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New PSO particle filter method based on likelihood-adjustment

GAO Guodong *, LIN Ming, XU Lan
( College of Elecironics and Information, Jiangsu University of Science and Technology, Zhenjiang Jiangsu 212003, China)

Abstract: Traditional Particle Filter ( PF) algorithm based on Particle Swarm Optimization ( PSOPF), which moves the
moving particles to the high likelihood region, destroys the prediction distribuffon. When the likelihood function has many
peaks, it has a large computation amount while filtering performance does notimproved significantly. To solve this problem, a
new PSOPF based on the Adjustment of the Likelihood ( LA-PSOPFY) (w#s proposed. Under the premise of preserving the
prediction distribution, the Particle Swarm Optimization ( PSQ)\algorithm was used to adjust the likelihood distribution to
increase the number of effective particles and improve the filtering performance. Meanwhile, a strategy of local optimization
was introduced to scale down the swarm of PSO, redu¢e the amount of calculation and achieve the balance of accuracy and
speed of estimation. The simulation results sliow that the proposed algorithm is better than PF and PSOPF when the

measurement error is small and the likelihood function has many peaks, and the computing time is less than that of PSOPF.
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K BRI ABIRL T IR A RS R 1271 TR

W# B HA:2016-08-29 ;{& 5] H H7 : 2016-10-06,

EEET R EAH(1990—) B IR A BT &, FEBR I 55 5H R0 H;
W(1992—) , &, BRE RN, WL E, TEBS7 W R A

RI7A RIBES A FEAR T

FRIZHENE BE R R AR, 7 IEED M TR
( Particle Swarm Optimization, PSO) 5 PF B HE 4, £ H
PSOPF B3 , 1 B UL 00 Bl A2 A T 5Bk &, SR Bl br
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ASCLEST PR A PSOPYF BN I EERY b, 48 I —Fh
FBISR 53 77 TR 4K () i 3k PSOPF ( Likelihood Adjustment PSOPF,
LA-PSOPF) B , 76 3643 FI B 4377 45 B A Bml b, $E B3
ENERA R EEEEERECD BT PSO L JA%E ISR 43
5 30T o3 AASR A B2 X, LUA AR R s s
FfeE ;s RS A R PSO S5k 5EEE , BP{UX 5 & R A
SR DX BB Wk T HEAT PSO R4k, bk T X RBUE R T &
EEH, XHEERIERENGR T, AR E25E, R
RN

1 ¥ # PSOPF & ik 5 o4

PSO B T X SR BT NP, B—F R 685
. PSO B BB MR R A —1 n GEMBE R, i m
MRFHBRIFEE x = (x,,%,,,x,)  HPHIPRFAE
HRx = (xi,lyxi,z,"':xi,,.,)T, HiEE Ry, = (”i,l,”i,m"',
v,-,,,)T,/l\ﬁIi*&{Eﬁpi = (pi,l!pi,29.”!pi,n)Tyﬁ]ﬁﬂ,‘Jé%*&{E
AP, = (Pt P> oPen) SREHII(1) F12(2) SKEHT
AT BB AL E

vf,til =w: Vf,,z +¢, -rand() - (I’f,d _xf,d) +

¢, + rand() - (gf,d _xi'c,d) (1)

X=XtV (2)
HP o FROVBIPERCGE , S B BT X RT3 kR 20, 3
T BIE R TT R FRINBE ST 5¢0 Ml oy BRI T 0 FATRLT
KRR Y BT RAF AL E 2P o, W RLT G B Y A A
BB srand () BEG=A(0,1) AYBEHLE A SR —
e HE R PSO S ¥k, BIVR 80k T #F 48 1k (Gaussian PSQ;
GPSO) Bk, ey v 1 T 168 405 40 A TR R T A I LA
TR I S o ML ) B BE BT IR

vf,tll = | randn() | - (Pi'c,d - xf,d) +

| randn() | + (gf, - xi,) (3)

Horp: | randn() | A BRE B9 B R 37 43 A BEAILER

AT AR i, PF B2 E: A0 PSO Bk B HGE M, B# R
F R BB AAT R B o F T IX —FF 5K, PSO .
B PF B AHRE& R ATITHY, % ALAY PSOPF S L RINT

