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Zusammenfassung
Das Erkennen dynamischer Objekte und die Vorhersage ihrer Bewegung sind zentrale Themen
der Robotik. Bewegung wird häufig als die Verschiebung der Position eines Objekts über die
Zeit definiert. Diese Definition führt zu einer der grundlegenden Ideen um Bewegung zu erken-
nen. Wenn ein Objekt in verschiedenen Messungen identifiziert werden kann, kann die Bewegung
durch dessen Positionsveränderung bestimmt werden. Bei bisherigen Ansätzen ist zunächst ein
Modell des Objekts erforderlich, um ein Objekt zu erkennen.Weiterhin muss das Objekt auch
in einer folgenden Messung erkannt und identifiziert werden. Zusätzlich zur Erkennung von Ob-
jekten ist es also notwendig, das Problem der Datenassoziation zu lösen. Diese Probleme gaben
die Anregung für die Kernidee dieser Arbeit. Anstatt ein Objekt zunächst zu erkennen um dann
dessen Bewegung vorherzusagen, soll die Bewegung eines Objekts bereits vor dessen Identi-
fizierung geschätzt werden. Für einige Anwendungen ist es wichtig, die Bewegung verschiedener
Objekte schnell und zuverlässig vorherzusagen. Wichtigerals das Objekt zu identifizieren, ist
zu wissen, wo, wohin und mit welcher Geschwindigkeit sich etwas bewegt. Diese Arbeit schlägt
einen Ansatz zur Bewegungsvorhersage vor, der ausschliesslich lokale Merkmale verwendet. Das
Ziel ist, auf Grund lokaler Veränderungen der Umgebung und der daraus gewonnenen Merkmale
eine Bewegung vorherzusagen. Die verwendeten Merkmale sollen möglichst unabhängig von der
Struktur des zugrundeliegenden bewegten Objekts sein. Basierend auf den lokalen Merkmalen
wird die Bewegung mittels Gauss-Prozessen geschätzt. Dieser Ansatz hat die Vorteile, dass kein
Modell des bewegten Objekts notwendig ist und es auf Grund der verwendeten Merkmale nicht
notwendig ist, die Objekte miteinander zu assoziieren.

Abstract
Recognizing dynamic objects and predicting their motion are central tasks within robotics. Mo-
tion is commonly described as the displacement of an object over time. This intuitively gives
rise to the idea that if the same object can be identified in twosubsequent observations, we can
estimate the objects movement from its displacement. To detect an object a model of the object
is needed. Recognized once, the object must be identified in subsequent observations to estimate
motion. Hence, the problem of data association needs to be solved. These problems motivate the
key idea of this thesis. Instead of detecting the objects first and then estimating their motion the
idea is to detect motion first. For some relevant applications, the agent needs to be able to detect
movement quickly. It is more important to know something is moving, into which direction and
at what speed than what kind of object is actually causing themovement. This thesis presents an
approach to estimating motion that only relies on local features. The goal is to infer motion by
detecting local changes in the environment. We construct features describing these local changes
such that they are as independent of the underlying moving object as possible. Motion is inferred
from these local features using Gaussian process regression. This approach offers some distinct
advantages. Firstly, no model of the underlying dynamic object is required because the local fea-
tures are similar for different types of objects. Secondly,the problem of associating objects does
not need to be explicitely solved.
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1 Introduction

Recognizing dynamic objects and predicting their motion are central tasks within robotics. In
recent years, new sensors like radars and long range scanners have been developed that make
outdoor navigation at high speeds possible. This led to a growing interest in application domains
like driving assistance and autonomous driving. For these applications, a reliable detection and
tracking of moving objects is indispensable. This is, however, also one of the most demanding
problems. Consider the traffic situation depicted in Figure1.1. There is a large number of moving
objects of many different types, for instance cars, trucks,pedestrians, motorcycles, etc. To com-
plicate matters even more, objects of the same type have different shapes and colors. In addition,
dynamic objects might move at a different speed and into different directions. To operate an agent
in this environment an accurate and reliable estimation of the motion of these moving objects is
essential.

Motion is commonly described as a change in the position of anobject over time. This intuitively
gives rise to the idea that if the same object can be identifiedin two subsequent observations,
we can estimate the objects movement from its displacement.Regardless of the sensor used for
object detection (e.g. laser or camera) this approach generally leads to several problems:

1. Modeling: In order to identify an object, a model of the object or a classof objects is
needed. Choosing the right model representation is a challenging problem because models
need to be both discriminative and general. They have to be general enough, to robustly
capture instances belonging to the same class, but also be discriminative enough so that
objects are not assigned to a false class. For instance, consider constructing a model of a
class of objects like cars. This is a hard task because of the great variety of the instances of
objects within these classes. Just consider Figure 1.1 which shows a traffic scene is Paris
and the different shapes of the trucks and the smaller cars. Additionally, it is not clear what
kind of object classes should be modelled. In case of traffic situations, the most important
objects to be modelled are probably cars, pedestrians and bicycles. But what happens when
a motorcycle is observed?

2. Occlusions: Due to the nature of most sensors objects, can only be observed partially.
If only a part of an object can be observed it might not fit any ofthe models previously
learned. For instance, for any driver in Figure 1.1 some parts of the scene are just blocked
by other cars. Hence, the driver might only observe some of the objects partially and others
not at all.

3. Data Association: An object must not only be robustly detected in subsequent observa-
tions, it also must be assured that the object found is reallythe same object in order to infer
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Figure 1.1: Snapshot of a traffic scene taken in Paris from thetop of the Arc de Triomphe. (c© Bro-
kenSphere/Wikimedia Commons)

motion. Especially in the case of a moving observer the appearance of an object might
change even if the object is static, just because the object is seen from another side.

These problems motivate the key idea of this thesis. Insteadof detecting the objects first and then
estimating their motion the idea is to detect motion first before recognizing the dynamic objects.
For some relevant applications, quick and reliable movement detection is required. It is more im-
portant to know something is moving, into which direction and speed than to identify what kind
of object it is.

Techniques for movement detection can generally be dividedinto three main categories: app-
earance-based, feature-based and motion-based.Appearance-basedmethods try to detect objects
based on their appearance. The idea is that if an object and its position can be identified in two
consecutive observations, the movement can simply be obtained by measurering the displacement
of the object. This approach also matches the intuitive understanding of motion, the displace-
ment of an object over time. These approaches are able to recognize objects even if they are
not moving.Feature-basedmotion detection approaches realize that recognizing the same object
in subsequent observations might not always be possible because the appearance might change,
for instance if a part of an object is occluded in one of the observations. Instead of matching
recognized object these methods match feature like lines orcorners which are assumed to be
more stable.Motion-basedapproaches detect moving objects by determining motion queues in
the observations. A measurement is considered dynamic if its motion queue does not match the
expected global motion, which is derived from the motion of the observer. Estimating motion is
usually a hard problem but has the distinct advantage of not relying on prior knowledge about the
form or the features of a dynamic object.

This thesis presents an approach to estimating motion that only relies on local motion features.
The goal is to infer motion by detecting local changes in the environment and constructing fea-
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tures describing these local changes such that they are as independent of the underlying moving
object as possible. This approach offers some distinct advantages for estimating motion:

• No model of the underlying dynamic object is required.

• The problem of associating objects from different measurements does not need to be ex-
plicitely solved. ( The data association in our approach is solved by constructing a grid map
of the environment.)

1.1 Related Work

Detection and tracking of moving objects has been studied for several years and there is a large
amount of literature on this topic. Recently, the development of reliable motion detection tech-
niques was encouraged by the Urban Challenge 2007, an autonomous driving competition where
cars had to manage real driving situations in an urban environment with other dynamic objects.
The state of the art methods in this field usually rely on visual and laser range information. In the
following we give an overview of these methods.

