
Extensions to the Probabilistic
Multi-Hypothesis Tracker for

Tracking, Navigation and SLAM

Brian Cheung

Thesis submitted for the degree of

Doctor of Philosophy

School of Electrical and Electronic Engineering
Faculty of Engineering

The University of Adelaide
Adelaide, South Australia

February 2012



UNCLASSIFIED AND APPROVED FOR PUBLIC RELEASE



Contents

1 Introduction 1

1.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2 Thesis Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Background 7

2.1 Data Association . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1.1 Nearest Neighbour . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.1.2 Probabilistic Data Association Filter . . . . . . . . . . . . . . . . . . . 8

2.1.3 Probabilistic Multi-Hypothesis Tracker . . . . . . . . . . . . . . . . . 9

2.2 State Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2.1 Problem Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2.2 Target Dynamic Models . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2.3 Measurement Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.2.4 Kalman Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2.5 Extended Kalman Filter . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.2.6 Unscented Kalman Filter . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2.7 Particle Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.3 Probabilistic Multi-Hypothesis Tracker . . . . . . . . . . . . . . . . . . . . . . 21

2.3.1 Problem Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.3.2 PMHT for multi-target tracking . . . . . . . . . . . . . . . . . . . . . 22

3 PMHT with time uncertainty 27

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.3 PMHT for tracking with timing uncertainty . . . . . . . . . . . . . . . . . . . 29

i



ii CONTENTS

3.4 Performance Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.5 Comparison of PMHT-t with other Methods . . . . . . . . . . . . . . . . . . . 41

3.5.1 PMHT-t Solution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.5.2 Sliding Window PMHT-t . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.5.3 Alternative Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.5.4 Performance Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4 PMHT Path Planning 53

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.1.2 Proposed Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.2 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.3 Path planning problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.4 PMHT for multiple platform path planning . . . . . . . . . . . . . . . . . . . . 61

4.5 Simulation Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.6 Tradeoff between smoothness and proximity . . . . . . . . . . . . . . . . . . . 71

4.7 Locale Density Dependence . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

4.8 Genetic Algorithm Solution to the Travelling Salesmen Problem . . . . . . . . 77

4.8.1 GA-TSP with PMHT Smoother . . . . . . . . . . . . . . . . . . . . . 79

4.8.2 Path Planning Comparison . . . . . . . . . . . . . . . . . . . . . . . . 79

4.9 Sliding batch PMHT Path Planning . . . . . . . . . . . . . . . . . . . . . . . . 88

4.10 PMHT-pp for Indoor Environments . . . . . . . . . . . . . . . . . . . . . . . . 91

4.10.1 PMHT-pp-pf Indoor Strategies . . . . . . . . . . . . . . . . . . . . . . 91

4.10.2 PMHT-pp-pf Indoor Results . . . . . . . . . . . . . . . . . . . . . . . 92

4.11 PMHT-pp with Non-Homogeneous Locales . . . . . . . . . . . . . . . . . . . 98

4.11.1 Non-Homogeneous Locales . . . . . . . . . . . . . . . . . . . . . . . 98

4.11.2 PMHT-pp with Priority as a Continuous Density . . . . . . . . . . . . 99

4.11.3 Simulation Example . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

4.12 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

5 PMHT-c for SLAM 107

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107



CONTENTS iii

5.2 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

5.3 SLAM formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

5.4 The PMHT with Classification in SLAM . . . . . . . . . . . . . . . . . . . . . 114

5.5 Performance Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

5.5.1 Simulated results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

5.5.2 Victoria Park Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

5.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

6 Conclusion 129

6.1 Tracking with Time Uncertainty . . . . . . . . . . . . . . . . . . . . . . . . . 129

6.2 Multiple Platform Path Planning . . . . . . . . . . . . . . . . . . . . . . . . . 130

6.3 SLAM with classifications . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

6.4 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

A Source Code Listing 133

A.1 PMHT-t Source Code . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

A.2 PMHT-pp Source Code . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

A.3 PMHT-c SLAM Source Code . . . . . . . . . . . . . . . . . . . . . . . . . . . 141



iv CONTENTS



List of Figures

3.1 Time error pmf . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.2 PMHT-t Scenario 1 Tracking Results . . . . . . . . . . . . . . . . . . . . . . . 37

3.3 PMHT-t Scenario 2 Tracking Results . . . . . . . . . . . . . . . . . . . . . . . 39

3.4 PMHT-t Scenario 2 with Clutter Tracking Results . . . . . . . . . . . . . . . . 42

4.1 Locale Example Map . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.2 PMHT-pp assigned trajectories evolution for 4 platforms . . . . . . . . . . . . 67

4.3 Assorted PMHT-pp Planned Trajectories . . . . . . . . . . . . . . . . . . . . . 68

4.4 Converged estimates ofΠk . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.5 Converged estimates ofΠτ . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.6 PMHT-pp Tradeoff using ratio betweenQ andR . . . . . . . . . . . . . . . . 72

