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Particle filtration algorithm with variable-frequency mutation
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Abstract: Aimed at the problem of particle diversity reduction in particle filtration algorithm induced by
particle degeneracy and resampling, a strategy of adaptive frequency conversion was employed in mutative
operation of immune theory and, cooperated with particle filtration, a novel particle filtration algorithm
with variable-frequency mutation was designed. An adaptive variable-frequency operator was introduced in-
to the algorithm to regulate the present mutation frequency in the real time and control the quantity of the
mutational particles. Further, various strategies were adopted to carry out the mutational operation for the
particles and improve the adaptability of the particles to the change of the system state. Finally, the weight
value calculation of the regenerated particles was conducted and a new particle set was composed from the
particles with greater weight value to improve filtration accuracy. It was shown by investigation result that
this approach could fulfill the high-accurate estimation task with less quantity of particles and would have
higher filtration precision, particle variety, and comprehensive ratio of credit to cost of calculation speed.
Meantime, the particle distribution would be more rational and a certain quantity of particles would still
exist outside of the high likelihood region, so that providing a condition for keeping a better estimation ac-
curacy in case of system mutation.
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Tab.1 Comparison of results of RMSE error and running time of four algorithms
RMSE /s
PF GRPF BAPF VFM-PF PF GRPF BAPF VFM-PF
N=20,Q=1 7.075 3 1.573 7 1.933 2 0.947 1 0.093 2 0.125 9 0.111 8 0.101 3
N=20,Q=10 8.237 5 4.578 6 6.193 4 2.841 8 0.095 3 0.128 5 0.116 5 0.104 2
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Fig.2 Result of filtration state estimation




2 - 107 -
, PF .BAPF.GRPF,
_ — BRI
, VEM-PF . o “VEM-PF
) VEFM-PF . . BAPF
6 P
b b 4
i
S H ) ﬁ 2
, VEM-PF ool
_2 s
’ ’ —4 1 1 Il 1 1 1 1 1 1 I
VFM-PF 0 10 20 30 40 50 60 70 80 90 100
. VEM-PF PF, BAPF R
GRPF, PF . VFM-PF 4 k=25
Fig.4 Particle state distribution when k =25
10 . e VFM-PF
VEM-PF 20 R = BAPF
+ GRPF
100 PF 8 s ° ¢ J « PF
, VFM-PF 6
o4
’ s, i
E~
3.2 0 .
VEM-PF 21 .
— — — -4 —
’ k=10.k=25.k =50 0 10 20 30 40 50 60 70 80 90 100
s 3~5 kT
3~5 , PF 5 k=50
s s Fig.5 Particle state distribution when k=50
’ $ORPE . VEM-PF
BAPF .
b b 4
2 b
1 ,
0
_1 - 9
m —2 = 9 ’
-3
K 4B ’
_5 .
_6 b b
-7
_8 1 1 1 1 1 1 1 1 1 ]
0 10 20 30 40 50 60 70 80 90 100
T
3 k=10 (1] , , , 1.

Fig.3

Particle state distribution when k =10
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