Vision-based methods

Moving object detection and tracking was based on vision first because cameras are cheap and
small sensors and have been available for many years. Vision-based approaches started by using
monocular cameras and were appearance and feature-based. Dellaert and Thorpe[1997] apply
the Hough transform to gradient images to extract line segments from which prior hypothesis of
moving vehicles are generated. Also using a monocular camera, Ferrymanet al. [1998] extract
linear features for constructing a model of the observed object. Motion-based vision approaches
rely on computing a motion flow field for a sequence of images which means that a point-to-
point correspondence between pixels of different images isfound. Depending on the criteria
to be optimized there are several methods available for finding point-to-point correspondences.
Talukderet al. [2003] use optical flow to determine the correspondence. Haag and Nagel [1999]
combine optical flow and edge extraction to achieve a more stable result. Another approach to
estimate the flow field of vehicles is suggested by Di Stefano and Viarani[1999]. They use the
block-matching algorithm which separates an image frame into smaller blocks and finds the best
matching block in the other image.

Vision-based methods in general have problems reliably operating under changing lighting con-
ditions. In case of an autonomous agent operating outdoors the recognition of moving objects
must be possible at all times, day and night. Additionally, cameras have the disadvantage that
they do not provide the distance to objects explicitely. Although it might be possible to determine
which part of an image is moving, the estimation of the speed and direction is much more com-
plicated, compared to using a sensor that directly providesthe distance information. Because of
these shortcomings mainly laser range sensors are now used for detecting and tracking dynamic
objects.

3
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Range-sensing-based methods

Most methods for detecting motion in range scans are feature-based. Typically, these methods
segment the laser scan first and take each segment as a prior hypothesis of a moving object. The
association of objects from different scans is solved by matching features extracted from the ob-
ject hypothesis in both scans. Having obtained an association for the objects, they are tracked
using a Bayesian filtering scheme which also provides an estimate of the future motion of the ob-
ject. Fuerstenberget al. [2002], Castroet al. [2004] and Navarro-Sermentet al. [2008] segment
the range data and track the center of mass of the segments with a Kalman filter while solving the
data association problem using the nearest-neighbor approach. These methods are mainly applied
to indoor people tracking. For tracking, a fixed reference point on the object is needed to correctly
estimate the motion of an object. For tracking people and small objects, the center of mass of a
range scan segment seems to be a good reference point becausethe area occupied by a person is
usually a small, circular region. For instance, Luberet al. [2008] use an extended Kalman filter
to track moving objects like people, bicycles and skaters. Unfortunately, the center of mass of a
larger object is not a good reference point. For instance, ifonly a small part of a car is seen and
the larger part is occluded the appearance of the object and also the observed center of gravity
might change, even if only the observer moves and not the object itself. In this case one would
detect motion even if the observed object were static.

The problem of changing appearance is commonly tackled by fitting a parametric model to
the observed data. Morriset al. [2008] extract linear features like corners and line segments
from the segmented laser scan which are fit to the scan points using the RANSAC algorithm
(Fischler and Bolles[1981]). From these features the object center is extracted and tracked using
a Kalman filter. Similarly, Zhao and Thorpe[1998] and MacLachlan and Mertz[2006] approach
the problem of changing appearance by extracting and matching linear features like corners of
objects. To improve tracking, they then fit a rectangular boxto the moving object assuming the
objects to be tracked are cars. Usually, the data association is solved using the nearest-neighbor
approach. MacLachlan and Mertz[2006] additionally observe that for tracking vehicles it is suffi-
cient to assume that the parametric model of a vehicle (a rectangular box) overlaps in subsequent
scans. Hence, they associate the objects by determining which models overlap. The methods
parametrically modeling dynamic objects are primarily designed to track vehicles and rely on
much a priori knowledge about the objects. Parametric models generally have problems adapting
to unknown objects. Our approach does not require a model of adynamic object and thus is not
limited to known object types.

In addition to extracting features directly from range data, other methods introduce map represen-
tation of the environment for extracting hypothesis of dynamic objects. Petrovskaya and Thrun[2008]
construct a radial difference map of the environment, separate the map into clusters and calculate
the center of gravity of the clustered segments which servesas reference point for tracking. To
keep the calculated reference point fixed they use a particlefilter to estimate the geometric prop-
erties (width and length) of the dynamic objects. To the knowledge of the author, they are the only
ones using a particle filter for tracking the dynamic object hypothesis. Just like the other methods
fitting a parametric model, their approach lacks the abilityof adapting to unknown objects. Ad-
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ditionally, the performance of this method largely dependson the quality of the model fitting.

Bobruk and Austin[2004] suggest an occupancy grid based approach. They construct anoc-
cupancy grid map for each range scan and construct a difference map from which moving object
hypothesis are generated by clustering map regions where occupancy changes occurred. The ob-
ject hypothesis are tracked using a Kalman filter. Prassleret al. [2000] suggest a closely related
approach but argue that building an entire occupancy grid map is not efficient. They generate a
grid map which stores for each cell a list of timestamps at which the cell was observed. Free space
is not considered in this approach. The map is clustered intoareas in which occupancy changes
occurred. These are considered hypothesis of moving objects and are matched to the clusters de-
rived from the previous occupancy map, also using the nearest-neighbor method. Since they also
track humans in dense areas, they suggest to propagate the motion estimate directly without using
a Bayesian filter because there is no real model for human locomotion in such crowded areas.
These grid based approaches are closely related to this thesis because they also model motion as
changing map occupancy. However, although using a grid map these approaches do not make
use of the data association implicitely encoded in the difference map. The problem of matching
features over time remains. Our approach instead makes use of the implicit data association of a
difference map to estimate motion directly from this representation.

Motion-based approaches such as iterative closest point (Besl and McKay[1992]) and range flow
(Spieset al. [2002]), an adaptation of optical flow for range data, have also beenapplied. They
are most commonly used for correcting the pose estimation toimprove localization and mapping.
Wanget al. [2007] suggest a very interesting approach to moving object detection. They assume
that dynamic objects are measurements that do not agree withthe SLAM result. These measure-
ments are then stored in a moving object map which is segmented for deriving initial hypothesis
for moving objects. The data association of objects in subsequent scans is then determined by the
best match calculated from ICP. The advantage of this approach is that no parametric model of
the dynamic objects is required. However, ICP may converge to a local optimum solution only
and a good prior estimate of the motion is needed.

This thesis uses features extracted from a grid based representation for solving the data associa-
tion problem. Therefore neither prior information about the new location of the object is needed
nor does the data association have to be explicitly solved. Additionally, instead of parametri-
cally modeling a dynamic object, we extract local features from which motion can be estimated.
Therefore the estimation of motion becomes independent of the underlying object.

1.2 Outline

The goal of this thesis is to characterize dynamic objects such that an estimation of their move-
ment direction and speed is possible. There are several steps needed to estimate motion from
range data which are visualized in Figure 1.2. The flowchart shows four different methods and
the single steps performed in each method. Processes are visualized as gray nodes while white
nodes denote states. The single steps will be explained throughout this thesis. The figure shall
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Figure 1.2: The figure depicts four possible motion estimation processes. Given the pointcloud
data, the oval root of the chart, different steps are taken topredict motion. In the graph shaded
nodes denote processes while white node denote states. The oval nodes mark the beginning and
end states. In this thesis we propose two methods for motion estimation based on the Gaussian
process regression, depicted as the first and second path from the right. The other two paths
denote the methods we will compare our approach to.
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serve as an overview of the methods applied and we will refer to it to clarify the stage of the
estimation process. The main focus of this thesis lies on themethods for computing motion from
local features by using Gaussian process regression. Additionally, motion is computed using two
other state of the art methods, namely ICP and Kalman filter tracking, to be able to compare our
derived method with these techniques.

This thesis is structured as follows. Chapter 2 describes the process of representing the given
data such that motion features can be extracted and explainswhy these features are chosen. In
Chapter 3 we describe Gaussian process regression in general, show why estimating motion using
local features is a challenging problem and how it can be tackled using Gaussian process regres-
sion. In Chapter 4 we evaluate the quality of Gaussian process learning and in addition compare
the result to ICP and Kalman filtering. The thesis closes withChapter 5 and Chapter 6 which
summarize the results and propose possible future additions or improvements.
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2 From Pointclouds to Motion Features

This chapter describes the steps taken to compute features suitable for motion extraction and
prediction. In the first part, we describe the preprocessingneeded to obtain a representation from
which motion features can be extracted. The second part of this chapter describes the extraction
of the features itself from the data representation found and argues why these are suitable for
motion features.

