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The Bayes’ Net
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Measurement: 𝑝(𝑧𝑡 |𝑥𝑡)

Process: 𝑝(𝑥𝑡 |𝑥𝑡−1, 𝑢𝑡)
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Extended Kalman filter equations

Kalman Extended Kalman

Predict

Update

μ̄t = Atμt−1 + Btut

Σ̄t = AtΣt−1AT
t + Qt

μ̄t = f(μt−1, ut,0)

Σ̄t = FtΣt−1FT
t + WtQtWT

t

μt = μ̄t + Kt (zt − h(μ̄t,0))
Σt = (I − KtHt) Σ̄t

Kt = Σ̄tHT
t (HtΣ̄tHT

t + VtRtVT
t )−1

μt = μ̄t + Kt (zt − Htμ̄t)
Σt = (I − KtHt) Σ̄t

Kt = Σ̄tHT
t (HtΣ̄tHT

t + Rt)−1
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Importance sampling

g(x)f(x)
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Importance Sampling

g(x)f(x)
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Sampling importance resampling

g(x)f(x)
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Sampling importance resampling

g(x)f(x)

Avoids “particle depletion”



Lane Pose Estimation 

bel(xt)?
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Lane-relative estimation
State:  

: Duckiebot distance to 
lane center 

: Angle of Duckiebot 
relative to lane

xt ≜ [dt, ϕt]

dt

ϕt

dt

ϕt

Middle of lane
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Predict
bel ([d0

ϕ0]) = 𝒩 [0
0], [

σ2
d0

,0

0,σ2
ϕ0

]

¯bel ([d1

ϕ1]) = 𝒩 ([0
0], Σ̄1)

Robot is commanded to drive straight

But there is some drift
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Predict

1-  ellipse of σ bel(x0)

d = 0

ϕ = 0

:  True state of Duckiebot

1-  ellipse of σ ¯bel(x1)

d = 0

ϕ = 0

bel ([d0

ϕ0]) = 𝒩 [0
0], [

σ2
d0

,0

0,σ2
ϕ0

]

¯bel ([d1

ϕ1]) = 𝒩 ([0
0], Σ̄1)

Robot is commanded to 
drive straight

But there is some drift
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Update

:  True state of Duckiebot

1-  ellipse of σ ¯bel(x1)

d = 0

ϕ = 0

¯bel ([d0

ϕ0]) = 𝒩 [0
0], [

σ̄2
d0

,0

0,σ̄2
ϕ0

]
An image is received

A line segment 
is detected



15

Update

1-  ellipse of σ bel(x1)

d1 = 0

ϕ1 = 0

¯bel ([d1

ϕ1]) = 𝒩 ([0
0], Σ̄1)

bel ([d1

ϕ1]) = 𝒩 (μ1, Σ1)
A line segment 

is detected

:  True state of Duckiebot

1-  ellipse of σ ¯bel(x1)

d = 0

ϕ = 0
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Outliers?



Lane Pose Estimation 

bel(xt)?
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Lane-relative estimation
State:  

: Duckiebot distance to 
lane center 

: Angle of Duckiebot 
relative to lane

xt ≜ [dt, ϕt]

dt

ϕt
dt

ϕt

Middle of lane
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Sample the process model

:  True state of Duckiebot

Robot is commanded 
to drive straight

But there is some drift

d = 0

ϕ = 0

𝒳0

d = 0

ϕ = 0

𝒳1

:  Particles



20

Update particle weights

An image is received

:  True state of Duckiebot
:  Particles

d = 0

ϕ = 0

𝒳1

A line segment 
is detected
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Update particle weights

:  True state of Duckiebot
:  Particles

d = 0

ϕ = 0

𝒳1

d = 0

ϕ = 0

𝒳1

A line segment 
is detected
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Sampling importance 
resampling

:  True state of Duckiebot
:  Particles

d = 0

ϕ = 0

𝒳1

d = 0

ϕ = 0

𝒳1

A line segment 
is detected
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Size of the 
particle set



Lane Pose Estimation 

bel(xt)?
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Lane-relative estimation
State:  

: Duckiebot distance to 
lane center 

: Angle of Duckiebot 
relative to lane

xt ≜ [dt, ϕt]

dt

ϕt
dt

ϕt

Middle of lane
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Propagate the weights
Robot is commanded to drive 

straight
But there is some drift

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

d = 0

ϕ = 0

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

bel(x0)bel(x1)
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Measurement likelihood
An image is received

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

Each one generates 
a vote

Many line segments 
are detected

d = 0

ϕ = 0

p(zt |xi)
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Update the weights

× =
. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

Prior belief
. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

Measurement 
likelihood

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

. . . . . . . . .

Posterior 

Maximum a posteriori estimate


