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Bayes Filter 
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Solution: 

•Approximate representation  particle filter 
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The basic idea uderlying PF  
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A Basic Framework of PF 
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 Resampling step.  Sample  
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PFs under model uncertainty 
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 if there is uncertainty on    , how to modify the PF to adapt it? [1]  

 if there is uncertainty on    , how to modify the PF to adapt it? [2]  

 if there is uncertainty in the measurement noise model, how  

    to modify the PF to adapt it? 

f
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Robustify PF by Employing Multiple Noise Models 
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 Model the measurement noise      by       candidate models together      
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Model Averaging Strategy to Handle Multiple Models 

  Bayesian Model Averaging to compute  
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Perform PF under each model hypothesis 
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Update the posterior prob. of each candidate model 
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Given  

cumbersome, 

intractable integral 

Solution: approximate it by: 
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The Proposed RPFAlgorithm 
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 Sampling step. Sample 
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  Model averaging step. Compute            using Eqns.(9)-(12) 

  Resampling step.  Sample 
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Simulation Setting 
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Algorithm Performance Comparison for case I 
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Algorithm Performance Comparison for case II 
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Parameter Sensitivity 
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Simulation results 

 19  

Averaged posterior probability of candidate models outputted by the proposed RPF 

method. The left and right sub-figures correspond to Case I and II, respectively.  
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Conclusions 

A multi-model based PF method, which is shown to be robust 

against the presence of outliers in the measurements. 

 

  The usage of a mixture of heavier tailed Student’s t distributions 

and a Gaussian distribution shows promises in modeling the 

measurement noise in the context of robust state filtering.  

 

Simple, while highly efficient ! 

 

Future work: 1) consider uncertainties in    ,    , and  the model of                 

all together; possible usages of other types of mixing components; 

3) real-life problems   
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Thanks for your attention! 

 Q & A  
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