2.1 Data Preprocessing

In this section, we describe the used data and show how the data structures are constructed that
can be used for feature extraction in Section 2.2. The way in which the data is processed and
represented is an important issue because the choice of features directly depends on the data
representation.

The data used in this thesis consists of 3D pointclouds. A pointcloud is a set of laser end points
Zt = {zi

t}
n
1 wherezi

t = (x, y, z) is a single endpoint of a laser measurement taken at timet.
The coordinates of the laser endpoints are given relative tothe origin of the sensor. A sample
pointcloud is depicted in Figure 2.1. The approach presented in this thesis does not rely on a
specific sensor for generating the pointcloud but generalizes to any pointcloud. In addition to the
pointcloud, the poseΘ = (x, y, z, φ, θ, ψ) of the robot is given wherex, y, z denotes the location
of the robot in its local coordinate system,φ denotes the pitch,θ the roll andψ the yaw of the
robot.

Generally, motion is detected by observing the environmentat different times. To decide which
measurements or objects are dynamic we need to solve the dataassociation problem by identi-
fying corresponding objects in both observations. As mentioned in Chapter 1, there are several
possibilities for detecting motion using laser range data,some of which include motion detec-
tion based directly on the pointcloud data. These approaches need to solve the data association
problem based on a point-to-point basis. For each point in the current pointcloud a corresponding
point in the other pointcloud needs to be found. These approaches usually run into problems when
objects disappear entirely or the number of points changes form one scan to the other. Hence, we
would like to represent the environment in a more general waysuch that the representation in-
cludes the data association implicitely. One possibility for achieving this goal is by building a
map of the environment. That means that we discretize the environment into rectangular cells and
mark whether these cells are occupied or not based on the sensor data provided. The data asso-
ciation between different maps is then given implicitely bythe position of the different map cells
and is independent of the single data points. In this thesis,we use grid maps (see Section 2.1.1)
for representing the environment at timet and for modeling changes in the environment (see Sec-
tion 2.1.2).
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Figure 2.1: Bird-eye view of a sample pointcloud. The observer is located in the white circle, in
the middle of the pointcloud.

2.1.1 Mapping the Environment

Grid maps are a well established technique to represent the environment in robotics. Mapping the
environment is a hard problem for a number of reasons, for instance the noise in the perception of
the sensor and the size of the environment to be mapped. Mapping 3D outdoor environments in-
creases the size of the grids tremendously. Previous solutions to the 3D outdoor mapping problem
include multi-level surface maps Triebelet al. [2006] which implement a efficient data structure
for 3D outdoor mapping. However, in this work, the main goal is not to build a map of the en-
vironment but to construct a data structure that can be used to detect motion caused by dynamic
objects. In this work a 2D projection of the 3D space is used for mapping. This means that a 2D
map of the given 3D input space is used for representing the environment and detecting motion.
A 2D map was chosen because it is computational efficient and also applicable to 2D pointclouds.

Figure 2.4a shows a bird-eye view of a pointcloud. In this figure, the sensor is located in the
white circular area in the middle. Using a 3D laser range sensor some laser beams pass over small
objects. This introduces the problem of assigning an occupancy value to small objects and leads to
the question if map cells representing small objects shouldhave an occupancy value equal to cells
representing tall objects. We solve this problem by introducing a simplification and assuming that
the objects of interest can be measured in a height interval between 0.5 meters and 1.0 meters.
This assumption intuitively holds for many objects especially for those of interest like cars and
people. It means that only scans that traverse or end in a certain height interval are considered.
This is similar to generating a slice of the pointcloud at a certain height level. Figure 2.2 depicts
the laser beams considered.

To construct a grid map there are several grid mapping algorithms mentioned in the litera-
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2.1 Data Preprocessing

Figure 2.2: Laser measurements considered for mapping. Thelaser range sensor is shown at the
upper left of the figure. The lines in the figure denote the laser beams. We only consider the
beams and the endpoints in a certain height range. The parts of the beams considered are depicted
by a solid line. The considered endpoints are denoted by circles.

ture. The two most common ones are the occupancy grid mappingalgorithm, developed by
Elfes[1987] in the mid-eighties and the reflection map algorithm which differ in the way the pos-
terior occupancy probability of a map cell is estimated. Thestandard for occupancy grid mapping
is calculating the posterior over all maps given the measurementsz1:t and the posex1:t

p(m|z1:t, x1:t). (2.1)

If we assume independence between the individual map cells the posterior can be written as the
product of the marginals of all map cellsm[xy] at position< x, y >

p(m|z1:t, x1:t) =
∏

x,y

p(m[xy]|z1:t, x1:t). (2.2)

The independence assumption is of course a very strong assumption. If, for instance, a cell rep-
resents a part of a wall and therefore is occupied then the probability that neighboring cells are
occupied is also very high. Because occupancy is binary, a cell is either occupied or not, the
occupancy grid algorithm is based on a binary Bayes filter to find the most probable map (see
Thrun[2001] for details).

The reflection map algorithm computes the probability that amap cell reflects a beam. Let
f(xt, n, k) be a function that returns the index of map cellk covered by beamn at posext

with k ≤ zt. Given the sensor model

p(zt|xt,m) =







zt,k=n−1
∏

k=0

(1 −mf(xt,n,k)), max range

mf(xt,zt,n)

zt,k=n−1
∏

k=0

(1 −mf(xt,n,k)), otherwise







(2.3)
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Figure 2.3: Occupancy function of a map cell calculated based on the counting model and the
occupancy grid model.

we can compute the most likely map by maximizing

m∗ = arg maxP(m|z1:t, x1:t). (2.4)

Applying Bayes rule and assuming a uniform priorp(m) this is equivalent to

m∗ = arg maxP (z1:t|m,x1:t) (2.5)

= arg max
T∏

t=1

P (z1:t|m,xt) (2.6)

= arg max
T∑

t=1

ln P (z1:t|m,xt). (2.7)

For the sake of brevity we omit the rest of the derivation and refer to the derivation by Hähnelet al.[2003]
which concludes that the most likely mapm∗ is given by

p(m[xy]) =
hits(x, y)

hits(x, y) + misses(x, y)
, (2.8)

assuming the map cells to be independent. Surprisingly, theoccupancy probability of a map cell
can simply be calculated by counting the number of times a beam hit or missed a cell. The reflec-
tion map algorithm has the distinct advantage that the occupancy transition function is smooth.

Consider Figure 2.3a which depicts the occupancy probability of a map cell using the count-
ing model and the occupancy grid model. While the occupancy grid method basically models a
binary decision function as to whether the cell is occupied or not, the counting model results in
a smoother transition between occupied and free. Motion is acontinuous process where smooth
changes in the environment occur. To best represent this continuous process we choose the reflec-
tion map algorithm over the occupancy grid algorithm. The hits needed for the reflection map are
given by the pointcloud. The misses are computed by ray tracing the beam from the origin to the
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2.1 Data Preprocessing

endpoint. The ray tracing is carried out after the projection of the pointcloud onto the 2D plane
using the Bresenham line tracing algorithm (Bresenham[1965]). In order to account for noise in
the measurement some mass of the hits and misses was spread toneighboring cells which resulted
in a smoother occupancy estimate.

In the following, we use this map representation to detect motion and compute motion features.
We do not map the environment over time but compute the map representation for each new
pointcloud. It remains open how to set the prior for the map cells, the assumed occupancy value
for cells that are not measured. Setting the prior is important because different priors result in
different motion features. The next section specifies the difference map, the general data structure
from which motion features will be extracted. As we will see,the properties of the difference map
are important for setting the prior.