FHR1L WA AR AFARER p(x,) TREE N AR
FLIFRE SR T AEN /N, B 2R F 4 1 (x,
/N

F®2 TENZ k, NEBEEEERBCOREN AR T
{x, ~q(x, | X,z VL, X B AR BRI K p(x, |
X ) AL B B A B BB AR Xt o

FH3 BREHENE 2, , 2 SCBLF 13E N R

. ; 1 ot
Fitness(x;) = exp[ - E(Zk - zklk—l)Z} (4)
%
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St RERUAREA { (x 0,7 ) 1 X B wl” = /N,
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QA 7R o

1 PSOPF H kit
Fig. 1 PSOPF algorithm process
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ERTHE] (xli.;,o 9“/1.5,0) | wll-ﬂ,o < Testiola },~Z:1 ,0 < Z < N, WxME
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BAT AL, (8 0BT AL Il B R AR DX IR , AT 42 15
A BORTF OB AR IEFRE PR B B S A, T 4
FIBAAR B B AL R e s 1 B AR 5 Ll 3R, 24 Tl 247 i1 s
T AU S Af S LR A1 7 O, B A i3 AR
AT, LR BRI o 7302 Typa KRB, T
PSO AN TS, RARE TREHBEREE LB K,
4 Tprears S/, 38 BB FRAR TS BEXE AR . O T3R8 45
JESE BRI, A SUBE Tieanoa AR HCE IR REL -

Timeshots = SIN) (8)

FO) AR S RGEMahA S RIEALA 56 2 N Bl
W BRI Tyeps FHEL R 2R TS5 PSO 72 4l LITR
FORERE s 24 N BRI, 7EIX SRS B 2R i H Al b, AL 24980
Tireaars T IR IBEE

LA-PSOPF ¥k R fI A 2 BT
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e00 O @ -

TR
E 2 LA-PSOPF Bkt f2
Fig. 2 LA-PSOPF algorithm process

Pl 2 $¢A] LA-PSOPF 551 S22 R 8 T LA 20 A, 45
JEA AR S A AR TR R — 0 JUH R AE BN IR A 1 77 22 7R
/N AR PR B 1 SR , AR R S e 5 55 —JF
Tl , LA-PSOPF %3175 A7 E 08 I8¢ WA S50V 190 Tl o 4 1R 7 94
LSREVE S T TR T EZ RS,

3 5 E LI KO AT
SR LA E A B2 Intel Core i7 3612QM, I

Bk 2.1 GHz, NFE R4 GB, BVE R4 0 Windows 7, 2
FRTSCER (L] R 2] o f B A A AR R M R G
B—R R E M TR EHASERERER
( Univariate Nonstationary Growth Model, UNGM) , H o £k i
IR TR BL K R R BT BRI R, UNGM LR o B B A XL
W s LA B SCHk [ 13 ] v iy — 4k 46 07 A2 H A B B ( Two-
Dimensional Bearing-Only Tracking, 2D-BOT) #& #, Xf PF,
PSOPF F1 LA-PSOPF Sk HATH B, 43 B AR IS BE LAl 132
FEPEFNTHELRT ) = A7 183 5 =R AT L,
3.1 FEBIFEEHERNAE

ZARL AR BB SRS R RN T

%, =1 +sin(wmt) +0.5x, , +u,
{ 0.24% +,, 1< 30 (9)
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0.52, -2 +w,, ¢>30

Hopou, AWM Gamma 5345 T'(k,0) BIBEHLEE S, B RS H
k=3, RIESHO0 =050, BENEH LN o BB HE
o B Ry RE AT A, 0 AR (R BOE S, B R B B
BRUNASCH %y = 1 S5 ELBHCH 5043 BITER T4k 100 Al
500,07, 7 0. 001 F10.0001 £ fF FHEATPULLL 000 RSEHF £ 5
R, W FEEA, R CRAR(10) #E Ty H:

Thehon 575 0.35 % 1g(N/50) +0.9 (10)

