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Abstract

In this review, we introduce the non-parametric Bayesian filtering algorithm known as the point-mass filter (PMF) and discuss recent
studies related to it. PMF realizes Bayesian filtering by placing a deterministic grid on the state space and calculating the probability
density at each grid point. PMF is known for its robustness and high accuracy compared to other nonparametric Bayesian filtering
algorithms due to its uniform sampling. However, a drawback of PMF is its inherently high computational complexity in the prediction
phase. In this review, we aim to understand the principles of the PMF algorithm and the reasons for the high computational
complexity, and summarize recent research efforts to overcome this challenge. We hope that this review contributes to encouraging

the consideration of PMF applications for various systems.
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(a)
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Fig. 1 Example of probability distribution approximation of
non-parametric Bayesian filtering algorithms. Circles

represent samples. (a) Particle filter (b) Point-mass filter
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Fig. 2 Point-mass approximation. © 2023 IEEE. Reprinted, with

permission, from[13].
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Fig. 3 Methods of expanding and contracting a grid support.
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