostly adopt weighted approaches to transform multiple
optimization objectives into a single objective problem for resolution, which not only relies on prior
knowledge but also leads to the loss of diversity in optimal solutions. To address these issues, a
Collaborative evolution Multi-Objective Particle Swarm Optimization(CoMOPSO) algorithm is proposed.
It designs a collaborative evolution framework that guarantees the convergence of high—dimensional
problems through the convergence of the population, and rapidly approaches the Pareto optimal frontier.
The diverse population uses the e~dominance method to ensure the integrity and diversity of the global
and local optimal solution sets. A fast non—dominated sorting and elite individual preservation strategy is
employed to enhance the quality of solutions. Experimental results demonstrate that, for the sensor
optimization deployment problem, the proposed method outperforms traditional optimization algorithms
in terms of Inverted Generational Distance(IGD) and M, indicators, exhibiting better convergence and
diversity and effectively improving the performance of sensor networks.

Keywords: sensor; optimization deployment; multi—objective optimization; particle swarm;

collaborative evolution

AR, %%%m%ﬁk%LLk%ﬂ%Am%ﬁi FH L TC AL A A% I8 4% 280 far 2 B 1) G 46 A% 2 285 Y
LRAE A WA . R o BT A S T8 A T 5 | & T Tz R, JE A ML B B AL Bl M i A% A 1 B O 2
TERRHS, 5050 RAR T AL RAR W 25 1 25 R 2 M1k . B s XSl ) 005 R0 2 A% SR e I 286 1) SC B, T 2 — , (HAFAE
JUAS R . 100, GRS B A RS BT, A0l e £ 5 00 0 &8 2 00 B L (1% S84 9 2 1 PRI 2 55 1r X
A B 2023-11-20; fEEIEHE: 2023-12-19
EEUWH: ERARPAEESE I H(U20B2038)




5511 3] HEHE . EF CoMOPSO HIERSEBMRUIBEHi% 1245

B R e RSB BRI IE OL T, 5% 2 IS A0 o] 5k 1R A% 8 g T FH A4 A B DA B e A AL =2 [i) A A BT, DA R
TS I P BRI D BE E R e AT HRe e S RHME IS E R JE, B TR ECE IR A Ry, 7 2o an
ol 35 5 WL ] A e /N Al A% gt I 28 B IR B il TV, 4R — R AT & DA BT R B DL AL 28 38 0 — T HL A 2 B hif
RS EE AR ) R fALIE

M TC LA I T 28 W DX SR, A R AT BE 2 0 DX AR DR AT SR R OCEE BE L R AT E OR  AR A EAE
B DR FE AR AR . i D IR SR PR RE . SCHR (7142 T — A R T ok U B R A A T
SCHR[910 25 JE 1 JC 2k A% Jaatie I 28 110 2 i DXl Je AR I 4, i DR E ORIE AR I I B0 1988 i 9] 8 5 SCRR[10-11]
B — 20 2 TR T AR SRR T £ 1Y) e KA 55 R 3 Y OU R ) A, 3K S R T O R R O S A TR R, A
PRAUEAR IS T A5 D0 N SR KRBT 35 0 58 o (HLTE SE B i) T S A% JR 2 I 28 e | 0 2B 4 00 700 3 {5 8 A 5t T Pl 10 g
PR RSP R AT, DT IR 0 248 o 5 TR0 PR 00 B 8 ) Rl 55 B T8 . O M X — Tl R, SR [ 128 12000 1 40 A 340 1y
W& 5 Pareto e LAHSS &, Ff DAL Sl I 26 i A A3 4 L RD R, e Ah L 3 A BT 9 4 HR T 8 v 01 335 A1) R 36 R I AR A3 %
MaE, B HAE X E FR AT AL, 0 22 B AR U0 A0 5 1 SR i AR AR 43 E R TS 22 H A R) L R B A 2 2R
M H AR L AR M R A, PR AE GE A R AN GE o M dax B )@, i R R A RAE . KRz
H b a8 A EZ k. — R 24 B i RECIRCE RECRIN . e~ 29055 )7 oG 3 o 50 B b 0] 8, SR )5 BF
AR A, XAy AR B — R, JFH B TAES E2 HAR MRS TR AR, 55 84
ANPRR; S —F kR L2 B EL S B, W NSGA(Non-dominated Sorting Genetic Algorithm)!"®, MOEA(Multi-
Objective Evolutionary Algorithm)!'”", MOPSO(Multi-Objective Particle Swarm Optimization)!" 55 5 3 | X Lo 58 P R
T 2 Hinf o p Hbn, P EA NS RER NG MU HR& AL W20 . XA 7] DL )
SR B AR A BRI, (R B SR AR T 22 OGN TR A R A B

