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Research on An Indoor Node Tracking Algorithm
Based on Improved Gaussian Particle Filter

Ruan Yilin', Wang Xiaojun’, Yang Bo', Zhang Yuan'

(1. School of Mathematical Sciences, Shanxi University, Taiyuan 030006, China;
2. Taiyuan Railway Station of Daqin Railway Co. , Ltd. , Taiyuan 030001, China)

Abstract; Particle filtering (PF) is an important direction in the field of nonlinear estimation. To a-
void the loss of particle diversity, a new gravitational Gaussian particle filter algorithm (GSA-GPF) for
indoor node tracking was introduced based on the idea of Heuristic optimization algorithm and applied to
the indoor node trajectory tracking problem. After estimating the particle distribution and weight using
Gaussian particle filter (GPF), the gravity search algorithm was used to move the particles to the high
likelihood region, which increased the effective particle number. At the same time, GSA-GPF avoided
the drawbacks of the resampling process in PF and reduced the loss of particle diversity. The simulation
experiments showed that GSA-GPF effectively suppressed the divergence of traditional PF and reduced
its tracking error by about 64. 1% in the case of a small number of particles. In addition, GSA-GPF
maintains better filtering accuracy than the particle swarm optimized GPF.

Key words: Guassian particle filter; Gravitational Search Algorithm; WSN;target tracking