2.1.2 Map Differencing

A common approach to motion detection is map differencing. Previously, this approach was
applied by Petrovskaya and Thrun[2008] who use a radial map representation. Map differencing
intuitively means that grid maps of the environment, representing snapshots of the environment
at different points in time are compared. Given the mapsm1 andm2 located in the same frame
of reference the difference map celldm(m1,m2)

[xy] at positionx, y is defined as

dm(m1,m2)
[xy] = m

[xy]
2 −m

[xy]
1 , (2.9)

with dm[xy] ∈ R[−1; 1]. The resulting map models the change in occupancy between the two
given maps. Throughout this work, this map is called difference map. In order to generate smooth
changes in the occupancy values the maps used for this differencing are based on the reflection
map algorithm (see Section 2.3). Figure 2.4b and Figure 2.4cdepict examples of difference maps.
Red (dark gray) map cells mark a loss of occupancy while green(light gray) cells mark a gain
of occupancy. A dynamic object therefore moves from red (dark gray) to green (light gray).
Comparing the difference map to the pointcloud depicted in Figure 2.4a gives an intuition about
the appearance of dynamic objects in the difference map. Measurement noise and noise in the
pose estimation can result in static objects causing occupancy changes, too. However, dynamic
objects usually result in a much higher occupancy change.

Choosing the Map Prior

Choosing the prior of the map cells correctly is very important for the construction of the differ-
ence map. Depending on the prior the occupancy change of a mapcell can be very different. A
standard approach is choosing the prior to be0.5 which expresses the assumption that nothing is
known about a cell so the probability for being free is the same as for being occupied. A different
approach to obtain the prior is to learn it form data. We estimated the prior by averaging the
occupancy of a set of maps resulting in the value of0.01. Choosing a very low prior like0.01, on
the one hand, introduces the problem that a map cell changingfrom the prior respectively from
“unknown” to “free”, results in a very small occupancy change. On the other hand a map cell
changing from “unknown” to “occupied” results a in large occupancy change. Figure 2.4 depicts
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2 From Pointclouds to Motion Features

(a) Pointcloud

(b) Difference Map: Prior= 0.5 (c) Difference Map: Prior= 0.01

Figure 2.4: Example of a pointcloud and the corresponding difference maps. Note the pattern the
dynamic objects, denoted by rectangles, generate on the difference map. The occupancy change
is much higher for those objects then for the almost standingcar denoted by the circle. A gain
in occupancy is colored green (light gray) while a loss of occupancy is colored red (dark gray).
The cars therefore move from red (dark gray) to green (light gray). The position of the sensor is
generated is in the middle.
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2.1 Data Preprocessing

two difference maps computed from reflection maps using different priors. One can easily see
the effect. Using a prior of0.5 results in a higher occupancy change. It is still not obviouswhich
prior should be preferred. In the experiments (see Chapter 4) we evaluate our approach to motion
prediction using both priors,0.5 or 0.01, to decide which one is the better choice for retrieving
motion features.

We have now obtained a representation of the data that is ableto capture the motion of objects.
In the following section, we extract features from the difference map that are suitable for motion
estimation.
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2 From Pointclouds to Motion Features

2.2 Motion Features

Having obtained a data representation which is able capturemotion information in form of occu-
pancy changes in the environment, we can now describe how features for motion detection can be
obtained. The goal is to first generate hypothesis of moving objects by clustering the range scan.
Each of these hypothesis or clusters is then used directly for discovering movement or is extended
with other information from which motion can be estimated (see Figure 1.2).

2.2.1 Clustering the Pointcloud

In order to identify object hypothesis we first cluster the given pointcloud. The general goal of
clustering is to group objects in such that the objects belonging to one group are as similar to
each other as possible and as dissimilar as possible to objects belonging to other groups. Here,
each cluster is defined as a set of points so that each point within a cluster has a small distance
to its neighbors but a larger distance to points in another cluster, according to some distance
measure. Clustering methods are divided into partitioningand agglomerating methods. One of
the most common partitioning method is K-Means which was introduced by MacQueen[1967].
The disadvantage of K-Means is that the distance matrix specifying the distance of all points to the
cluster centroids must be calculated in each step. The runtime is bounded byO(M ∗N2) where
M is the number of steps needed for convergence. More important for our application is that
the number of clusters must be specified in advance which is not possible because the number
of objects in the environment is not known. Therefore, we usethe agglomerative hierarchical
clustering (AHC) method which differs from the partitioning methods mainly in the principle that
clusters are merged instead of partitioned in order to achieve the wanted cluster number or size.
The AHC algorithm is defined as

1. Treat every object as one cluster.

2. Merge those two clusters with the smallest distance according to some distance measure.

3. Stop merging clusters when a convergence criteria is meet. Common criteria are the number
of clusters or the minimal distance between the clusters.

Several distance measures have been proposed in the literature. The three most common ones
used in hierarchical clustering are

• Single-link: The distance of two clusters equals the minimum distance of all pairs of points
taken one from each cluster which is also understood as nearest-neighbor clustering. It was
first introduced by Floreket al. [1951].

dist(CI , CJ ) = min
i∈CI ,j∈CJ

dist(i, j). (2.10)

• Complete-link: The distance of two clusters equals the maximum distance of all pairs of
points taken one from each cluster. This measure is also called furthest-neighbor method.

dist(CI , CJ ) = max
i∈CI ,j∈CJ

dist(i, j). (2.11)
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2.2 Motion Features

• Average-link: The distance equals the distance of the center of mass or centroids of each
cluster which is defined as

dist(CI , CJ) =
1

|CI | ∗ |CJ |

∑

i∈I,j∈J

dist(i, j). (2.12)

The choice of distance measure as well as the distance metricmainly depends on the clustering
application. In this thesis, the single-link distance measure using the Euclidean distance metric
defined as

dist(i, j) =
√

(ix − jx)2 + (iy − jy)2, (2.13)

is used. Note that although our original data consists of a 3Dpointcloud, clustering is only per-
formed on thex, y coordinates of the points. Clustering in 3D space would increase the problem
size and in our application 2D clustering proved to be sufficient because there are no objects that
overlap based on theirz coordinate. The single-link distance measure has the property that long
structures can evolve which is often a disadvantage. In our application, however, it is an advantage
for clustering the pointcloud. The reason is that the clusters to be found in the pointcloud often
are long structures like walls of houses. The single-link method makes it possible to separate the
pointcloud containing a car driving by a wall into two different clusters. This must not be the
case using the average-link method because it adds points toclusters depending on their distance
to the center of mass of the current segments. It could happenthat some points on the wall are
actually closer to the center of mass of the car that is driving by then to the center of mass of the
wall and thus be added to the wrong cluster. The AHC method offers some advantages over the
K-Means method

• Different distance measures for measuring the cluster distance are available.

• The maximal distance at which clusters can be merged can be specified.

• The number of clusters does not need to be known in advance.

• The distance matrix only has to be calculated once. In later merging steps the distance
matrix can be reused to calculate the distance between the remaining clusters with

dist(i+j, k) = αidist(i, k)+αjdist(j, k)+βdist(i, j)+γ|dist(i, k)−dist(j, k)|, (2.14)

introduced by Lance and Williams[1967]. Several implementations of the AHC method are avail-
able. Commonly single-link AHC is implemented using the SLINK algorithm which has a run-
time and memory complexity ofO(N2) ( Sibson[1973]). Although K-Means and AHC have the
same upper bound for the runtime complexity, the AHC method often converges at lower costs
then K-Means because of the recursive estimation of the distance between clusters. The result-
ing clusters of points are treated as hypothesis of dynamic objects and will be used for motion
estimation in various ways throughout this work.
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2 From Pointclouds to Motion Features

2.2.2 Map Patches as Local Motion Features

In this section, the extraction of the local map patches thatare used for learning and predicting
the speed as well as the direction of the dynamic objects are described. A map patch is small area
of a difference or reflection map and is centered at a given point.

As mentioned before, the goal is to estimate motion from local features. There are two types of
features we will use. Firstly, we will use the map patches itself as a feature for motion prediction.
Secondly, we will apply a Gabor filter bank to the patches to reduce their dimension. The result
is again used as a basis for predicting motion.

The map patches are obtained from the pointcloud data together with the maps constructed in
Section 2.1.1 and 2.1.2. For each point in a cluster a patch from the corresponding maps is ob-
tained. The exact algorithm is as follows

• Construct the difference map (see Section 2.1.1).

• Cluster the pointcloud using the AHC clustering technique described in Section 2.2.1.

• Extract a map patch for all points in a cluster out of the difference and the reflection map.