HHi AT T2 86 45 1 25 (1) 22 H br 0 A58 28 a) 0, KRR A 48 Ay B0 H A7 1) RR A, 3 b 5 12 AN 4SO o 2 3 Rl
M H T HRYOR A E L —E, HRERAG —4#, MARNEAERN KM%, 2 HiniF bR e 2 His
IR AR AL X S S 2 ) BUR , 25 55 DR R W St P SO I i o A AN 38, 2R MRk . AR SO X 2 H A A% kg )
LR B )L, 25 P A R I 25 A T ORI b S A AN BT A R A0, B — R O R Ak 22 B AR kLT
HE(CoMOPSO) A 12, IZBEM A Gl AT e- LW ZREPERRE , ROk i sl . R bRy [ i . 5 HoAth
AL, AR IS SR TR

| ” Al
L1 6 R340 1L B0 B o B el s
1% B i D0 A 5 1) A0 T 41 3R Ry 22 A S ) A SRR AR AE H B IX B A
1 3 E B AR S R D AR, S H b DXUBE o 1 AR 150 f
BRI 5 fie /N B B IR A T e b o AR SO AR I 2 AR
BB BT - 75+
1) A% JRES A IRAL S 3l A R S R O e Wi I e kA7
ﬁﬁéﬁiﬂu; 7I5 150 2&5 300
2) B 22 1) i 3 TC A AR R G AT (R B A x
3) AN ] A B 2 BIAF RS, Fig.1 Schematic of the problem model of the
] SSTREA 1 1 B L AR U B R — 4 300 km><300 km A

B R A, AR IR 45 B S AN IR DN RE 0 AS [a] (1) 4 ) G 2k A% R 4%
ARG, AT TE 150 kmx150 km B X385 B N o R4 AR 07 B AR bR (), I FHARR R £, IR P, 38
{5 AN £, .
L1 DO o 30

G AL S8R o 3 B A S R, RIS A R T R S A R R S BRI o Rt E bR XA R, A A
W 28 5 R R] BE M A T A HAR X, R XU SR R 0 e . Bk BAR R IX IR S N, S, AR i B IR AR
P FRIM DX S5, N WAL RS W 45 b AL R AR B, S, MRS s IR X, U X 36 R P, TR IR R T L IR AR
I DX 358 1) I 4 54T 55 25 18] 1 28 S 45 2 10 245 51 54T 55 4 1) DX 3 1 L 43

Fcov:[(U?/:lSi)nSm}/Sm (1)



1246 KipZBHM=EEBRFEEFR %22k

K Fo, e [0,1], Fo, 0T 1, HRIMGCR
1.1.2 A b 58 43 #r

FETUE RN AR v, A AL A I R I S (5 R A R AR T AERT, SR vhsae, B0 AR B IS 5iE
FRR . M H TR YO 2B RN, FH A AR AR R AL 2 B B ISAL m) A, A 3 B 3k b A7 00 1 %2 2E A T O B
FEVFBNE LT, T S a8 P R () 400 3 2 A AR AR B

A SCH R B R A 28 LR R TR A L ARAR e, Xk 7 b R A A B 32 B I 28 A 45 S 4 ST A R
B P LSRR B, B v A oG 2 (8 28 7 H AT A8 e X6 107 A 5 4% 18] A9 1 4 56 2R (I Ak A9 38 4 40 75 A% B2 A0 460 1L
FOBAE R A), BRI T EST . A TR YRR A B, BRI AR M A TR 6, =1, MROR
B i M IEE R T 2, a,=0, WIFRB4 M AREE T,

