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o but the state is not directly observable
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e Same concept as the Kalman filter, but fewer assumptions

o but the system dynamics may be non-linear

o the observation function may be non-linear

o the process noise and and observation noise may be
non-Gaussian

o the hypothesis is not confined to be Gaussian — can have

multimodal hypotheses

5/27



-1

Introduction

Particle Filter workings

e First a disclaimer
e The projectin a
sentence.

e Particle Filter
e Particle Filter
workings

Robot Localization
Application

Simple Example

Project

1. Start with a set of n particles at step {,,_1. These particles
represent the hypothesis at that time.

6/27



-1

Introduction

Particle Filter workings

e First a disclaimer
e The projectin a
sentence.

e Particle Filter

e Particle Filter
workings

Robot Localization
Application

Simple Example

Project

1. Start with a set of n particles at step {,,_1. These particles
represent the hypothesis at that time.

2. Propagate each particle independently according to system

dynamics. This is the a priori hypothesis.

6/27



-1

Introduction

Particle Filter workings

e First a disclaimer
e The projectin a
sentence.

e Particle Filter
e Particle Filter
workings

Robot Localization
Application

Simple Example

Project

1. Start with a set of n particles at step {,,_1. These particles
represent the hypothesis at that time.

2. Propagate each particle independently according to system

dynamics. This is the a priori hypothesis.
3. Make an observation and weight each particle by the
likelihood of the the particle — p (observation|particle)

6/27



-1

Introduction

Particle Filter workings

e First a disclaimer
e The projectin a
sentence.

e Particle Filter

e Particle Filter
workings

Robot Localization
Application

Simple Example

Project

1. Start with a set of n particles at step {,,_1. These particles
represent the hypothesis at that time.

2. Propagate each particle independently according to system

dynamics. This is the a priori hypothesis.
3. Make an observation and weight each particle by the
likelihood of the the particle — p (observation|particle)
4. Resample n particles according to their weights. This
represents the a posteriori hypothesis at tp,.

6/27



-1

Introduction

Particle Filter workings

e First a disclaimer
e The projectin a
sentence.

e Particle Filter

e Particle Filter
workings

Robot Localization
Application

Simple Example

Project

1. Start with a set of n particles at step {,,_1. These particles
represent the hypothesis at that time.

2. Propagate each particle independently according to system
dynamics. This is the a priori hypothesis.

3. Make an observation and weight each particle by the
likelihood of the the particle — p (observation|particle)

4. Resample n particles according to their weights. This
represents the a posteriori hypothesis at tp,.

(@) many different resampling techniques with different
computation complexities and variances.

6/27



-1

Introduction

Particle Filter workings

e First a disclaimer
e The projectin a
sentence.

e Particle Filter

e Particle Filter
workings

Robot Localization
Application

Simple Example

Project

1. Start with a set of n particles at step {,,_1. These particles
represent the hypothesis at that time.

2. Propagate each particle independently according to system
dynamics. This is the a priori hypothesis.

3. Make an observation and weight each particle by the
likelihood of the the particle — p (observation|particle)

4. Resample n particles according to their weights. This
represents the a posteriori hypothesis at tp,.

(@) many different resampling techniques with different
computation complexities and variances.
(b) the part that is not embarrassingly parallel.

6/27



-1

Introduction

Particle Filter workings

e First a disclaimer
e The projectin a
sentence.

e Particle Filter

e Particle Filter
workings

Robot Localization
Application

Simple Example

Project

1. Start with a set of n particles at step {,,_1. These particles
represent the hypothesis at that time.

2. Propagate each particle independently according to system
dynamics. This is the a priori hypothesis.

3. Make an observation and weight each particle by the
likelihood of the the particle — p (observation|particle)

4. Resample n particles according to their weights. This
represents the a posteriori hypothesis at tp,.

(@) many different resampling techniques with different
computation complexities and variances.
(b) the part that is not embarrassingly parallel.

6/27



-1

Introduction

Robot Localization
Application

e Robot Localization
Application
e Robot Localization
Application
e Robot Localization
Application
e Robot Localization
Application
e Robot Localization
Application
e Robot Localization
Application
e Robot Localization
Application
e Robot Localization
Application
e Robot Localization
Application
e Robot Localization
Application
e Robot Localization
Application
e Robot Localization
Application

Simple Example

Project

7127



Robot Localization Application
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Absolute Value observation n = 1000

0 2000 4000 6000 8000 10000

0 2000 4000 6000 8000 10000

21/27 "



Square Value observation n = 500
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