RAAREIR 1 IRESTTRAR 2 19 T PR R B E
F= A 225 (Root Mean Square Error, RMSE) M H
TR AN

RMSE(%) = > (%, -%)° (11)

=1
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Var(RMSE) = Z {RMSE, (%) - mean[ RMSE(%)]}”

==

(12)
Ho M oAZEER B RS B 3 Bk FHdE o 100, 20
WP 5 25 4391 24 0. 001 F11 0. 000 1 A i) RMSE il 2%,
£l CHEEEFSEESHTERN THESERIELS

Tab. 1 Comparison of simulation results of
three algorithms under non-linear non-Gaussian model

B ok RFE =100 R T¥ =500
% o? RMSE Var(RMSE) RMSE Var(RMSE)
PF  0.231746 0.055162 0.092383 0.023241

0. 001 PSOPF 0.219948 0.055555 0.087110 0.024474
LA-PSOPF 0.220625 0.054123 0.086350 0.021920

PF 0.369051 0.063946 0.145417 0.050701

0.0001  PSOPF 0.345990 0.064775 0.122323 0.046161

LA-PSOPF 0.347789 0.060738 0.122856 0.041162

R2 FHEFESHED TR FHREN
EREEEHRRIRRE LR
Tab. 2 Comparison of three algorithms with different number of
particles on average single filter time under non-linear non-Gaussian model

ARk TR T 2 A7 [/ ms

Bk BFH =100 BT E =500
PF 0.374597 2.946 170
PSOPF 3.699330 19. 660 500
LA-PSOPF 3.653340 19. 021 800

M L ATLUE I, =M BRI R R T X AR R
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BEAWE SO MGTHEE, AT PF B, Hif
PSOPF H.3% fl LA-PSOPF H¥A i IEAHIL , #RMR IR T PF 37
o RMIER THEEADKIFOLT LR/,
LA-PSOPF B yk MR X T° PSOPF B35, X B TR R
RN o3 A (A A B R, 35 I PSO Bk [l s 28 kL 7 )
B AR SRS H i = R KA s B/ BRI A &L 38
ET BL_EXS PSOPF BT IS i, MR 2 W IA i, LA-
PSOPF B3k i) R B BRI (WIS T PSOPF 83k, ki 1%
BIEZHE R, AE 3 ATLIA ), LA-PSOPF Bk 7E XM B
TRIMG TR 2E L PSOPF Bk 22— 26, BAER 3 (b) spIE
A, SO EL It 7R T LA-PSOPF 55 3k £E BRI DL 4% o HL
RERLT B R PR

1.2

P
— & ~PSOPF

Lo 5 LA-PSOPF

40 50

HEFK
(a) BMMEFE 5 22 62=0.001
1.4 : :
oo PR
12 | — A -PSOPF 8
1ol == LA—PSO:PF
m 0.8 {.}
< :
% 0.6
0.2 Al
O o)
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(b) R MMEF I 2 62=0.0001
B3 fedr AR il T =M B T iRiR 2
Fig. 3 RMSE of three algorithms under non-linear non-Gaussian model
3.2 UNGM B{FE
UNGM #A BA SRAR LM, RS2 0 I RN «

25x,_,

%, =0.5x%,_, + 5~ +0.8 cos(1.2(z - 1)) +u,
+ X,
2
=%
Ye = 20 +1}t

(13)
Hobu, Mo, AMEMII W RETARS (¢ = 1,2,-,7), B
u, ~N(0,07) 5, ~ N(O,07) s IBAIRAE N 2 ~ Nl ,00) o
AIBEpy = 1,00 = LERTERE T = 100, K F40E
N A REER T2 o, MR 2 o) RERFRT, L b
SRBE AT IRE(RMSE) [ FoJ7 22 R B0 i) F-
Wyust ) , B4R B O EIK BN 1000, X TR AL, A SR A=
(14) m% Tthzeshold {E:
Threinon = — 0.3 % 1g(N/50) +0.7 (14)

