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A Fast Quasi-Monte Carlo-based
Particle Filter Algorithm

ZHAO Ling-Lingt  MA Pei-Jun!  SU Xiao-Hong!

Abstract Particle filters have a high computational complex-
ity when using quasi-Monte Carlo (QMC) methods, and are sub-
ject to the sample impoverishment caused by resampling step.
To solve these problems, a new particle filter algorithm based on
QMC method is proposed. It generates the randomized QMC
points after sample importance, and then transforms them into
some independent sub-spaces, whose kernels are the particles
with heavy weights, to avoid predicting the sampling space and
preserve the diversity of samples. The simulation results suggest
that the algorithm can escape successfully from the sample im-
poverishment, provide more accurate estimators than the Monte
Carlo (MC) method, meanwhile has a computational cost similar
to the general particle filter.
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VLB FE ) B S AS AT B, UL SN T ERFE D
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WORE S EAR T — R kL 798 5. IR IR

B 1. Ytk fEXE [0,1)? 4k QMC i
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TR B2 R0 T SRAE 22 IRV B 5, 2 SROIR 25 1) 0 v 2 1000 £
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1) 720 (o, 8] b, FEARBZMEWS: £:[0,1)* —
[, B;] TR (6) 4K, FUL, LA L, A A i 2
QMC fTEE K2 S HERRAE .

2) BAMEARZE ) L, t 128 W2 W) n] BEAFAE A R RN A
B, #E— 2 FERE B3 my T AR A SE RO 22 ek, R n] i ik iR
T () AR SR AR X 5 .

Kl 1 & QPF. PF T RAERTE LA SQMC SR AL G
(PR o A0, B L nl 41, SQMC K140 A1 e hy 3449,
QPF [IAEALE T 25 [0 N DR FF TARZE S MEARAE, T2 M2 [
DERL Ty EL, PR Gt ERAFTRE, FEARH LT W B R4
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) ] A
0 20 40 60 80 100
Sample index
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(b) QPF SFRAERT G A M i
(b) QPF samples before and after resampling

25
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Sample
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(c) SQMC FeASM i
(c) SQMC samples
K1 PF.QPF #1 SQMC Si— G5 I IREA A
Fig.1 Samples in an iteration of PF, QPF, and SQMC

HEERESH
QPF Sk B anlel 2 pror, th QPF SED BRI R, 5k
THHERESHEAN M ELN KRR, 5 PF HIEMTHE
JELRFF—3, 1 — ¥ SQMC k55 E 8 O(N?).

1
Wi Z Wy

3.4.2

° ® - (] — /@
w2 ZQ wy
° — k[ g\——> | @ |—» °
[ J [ J @ [ J
o/ _ Wi _\e % ° W \e
p(xA llzl:k 1) 4 (xk‘zl H> fn(xlclzw:k) p (xk‘zl k)

K2 QPF SRk
Fig.2 Principle of QPF algorithm

4 FESBERSHF

ARAE QPF FILMERE, A0 QPF 5L PF HIA K
SQMC LR T AR 017 A A i = b gl AR5 A R
A, G U T e AT TR 22 | TSR L SR R
FaE TS e
4.1 BTEIFRTSHEKIER

A R S K A A (Univariate nonstationary
growth model, UNGM) H A #t 7Y (1 fE £k P REAiE, HORES
EllIWEE Sk

Tt—1
= _ 1.2t 12
Tt = Qry 1+51+x?_1 +ycos(1.2t) + wt (12)
1’2
Zt = % + Vi (13)

i, 20 ~ N(0,03), we ~ N(0,02), 11 ~ N(0,02). %4«
=05, 3=25v=8, 0, = 1. HIHF AT = 60, PHILK
4 100 K. SQMC HEMRAEX [ [ & 4 [—25, 25], PF
55 QPF SEEIRHA p(we|ae—1) VEAFEWIIAG. FERFHL N
RS o, ANFRIE BL T B =R G S AUl T 3
iR % RMSE, 45 Rk 1 fios. b RMSE (#15€ 3
RMSE(#:) = [1/T Y F (v — 2:)%]Y2. \E 1 W51, QPF
BT PR B, 5 SQMC HEFaT; 3847 I Al g =
T PF 83k, WIRALT SQMC Hik, Bl T 550 Mg,
# 1 KR QPF. SQMC flivh i 2 Mg AT In 18] FLA
Table 1  Comparison of estimation errors and run times of
PF, QPF, and SQMC

ik RMSE (VAR)  Time (s)