4.7 PMHT-pp with varied grid of locales . . . . . . . . . . . . . . . . . . . . . . . 74

4.8 PMHT-pp with varied random locales . . . . . . . . . . . . . . . . . . . . . . 76

4.9 GA-TSP with a grid of locales . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4.10 Initial priors for PMHT-pp smoothing . . . . . . . . . . . . . . . . . . . . . . 80

4.11 GA-TSP with PMHT-pp smoothed output . . . . . . . . . . . . . . . . . . . . 81

4.12 Results for 4 platforms and grid of locales . . . . . . . . . . . . . . . . . . . . 83

4.13 Results for 3 platforms and random locales . . . . . . . . . . . . . . . . . . . 84

4.14 Results for 4 platforms and random locales . . . . . . . . . . . . . . . . . . . 85

4.15 Locale distribution between platforms . . . . . . . . . . . . . . . . . . . . . . 87

4.16 Trajectories separated for the four platforms after 8 iterations . . . . . . . . . . 89

4.17 Trajectories at each iteration . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

4.18 PMHT-pp-pf with grid of locales . . . . . . . . . . . . . . . . . . . . . . . . . 94

4.19 Comparison between PMHT-pp and PMHT-pp-pf . . . . . . . . . . . . . . . . 95

4.20 PMHT-pp-pf with 4 walls . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

v



vi LIST OF FIGURES

4.21 PMHT-pp-pf in an indoor environment . . . . . . . . . . . . . . . . . . . . . . 97

4.22 PMHT-pp with Priority Map Comparison . . . . . . . . . . . . . . . . . . . . 104

5.1 Example platform trajectory with random landmarks. . . . . . . . . . . . . . . 119

5.2 Percentage of divergent tracks comparison . . . . . . . . . . . . . . . . . . . . 120

5.3 RMS position estimation error comparison . . . . . . . . . . . . . . . . . . . . 121

5.4 Percentage of divergent tracks with PMHT comparison . . . . . . . . . . . . . 122

5.5 RMS position estimation error with PMHT comparison . . . . . . . . . . . . . 122

5.6 Divergent tracks with different misclassified measurements . . . . . . . . . . . 123

5.7 Divergent tracks with mismatched misclassified measurements . . . . . . . . . 124

5.8 Histogram of tree widths . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

5.9 PMHT-c estimated trajectory. . . . . . . . . . . . . . . . . . . . . . . . . . . . 126



List of Tables

3.1 PMHT-t Scenario 1 Monte Carlo RMS results . . . . . . . . . . . . . . . . . . 38

3.2 PMHT-t Scenario 2 Monte Carlo RMS results . . . . . . . . . . . . . . . . . . 40

3.3 PMHT-t Scenario 2 with Clutter Monte Carlo RMS results . . . . . . . . . . . 43

3.4 Monte Carlo Position RMS Comparison results . . . . . . . . . . . . . . . . . 50

3.5 Monte Carlo Timing Error Mean RMS Comparison results . . . . . . . . . . . 51

3.6 Monte Carlo Timing Error Precision RMS Comparison results . . . . . . . . . 51

4.1 PMHT-pp Monte Carlo results for grid of locales . . . . . . . . . . . . . . . . 75

4.2 PMHT-pp Monte Carlo results for random locales . . . . . . . . . . . . . . . . 75

4.3 Path Planning Monte Carlo Comparison results . . . . . . . . . . . . . . . . . 86

vii



viii



Abstract

Multi-target tracking is a problem that involves estimating target states from noisy data whilst

simultaneously deciding which measurement was produced by each target. The Probabilistic

Multi-Hypothesis Tracker (PMHT) is an algorithm that solves the multi-target tracking problem.

This thesis presents extensions to the PMHT to address problems that may arise in the use of

real sensors and considers multi-target tracking techniques for use in other applications such as

autonomous vehicles.

It is generally assumed that a sensor collects a set of noisy position measurements at known

times. In some situations, the time information may not be reliable and cause filtering issues.

This thesis derives an extension to the PMHT that introduces an assignment index that identifies

the true time at which a measurement was collected. This extension of the PMHT allows for

tracking on measurements with time errors, such as time delays. A further extension allows the

PMHT algorithm to simultaneously estimate the time error parameters whilst tracking targets.

The above extension is applied to the problem of planning paths for multiple platforms to

explore an unknown area. Given a set of locales to be visited and the platform initial positions,

the path planning problem has the same mathematical form as a multi-target tracking problem,

with locales as measurements and the platforms as targets. The extended PMHT algorithm uses

hypothesised time-stamps to associate locales to platforms and times simultaneously.

Autonomous vehicles are expected to use information from their sensors to navigate and

map their environment. Simultaneous localisation and mapping (SLAM) is the name given

to this task and is essentially a multi-target tracking problem. This thesis proposes the use

of PMHT and landmark classification information received with measurements to improve the

performance of SLAM.
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