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Multi Hypothesis Tracking based on
Data Association with Noise Model and
Rao-Blackwellized Particle filter
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Tracking of multiple targets is fundamental challenge in sensor network environments
and ubiquitous computing. It is important to associate noisy features and tracking targets
accurately. We present an approach to tracking multiple targets using Rao-Blackwellised
particle filter (RBPF). Our method associate features and tracking targets to use a feature
noise model and likelihood of each state. In RBPF, particle filter is used to associate
feature to targets, and a number of Kalman filters are used to tracking multiple targets.
RBPF enable improved computational cost and tracking accuracy compared to only
particle filters association and tracking. We demonstrate the superior result of our
method through simulations.
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Fig. 1 Example of a target environment in simulations. Many moving objects (left), observed
features with noise (right).
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Fig. 3 Wrong data association caused by a false-positive feature
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Fig. 4 Overview of our method
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Table 1 Algorithm

1: Algorithm Multi_Hypothesis_Tracking ( z; ):

2: for i=1..,N do
// Target decision step

3: decide _moving _ objects()

4: motion_update KF()

// Data association step

S: select ck(i) with  probability p(ck(i)|zlzk,c1:k_l(i))

// State estimation step
6: observatio n _update _ KF ()
// Importance weight calculation step

o 2@ 6z e Laga ™)

Per? 2 e 4?)

7: Wk(i) o W1

8: endfor
9: for i=1,...,N do
0

10: draw particle with probability o w;

11: endfor
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SNIREFATH D o0 ZMOTRIET L. HBEHERSMOFIZX 5173, B
BT S TR b ORLIE ], fEREh X TH R 2 £ B2 X Z oA DR
Z0 725 0 BAEHER 2 5 R LA RZICHRHEEZ T 5.
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Fig. 7 True trajectory of moving objects
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