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Modified Gaussian particle probability hypothesis density
filtering algorithm
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Abstract: The Gaussian particle probability hypothesis density filter needs particle approximation and resampling in
the prediction step and the update step; this lowers the accuracy and deteriorates the real-time performance of the algorithm
to some extent. To solve this problem, a modified Gaussian particle probability hypothesis density filtering algorithm is
proposed. This algorithm expresses and transfers the predicted probability hypothesis density (PHD) of targets in the form
of particles, and then directly updates these particles representing the predicted PHD. Finally, the algorithm approximates
the updated PHD into a Gaussian mixture function by using the particles with greatest likelihood. The simulation experi-
ments show that the modified algorithm reduces the multi-target error distance by nearly 30% and cuts the running time by
nearly 50% in comparison with Gaussian particle probability hypothesis density filter.
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Gaussian particle PHD algorithm)
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4 i =LK (Simulations)
4.1 {fiH I35 (Simulation environment)
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4.2 fiE 45 R (Simulation result)
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Fig. 1 Multi-target tracking trajectory in = coordinate
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Fig. 2 Multi-target tracking trajectory in y coordinate
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Fig. 3 Estimation of target number
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Table 1 Tracking performance comparison of two

algorithms under different clutter density

GP-PHDF MGP-PHDF

t/s d/m t/s d/m

56.23 5.36 26.84 392
3 65.74 5.87 32.63 4.16
5 78.15  6.12 3629 445

5 #5i8(Conclusion)
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