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Summary

Advanced driver assistance systems increase the comfort, efficiency, and safety
of nowadays and future automobiles. Especially if these systems need to
derive a safety critical decision like an emergency brake they require a reliable
and precise environment recognition in order to keep the false triggering rate
close to zero.

In this work, environment recognition means to recursively estimate both
the time varying number of objects in a scene and their parameters like posi-
tion and velocity—so called multiple object tracking. The thesis summarizes
typical state of the art multiple object tracking approaches which classically
consist of separate detection, observation association, and estimation stages.
Often, the detection and association steps derive decisions which are hardly
reversible during the tracking process. Additionally, the majority of current
multiple object tracking systems insufficiently model the spatial extension of
objects though high resolution sensors like laser scanner can observe it.

The scope of this work is to overcome these limitations by integrating
dynamic as well as a priori knowledge into one Bayes filter, which is imple-
mented by a reversible jump Markov chain Monte Carlo sampling approach.
By that, it is possible to track spatially extended objects without dedicated
detection and association steps. Instead, several models are combined in an
integrated Bayesian estimation process. These models include how objects
look like and move, where they are expected to appear and disappear, and
how they interact with each other. By that, the approach contributes to
the field of spatially extended object tracking and provides many connection
points for further investigation.

The resulting multiple object tracking system rigorously utilizes the Bayesian
framework to cope with the uncertainties occurring in different domains. This
includes association ambiguities as well as observation and system process
noises. Furthermore, a track management is included in a statistical fashion.

The work demonstrates three case studies of multiple spatially extended
object tracking utilizing different sensors and algorithmic approaches. At first,
a data fusion system combining a radar and a camera sensor using a classical
multiple object tracking method is shown. Hereafter, a lidar based system
is demonstrated which uses advanced occupancy grid methods in order to
detect and track spatially extended objects. Finally, an implementation of
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SUMMARY

the reversible jump Markov chain Monte Carlo sampling approach for a lidar
based tracking of spatially extended objects is shown.

iv



Contents

Glossary xi

List of Acronyms xv

1 Introduction 1
1.1 Challenges in Multiple Object Tracking . . . . . . . . . . . . 3
1.2 Statistical Environment Modeling . . . . . . . . . . . . . . . . 5
1.3 Limitations of Current Solutions . . . . . . . . . . . . . . . . 6
1.4 Scope of the Work and Document Structure . . . . . . . . . . 7

I Theoretical Background 9

2 Bayesian Filtering 13
2.1 Probability Concept and Notations . . . . . . . . . . . . . . . 13
2.2 Bayes’ Theorem . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.3 Bayes Filter for Time Discrete Systems . . . . . . . . . . . . . 15
2.4 Kalman Filter and Derivatives . . . . . . . . . . . . . . . . . 16

2.4.1 Unscented Kalman Filter . . . . . . . . . . . . . . . . 18
2.5 Sequential Monte Carlo Methods . . . . . . . . . . . . . . . . 21

2.5.1 Monte Carlo Integration . . . . . . . . . . . . . . . . . 21
2.5.2 Importance Sampling . . . . . . . . . . . . . . . . . . 22
2.5.3 Sequential Importance Sampling . . . . . . . . . . . . 24
2.5.4 Importance Resampling . . . . . . . . . . . . . . . . . 25
2.5.5 Particle Filter . . . . . . . . . . . . . . . . . . . . . . . 26
2.5.6 Maximum a Posteriori Approximation . . . . . . . . . 26

2.6 Effective Sampling Methods . . . . . . . . . . . . . . . . . . . 28
2.6.1 Markov Chain Monte Carlo . . . . . . . . . . . . . . . 29
2.6.2 Reversible Jump Markov Chain Monte Carlo . . . . . 36

2.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3 State of the Art in Multiple Object Tracking 41
3.1 Classical Multiple Object Tracking . . . . . . . . . . . . . . . 41
3.2 Multiple Hypothesis Tracking . . . . . . . . . . . . . . . . . . 45

v



Contents

3.3 Integrated Probabilistic Data Association . . . . . . . . . . . 45
3.4 Occupancy Grid Methods . . . . . . . . . . . . . . . . . . . . 50
3.5 Spatially Extended Object Tracking . . . . . . . . . . . . . . 51
3.6 RJMCMC based Multiple Object Tracking for Point Source