Figure 2.5 depicts the method of patch extraction. (For the sake of clearness only three patches
are drawn. Actually, the map patches are constructed for each point in the cluster.) Different
types of patches are extracted for predicting the speed and the heading. For heading estimation
the patch is rotated into the direction from which the corresponding point is observed. Patches
for speed estimation are rotated into the moving direction of the object. This already pose some
requirements for the motion estimation algorithm. Before the estimation of the speed is possible
the heading must be estimated.

It is not yet clear what size such a map patch shall have. Basedon the idea that we are looking
for local features from which motion can be inferred we pose two requirements on the patches.
Firstly, the patch must be large enough to capture the motioncues. Secondly, the patch must
be small enough to capture local motion features that are as independent of the structure of the
underlying object as possible. If the patch is too large it might capture many properties of the
actual underlying object and therefore does not generalizeto other objects. Thirdly, we need to
consider the rate at which the pointclouds are obtained and the possible speed of the objects we
observe. For instance, for capturing the motion of a airplane, the frequency of the laser would be
too low. Even if the laser would capture the plane the size of the patch would have to be huge.
These parameters are examined closer and set in Chapter 3 where the learning problem and setup
is described in more detail.

2.2.3 Extracting Features with Gabor Filters

We consider two possibilities for estimating the directionof a moving object. One of these is the
estimation using Gabor filters. This section describes how Gabor filters can be used to extract the
direction given a difference map patch. We first describe Gabor filters in general and then explain
how it is applied.
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2.2 Motion Features

(a) Patches for angle estimation (b) Patch for speed estimation

Figure 2.5: Generation of map patches that are used for angleand speed estimation. The arrow
denotes the movement direction of the dynamic object, the circle denotes the observer and the
dashed lines the observation direction.

(a) Difference map patch (b) Reflection map patch

Figure 2.6: Example of a patch extracted from the differencemap and the corresponding patch of
the current reflection map.
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2 From Pointclouds to Motion Features

Gabor Filter

Gabor filters are widely used in various research areas like face recognition (Cooket al. [2005]),
fingerprint enhancement (Zhuet al. [2004]), texture classification (Sabri and Fieguth[2004]) and
many more. The Gabor filter is a linear filter which is the result of the multiplication of a sym-
metric Gauss kernel and an oriented cosine function. It is defined as

g(x, y, λ, θ, ψ, σ, γ) = exp

(

−
x

′2 + γ2y
′2

2σ2

)

+ cos

(

2π
x

′

λ
+ ψ

)

, (2.15)

where
x

′

= x · cos(θ) + y · sin(θ), (2.16)

and
y
′

= x · sin(θ) + y · cos(θ). (2.17)

In the formula aboveλ denotes the wavelength of the cosine factor,θ the orientation of the normal
to the parallel stripes,ψ is the phase offset,σ is the sigma of the Gaussian envelope andγ the
spatial aspect ratio, which basically specifies the ellipticity of the Gabor function. This high
parameterization is one of the advantages of the Gabor filterand one of the reasons why Gabor
filters are used to create filter banks and wavelets. Figure 2.7 depicts16 Gabor filters with different
rotation angles and a phase offset ofπ/2. The Gabor filter images are discretized on purpose
to emphasize the visual similarity between the filters and the difference map patch depicted in
Figure 2.6.

Application to Motion Prediction

Considering Figure 2.7, one can easily see that the Gabor filters look very similar to the sample
patch shown in Figure 2.6. This visual similarity motivatedthe usage of the Gabor filter as a
feature extractor. The almost obvious idea is that the Gaborfilter best matching a difference map
patch must result in a good estimate for its direction. We manually constructed a Gabor filter
bank of16 filters each of which have a rotation angle that is a multiple of 1/360. The Gabor
filter bank can be regarded basis vectorsei of a vector space. We use the dot product< p, ei >
of a difference map patch denoted by vectorp with basis vectorei of the the Gabor filter bank
to project the patch into the Gabor space. The dot product is widely known as a measure for
the similarity of two vectors. It implements an orthogonal projection of the patch onto the basis
vectors and results in the best approximation of the patch inthe Gabor space. The patch that
is most similar to the specific Gabor filter results in the highest response. All parameters of
the Gabor filter besides the rotation angleθ and the phase offsetψ were set by maximizing the
response of the Gabor filter bank on a given test set. Figure 2.8 depicts an example of a patch
and the result of the dot products. We can observe that some ofthe single filters yield a similar,
although not the same result. That raises the question whether we can really estimate the angle
just by using the maximum response filter. It is not obvious whether one of these responses is
correct or whether a weighted average of them would results in a better estimation. Just taking
the maximum dot product of the patch and the Gabor filters as a estimation of the heading does
not seem feasible. Instead, we construct a feature vector ofall dot products which is then used as
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2.2 Motion Features

θ=0 θ=23 θ=45 θ=68

θ=90 θ=113 θ=135 θ=158

θ=180 θ=202 θ=225 θ=247

θ=270 θ=293 θ=315 θ=337

Figure 2.7: Gabor filter with different rotation angleθ and phase offset atπ/2

(a) Patch from Difference Map

0 100 200 300

−8

−6

−4

−2

0

2

4

6

8

Angle in degrees

D
ot

 p
ro

du
ct

(b) Dot product of patch and filter
bank.

Figure 2.8: Dot products of the patch from Figure 2.6a and theconstructed Gabor filter bank.
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2 From Pointclouds to Motion Features

input of a regression learner based on a Gaussian process. Weexpect that the learning algorithm
achieves a better result by considering the entire feature vector. The regression problem and the
learner are defined in the next chapter. In Chapter 4 we evaluate the estimation result using the
Gabor filter results and the map patches as features.
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3 Motion Perception and Estimation

The preceding chapter described the different data representations used and how motion features
are extracted out of these respresentations. In the following, we focus on inferring motion from
these extracted features (see Figure 1.2). In this chapter,we first propose a method for motion
estimation that is based on Gaussian process regression. Weargue that the estimation of motion
for a set of dynamic objects can be formulated as a regressionproblem. We then describe how
Gaussian process regression can be applied to our application domain and explain its advantages
and disadvantages for motion estimation. Section 3.2 introduces two commonly used methods for
motion estimation, namely the iterative closest point algorithm (ICP) and Kalman filtering.

3.1 Predicting Motion using Gaussian Processes

Our approach to motion estimation can detect and estimate the heading and the speed of a moving
object out of range data. At each point in timet, the algorithm gets a pointcloud and the location
of the sensor as input. Our proposed motion estimation algorithm, which is also depicted as a
graph in Figure 1.2 is as follows:

1. Cluster the pointcloud at timet. Each cluster is taken as a dynamic object hypothesisCi.

2. Compute the difference map at timet given the occupancy maps at timet andt − 1 (see
Section 2.1.2).

3. Predict the heading for each clusterCi.

a) For each point in the clusterCi, extract a patchpj for heading prediction using the
occupancy map and the difference map (see Section 2.2.2).

b) For each point in a cluster, predict the headingαj based on the extracted map patches
or their representation in the Gabor filter space.

c) Merge the single heading predictions to one heading predictionαi per cluster.

4. Predict the speed for each clusterCi.

a) For each point in a cluster, extract a patchpj for the speed prediction using the occu-
pancy map, the difference map and the predicted headingαi. (see Section 2.2.2).

b) For each point in a cluster, predict the speedvj based on the extracted map patches.

c) Merge the single predictions to one speed prediction per cluster.

This section concentrates on estimating motion given the features derived in Chapter 2. We pro-
ceed as follows. First, we formulate the estimation of motion as a regression problem. Second,
we describe the process of selecting suitable samples for solving the regression problem. Third,
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Gaussian process regression is introduced in general and the extensions and steps needed to apply
Gaussian processes to motion estimation are explained. Finally, we show how motion for a entire
cluster can be obtained by merging the single predictions ofeach point.

3.1.1 Motion Estimation as a Regression Problem

As already mentioned in the beginning of the chapter we have to tackle two estimation tasks,
estimating the headingα and the speedv of a dynamic object. In Chapter 2 we clustered the
pointcloud and extracted the local environment for each measurement. Based on this local envi-
ronment, we proposed two features, namely map patches and Gabor filter features. The goal is to
use theses features for our estimation task.