PR N A R/ 0 e 7 W B R €| <y R W1 | BV (£ R = e B I ES 7 S LS e vy
FA R w2 AR A

N N -
ch:azzAij +ﬂ223y o
i=1j=i+1 ey e
Aif:{aija f(l):f(]) and 1#] (3)
0, others
P.
by | f(i)=f(j)] <k and i#j and 75 >20dB
B{/_: ij ‘f(l) f(])‘< and i#j an Pj> .
0, others

B Fof R, RIAERE R R AL, HREE 2.
1.1.3 BE Y5 A A58 2

st R b, AR X RN R, PRI AN 75 28 B A A% A Rl i DA e R I ML, AR RS #h, 1 X
AN 3 50 10 3 55 Y0 BB T R, A% B v LA AR 43 JFHILEE 22 AN TF ML Jr X5 30 R AR A0 b 2 TR, ORIE AR AT B
PR . TR, T IO AL AN B BT I RE VR A PR, W SE R AR IR 45 i TAERHS , TR R 5/,
i B FUE R B BN T, 5 n MG IRAS TR P, B DL RS UL P, DR TR I K Ry e, F Y B 2l 28 41
T A% R X 25 AE B B A B ST AR TR, B SRR UEAE H HOR B /ME . SRR RS LR OR R

Pt

Fo= Y )

re

s

12 fERREMERENYFRE

WG BRI, 256 5 A s i B A R g . BEURAE A, S RN AR O AL A E LAY . (Al F AR
PR -

minﬁzl_Fcavzl_[(U?]:lSi)ﬂSm}/Sm (6)
mian:ch:“iiAi/ +/’)i§30 (7
mw;a:ﬁ%? ®)
AL H Ny -
Pmin.n<Pn<Pmax.n
fmin, n <.f;z <fmax,n >
s.t. Lel ©
fC.min.n <fC,n <fC.max.n
K PR n(ne [LN)MERBIRTIR, P, F P, 5350 80 AL 25 T 3 0 fe KR ME s f, R 58 n A~ 1%

JEAS RN FT IR S S T o 23900 00 060 O AR A AR AR B BR . NBR s L, % n MGG B E, LA
AT DB S, S n A BRI R 8 AR L B i 2390 9 A AR AR T A1 BB R BR



5511 3] HEHE . EF CoMOPSO HIERSEBMRUIBEHi% 1247

2 Hik#id
2.1 S EERM®K

AR SCHE ST B A BB A IR 22 H AR A TR, 32228 R R A SR A EE B B IR B &2 2%, L A
JUASBAR. 2 B AR BUE & ] 2R

mmF(x) = [ﬁ(x)vfz(x)v ’f;z(x)]
st. g(x)=0,ie[1,G];h(x)=0,je[1.H]

Krr: g(x) 20 5n,(x) =053 510 x (AR A G5 H AR h PR 29 9 B

Z B AR LA ) 8B AT Z2 A4S BOAH S e 28 o S8 0 H AR pR A, DR G DASRAS B S H bR o S AR Ff 19 O 6 9T A e [ B
el FCAt B bR Ry B DU o b 288 T R i R0 S5 D0 A AN P2 BRA i, T2 Pareto S LA 4R o 2 H AR L AL I0) B 1Y Pareto fi
W AT A AR SRR AR . R 2 B AR SRR MR Z R R, SCER[19]4E T e — SBE " HE
&, "e— LML JE Pareto ALK AW EIIL, & XM

EX1 e-LhL: Plee (0,1), x, “e— " x,(x,—> . x)), BHALEA-€)f(x,) <fi(x,).i=1,2,-, M,

X2 e—iifblPareto fi £ : Hlee (0,1), WRFHMIEEM g F 2D RS “e-KW", WFF,
W F ) e— ) Pareto fip 5, Hl: Vge F:3fe FfHfSf— g,

(10)

B2 L H AR A R R R B, R T “e— 3BT AR H bR s Y A
6} %ﬁ ‘% o , Pareto ip] i %Z 5 i %Z 2 (8] Y IX iﬂﬁ e-iI ﬂJ Pareto fif % ] \ — Pareto optimal frontier
e @ non-dominated solution
U () e-approximate Pareto set
2.2 CoMOPSO &% \

