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Bayesian Filtering, Smoothing and Distributed Data Fusion for Joint Detection and Tracking
Daniel Clark, RAEng/ EPSRC Research Fellow
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Joint Target-Detection and Tracking (JoTT)
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Joint Target-Detection and Tracking Filter
» Bernoulli State Bayes Prediction

Bernoulli Markov transition
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Gaussian Mixture JoTT Filter

P A closed-form solution to the JoTT filter recursion exists
for linear Gaussian multi-target model

P Probability of target existence recursion has analytic solution
P Gaussian mixture prior density results in Gaussian mixture
posterior density:
Gaussian mixture JoTT filter
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JoTT Forward-Backward Smoother
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The smoothed probability of target existence and track density are:
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JoTT Two-Filter Smoother

» The backward-prediction, backward-update and smoothed estimate are
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Distributed Data Fusion

P Two multi-object posteriors can be combined to form a
fused estimate with information from both
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P For Bernoulli posteriors, this can be computed explicitly
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P The optimal value of ‘w’ can be found with the Chernoff
Information
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