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Abstract: Particle filter is a filtering method for state estimation of probabilistic latent

variables. For the correct estimation, a large number of particles are needed, however,

the use of a large number of particles is forced the high computational cost. The present

paper describes parallel computing implementations of particle filters in the framework of

MapReduce. The MapReduce is a platform that enables parallel processing without task

managements by user. We propose two MapReduce algorithms for the particle filter and

vilify the performance of the algorithms with respect to the number of using particles and

the number of CPU by using cloud computing service.
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O 1: MapReduce DO DOOODOO

map : (keyy,,value,,) = list(key,valuey)
shuffle : list(key,,value,;) = {key, list(value,)}
reduce : {key, list(value,)} = list(value)
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#7 initialization step ##
Generate initial particles m(()% ~ po(x), where pg is
an initial distribution
fort=1to T do
## Prediction step ##
for i =1to N do
2y = Fa o)
(1) = likelihood of particle i
end for
Wy = va 1 wt(i)
#+4 Filtering step #+#
fori=1to N do

wilzt) = filterd particles from {wt‘t 17" 1(5\12\6[)1}
by sampling with replacement in proportion to
wi” /W,
end for
end for
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Do initialization step
#7 In Map step ##
Do partition particles
for t=1to T do
Do prediction step
Do filtering step
end for
list(keys,value,) < (random number, :c%)T)
Do Shuffle step

#+4 In Reduce step ##
list(value) < {key, list(value,)}

O 5: MapReduce DO OO MRPFOOOODOO

Do initialization step

fort=1to T do
## In Map step ##
Do partition particles
Do prediction step
Do filtering step

(@ ))

list(keys,value,) < (random number, @, ;

Do Shuffle step

#+# In Reduce step #+#

list(value) < {key, list(value,)}
particles at next time step < list(value)

end for
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