PF 4.6913(0.9535)  1.8036

N =500,0, =10 SQMC 4.4460 (0.8942)  5.1836
QPF 4.2613(0.6435)  2.6999

PF 6.3594(4.8031)  0.3953

N =100,0, =10 SQMC 4.6622 (1.3812)  0.8583
QPF 4.7994 (1.8853)  0.5459

PF 4.3184(1.0675)  0.4027

N=100,0,=1 SQMC 3.0500 (0.8992)  0.8625
QPF 3.0057 (1.2259)  0.5465
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K34 N =100, o, = 10 & FH— kAT FE.
MWE 3 FHLLEW, PF fEt =2 ~ 9 %), fiHiRE®i K.
ML 4 HF N IR MR A UG, R FIss R AET 3
WREA K, FET BARE K.

|—True X- - PF = QPF =~-SQMC |

11 21 31 41
Time step

3 CR&H{HE PF. QPF. SQMC Hikflitfh
Fig.3 True and estimated states of PF, QPF, and SQMC

~—PF —QPF

Effective sample size

T 11 21 31 4
Time
K 4 PF.QPF.SQMC Sl RpEAZ &
Fig.4 Effective sizes of samples of PF, QPF, and SQMC

B 5 45 TAEARFR T4 T PR 5 QPF [HiREA
DL, W 5 WTLAEH, BEE N 3K, QPF 1% 2 % i
B, 24 N /DT 100 B, R ZEREE IS, i 100 J5, w=ZERKF
OB T P2, U QPF HykbiE N 8 Km g sniesy, H
WSS E AN A 3K 5 — ok T I AH L.

7
[}
5
24
23
2
1
0

N
W
w
(==

100 200 300 400 500
BTN
5 PF. QPF Sifsitk

Fig.5 Convergency of PF and QPF

4.2 JESHTEE

TR AR A
z¢ = 1 +sin(ant) + ¢pri—1 + we (14)
? , t <30
I = (15)
¢xy —2+ v, t>30>0

W w ~T(3,2), a =4E - 2, ¢ = 0.5, vy ~ N(0, R).

AT AR G 75 O e A, P R R e
LRPERFAE. TR RAE X 1 SQMC HLILAE SQMC,
HEH IR /R 2 8% (Unscented Kalman filter, UKF) &%
FIRAE X)) SQMC 1d4E SQMC_UKF, Hr e X )%
SCHR [11] Wl JrvERIfE . WERLT L N = 100, R A
BT =60, £ 0140 1 (R = 0.1) F14 2 (R = 0.0001) 4353k
1T 100 RASZATEL, SRR A RANTK 2 P,

#* 2 PF.QPF. UKF. SQMC. SQMC_UKF ftitizHf
IBATIS ] L
Comparison of estimation errors and run times of
PF, QPF, UKF, SQMC, and SQMC_UKF

Table 2

(AT RMSE (VAR)  Time (s)

PF 0.4161(0.0048) 1.6311

QPF 0.4030 (0.0027) 1.9002

R=0.1 UKF 0.5616 (0.0011) 0.0993
SQMC 0.9388 (0.0051) 2.4308

SQMC_UKF 0.4841 (0.0046) 2.1936

PF 0.3812(0.0492) 1.7318

QPF 0.3737(0.0478)  1.9858

R =0.0001 UKF 0.3017 (0.0076) 0.1019
SQMC 0.4346 (0.0055) 2.4573

SQMC_UKF 0.3434 (0.0048) 2.5039

% 2 ATLAG H: SQMC FIMIHR 2=, JR A A
HIHURAZ R A T 224k, SQMC_UKF 74 B4 AR R A,
R EEARRE, JRIRR IR FEAKI T UKFE FIUU R AT X 18] 1)
TEOL. 534b, BT 2R GEAsE L (1) e Mk R 0 R g 75 20 A R M A 15
LT IR IRE ARG iR LA R AT BB, Rk PF 1 QPF #
FRGIEERAK, T QPF R#2%H Z&T PF, W QPF 3
WA T B S
4.3 QPF %7 BfriRERFRIN A

aliffy JE ER £ (Bearing-only tracking, BOT) f&—Fh
TR H AR R, — B E HARAE 2 i3 () higs), 1%
I RREALI E bR 5 LA, AR iy R A LA R
L VERFAE.

