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Motivation

» What if the state distribution is not Gaussian?

 Performance of most conventional filters drops when the
dynamics are non-linear

» Key Idea: Particle Filters represent the distribution with a
number of samples



Importance Sampling

« Assume that we have a distribution f(x) that is difficult to
draw samples from

* We can specity a distribution g(x), draw samples from g and
multiply them with f(x)

g()
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Algorithm

Algo_rithm Particle_filter(X;_ 1, u;, 2¢):

Xt — Xt — (Z)
form =1to M do
sample x£m] ~ p(xy | ut,xET]l)
wf™ = p(z | 2{™)
Xt — Xt ‘|‘ <x£m]7 w£m1>
endfor

form = 1to M do
draw 7 with probability o< wy]
add x?] to X;

endfor

return X



Initial Distribution

Algo_rithm Particle_filter(X;_ 1, u;, 2¢):

Xt — Xt — (Z)
form =1to M do
sample :c,[;’"“] ~ p(xy | Ut@gﬂ)
wf™ = p(z | 2{™)
Xt — Xt ‘|‘ <x£m]7 w£m1>
endfor

form = 1to M do
draw 7 with probability o< wk]
add x?] to X;

endfor

return X




Motion Model

Algo_rithm Particle_filter(X;_ 1, u;, 2¢):

Xt — Xt — (Z)
form =1to M do
sample x£m] ~ p(xy | ut,xET]l)
wf™ = p(z | 2{™)
Xt — Xt ‘|‘ <x£m]7 w£m1>
endfor

form = 1to M do
draw 7 with probability o< wy]
add x?] to X;

endfor

return X
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form = 1to M do
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endfor

return X




Motion Model

Algo_rithm Particle_filter(X;_ 1, u;, 2¢):

Xt — Xt — @
form =1to M do
sample a:{"”l ~ p(xy | ut,xﬂ)
’UiEm] :_p(zt | L
Xt — Xt ‘|‘ <x£m]7 w£m1>
endfor

form = 1to M do
draw 7 with probability o< wy]
add x?] to X;

endfor

return X




Observation

Algo_rithm Particle_filter(X;_ 1, u;, 2¢):

Xt — Xt — (Z)
form =1to M do
sample x£m] ~ p(xy | ut,xET]l)
wf™ = p(z | 2{™)
Xt — Xt ‘|‘ <x£m]7 w£m1>
endfor

form = 1to M do
draw 7 with probability o< wy]
add x?] to X;

endfor

return X




Weight Assignment

Algo_rithm Particle_filter(X;_ 1, u;, 2¢):
Xt — Xt — (Z)
form =1to M do
sample x£m] ~ p(xy | ut,ng]l)

wi™ = p(z, | ™)

Xi =X + <5'3tm 7wtm]>
endfor
form =1to M do
draw 7 with probability o< wgz]
add 2" to X,
endfor
return X




Resampling

Algo_rithm Particle_filter(X;_ 1, u;, 2¢):

Xt — Xt — (Z)
form =1to M do
sample x£m] ~ p(xy | ut,xET]l)
wf™ = p(z | 2{™)
Xt — Xt ‘|‘ <x£m]7 w£m1>
endfor

form = 1to M do
draw 7 with probability o< wy]
add x?] to X;

endfor

return X




Resampling

Algo_rithm Particle_filter(X;_ 1, u;, 2¢):

Xt — Xt — @
form =1to M do
sample :c,[tm] ~ p(xy | utvx,[;il]l)
“iim] = p(2t | ™)
Xt — Xt ‘|‘ <x£m]7 w£m1>
endfor

form = 1to M do
draw 7 with probability o< ne
add xtM to X}

endfor

return X




Algorithm

Algo_rithm Particle_filter(X;_ 1, u;, 2¢):
Xt —_ Xt —_ @
form =1to M do

sample :c,[tm] ~ p(xy | Ut,w,[;f]l)

[m]

Wy = = P2t | Ly
Xt P Xt — <$£m], w£m1>
endfor

form = 1to M do
draw 7 with probability o< wy]
add x?] to X;

endfor

return X
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Mathematical Derivation

b(ﬂi'o:t) — P(fo:t‘zlztaulzt)
— P(xO:t‘let—laztaulzt)
= NP (2¢|0:t, 21:0—1, U1:) P(@0:t | 21:0—1, Ut:t)
= NP (z|2e) P(20:|21:0—1, Ui:t)
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Mathematical Derivation

