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Localization of WSNs based on improved marine predator algorithm
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[ Abstract] The location information of nodes is the key information of wireless sensor networks ( WSNs). For the problem of low
localization accuracy of the traditional DV —Hop ( distance vector—hop) algorithm, this paper introduces the improved marine
predator algorithm to improve the DV—-Hop localization algorithm in order to improve the localization accuracy. First, to address the
defects of the marine predator algorithm ( MPA) , such as being easy to fall into local optimum and slow convergence speed, the
Tent chaotic mapping is introduced to initialize the population of the marine predator algorithm, and the Cauchy variation and
backward learning are introduced to selectively perturb the position of the algorithm after iterative update to increase the diversity of
the algorithm solutions. Using three test functions and three multi—peak test functions, the improved algorithm effectively improves
the merit—seeking ability and merit—seeking speed. Then the improved population intelligence algorithm is introduced into DV-Hop
to realize the improvement , and the MPA -DV —Hop localization algorithm is proposed. In the case of random and uniform
deployment of unknown nodes in a rectangular area of 1 000 mx1 000 m, the simulation results show that compared with the original
DV-HOP positioning algorithm, the positioning accuracy of MPA-DV—Hop is improved by 63% and 83% respectively. The MPA-
DV-Hop positioning algorithm proposed in this paper can effectively reduce the positioning error.

[ Key words] wireless sensor networks; positioning error; marine predator algorithm; DV —Hop; swarm intelligence algorithm;
localization accuracy; Tent; reverse learning
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Fig. 1 Comparison of the optimization effect between the improved algorithm and other algorithms

AP 1 AT AR DG A BRI i pR K i 2
2NN PRI L, SO S0 1 03k 2 3R
i TR 22 d AR R LA T Ul
T A SO Rk I A

2 ETF IMPA-DV-Hop HEME %

IMPA B3EIA R A AL PEBE , PR ks IMPA
I DV—Hop & (i 5 U iR B8 1 b e KA
SRAG TR 43, 153 IMPA-DV —Hop J& i 83, Bk
LRI,

B b, iy P AR E T A5 R i
ANBREIC, TR AR 0 A A S e N B ESOR
R SR/ NS, N — 2 A

B2 Al B A R A A A Bk
FRE S, 1 e /N BR300 e BT S5
MAEITHIEES d, .

B3I ORI IMPA S5 4R N7 B2 ok 55 S AL
fift, B .

flx,) = _21 (v, =2)" + (v, —y)° —d,, (10)
Hof, (x,,y,) R w AARET ST
B (x,,y,) FORH AT AR d, | FRARA
A5 S A 2 AR B s m R Y
i
M S ARG R SR

3 FESRRSH

TE 1 000 + 1 000 m” FY XN, BEALE S Fi 5]
HRAE 1 000115 1, HA Al 5 200 A4~ , AR A7 45 800

A, A3 SIF IR R DV —Hop 81 | ik TR T #E )
DV - Hop % %% (PSODV - Hop ) LA Bz A SCHR Ay
IMPA-DV—Hop B3 #4775 £ LI AT L, A
BRER LN SHEE WL 1,

x1 SHEE

Tab. 1 Parameters settings

24 IMPA-DV-Hop PSODV-Hop
Tl A 30 30
I R EL 100 100
FHEF ¢ e — 15
B PEAL — 0.8
FADs 0.2 —
T EE R /m 100 100
B R TR /m 100 100

AT 2 o, B2 b W R R D R
I A5 LR« O AL AR R R )
DV-Hop 53 TR F#E19 DV-Hop H.% (PSODV -
Hop) A} MPA -DV —Hop 5 5 % & J075 5547 %8
B, A5 B iR 2Z AN 3 iR,

Pl 3 b A 2 3 s R TS AR A 7 )
FLSCARSN LR, BT, 28 1 22 180/ G B

NN
=)

|[S10S)
K3 (a) ~ (c) RamBEHLIRE1E O T 35 %
DV-Hop .PSODV-Hop #l MPA-DV —Hop & i 5 ik
HATERLRYE AR 22 L B 3 (d) ~ (£) RRH I
FEO T 4B DV -Hop .PSODV —Hop 1 MPA-
DV—Hop j& o 5 5 FE AT R 57 1Y 5E £33 22 &1 38 3 Xf



184 /e it B M5 M A 512 %
1000 980
945
900 310
£0
800 593
78
700 20
88
600 2%
325
500 290
3
400 383
it
300 330
245
200 214
108
100 ®
3
0 100 200 300 400 500 600 700 800 900 1000 C ORESILELRLRZTNELBRICSAREILELR
———a NNt TN NN OO0
(a) BEVLARE (b) ¥5EE
2 THASHE
Fig. 2 Distribution map of nodes
1200 1200
1000 1000
800 800
600 600
400 400
200 200
0 0
0 100 200 300 400 500 600 700 800 900 1000  -200 0 200 400 600 800 1000
(a) BEHLFRE T RH DV-Hop B kT (b) REHLEEE M R PSODV-Hop H kT
FE LAY 7 7 1R 22 FE A 1Y N 1R 22 R
1 000 980
313
900 875
§08
800 770
738
700 i
$8
600 22
zsa
300 433
90
400 385
B
300 280
243
200 18
140
100 B
3
0 100 200 300 400 500 600 700 800 900 1000 e