Objects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
3.7 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4 Reversible Jump Markov Chain Monte Carlo for Multiple Object
Tracking 55
4.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
4.2 RJMCMC Filter . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.2.1 Bayes Filter for a Dynamic Number of Objects . . . . 57
4.2.2 RJMCMC Filter for a Dynamic Number of Objects . 58

4.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

II Case Studies of Spatially Extended Object Tracking 61

5 Multiple Object Tracking by Radar and Vision based Data Fusion 65
5.1 System Overview . . . . . . . . . . . . . . . . . . . . . . . . . 65
5.2 Motion Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
5.3 Ego Motion Compensation and Prediction . . . . . . . . . . . 68
5.4 Observation Models . . . . . . . . . . . . . . . . . . . . . . . 70

5.4.1 Radar Model . . . . . . . . . . . . . . . . . . . . . . . 70
5.4.2 Camera Model . . . . . . . . . . . . . . . . . . . . . . 70

5.5 Observation Association and Filter Incorporation . . . . . . . 71
5.6 Track Management . . . . . . . . . . . . . . . . . . . . . . . . 72
5.7 Results and Conclusions . . . . . . . . . . . . . . . . . . . . . 72

6 Spatially Ext. Object Tracking using an Ext. Occupancy Grid
Approach 79
6.1 System Architecture . . . . . . . . . . . . . . . . . . . . . . . 79
6.2 Advanced Occupancy Grid Approach . . . . . . . . . . . . . . 80
6.3 Ego Motion Compensation . . . . . . . . . . . . . . . . . . . . 82
6.4 Bayesian Filtering . . . . . . . . . . . . . . . . . . . . . . . . 84
6.5 Clustering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
6.6 Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
6.7 Results and Conclusions . . . . . . . . . . . . . . . . . . . . . 90

7 Spatially Extended Object Tracking using an RJMCMC Method 95
7.1 General Approach . . . . . . . . . . . . . . . . . . . . . . . . 95

vi



Contents

7.2 Dynamics Model . . . . . . . . . . . . . . . . . . . . . . . . . 97
7.3 Appearing & Disappearing Model . . . . . . . . . . . . . . . . 99
7.4 Multiple Object Multiple Source Likelihood . . . . . . . . . . 100
7.5 Occlusion Model . . . . . . . . . . . . . . . . . . . . . . . . . 101
7.6 Interaction Model . . . . . . . . . . . . . . . . . . . . . . . . . 102
7.7 Feature Assignment . . . . . . . . . . . . . . . . . . . . . . . 103
7.8 Proposal Density Moves . . . . . . . . . . . . . . . . . . . . . 104

7.8.1 Object State Change Moves . . . . . . . . . . . . . . . 104
7.8.2 Object Add and Delete Moves . . . . . . . . . . . . . 105
7.8.3 Feature Assign and Deassign . . . . . . . . . . . . . . 106

7.9 Results and Conclusions . . . . . . . . . . . . . . . . . . . . . 106

8 Case Study Comparison 113

9 Summary 117
9.1 Accomplishments of the Work . . . . . . . . . . . . . . . . . . 118
9.2 Remaining Issues and Potentially Subsequent Work . . . . . . 119

vii





Glossary

Greek letters
α Unscented Kalman filter parameter
β0...M IPDA weights
β Unscented Kalman filter parameter
γ Unscented Kalman filter scaling parameter
κ Unscented Kalman filter parameter
χ Sigma points
Υ Transformed sigma points
ε Random walk process noise
η Normalization constant
Γ Gamma function
λ Parameter of the Poisson distribution
ω(x) Weight of x
Σ Covariance matrix
σ Standard deviation

Measurement and state space variables
a Acceleration
Δx x component of the ego motion between k − 1 and k
Δx y component of the ego motion between k − 1 and k
Δθ θ component of the ego motion between k − 1 and k
ω Object yaw rate
φ Radar beam angle
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