T = ¢l't_1 -+ Fwt (16)
2+ = arctan Y + 17
Tt

:/H\:EP7 Tt = [Z’,i‘,y,’g}?, W = [wfmwy]tTa Wa, Wy A vy IR
T E A, bREZE 0, = 0.005, 0, = oy = 0.001, ¢
AT (EUE R SCHR (2], WHIHIRE 21 = [-0.05,0.01,0.7,
—0.055]T.

BT 50 4.1 FSEEG 4.2 O SQMC 5 QPF #4774
tb, ttat ReHxt PR 5 QPF 78 H AR ERE: (10 1Pk REREAT
T =41 100 IRAGELSESG, 45 R 3 PR,

M 3 HHTLAE H, QPF 1) RMSE ¥{EA )y 7 i &
TR IR, U0 QPF 7 Rh 3w 1 H b MR ER RS FE AN
FoEtE, M TS PR A4, B 6 4l T 2MaRENH
MR IR AT FLA AR
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#3 PF HIEM QPF Bk fE i
Table 3 Comparison of tracking performances of PF and QPF
vk x WEBME x RETE & EBHE @ RENE oy BEBME y RENE g wEBMHE g RETE BITIE (s)
PF 0.0858 0.0058 0.0054 8.09 E—6 0.2381 0.0200 0.0101 3.44 E-5 0.4385
N =100
QPF 0.0651 0.0036 0.0043 5.57 E—6 0.1826 0.0090 0.0087 1.73 E-5 0.5328
PF 0.0460 0.0010 0.0035 1.57 E—6 0.1835 0.0117 0.0085 3.13 E-5 2.1416
N =500
QPF 0.0366 0.0009 0.0031 8.58 E—7 0.1561 0.0073 0.0072 1.92 E-5 2.5530
PF 0.0434 0.0012 0.0036 1.84 E—6 0.1959 0.0145 0.0094 4.09 E-5 4.3897
N = 1000
QPF 0.0336 0.0003 0.0032 7.77T E—7 0.1453 0.0046 0.0069 1.03 E-5 5.4510
e Epe— BF; B 6 (c) HRR T RIS, 75 100 ST EGERE D, U
051 "y -—— QPF estimate RBPRLT IR ISAT K 6 IRIEECRIBRE, 1l QPF RAT 1
0 —— True state URIEI K EL.
05 ity BRI, QPF BIRTER THUIR D> . RGeS
™ 10 BN RGERABRMN AL RSSO, RAE N
(R R AL A, 5t Rl S X 6 S5 A B 2 ) 5 | R AR A AR R A il .
-1.5
' TAh, TERGOREFHAZWHH T, QPF HikE SQMC
20 SEROREREAT, Sk 1) 5244 W) AR T SQMC 513k 4
*2;501 ol 02 03 i o5 os AR AALIN, UKFE S RAT: ) 1 70000 28R 4 s e T
' ' Cox ' ' ' SQMC FILMIEBANE L, QPF SIEAAAEIX — il i, JEHAS
(a) HUPILLER 1 SEME LS
(a) Simulated tracking result 1 .
i 5 #hig
ror | PF estimate -
051 ™ ==~ QPF estimate ATCEE X SQMC HIE PRI RAE 5 (7] A o5 S0 i
Y A N C —True state e A S — R RDRE 7 U I TR AL SR S BURE AR Z A MEBUR (1 1)
sk NG T B LT B R A AR BB AR A SR TR H)_EREAT QMC P
A et KA TT, RREA AT B, 0 T A SRR AR A S
10 ] — YIS, WA ) T REACKNIE, FIRHE SQMC kT
“L5t TIUI AR HEAS RAE X ) 53 BCh 2 A LUK BUBEAE A R 0 K 155
20} - V), BERAG T SO0 RS, $2 e T DS 1 B RR R FORS L. J3 4, A
—25 . . . . . . L SCH SRR A R 0 B T 0 SRR T 1R 28 TR (R AR g
01 0 01 02 03 04 05 06 07 5b, TN IR DA 5 R AL, o4 A F— i
A
(b) KGR 2 BT,
(b) Simulated tracking result 2 References
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