2 F b 0 A B30 12 A it e A RS 00 A0 0 28 ) R I, HCAZ A 55 7
TR AR AT BE R 5T Pareto i 4R, EAESEPRE N P, iy
Sk bR SR s ] A8 W SO 5 2 R R R — A L AR ) PR R
PR DAy ek B8 3 SR 14 22 A A1 AT RE 23 5 WA B TR R ML BIGE R, B R R Y
We s b e, RIfgs S ERERR T m, 51k ZHEA g

N N - S . . Fig.2 Relation between Pareto frontier and
AR, R WX IX — PR, 52 TIAN YE PO R &, AR SCi il — e—-approximate Pareto solution set
Ff COMOPSO # i . %5 M 2 A FhBEDR R TAE, 75 Z BAsi ik P12 Pareto i} 5 e~3iT{b Pareto A 154 5

SRS S 2R 0 . BTN, U AR A B A 2 A Fp
B URSORBE R Z AR PRI AE . FEDRSE S Rl b, IR SR BE R 2 B bRkl FRERIE AR S8k ms , s T3 R
SCfY Pareto i 4 ; ZFEMEFEENIGE H “e— HL” MESIEATEAC, REEM M. FEREENATRE G, X2
AT 22 8] 38 15 8 28 4 52 BRI 1Y) P m] ke
2.2.1 D[R] AL AE Y

Z H b5 A5 AL 5 0] B2 2 0 A A8 i iy e 4k Il B, BT R s [ 4R By . RS S A R A, DA
HE B A B A AR 25 5 R A S 4900 48 50k B A R B et o A Sk U R aE AR HE 2R, K R T 2 HAs b 1 #f
B, RS T W SOR RE RN Z AR RE PR AL . R EERI IR AR S . ool R 2 AR B R i B R Oy X
PR AR, 25 SR N R R O W SR T S SRR B S 2 R PR AR, AR ORIE SR MR SO A I O T B R TR B 2R
PR, #E R E i o XA R EIEANE 3 s o AR, W SORh i A8 T AR S HE P 565 0% Ok B SR w7 R e 10
O30, PR E AR H B R AE Y R BE W2 51 5 B0 3E 1] Pareto M UTURSN ; ZREMEFIBEME L T “e— B0 B9 X8
FRAE, 38 2 AR o A R A 0 AR AR R R . RSB BN SR 1 TR
2.2.2 Z H bR I A 0 RO 5 I 3

2 B bR 50 09 FhORE ST TR 10 AR T S R AR poee MR R BN Goee (N FE BN o FREE S BT b REoh, KT
TEORFE H B iz S0k 9 Bl FARYE — & 0y iz RN T8 F O n 7 B AR B, SR R AR

vi'j(t+1)=wvi_j(t)+c1r1[pp bbbbb j—x,’j(z‘)]+c2r2[pg bbbbb j—xi_j(t)] (11)

A wRBHERE ; o, fle, M2 D RAMERI =T 1, FRONIGEREG 7 F e, J9(0,1) 3250 73 A B BEHILAE
(DAL R /A WA



1248 ABHEMFERFEREFR 228

x (14 1) =x,,(¢) +v,(t+1), j=1,2,---.d (12)

A d g AL 1Y 2 ) 4R R

solution, | solution,,,

solution solution,,,

solution,, population offspring solution,;,

FNS and elite individual

- - reserving strategy
solution, offspring,, offspring,, solution,,
] offspring,, offspring,,
G N population
initialization diversity regeneration offspring,, offspring,,
population
e-approximate Pareto
solution,, - — set and crowding solution,,
offspring,, offspring,, distance-based truncation
solution,, solution,,
solution,, solution,,,
solution,, solution,

T

Fig.3 Coevolutionary framework
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Tablel Framework of collaborative evolution multi—objective particle swarm algorithm

algorithm 1: framework of collaborative evolution multi-objective particle swarm algorithm

input: maximum number of iterations Max G, population size N, €
output: external archive of the diverse population DP:Archive DP

1 Random initialization CP

2 Random initialization DP

3 Function C «— Function(CP) /* Compute the objective function for each solution in the population */
4 Function D <~ Function(DP)