Heading Estimation

Estimating the heading of the moving objects is a challenging task. Predicting the heading directly
would result in a discontinuity in the target function, at the function values−π andπ. That means
that although the training samples are relatively close in input space the target value differs much
on the output. Although the GP framework has not been introduced yet we should note that a non-
continuous target function generally requires a non-stationary covariance function for achieving
good prediction results. However, using non-stationary covariance functions results in problems
like how to correctly estimate the noise at the discontinuity. We will also see in Section 3.1.2
that modeling the noise will be important for our application. It is advantageous to parameterize
the target function such that the discontinuity vanishes. In our case, it is possible to split the
estimation of the headingα with a non-continuous target function into the estimation of two
continuous functions. If we use the sine and cosine representation of the heading, we avoid the
discontinuity, because sine and cosine are continuous in their function values. Unfortunately, we
require two estimation processes. Therefore we define the regression problem as estimating the
functional dependencies

1. f1 givenD = {xi, sin(αi)}
n
1 ,

2. f2 givenD = {xi, cos(αi)}
n
1 ,

wherex ∈ RD is a motion feature with the dimensionalityD. This new parameterization has the
advantage that it solves the problem of the discontinuity. The disadvantage is that the prediction
now depends on two values and we are left with two regression tasks. If the prediction of either
part is not correct then the entire angle prediction is not correct.

Speed Estimation

We define the speed estimation as a regression problem withD = {xi, vi}
n
1 with x ∈ R

D is a
map patch feature ( see Section 2.2.2) andv ∈ R is the velocity of the object. The difference
to heading estimation, is the rotation of the pattern used. This time the patch is not aligned to
the observation direction but to direction of the estimatedheading (see Section 2.2.2 ). Note that
the speed prediction must be done after the heading estimation. The advantage of this approach
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3.1 Predicting Motion using Gaussian Processes

(a) Relative angle: 90 degrees

(b) Relative angle: 0 degrees

Figure 3.1: Car moving at different angles relative to the observation direction. The red (dark
gray) and green (light gray) part denote the occupancy change on the difference map. The arrows
denote the observation and moving direction of the dynamic object. The squares are sample
patches. For an easier illustration, they are equally spaced.

is that learning the speed becomes independent of the movingdirection. Estimating a speed
function for every possible moving direction would increase the size of the needed training data
tremendously. The disadvantage is that the prediction of the heading has to be fairly correct. If
the patch is extracted given the wrong heading of the object it is likely that the speed estimation
will also be wrong.

3.1.2 Selecting Samples for Learning

Having formulated the regression problem, we now describe how to select samples for learning.
Consider Figure 3.1a which shows a car moving in a angle of 90 degrees relative to the observation
direction. The car, represented by its bounding box, moves from the position depicted by the
dashed line to the position depicted by the solid line. The red (dark gray) and green (light gray)
areas mark the pattern that the car produces on the difference map. Compared to the full length
of the observed car, only a very small part appears to be moving, namely the front and the back.
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3 Motion Perception and Estimation

(a) Patch 1 from
Figure 3.1a

(b) Patch 2 from
Figure 3.1b

Figure 3.2: Enlargement of two difference map patches of Figure 3.1.2

Only at these positions an occupancy change can be measured.Of course, the rest of the car is
also moving but we are not able to detect it. The laser range measurements at these locations stay
the same. Although Figure 3.1a represents the worst case scenario, we are facing the problem
that there are only few patches in which motion information is encoded. The figure depicts some
patches, denoted as equally spaced squares. In general the location of the patches is given by
the measurements. Note that some patches do not capture motion information at all while others
only contain information about a loss or a gain of occupancy.The patch marked with a one is
enlarged in Figure 3.2a. One can easily see that this patch only contains information about a
gain of occupancy which makes it harder to infer the direction. Figure 3.1b depicts a different
situation. The observed car is moving into the same direction as the observer. Almost all observed
parts of the car appear to be moving. In this situation, object motion can be captured easier by our
motion features. Compare the two enlarged patches in Figure3.1.2. It seems easier to infer the
direction using the patch of Figure 3.2b, because it contains information about a gain and a loss
of occupancy. However, situations where most map patches contain information about the motion
of the object are rather uncommon. In our data only about 20 percent of the training samples
contained motion information which also means that for about 80 percent of the training samples
the motion prediction is not reliable.

This situation poses two problems. The first problem is that learning algorithms in general
and Gaussian processes in particular are limited in the number of training samples they can use
to infer the latent function. If a GP could learn from a large training set, with≫ 1000 samples
it would not pose such a problem. Although most samples wouldnot be suited for motion esti-
mation, the number of suitable ones would be sufficient for estimating motion. Considering the
dimensionality of data we are practically able to use a set ofabout1000 samples for training a
GP. Randomly selecting these training samples would lead toabout200 samples suitable for the
estimation task which is not enough considering the high dimensionality of the data. Therefore
the training samples can not be selected randomly and other methods for sample selection need
to be tried. There are several methods for selecting samplesvaluable for training like selecting
them according to their “predicted” information gain. Another common choice is cross validation
which always leaves selects a subset of the training data forlearning and uses the rest of the data
for testing. This procedure is iteratively applied and the then the training set that resulted in the
best prediction is used. However, cross-validation requires much time do to the iterative nature of
the process.. We would rather rely on a method that can be applied once before learning. There-
fore we chose to perform a weighted sampling. The training samples are assigned weightsw in
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the interval[0; 1] defined as:

w =

∑n
1 occ(n)

n
(3.1)

with n being the sample corresponding to a map patch consisting ofn cells. The samples are then
drawn using importance sampling which simply selects the training samples with a probability
according to their weight. This selection method has the distinct advantage that most training
samples selected have a high weight but also samples with a low weight are drawn, although with
a lower probability. Using some noisy samples for learning is also important in order to better
estimate the noise function of the GP.

The second problem is that not all features of an observed object are equally good for estimating
motion. We must decide which features are suitable for motion prediction and which are not. We
approach this challenge using Gaussian processes (GP). Oneof the advantages of using GPs is
that they naturally deal with noisy inputs and predict a fulldistribution, a mean of the function
value and a variance for each input. As already mentioned in the beginning of the chapter we
predict a motion for all features belonging to an observed object and combine them to an overall
estimate. The combination of the single predictions is doneweighting them using the predicted
variance. The estimation of the variance is approached using heteroscadestic Gaussian process
regression and is described in Section 3.1.3. The combination of the measurements given the
predicted variance is described in Section 3.1.4.

3.1.3 Gaussian Process Regression

We have described the regression problem in general, as wellas the process of obtaining well
suited samples for learning. This section introduces the regression framework used as well as
its advantages and disadvantages for our application domain. The goal is to robustly predict the
motion of each observation. Thereby we are facing several problems. First, only few samples
can be used for learning. Second, the features selected for motion estimation are high dimen-
sional (e.g. the representation of a patch in the Gabor spaceis 16 dimensional,). Third, we must
correctly estimate a variance for each prediction based on its input location. The idea is, that if
several similar patches represent a contradictory motion,the noise at this input position is high.
Accordingly, the predicted variance of an input at this location should be high. If the variance is
predicted correctly we can merge the single predictions according to their predicted variance to
obtain a combined prediction (see Section 3.1.4).

We start introducing the GP regression framework in general. We then describe two extensions
of the framework that enable us to use a smaller sample set fortraining and to estimate a noise
function of the input.

Given a data setD = {xi, yi}
n
i=1 with xi ∈ R

D and noisy targetsyi ∈ R regression aims to
infer the functional dependency

yi = f(xi) + εi, (3.2)

whereεi are samples drawn independently from a additive noise process withε ∼ N (0, σ2). In
the following, we denote the set of inputs withX = {xi}

n
1 and the set of targets asy = {yi}

n
1 .

Typically, the function space is not constrained enough by Equation 3.2 and additional constraints
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about the form of the function are needed for obtaining a unique solution of the regression problem
that explains the data well. The set of possible functions can be restricted by requiring a certain
function model, for instance the linear model

f(x) = w0 + w1x+ . . .+ wnx
n (3.3)

wheren ∈ N, andw = w1 . . . wn is a set of parameters or weights that have to be learned. But
how do we determine the parameter values of the functionf that yield the optimal solution?

