Robust Particle Filter by Dynamic Averaging of
Multiple Noise Models

Bin Liu
Nanjing University of Posts and Telecommunications
Email: bins@ ieee.org

ICASSP 2017, New Orleans, USA
March 5-9, 2017



Hikded » - ?

{ e j{g Z ‘£ ,-

U] it Uiy ot Jooas st rotscommnicatons
‘u_,.\"

Outline

» A Basic Framework of Particle Filter (PF)
» The Proposed Robust Particle Filter (RPF) Algorithm
» Simulation Results

» Conclusions

Bin Liu, ICASSP 2017 2



Problem

X = f (Xk_l) + U, ‘ State transition prior
Y, = h(xk ) +n, Likelihood

K
=0

We are interested In p(xk | yO:k) , Where yo:k:{yi}

How to estimate p(xk | yo:k) online, In presence of measurement outliers ?
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Bayes Filter

Predict:
POS | Yosc ) = | PO 1% 1) P0G | Yo 1),
Update: v, [x)
PLY [ X
DX | Yior Your) = P(X | Youa)
R | K70 R

e

P(Ye 1% | PO X 1) P 10X,

D, = - cumbersome,
klk p(yk | yo-k—l) intractable integrals

where Py = P(X | Vo) Solution:
« Approximate representation = particle filter
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The basic idea uderlying PF

P(X) > continuous probability distribution of interest (blue)

N | p(x)
p(x) = D WS(x—x) =
i=1

where p(X) -> probability distribution of interest (blue)

X - the particles

WS weights of the particles
5(’) = the Dirac delta function

N = number of particles

Y
p(X) = x = {XI , W }i:1 - approximating random measure
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A Basic Framework of PF

NN
Starting from p(xk—l | yO:k—l) ~ A T {Xk—l’ Wll<—1}-_

1=1
® Sampling step. Sample xL ~ q(xk B yo:k)
® \\eighting step.
i p(xL Y ) o
Wk = - | ,Seth:yN j
Q(Xk k-1 yOk) ijlwk
® Resampling step. Sample Xk Z (X Xk) set Wf( =1/N

output P(X, | Yo ) = 2, = {XL’V"L}M at time step k



PFs under model uncertainty

% =F(x)+u p(% %)
Y =h(x)+n p (¥, 1%)

® if there is uncertainty on f, how to modify the PF to adapt it? [1]
® if there is uncertainty on h, how to modify the PF to adapt it? [2]

® if there is uncertainty in the measurement noise model, how

to modify the PF to adapt it?

[1] Liu, B., Instantaneous Frequency Tracking under Model Uncertainty via Dynamic Model Averaging
and Particle Filtering, IEEE Trans. on Wireless Communications, vol.10, no.6, pp.1810-1819,2011.
[2] Dai, Y., Liu, B., Robust video object tracking via Bayesian model averaging based feature fusion,
Optical Engineering, vol.55, no.8, pp.083102, 2016.
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Robustify PF by Employing Multiple Noise Models

Model the measurement noise N, by M candidate models together
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Model Averaging Strategy to Handle Multiple Models

= Bayesian Model Averaging to compute P = P(X | Yoy )
M
P = Z P ki ki
m=1

where

A

Pk = p(Xk |Hk = m’yO:k) and 7Cm ik £ p(Hk = m|Yo:k)
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Perform PF under each model hypothesis
i . N
Starting from P g1 & X1 = {Xk_l, \NII<—1}-

=1

Sample x:( from q(xk|xk_1,yo:k) ; calculate its weight by

W, o= ip x4 (yk )/q [ o

Then we have
: _ N
pm,klk ~ Zm,k — {Xk d Vvlm,k}
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Update the posterior prob. of each candidate model

Given T k—1|k—1, We have

o
T k—1|k—1
Tm. k|k—1 = M . 9)
' o
ZmZI ﬂ-m,k—ﬂk‘— 1
fa)

where 7, pjk—1 = p(Hr = mlyo.k—1)-

Then, employing Bayes’ rule we have

T k|k—1Pm (Yk|Yo:k—1)
T klk = (0
Zm:l ﬂm,k|k—lpm(yk|yﬂ:k—l)

(11) «— Cumbersome,

where  p, (Yk|Yo:k—1) = /Pm(yk\l"k)P(Ik\yn:k—l)dl‘k- . .
intractable integral

Solution: approximate it by:
) (12)
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pm(yk|yﬂ:k—1) = Z “—’E:—lpm(yk
1=1



The Proposed RPFAIlgorithm
. i i N
Starting from P(X._; | Yo 1) ® X1 = {Xk_l’WL 1} .

® Sampling step. Sample X:< ~ q(xk B yozk)
® \\eighting step.

|
i P (Xk‘yo-k) !
I m . .
Wik = . set w = "Wmk

)

i , N ]
q Xk‘xk 1 Yok Zj g Wk

® Model averaging step. Compute 7, ., using Egns.(9)-(12)

® Resampling step. Sample x, ~ Z WS [ x—x | —Zml T i Wi

YV
SG’[W;(—]/N, |: ,...,N. . NN
Output P(X, | Yo ) = X Z{XL,WL}i:l at time step k
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Simulation Setting
Tre1 = 1 +sin(0.047 x (k+ 1)) + 052, + ug, (15)

'S P _ " ¢
o — { 0.2z + ng, k< 30 (16)

02x, — 2+ ng, k> 30
Case I: filtering without the presence of outliers

Case II: filtering with the presence of outliers

[3] R. Van Der Merwe, A. Doucet, N. De Freitas, and E. Wan, “The unscented particle filter,” in NIPS, 2000, pp. 584-590
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Algorithm Performance Comparison for case |

Algorithm MSE
MEAr %

PF: MCMC move step 0371

EKFPF 0.280 | 0.015

EKPF: MCMC move step 0278 | 0.013

UFPF 0.055 | 0.008

UPF: MCMC move step 0052 | 0.008
0018 | 00001

Table 1: Execution time (in seconds), Mean and vanance of
the MSE calculated over 30 independent runs for Case L
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Algorithm Performance Comparison for case ||
MSE
mean

Algonthm
VAT

PF: Genenc

FF: MCMC move step
EKPF 22663 | D343
EKPF: MCMC move step || 22.668 | 0.358
UPF 19804 | D289
UPF: MCMC move step

ed RPF

the prop

Table 2: Mean and vanance of the MSE calculated over 3()
independent runs for Case II.
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Parameter Sensitivity
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Fig. 1: Mean of the MSE calculated over 30 independent runs,
in case of different «v values, for both Case [ and II.
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Simulation results
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Averaged posterior probability of candidate models outputted by the proposed RPF
method. The left and right sub-figures correspond to Case | and II, respectively.
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Conclusions

= A multi-model based PF method, which is shown to be robust
against the presence of outliers in the measurements.

* The usage of a mixture of heavier tailed Student’s t distributions
and a Gaussian distribution shows promises in modeling the
measurement noise in the context of robust state filtering.

= Simple, while highly efficient !

= Future work: 1) consider uncertainties in f , h, and the model of n,
all together; possible usages of other types of mixing components;
3) real-life problems

Bin Liu, ICASSP 2017 21
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Thanks for your attention!

Q&A

Bin Liu
Nanjing Univ. of Posts and Telecomm.
Email: bins@ ieee.org
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