5 forxin Max G

6 NCP <« CP /* Population update, produce offspring and update Archive CP */

7 NDP < DP

8 [CP, Function C] <~ NCP+NDP /*Environmental selection*/

9 [DP, Function D] <~ NCP+NDP

10 end
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Table2 Fast Non-dominated Sorting algorithm

algorithm 2:FNS method
input: population size N, population NA, objective function
output: the levels of each solution in the population
/* All individuals are compared with each other, and the number of times each individual is dominated is recorded n */
1 forxin N
2 foryin N
3 if (x is dominated by y) n +1

4np . =max(n,) xeN
5 All individuals are divided into np,, + 1 levels, that is, 0 —np, . levels
6 Returns NA and its corresponding level
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Table3 Convergent population environmental selection algorithm

algorithm 3: convergent population environment selection

input: population size N, convergent population CP, convergent population objective function Function C, offspring NCP and NDP
output:the new convergent population CP, and its objective function Function C

1 TCP <« NCPUNDP /*Total convergent population*/

2 ND « FNS(TCP) <1 /*The fast non-dominated sorting method is adopted to obtain the current Pareto optimal frontier PF*/
3 if Num(ND) < N then

4 FDX <« sort(Function 7C,FNS) /*Non-dominated sorting population*/

5 CP « ND+FDX(Num(ND):N)

6 else

7 CDX <« SortbyCrowd(ND,N) /* Based on the elite individual retention strategy, the first N of ND are selected as the new population */
8 CP «— CDX(Num(ND):N)

9 end if

10 Function C' < Function(CP)
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Table4 Diverse population environment selection algorithm

algorithm 4: diverse population environment selection

input: population size N, diverse population DP, diverse population objective function Function D, convergent population objective function

Function C, offspring NCP and NDP
output: new diverse population DP, and its objective function Function D
1 TDP <~ NCPUNDP
2 ND < FNS(TDP) < 1 /* The fast non-dominated sorting method is adopted to obtain the current Pareto optimal frontier PF */
3 €, < getepsn(c, i) /* The ¢, of this iteration is calculated by the formula*/
4 Find the ¢ —approximate Pareto set S
5 if Num(S) < N then
6 CDX <« sort(Function 7C,Crowd) /*Crowding degree sorting population*/
7 DP < ND+CDX(Num(ND):N)
8 else

9 DP <« CDX(Num(ND):N) /* Based on the elite individual retention strategy, the first N of ND are selected as the new population */
10 end if
11 Function D <« Function(DP)
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Table6 Comparison of the optimal results of different algorithms on three objective functions

algorithm individual number /i /i /5
100 0.089 305 0.025 000 186.326 7
200 0.086 328 0.022 222 173.755 1
CoMOPSO 500 0.082 715 0.019 444 1633457
1000 0.075 866 0.011 111 180.808 9
100 0.09 529 0.026 389 193.568 9
200 0.087 367 0.023 611 191.009 3
MOPSO 500 0.083 425 0.019 444 187.810 1
1000 0.076 784 0.011 111 180.914 7
100 0.134 488 0.029 167 198.670 3
200 0.125017 0.023 611 174.329 1
MOFA 500 0.125 168 0.022222 168.506 4
1000 0.077 548 0.015 278 183.040 2
#7 ARFFEN IGD 45 5HX) 11
Table7 The test results of IGD by different algorithms
individual b CoMOPSO MOPSO MOFA
maivi number
ual numbe average standard deviation average standard deviation average standard deviation
100 4.299 167 1.999 636 6.173 314 4.946 319 9.250 628 4431110
200 6.425 465 4.612 899 13.418 090 7.824 349 7.108 353 2.757939
500 5.064 104 2.527729 5.676 850 3.706 507 10.169 400 9.167 093
1000 2.206 621 2.735 404 2.580 854 3.871 063 2.467 515 2.904 374
#8 MFBILI M, BERXS L
Table8 The test results of M, by different algorithms
s CoMOPSO MOPSO MOFA
individual number — — —
average standard deviation average standard deviation average standard deviation
100 1.835 815 0.692 066 1.618 255 0.722 962 1.713 352 0.774 785
200 1.541 196 0.609 995 1.431 145 0.864 912 1.696 409 0.662 356
500 1.586 226 0.774 208 1.296 344 0.892 386 0.856 436 0.352 618
1000 0.919 238 0.472 931 0.911 357 0.474 223 0.900 171 0.610 740
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Fig.4 The boxplots for the test results of IGD and M, by different algorithms
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