Classical approaches use different kinds of estimators to determine the parameters. Commonly
the least-squares estimator

S =

n∑

1

(f(xi; ŵ) − yi)
2 , (3.4)

is used which selects the parameter setŵ that minimizes the sum of squared errorsS and results
in a point estimate of the parameters..

Bayesian approaches generally model a posterior over the functionf given the data with

p(f |X, y) =
p(y|X, f)p(f)

p(y|X)
, (3.5)

wherep(y|X, f) is the likelihood of the targets given the data andp(f) the prior over functions.
The marginal likelihoodp(y|X) is independent of the parameters and given by

p(y|X) =

∫

p(y|f,X)p(f) df. (3.6)

In case of a parametric model, the prior is given implicitly in the form of the function model and
its parameters, for instance the linear model stated above.Having obtained the posterior (Equation
3.5), we are able to make a predictionf∗ at input locationx∗ integrating over all possible functions

p(f∗|x∗,X, y) =

∫

p(f∗|x∗, f)p(f |X, y) df, (3.7)

This contrasts the classical approach that results in a point estimate, i.e., a single function with
a specific set of parameters estimated. Modeling of a posterior distribution over functions to be
inferred instead of considering just a point estimate of theparameters as in the classical non-
Bayesian case is the distinct advantage of the Bayesian approach to regression. However, for
most applications the integrals used are intractable.

There are two common solutions to tackle this problem:

1. Sampling the posteriorp(f |X, y) directly using the Markov Chain Monte Carlo (MCMC,
Geyer[1992]) method or another sampling technique.

2. Approximating the marginal likelihood

p(y|X) ∼= p(y|fML,X)p(fML) (3.8)
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3.1 Predicting Motion using Gaussian Processes

with the MaximumLikelihood functionfML obtained by maximizing the objective function

log[p(y|X)]. (3.9)

Maximizing the log of a function is equivalent to maximizingthe function itself as the log
is a monotonically increasing function of its input. In caseof the linear model, the function
that maximizes the likelihood is identical to the function found using the least squares
estimator. There are several implementations possible forperforming the maximization
step. Often the objective function is maximized using gradient descent with respect to the
parameters, if the gradient can be obtained.

The disadvantage of using a parametric model is that the assumed priorp(f) must be consis-
tent with the data generating process in order to achieve good prediction results. So we must
perform a good guess about the underlying form of the function. For instance, using the linear
model, the more parameters we choose the higher is the risk the maximum likelihood function
is overfitting the data. The principle of Occam’s Razor, i.e., simple models explaining the data
should be preferred over complicated ones helps choosing the number of parameters. However,
we must still have a good intuition about the form of the data generating process. In many cases
the form of the function is not known and hard to understand intuitively, for instance when given
high dimensional data that is not possible to visualize.

We address this problem by using Gaussian process (GP) regression, that was first studied in
machine learning contexts by Williams and Rasmussen[1996]. GPs have recently become popu-
lar for modeling various machine learning problems becausethey have some distinct advantages
such as

• naturally dealing with noisy measurements,

• representing distributions non-parametrically only in terms of the training data,

• naturally integrating into the Bayesian framework of modelselection and density predic-
tion.

The key idea is the assumption that all function values off are jointly Gaussian distributed and
therefore we can place a prior directly over the space of functions with

p(f |X, y, θ) = N (0,K), (3.10)

without specifying a parametric model of the functionf itself. Here, the mean function is set to0
which is a common choice and not a limitation.K ∈ R

n×n denotes the covariance matrix which
must be squared and positive semi-definite. The entriesK(i, j) of the covariance matrix are given
by the covariance or kernel functionk(xi, xj). A commonly used kernel function which is also
used in this work is the squared exponential (SE) function

k(xi, xj) = σ2
f · exp

(

−
1

2

n∑

d=1

(xi,d − xj,d)

ld

)

, (3.11)
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where the parametersθ = {σ2
f , ld} are called hyperparameters.σf denotes the signal variance

(amplitude) andld the lengthscale (or smoothness) of the function. The parameter d denotes the
input dimension of the sample. Learning a Gaussian process means learning these hyperparame-
ters from training data. Specifying and learning one lengthscale parameter per dimension is also
known as automated relevance determination (MacKay[1998]). Figure 3.3 depicts the squared
exponential function for one input dimension with different values for the lengthscale and the
signal variance. The covariance ofxp andxq depends only on the Euclidean distance between
the two input locations and is therefore called stationary.The covariance function provides previ-
ously known knowledge about the function to be predicted, just as a parametric model specifies
assumptions on the form of the function. Figure 3.4a depictsa set of five functions drawn from this
prior and one can easily see the type of prior knowledge introduced by the covariance function.
As all functions seem to be smooth and change only at a constant rate. Assuming independent,
identically Gaussian-distributed noise terms,ǫi ∼ N (0, σ2

n) the likelihood is given by

p(y|f,X,Θ) = N (f, σ2
nI). (3.12)

with Θ = σf , σn, ld. Because the likelihood and the prior are Gaussian we obtainthe marginal
likelihood p(y|X,Θ) in closed form with

p(y|X,Θ) = N (0,K + σ2
nI). (3.13)

We note thatp(y|X,Θ) is also Gaussian and as a result of the marginalization step the noise
terms are simply added to the covariance. Using equation 3.5we obtain the posterior distribution
of p(f |x, y,X,Θ) that combines the prior with the data using the likelihood. For the posterior
distribution

p(f |x, y,X,Θ) = N (µ, σ2), (3.14)

that we condition on the training inputsD and the test inputsx (Eq. 3.7) we obtain the mean

µ = KT
∗ (K + σ2

nI)
−1y, (3.15)
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Figure 3.4: Random Functions drawn taken form the prior distribution 3.4a and the posterior
distribution 3.4b which restricts the number of functions to those explaining the data well.

and the variance

σ2 = K∗∗ −KT
∗ (K + σ2

nI)
−1K∗. (3.16)

whereK∗∗ denotes the covariance between the vector of test inputs itself andK∗ denotes the
covariance between the vector of test inputs and the vector of training inputs. The mean of the
posterior is a linear combination of the targets using the factorKT

∗ (K + σ2
nI)

−1 as “weights”.
Figure 3.4b depicts some functions drawn randomly from the posterior distribution. While for
some applications it might be useful to obtain the full posterior distribution, we are usually only
interested in making predictions for distinct inputs. In the above calculations we assumed the
hyperparametersΘ to be given. To make predictions in the Bayesian setting we have to compute
the marginal likelihood

p(y|X) =

∫

p(y|X,Θ)p(Θ)dΘ. (3.17)

This integral can typically not be solved analytically. This problem is usually solved by applying
the MaximumLikelihood principle and approximating the integral by maximizing the objective
function

log[p(y|X)] = −
1

2
yT (K + σ2

nI)
−1

︸ ︷︷ ︸

data fit

−
1

2
log|K + σ2

nI|
︸ ︷︷ ︸

complexity penalty

−
1

2
log2π

︸ ︷︷ ︸

constant

. (3.18)

Typically, the maximization step is implemented as minimizing the negative log-likelihood us-
ing gradient descent. The objective function balances the data fit and the complexity by using
the second term which penalizes the complexity. The result of the maximization are the maxi-
mum likely hyperparametersΘML. As stated above for linear Bayesian regression, the marginal
likelihood p(y|X) could also have been approximated by sampling it directly. The computa-
tional complexity of th hyperparameter estimation is dominated by the inversion of the factor
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3 Motion Perception and Estimation

(K + σ2
nI) and therefore inO(N3). Because the inversion has to be calculated for every hyper-

parameter set tried an efficient gradient descent method like the method of conjugate gradients
(Fletcher and Reeves[1964]) is needed for the estimation of the parameters.