FELGFRMEAME ~ 4 5in , HPAxHR2E BIeAa T
F PFREMIREME, F T AP EE NS FiREMEYS
PF B2k B35 TR 2B I HL (B I8 4 Sk P8l 200, 7ERE S
FEHR 10, BMHFE454 0.1 F10. 01 B, =FhE ¥
WIRZZHLR,

10

[0 PF — & - PSOPF —0—LA-PSOPF |

0 10 20 30 10 50
HEFK
(a) ITREMRFE /722 o2=10, BMMEE 72 02=0.1

[0 PF — & - PSOPF —0— LA—PSDPF |
0% 10 20 30 40 50
HHEPK

(b) IR 7 o2=10, BT 02=0.01
B4 UNGM F =Rk YR iR
Fig. 4 RMSE of three algorithms under UNGM

3 REAFMGRSE FZMARNEFRESMT, =
B UNCM (5 EREE . WR3 TR N, =FE
TR 22 A IR 25 Jr R AR B R TR 3 I T s/
XAFE PF BB — B, 8 B XHR 2 T, 5 T
PSOPF 55.4: 1 LA-PSOPF B3 i T8k il , HAG AN B2
X T PF By X B T PSO HkLfb TR E,
R TR T RERMCR. LT ME S, Y&
MR 7 22 AR T3 A2 MR A Uy 22 TE /N, LA-PSOPF B8 34 A X
T PF il LA-PSOPF 5 5k i fi T HAR I M 7, R M 7, 1N
TG & T XA B AR B, IR A T AR AR
R I T SBMAAHESEX B TR THMRE,
XIE TR TR, W, A 4 3P et aEfa 3] 2
(%51t X T PSOPF H ik, ki v Ky 200 M, Bifi % i3 72
MR, HOE B PEREAE X T 23 A IR Bk 2RI T R, R
PSOPF B35 3¢ T Bl 4345 5915 8, T 5k PR 75 e/ Tl 43
s BB . LA-PSOPF BEEH T 15 A E
B, B B A B R A TR RE

R4 R SMERTEA TH0 202 50,200 F1 500 B
Y ER YR AN LB, 3R 4 WIR Y, LA-PSOPF B3R
W] />F PSOPF 83k, HARZ T PF B ik, X L2 PSO 5 PF
BRMHSEERRRBR A, SBEER3 MERATA, Lk HE
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o 500, HE IR A 75 ZE HI X BRI, PSOPF 5 LA-PSOPF (1)
MRFREIRIET 1, R E TS GRS 2B/

fif , LA-PSOPF 335k 1 A 71 4% BE A e M AR AL T HoAt P A 55
I, % F PSOPF, HAERS 8] F AR HERH R,

£3 =HEEHN UNGM (FEE REIBILE
Tab. 3 Comparison of simulation results of three algorithms under UNGM
235 o NTH =50 AT H =200 BT =500
RMSE Var(RMSE) #i%tiR2/%  RMSE Var(RMSE) #i%tiR2/% RMSE Var( RMSE) HXRZ/ %

2 PF 4.75012 4.60502 100. 00 3.07092 1.64162 100. 00 2.76694 1.18646 100. 00
Z” - PSOPF  4.74385 4.56371 99.86 3.08849 2.12723 100.57 2.91806 1.28841 105. 46
v = LA-PSOPF 4.62063 4.55022 97.27 3.01069 1.84971 98.04 2.80137 1.17207 101.24
2 _q PF 5.38449 7.04175 100. 00 3.40620 3.10275 100. 00 2.74943 1.66270 100. 00
o u= 0.0 PSOPF  5.32901 6.66694 98.97 3.40122 3.18154 99.85 2.74831 2.23782 99. 96
Y LA-PSOPF 5.19316 5.78278 96.47 3.34659 3.06184 98.24 2.73062 1.95827 99.32
o2 = 10 PF 6.77459 4.98414 100. 00 4.99901 2.68961 100. 00 4.47609 1.78901 100. 00
0_2"' _ o1 PSOPF  6.56682 4.70064 96.93 4.97527 2.84352 99.53 4.55426 2.15252 101.75
Y LA-PSOPF 6.38672 4.68481 94,27 4.89737 2.64232 97.97 4.39168 1.78004 98.11
o2 = 10 PF 7.90001 4.97322 100. 00 5.86292 3.77261 100. 00 4.85932 2.49170 100. 00
o "’= 0.01 PSOPF  7.40909 4.53521 93.79 5.54866 3.38570 94.64 4.71689 2.39932 97.07
Y LA-PSOPF 7.29016 4.35396 92.28 5.45147 3.24093 92.98 4.67574 2.37972 96.22