() FEHLEREASUL T R MPA-DV-Hop 7%k

SE it H R o 1 22 1]

(=R glen] el=1"n]
ARESLELT

L

(d) BJSJE R OL T R DV-Hop FiEHEAT

SE it R o 1 22 1]

ji



EERNE |

B, 4 36T ORI £ PR WSNs S i 185

LI IO~ SOOI TN IO DI IO ~I— 500

©HRETNESRERITESIRATERLRASESRE

(e) BEIFREEOLT KA PSODV-Hop Sk #E T

TEA 58 i 15 2 ]

= = BN NI LI L S S NNV ~I~I~J000000\O\O\O
LI~ 1= S OO~ NGO NOIIPNO DN DI ~I— 500
SUNONONOSNOSUNONOSNONONONSNOUNONOND

() 425058 BAFOU T R MPA-DV-Hop H 3k T
FE A P o 1R 22 1A

3 ENREHE

Fig. 1 Distribution map of positioning error

e, T LA W B DV - Hop 3503 19 & v 1% 2% fix
K, PSODV—Hop R F175 ;5 AT T2 T4 & X34,
RO A 2%, MPA-DV—Hop B M RCR BT, H
T S ARAB AR I R B R | WA R Is AT 30 IR, SR
TENIRZE M EIE I 2,

F2 EMREXLEFR
Tab. 2 Comparison of positioning error table
DV-Hop 0.418 1 0.931
PSODV-Hop 0.155 4 0.198
MPA-DV-Hop 0.143 8 0.158

MR 2 AT LAAR H AR SO 4 B 550 E 2
/M E/NTF DV —hop B3 BEALER B E LT,
{72 M X F DV -Hop 808/ T 63% , M % F
PSODV-Hop 5 3 1% 22 I /N T 7% 5 34 593 281 1l
T, AR ZE AN DV -Hop 5/ T 2 83% , #H
X PSODV —Hop /N T 20%., H I, A SCHE H 8
PEEEA RO = T e SR

4 HERIE

5, AR SO PR B R T T G S IA
Tent TRIEMLETIUA L 2 RN EE, IF-32 Fl Al 04 28 7
T ) 2 > X6k 0k B e i B e AT s, i it 3
A BRI K bR ORI 3 > 22 0 I 3 R B0 LR ELIE
WA s T EE N SO RE A SO, 4R
J& A SCHR T IMPA-DV—Hop & {3 804 4L 3]
T IRERAL IR W21 S N A 2 PR R RS
X N7 T A, IR H 5 DV -Hop ,PSODV —Hop

FREIEAT T H, D AR, S i RE ARk
WA 1 ALKS BE AT DV —Hop /& (7584 %
PR ZEAGE TR B3I H TS Ak B 1
FUE s BUE BT DN O, B2 00 A S B0k 7
HIEEIE AT THAE, N —PHCIR R ke
FEZ ST,

Sk

[1] ZHAO Wei, SU Shoubao, SHAO Fei. Improved DV-Hop algorithm
using locally weighted linear regression in anisotropic wireless
sensor networks[ J]. Wireless Personal Communications, 2018, 98
(4): 3335-3353.

[2] WAN Xinwang, CHEN Zhonggian, SHEN Lixiang, et al. Comment
on improved DV - Hop algorithm using locally weighted linear
regression in anisotropic wireless sensor networks [ J]. Wireless
Personal Communications, 2020, 114(2): 1449-1451.

[3] Z=9, ¥, WAR, 4. 3T DV-Hop WIBE & IE M Sh 8 22545
B AR )]. WOt TR HERE, 2021,58(06) 1347
354.

[4] SINGH S, SHARMA S. Critical analysis of distributed localization
algorithms in wireless sensor networks[ J . International Journal of
Microwave and Wireless Technologies, 2016, 6(4) . 72-83.

[5] GUMIDA B F, LUO Juan. A hybrid particle swarm optimization
with a variable neighborhood search for the localization

enhancement in wireless sensor networks[ J]. Applied Intelligence,

2019, 49(10) ; 3539-3557.

HARIKRISHNAN R, KUMArJ S V, PONALAR S P. Differential

evolution approach for localization in wireless sensor networks

—
=)
[

[ C1//2014 IEEE International Conference on Computational
Intelligece and Computing Research ( IEEE ICCIC ). Coimbatore,
India.IEEE, 2014 1058-1061.

(7] Petg, ki, HSCHr. sk A T e k461 DV-Hop 75
FUEALFIELT]. KRRl 575 B4, 2020, 18(06) :
1133-1140.

(FFESE 191 D)