(iUo:t \let, Ul:t)

(CUO t‘zlzt—laztaulzt)
$0:t,Zl:t—l,Ul:t)P($0:t|21:t—1,U1:t)
<t $t)P($0:t|Zl:t—1,U1:t)

<t $t)P($t7$0:t—1|21:t—1,U1:t)
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Mathematical Derivation

(33'0 t) (iUo:t\leta Ul:t)

— P(CCO t‘zlzt—laztaulzt)

= NP (2¢|0:t, 21:0—1, U1:) P(@0:t | 21:0—1, Ut:t)

= NP (z|2e) P(20:|21:0—1, U1:t)

= NP (z¢|we) P(e, Tot—1]21:6—1, U1:¢)

= NP (z¢|ve) P(2|00:0—1, 21:6—1, U1:t) P(@0:0—1|21:0—1, U1:¢)
= NP (2¢|xe) P(x¢|2i—1,ue) P(20:0—1|21:0—1, Un:¢)



Mathematical Derivation
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Mathematical Derivation

b(x0:t) = NP (2¢|w) P2 2e—1, u)b(20:6—1) Algorithm Particle filter(X; 1, u, 2;):
Xt — Xt — (Z)
form =1to M do

sample z;" ~ p(a¢ | up,z,"))

w™ =p(z | 7,

Xt — Xt —|— <13£7n], w£m]>
endfor

form = 1to M do
draw ¢ with probability o< wy]
add :Izii] to X,

endfor

return X



Mathematical Derivation

b(zo.t) = NP (2¢|xe) P(z¢|xe—1, u)b(z0:0—1) Algorithm Particle filter(X;_{, u;, z;):

Xt — Xt — Q)
form = 1to M do
o sample 2{") ~ p(, | up, 2;")
m target distribution [m] [m]
[m] _ , _ o
wy; = — wy - =p(2e |z )
proposal distribution A ]>
t — t 'ty Wt
endfor

form = 1to M do
draw ¢ with probability o< 'wii]
add I,[;“] to X,

endfor

return X



Mathematical Derivation

b(w0:¢) = NP (z|we) P(2e|re—1,ue)b(Zo:—1)  Algorithm Particle_filter(X; 1, us, 2;):

Xt — Xt — (Z)
form = 1to M do
o sample " ~ p(z, | u, "))
m] _ target distribution Wl (2 | I[m])
wy T = , ; , t Pzt | Ly
proposal distribution g G ]>
t — U t s Wt
_ b(20:t) endfor
P(xi|wi—1, ut)b(zo:t—1) form = 1to M do

(2]

draw 7 with probability oc w;
add ;z:,[;“] to X,

endfor

return X



Mathematical Derivation

b(xo:t) = NP (2¢|2e) P(x|i—1,ue)b(T0:4—1) Algorithm Particle filter(X;_1, u;, 2;):

Xt — Xt — (Z)
form = 1to M do
o sample 21" ~ p(z, | ug,2l™))
()] target distribution [m] [m]
wy = — : wy - =p(ze | x5 )
proposal distribution ]
t = Ay + (T, wy >
_ b(zo:t) endfor
P(xi|ze—1,ut)b(zo:-1) form = 1to M do
_ NP (z¢|we) P(xe|ws—1, ue)b(To:6—1) draw 7 with probability o< wiz]
P(xi|@i—1, ut)b(zo:t-1) add :z:,[f] to X;
endfor

return X



Mathematical Derivation

b(xo:t) = NP (2¢|w) P(2¢|2e—1, us)b(20:0—1) Algorithm Particle filter(X;_1, u;, 2;):

Xt — Xt — (Z)
form = 1to M do
[m] [m]
sample z; * ~ p(x¢ | ug, T, _
[m)] target distribution [m] t ‘[7(71]t e i)
wy = —— wy  =p(2e | 2 )
proposal distribution ]
t = Ay + (T, wy >
_ b(20:t) endfor
P(xi|ze—1,ut)b(zo:1-1) form = 1to M do
_ NP (z¢|we) P(we|we—1,u)b(T0:0-1) draw 7 with probability o< wiz]
P(z¢|zi—1, ue)b(20:0-1) add :z:,[f] to X
— nP(z|z) endfor

return X



Why Resampling?




Why Resampling?




Why Resampling?




Issues With Particle Filter




Issues With Particle Filter




Issues With Particle Filter




Issues With Particle Filter




Issues With Particle Filter

How can we address
the sample impoverishment
problem?