F4 UNGM TR FEER =M T 8RR K i iE th 8
Tab. 4 Comparison of three algorithms with different number of
particles on average single filter time under UNGM

A RPRET B T BTN E]/ms

ik

K TH =50 B T4 =200 RETH( =500
PF 0.189369 0.790597 3.055200
PSOPF 2.290270 8.970870 24.184600
LA-PSOPF  1.571310 5.112390 11.544200

3.3 2D-BOT #HBHHFE

2D-BOT BB T Ysh R Er R GE P, i T H A 3t
TSR, Fi R A5 B R R FIME AR, AR T AR T o
BERNT HARHEATIRER , 2 (15) R HAE ELA A5 R T BPIRESH
BT A 75 7 -

x(k) =dx(k-1) +I'w(k-1)
k) - (15)
{z(k) = arctanu+v(k)
%, (k) - =,

1 d&¢ 0 O 0.5di* 0
& = 01 0 0 r= dt 0

0 0 1 dr 0  0.5dF

0 0 0 1 0 dt

Hh: o = FREEBES T HRERSERDEL SRS
e w(k) = [w, (k) ,w, (k) 1" AEERHEGRSE, T 2H
o BIRE o (k) WRMENTHRITHRE, FER o),
PR IR AR T ) DL 98 o LA 5 MR P o BERARE Y [B) (6T i =
1, HAR g RS x(0) = [0.5,0.3,0.5,0.3]" BEHRFE

HHOH 50, HEATPIAL 100 RS B, Ak FECE R 100,
o, = 0.0003 FI&MH T MR o BRI EE RIE S FR.

M5 AILIFE W, 2ok T4k 100 B, LA-PSOPF B 3:7E
PR B AN BRER AR e MR AR AL T PF AN PSOPF Bk, 7
BRI AT PSOPF Bk, B 5 2 Hrd—¥k H R B i
25 R 8 CA-PSOPF B kBT 30 T BARIRER

20 ; :
18 | —e— B
—o— HIERE
16} | —_PF
— o PSOPF
M, LA-PSOPF
12}
=
EIO-
8_
6_
4_
2_
0L e : :
0 5 10 15 20
XHAHL
BS =MEENREHR

Fig. 5 Tracking results of three algorithms

i LT B AT A, 7 R G AR B BRI B
LR, EL B NI 75 7 22 A X RS /INET , LA-PSOPF B 4 X
T PF 1 PSOPF Bk BA B R M THHERE , BB A E A T 7
B,

£S5 FE2D-BOT BT =REERERERILE

Tab. 5 Tracking performance comparison of three algorithms under 2D-BOT model

BurReE . X J5 X FmEE Y g YHmEE SEHJBAYR
kol ik RMSE Var(RMSE) RMSE Var(RMSE) RMSE Var(RMSE) RMSE Var(RMSE) JEH}E/ms

PF 0.697212 0.735053 0.060447 0.002187 1.661020 1.323090 0.090655 0.002188  1.149940

0.0000090  PSOPF  0.619323 0.835930 0.061775 0.000710 1.511600 0.975286 0.086068 0.001833  1.547860

LA-PSOPF  0.628424 0.508049 0.052503 0.000903 1.450910 0.984169 0.081036 0.001514  1.434750

PF 0.524456 0.233525 0.059589 0.001382 1.868020 1.557110 0.099823 0.003036  1.035270

0.0000009  PSOPF  0.553163 0.297599 0.062726 0.001927 1.471520 1.083810 0.084969 0.001950  1.432560

LA-PSOPF  0.493621 0.132240 0.060663 0.000911 1.411690 0.956701 0.081075 0.002076  1.391710
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