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βd + βa(ṗ⊥ · li)

)
wi(x)

l1
lN

v1

v2

vN

©
2
0
15

IE
E
E

• Nearly constant speed

• Influence by edges

• Avoid collision with edges

• Align with edges

• Integrate along edge

• Preferred direction

• Polygon region



Licentiate’s Presentation Clas Veibäck November 22, 2016 25

Potential Field



Licentiate’s Presentation Clas Veibäck November 22, 2016 26

Dolphin - Model Simulation



Licentiate’s Presentation Clas Veibäck November 22, 2016 27

Dolphin - Model Comparisons

Detection region
Constraint region
Constant Velocity model
Coordinated Turn model
Constrained Motion model



Licentiate’s Presentation Clas Veibäck November 22, 2016 28

Dolphin - Complete Framework



1 Introduction
2 Target Tracking
3 Camera Sensor
4 Constrained Motion Model
5 Uncertain Timestamp Model
6 Mode Observations
7 Conclusions



Licentiate’s Presentation Clas Veibäck November 22, 2016 30

Uncertain Timestamp Model



Licentiate’s Presentation Clas Veibäck November 22, 2016 31

Uncertain Timestamp Model

• Traditional measurements

• Observations sampled at an

uncertain time

• Crime scene investigations

• Traces from animals



Licentiate’s Presentation Clas Veibäck November 22, 2016 31

Uncertain Timestamp Model

• Traditional measurements

• Observations sampled at an

uncertain time

• Crime scene investigations

• Traces from animals



Licentiate’s Presentation Clas Veibäck November 22, 2016 31

Uncertain Timestamp Model

• Traditional measurements

• Observations sampled at an

uncertain time

• Crime scene investigations

• Traces from animals



Licentiate’s Presentation Clas Veibäck November 22, 2016 31

Uncertain Timestamp Model

• Traditional measurements

• Observations sampled at an

uncertain time

• Crime scene investigations

• Traces from animals



Licentiate’s Presentation Clas Veibäck November 22, 2016 32

Uncertain Timestamp Model

Consider a linear Gaussian state space model,

xk = Fkxk−1 +wk, wk ∼ N (0,Qk),

yj = Hy
jxj + vy

j , vy
j ∼ N (0,Ry

j ),

x0 ∼ N (x̄0,P0),

Extend the model with



Licentiate’s Presentation Clas Veibäck November 22, 2016 32

Uncertain Timestamp Model

Consider a linear Gaussian state space model,

xk = Fkxk−1 +wk, wk ∼ N (0,Qk),

yj = Hy
jxj + vy

j , vy
j ∼ N (0,Ry

j ),

x0 ∼ N (x̄0,P0),

Extend the model with

z = Hzxτ + vz, vz ∼ N (0,Rz), τ ∼ p(τ).



Licentiate’s Presentation Clas Veibäck November 22, 2016 32

Uncertain Timestamp Model

Consider a linear Gaussian state space model,

xk = Fkxk−1 +wk, wk ∼ N (0,Qk),

yj = Hy
jxj + vy

j , vy
j ∼ N (0,Ry

j ),

x0 ∼ N (x̄0,P0),

Extend the model with

z = Hzxτ + vz, vz ∼ N (0,Rz), τ ∼ p(τ).



Licentiate’s Presentation Clas Veibäck November 22, 2016 32

Uncertain Timestamp Model

Consider a linear Gaussian state space model,

xk = Fkxk−1 +wk, wk ∼ N (0,Qk),

yj = Hy
jxj + vy

j , vy
j ∼ N (0,Ry

j ),

x0 ∼ N (x̄0,P0),

Extend the model with

z = Hzxτ + vz, vz ∼ N (0,Rz), τ ∼ p(τ).



Licentiate’s Presentation Clas Veibäck November 22, 2016 32

Uncertain Timestamp Model

Consider a linear Gaussian state space model,

xk = Fkxk−1 +wk, wk ∼ N (0,Qk),

yj = Hy
jxj + vy

j , vy
j ∼ N (0,Ry

j ),

x0 ∼ N (x̄0,P0),

Extend the model with

z = Hzxτ + vz, vz ∼ N (0,Rz), τ ∼ p(τ).



Licentiate’s Presentation Clas Veibäck November 22, 2016 32

Uncertain Timestamp Model

Consider a linear Gaussian state space model,

xk = Fkxk−1 +wk, wk ∼ N (0,Qk),

yj = Hy
jxj + vy

j , vy
j ∼ N (0,Ry

j ),

x0 ∼ N (x̄0,P0),

Extend the model with

z = Hzxτ + vz, vz ∼ N (0,Rz), τ ∼ p(τ).



