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Consideration

Jeong-hun Park®, Wansu Lim", Yeon-Mo Yang
2 o

sfelg el AU & R uA

o 4 daelFele), vRiehls et
A

3 HeIEl, A el Sl ) B ¢ Aok
b B g SAsks 2Rl Aeis gl 38 Fxa

B9 ARlE 2ee olel & E T SIE 2 Bels) A Shgehenl shel2 el
o oal WY st mdeldel ABdelde Sastn, 2 we] olEgket Anlgke] RMS A ulms] A%

J])lv

Key Words : Particle Filter, Mahalanobis Distance, Non-linear Modeling, Covariance Estimation and
Prediction, Statistical Signal Processing

ABSTRACT

In this paper, Enhanced Particle Filter by Mahalanobis distance consideration is proposed. Particle filter, one
of Kalman Filter, is state estimation algorithm that works well in practical environments with non-linear data
and non-gaussian noise. Mahalanobis distance measures the distance on a probability distribution, unlike
Euclidean distance, which measures distance in dimensional space. Simulation is performed on a non-linear
falling object model. Comparison of performance of the proposed versus the original is indicated by RMS

error in the simulation result.
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Particle Filter(x, ,,u,,z,):
1:Sampling x,'/! ~ 7z(x, |K)
2:Update Observation p(z, | x,,m
3:Compute Importance weight w,") (1)
4:Resampling
Return x,

End
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Mahalanobis Particle Filter(x,_,, 1., z,):
1:Sampling x"' ~ 7(x, [K)
2:Update Observation p(z, | x,,m)
/1 using Mahalanobis @

t

3: Compute Importance weight w
4:Resampling
Return x,

End
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I 2. RMS error
Table 2. RMS 23}

. Mahalanobis
Particle .

Filter Particle
Filter

Altitude 0.0188 0.0057
Velocity 0.005 0.003
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Coefficient be-11 Je-11
£ .25 Qo] veRtov], A7) A% BF MPE}
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E 3. Repeated simulation result
Table 3. ¥+ &4 A3}

= gatew
PF MPF PF MPF
1 0.02 0.018 0.0034 | 0.0023
2 0.012 0.011 0.0018 | 0.0015
3 0.01 0.011 0.0016 | 0.0011
4 0.019 0.016 0.0023 | 0.0021
5 0.012 0.007 0.0011 | 0.0011
6 0.012 0.008 0.0015 | 0.0003
7 0.017 0.009 0.0025 | 0.0005
8 0.011 0.016 00021 | 00027
9 0.009 0.007 0.0004 | 0.0004
10 0.019 0.006 0.0050 | 0.0030
Hi | 0014 0,011 0.0022 | 0.0015
%
s | 0004 0.004 0.0012 | 0.0009
1028

At feist, gt
nlsaledel, A Eelolal A3t A

ﬂe‘ﬂl%}«l RMSJ%
714 A& ®F MPF

7} <3t A5S-S5 w3k EAo] R} el
wol ojs) Wk 243 Asle] RMS LA} HE wed

xﬂom MPF7} a9} Haldie

(1]

(2]

(3]

(4]

(5]

(6]

(7]

-l°l‘ ‘T?'f BN o Fl

27t 22%, 31%
> A5 Kol 7|E PRl Hl8)] 58 Ao By
Ik @ A7) Ao 205 el A
oleh, WAL BILEAIbge] 2 A el
AL 7s3t NAE vislelen] X 76l PRS- 3+
A= I Folck

(“_n_,

References

R. Kalman,
filtering and prediction problems,”
ASME, J. Basic Eng., vol. 82, pp. 34-45, Mar.
1960.

B. Ristic, S. Arulampalam, and N. Gordon,
“Beyond the Kalman Filter : Particle Filters
for Tracking Applications,” Artech, 2003.

D. Simon, “Optimal State Estimation,” John
Willey & Sons, 2006.

S. Thrun, W. Burgard, and D. Fox,
“Probabilistic Robotics,” MIT Press, 2005.
A. Doucet, N. de Freitas, K. Murphy, and S.
Russell,
for dynamic Bayesian networks,”
Conf. Uncertainty in Artificial Intell., 2000.
K. Murphy,
dynamic environments,”
MIT Press, 1999.

“A new approach to linear

Trans.

“Rao-Blackwellized particle filtering
in Proc.

“Bayesian map learning in
Advances in NIPS,

S. Julier, J. Uhlmann, and H. F.
Durrant-Whyte, “A new method for the
nonlinear transformation of means and

covariances in filters and estimators,” IEEFE
Trans. Automatic Control, vol. 45, no. 3, Mar.
2000.

www.dbpia.co.kr



i PFEEken] s AR S o] 43 FEE e A Wy

[8] M. Athans, R. P. Wishner, and A. Bertolini, 2l 2t 5= (Wansu Lim)
“Suboptimal state estimation for continuous- 20105 8% : GIST AREAIFsa} ukx}
time nonlinear systems from discrete noisy 20143 94~ . FogH et AxlFEE- wg=
measurements,” [EEE Trans. Automatic <FAlHol> 2|53 Ale], Ut]= A|2H]
Control, vol. AC-13, Oct. 1968. [ORCID:0000-0003-2533-3496]
Ht M & (Jeong-hun Park) 2 01 2 (Yeon-Mo Yang)
20194 29 : Fo-FaeetaL A FagAles] =EA]
le—ﬂﬁ =4 394 A9z FHx

<FAlFol> AlEAE], SLAM,
mAle]d
[ORCID:0000-0001-8037-8756]

1029

www.dbpia.co.kr



	마할라노비스 거리를 이용한 파티클 필터의 개선 방법
	요약
	ABSTRACT
	Ⅰ. 서론
	Ⅱ. 마할라노비스 파티클 필터(MPF)
	Ⅲ. 시뮬레이션
	Ⅳ. 결론
	References


