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Abstract

In this paper, the consistency of FastSLAM algorithm is improved from the perspective of observa-
bility. Rather than the traditional ones, an improved FastSLAM algorithm is proposed to achieve
better consistent performance of FastSLAM. First, in the importance sampling phase, the object
labeling method is used to clearly label individual particle states. Moreover, in the stage of map
estimation, the First Estimates Jacobian (FE]) is combined with the extended Kalman filtering to
improve the consistency of the algorithm. Finally, the effectiveness of the proposed improved
FastSLAM algorithm is validated through a simulation example.
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Figure 1. Traditional FastSLAM algorithm flow chart
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Figure 2. Improved FastSLAM algorithm pseudo code
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Figure 3. Particle trajectory in standard FastSLAM algorithm
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Figure 5. Landmark estimation error of standard FastSLAM algorithm
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Figure 6. The landmark estimation error of the ideal FastSLAM algorithm
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