Licentiate’s Presentation Clas Veibäck November 22, 2016 33

Simple Uncertain Time Scenario

Consider the simple model,

xk = xk−1 + wk, wk ∼ N (0, Q),

yj = xj + vyj , vyj ∼ N (0, Ry)

for k ∈ {1, . . . , N} and two measurements y1 and yN .

Extend the model with

z = xτ + vz, vz ∼ N (0, Rz), τ ∼ p(τ).



Licentiate’s Presentation Clas Veibäck November 22, 2016 33

Simple Uncertain Time Scenario

Consider the simple model,

xk = xk−1 + wk, wk ∼ N (0, Q),

yj = xj + vyj , vyj ∼ N (0, Ry)

for k ∈ {1, . . . , N} and two measurements y1 and yN .

Extend the model with

z = xτ + vz, vz ∼ N (0, Rz), τ ∼ p(τ).



Licentiate’s Presentation Clas Veibäck November 22, 2016 34

Simple Uncertain Time Scenario

Time

0 0.2 0.4 0.6 0.8 1

P
o
s
it
io

n

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6
Y

z (first case)
z (second case)

The measurements are

• y1 = 0,

• yN = 1.

The two cases of

observations are

• z = 0.5 with flat prior.

• z = 1.5 with non-flat
prior.



Licentiate’s Presentation Clas Veibäck November 22, 2016 34

Simple Uncertain Time Scenario

Time

0 0.2 0.4 0.6 0.8 1

P
o
s
it
io

n

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6
Y

z (first case)
z (second case)

The measurements are

• y1 = 0,

• yN = 1.

The two cases of

observations are

• z = 0.5 with flat prior.

• z = 1.5 with non-flat
prior.



Licentiate’s Presentation Clas Veibäck November 22, 2016 34

Simple Uncertain Time Scenario

Time

0 0.2 0.4 0.6 0.8 1

P
o
s
it
io

n

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6
Y

z (first case)
z (second case)

The measurements are

• y1 = 0,

• yN = 1.

The two cases of

observations are

• z = 0.5 with flat prior.

• z = 1.5 with non-flat
prior.



Licentiate’s Presentation Clas Veibäck November 22, 2016 35

Posterior Distributions - Time

The posterior distribution of the uncertain time is

wτ , p(τ |Y, z)︸ ︷︷ ︸
Posterior

∝ p(τ)︸︷︷︸
Prior
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Posterior

∝ p(τ)︸︷︷︸
Prior

N (z| ẑτ , Sτ )︸ ︷︷ ︸
Likelihood

.
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Posterior Distributions - Time
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Posterior Distributions - States

The posterior distribution of the state is

p(xk|Y, z) =

N∑
τ=1

wτ · N (xk|x̂τ
k,P

τ
k).
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Posterior Distributions - States
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Estimators - Minimum Mean Squared Error
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Orienteering - Results

• Adjusted trajectory

• Single control point
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Mode Observations
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Jump Markov Model
The jump Markov linear model is

xk = Fk(δk)xk−1 +wk, wk ∼ N (0, Qk(δk)),

yj = Hj(δj)xj + vj , vj ∼ N (0, Rj(δj)).

The mode is modelled as

p(δk | δk−1) = Π
δk,δk−1

k , δk ∈ S.

Augmented is the direct mode observation,

zi ∼ p(zi | δi).

M1

M2
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Posterior Distribution - Mode Sequence

The posterior probability of a mode sequence {δij}kj=1 is

computed recursively by

wi
k︸︷︷︸
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Weight

∝ wi
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·Πδik,δ
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Transition
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Posterior Distribution - State

The posterior distribution of the state is given by

p(xk | Y1:k,Z1:k) =

|S|k∑
i=1

wi
k · N (xk | x̂i

k, P
i
k).
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Bird - Model
The modes are S = {s, f}.

The state variables are x =


x
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bf

 =

p
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The state-space model is
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Bird - Model Extension
The direct mode observation is the radial position

zk =
√
x2k + y2k,

where p(zk|δk) is given by:
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Bird - Results
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Bird - Complete Framework M1

M2
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Conclusions

Theory is presented on

• a constrained motion model

• an uncertain timestamp model

• direct mode observations

Demonstration through various applications
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Future Work

Possible future work is

• multiple observations with uncertain timestamps

• tracking using non-stationary cameras

• motion models tailored to other types of targets

• more advanced tracking algorithms
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