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Improved particle filter algorithm
for INS/GPS integrated navigation system

XTANG Li, LIU Yu, SU Bao-ku
(School of Astronautic, Harbin Institute of Technology, Harbin Heilongjiang 150001, China)

Abstract: To deal with the problem “sample degeneration” and “sample impoverishment” in traditional particle fil-
ter(PF), a new particle filter algorithm is presented. In the importance sampling, this new filter uses the difference filter and
the latest observed measurements to generate the importance-density. In the resampling step, it makes use of the posterior
density of the approximate states in the Gaussian mixture model and employs the expectation-maximization(EM) algorithm
to calculate the parameters of the Gaussian mixture model; and then, it samples the posterior particle sets from the new dis-
tribution to replace the traditional resampling step. The effects of the “sample degeneration” and the “sample impover-
ishment” are reduced. Simulation results of the application to inertial navigation system/global position system(INS/GPS)
integrated navigation system show that the estimation performance of proposed algorithm is superior to that of the tradi-

tional particle filter algorithm.
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Fig. 2 Estimation error of pitch angle
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Fig. 3 Estimation error of heading angle
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Fig. 4 Estimation error of east velocity
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Fig. 5 Estimation error of vertical velocity
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Fig. 6 Estimation error of longitude
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Fig. 7 Estimation error of height
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