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Maximum Likelihood Estimation of Multiple Target States Based on
Incremental Finite Mixture Model
YAN Xiao-Xi? HAN Chong-Zhao?
Abstract The incremental finite mixture model (IFMM) is proposed to extract target states in the sequential Monte

Carlo implementation of probability hypothesis density (PHD) filter. The proposed model is constructed in an incremental
way. The mixture components are inserted into mixture model one after another. Maximum likelihood (ML) criterion
is adopted in the model for multiple target state estimation. For the mixture model with given component number,
expectation maximum (EM) algorithm is applied in obtaining the maximum likelihood solution of model parameters.
When the new component is inserted into the mixture model, maximum likelihood criterion is yet adopted for the selection
of new component from the candidate set of new components, while the parameters of existing components in mixture
model remain invariable. The step of inserting new component into mixture model and the step of maximum likelihood
parameter fitting of mixture model by expectation maximum algorithm are alternately applied until the number of mixture
components is equal to the estimate of target number produced by the probability hypothesis density filter. The candidate
set of new components for inserting into mixture model is generated by k-dimensional tree. The incremental finite mixture
model unifies the tendency of component number and that of likelihood of particle set so that it contributes to searching
maximum likelihood solution of mixture model step by step. Simulation results show that the state extraction algorithm
based on incremental finite mixture model is superior to the existing algorithms for the probability hypothesis density
filter in multiple target tracking.

Key words Multiple target state estimation, incremental finite mixture model (IFMM), probability hypothesis density
(PHD) filter, maximum likelihood (ML), expectation maximum (EM)
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