2ZH] A (pose) L FHW(map)S Al FH3=
SLAM (Simultaneous Localization And Mapping) 4|5 3
Asl7] 98] B2 A7} Jd=o] Q31

s} 3

Rao-Blackwellized JE]Z ZEJoll A HE] S AES 93 A Al

A% A% AY

Strategic Games for Particle Survival in
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Nosan Kwakl, Nobuyuki Kita2, Kazuhito Yokoi?

Abstract Recently, simultaneous localization and mapping (SLAM) approaches employing
Rao-Blackwellized particle filter (RBPF) have shown good results. However, due to the usage
of the accurate sensors, distinct particles which compensate one another are attenuated as the
RBPF-SLAM continues. To avoid this particle depletion, we propose the strategic games to
assign the particle’s payoff which replaces the importance weight in the current RBPF-SLAM
framework. From simulation works, we show that RBPF-SLAM with the strategic games is
inconsistent in the pessimistic way, which is different from the existing optimistic
RBPF-SLAM. In addition, first, the estimation errors with applying the strategic games are
much less than those of the standard RBPF-SLAM, and second, the particle depletion is
alleviated.

Keywords : Strategic Games, Rao-Blackwellized Particle Filter, SLAM, Particle Diversity
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2. M2F AAS F7I8t RBPF-SLAM €12|E
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Algorithm RBPF-SLAM with Strategic Game

Input: A set of particles
Output: A set of survived particles

Line Program Description Language

1: Predict the robot pose per particle independently.

2: IF the measurement is not ready

3 RETURN

4: ELSE

5 Obtain the measurement data of sensors.

6: IF the detected features are new

7 Add the features to a map of each particle

8 ELSE

9 Sample particles with the recent measurement
10: Update the feature data in each particle

11: Compute the importance weight

12: IF the effective sample size is larger than 50%
13: RETURN

14: ELSE

15: Perform strategic games among all particles
16: Resample particles with obtained payoffs
17 RETURN
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