Given the maximum likely hyperparametersΘML, we can then conclude for the predictive
point estimate

p(y∗|x∗,D,ΘML) = N (µ, σ2), (3.19)

that is conditioned on the training inputsD and the test inputx∗ we obtain the mean

µ = kT
∗ (K + σ2

nI)
−1y, (3.20)

and the predictive variance

σ2 = k(x∗, x∗) − kT
∗ (K + σ2

nI)
−1k∗, (3.21)

(see Rasmussen and Williams[2005]). Here,k∗ ∈ R
n with k∗ = k(x∗, xi). Notice that the

runtime of the prediction is also governed by the factor(K + σ2
nI)

−1 and therefore inO(N3).
Fortunately, this factor has to be calculated only once for all predictions to be made and if it is
known the runtime decreases toO(N) for the predicting the mean andO(N2) for predicting the
variance.

Hence, GPs are a framework for regression that does not require a parametric model of the data
generating process itself but models a posterior over functions only parameterized by training data
and the hyperparameters of the covariance function. GPs have the disadvantage that training the
GP requires timeO(N3) whereN is the number of training inputs. As mentioned in Chapter 2.1,
one of the features used inferring motion are map patches. Although not specified yet, these
patches are high-dimensional (D > 50). Learning a GP using such a dataset seems infeasible for
the standard GP model introduced in this section. The reasonis that using the squared-exponential
covariance function we need to learn one parameter, the length-scale, for each dimension in ad-
dition to the noise and signal variance. Depending on the gradient descent algorithm used, the
number of iterations needed to maximize the likelyhood of the objective function becomes very
large. In practice, the inversion of the covariance matrix takes too long given a suitable sample
size (> 1000). The next section introduces a sparse approximation basedon pseudo-inputs that
allows for using high-dimensional inputs.

Sparse GPR using Pseudo-Inputs

Gaussian processes are intractable for large data sets or data sets with a large number of dimen-
sions because training a full Gaussian process model requiresO(N3) time with N being the
number of training samples. The higher the number of input dimensions the more parameters
need to be learned. There are several methods addressing this problem with sparse approxima-
tions. A commonly applied method is selecting a set of inducing inputs. That means that we
reduce the number of training samples by selecting a subset which is especially well suited for
learning. Strategies for selecting inducing inputs include, e.g., the differential entropy score by
Lawrenceet al. [2002] that favors inputs largely reducing the predictive variance. A good eval-
uation of the different methods and further proposals for sparse approximation can be found in
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3.1 Predicting Motion using Gaussian Processes

Candela and Rasmussen[2005]. Snelson and Ghahramani[2006a] also introduced a sparse ap-
proximation of a full GP based on inducing inputs. They relaxthe condition that the inducing
inputs must be a subset of the training data and consider the inducing inputs as additional param-
eters to be learned. These inputs are referred to as pseudo-inputs. In this thesis, we apply this
approach to motion estimation. Being able to learn the pseudo-inputs, we expect that only a small
number of them is needed. We introduce the sparse GP (SPGP) byfirst deriving its Gaussian
process prior and comparing it to the standard Gaussian process prior. Second, we show how the
pseudo-inputs can be learned from data and single point predictions can be obtained.

The central idea of this sparse GP is to approximate a full GP learned on the training setD
of sizeN by a GP learned on a smaller set of pseudo dataD̄ of sizeM with M ≪ N . The GP
learned on the pseudo dataset is taken as a special parameterization of a standard GP. The pseudo
targets are not real targets and therefore modeled noise free. They are located in the same space
as the real targets and are actually equivalent to the latentfunction valuesf . Given a setD̄ with
pseudo targets̄f = {f̄m}M

1 and pseudo-inputs̄X = {x̄m}M
1 Snelson and Ghahramani[2006a]

place a Gaussian prior
p(f̄ |X̄) = N (0,KM ), (3.22)

on the pseudo-targets and assume them similarly distributed to the real data.KM denotes the
covariance matrix computed from the pseudo-inputs. The covariance function used in this work
is the squared-exponential covariance function with automatic relevance determination, already
introduced in Section 3.1.3. Having placed an Gaussian prior on the pseudo-inputs we condition
the noise free latent functionf on the pseudo-data and the real inputs. We approximate

p(f |f̄) ≈
N∏

1

p(fn|f̄), (3.23)

to obtain

p(f |f̄) = N (KNMK
−1
M f̄ ,KN −KNMK

−1
M KMN ). (3.24)

Having obtained the conditional, we compute the priorp(f) of latent function by marginalizing
over the pseudo targets

p(f) =

∫

p(f |f̄)p(f̄)df̄ (3.25)

= N (0,KSPGP
N ), (3.26)

with

KSPGP
N = KNMK−1

M KMN + ∆, (3.27)

∆ = diag(KN −KNMK−1
M KMN ). (3.28)

Intuitively, we can consider the SPGP being standard GP witha special covariance function,
parameterized with the pseudo input locationsX̄:

N (0,KN )
︸ ︷︷ ︸

GP prior

≈ p(f) = N (0,KSPGP
N )

︸ ︷︷ ︸

SPGP prior

. (3.29)
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Note, that although the underlying covariance functionk(xn, xn′) is stationary, the covariance of
the SPGP is not stationary. The reason is that the covarianceof the SPGP does not only depend
on the distance betweenxn andxn′ but also on the position of the pseudo-inputs.

Given the covariance functionKSPGP (xn, xn′) the marginal likelihood can be obtained simi-
larly to the standard GP approach

p(y|X, X̄,Θ) = N (0,KSPGP
N + σ2I). (3.30)

The second main idea of the SPGP is to view the pseudo-inputsX̄ as additional parameters
to be optimized. Thus we find the set of pseudo-inputs by jointly maximizing the marginal like-
lihood with respect toX̄ andΘ. The exact gradients depend largely on the covariance function
k(xn, xn′) used. Any covariance function can be used as long as it is differentiable with respect
to the pseudo-inputs which otherwise cannot be learned.

Similarly to the standard GP, the predictive point estimateis obtained conditioning on the test
inputx∗, the dataD, the hyperparametersΘ and the pseudo-inputs̄X

p(y∗|x∗,D, X̄ML,ΘML) = N (µ∗, σ∗), (3.31)

with
µ∗ = k⊤∗ Q

−1
M KMN (Λ + σ2I)−1y, (3.32)

σ2
∗ = K∗∗ − k⊤∗ (K−1

M −Q−1
M )k∗ + σ2, (3.33)

with QM = KM + KMN (∆ + σ2I)−1KNM . We annoted some of the conditioning variables
with the subscriptML to emphasize the fact that the predictive point estimate is conditioned on
the maximum likely parameters learned.

The computational cost of the SPGP are dominated by the calculation of theQM . Because∆
is diagonal the inversion of the factor(∆+σ2I)−1 is inO(N). Hence, the matrix multiplications
are inQM are inO(M2N). This is one of the advantages of this approach. The trainingcosts
are reduced toO(M2N) and the cost for each test case are reduced toO(M2) for predicting the
variance andO(M) for predicting the mean. Additionally, the pseudo-inputs are not static and are
shifted to input locations which improve the GP prediction as they are not limited to be a subset
of the training set. An example of a SPGP regression is depicted in Figure 3.5a. Note that the
crosses specify the location of the pseudo-inputs. Anotheradvantage of the SPGP is estimating
the pseudo-inputs and the gradient smoothly at the same time. Most other approaches using in-
ducing inputs require an interweaving of the two which leadsto a non-smooth gradient estimation
as the gradient changes sharply with every new parameter set. The disadvantage of this method,
however, is the fact that the number of hyperparameters to belearned increases toO(MN + Θ)
which complicates the gradient calculation and introducesmore local minima into the marginal
likelihood. With the SPGP we have introduced a sparse approximation of the full GP that largely
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(a) Sparse GP with pseudo-inputs
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(b) Sparse GP with a noise parameter for each pseudo-input

Figure 3.5: GP prediction using the Sparse GP with pseudo-inputs. The crosses denote the loca-
tion of the pseudo-inputs. Figure 3.5a corresponds to the case where no input-dependent variance
is assumed for the pseudo-inputs. Figure is shows the prediction of the Sparse GP modeling a
noise variance for each pseudo-input independently. Largecrosses denote a high noise for the
corresponding pseudo-input while small crosses denote a low variance.

reduces the computational complexity. As already mentioned, our approach depends on the cor-
rectly estimating the noise function (see Section 3.1.2). The next section shows that the SPGP
already models some kind of input-dependent noise and showshow the SPGP can be extended to
improve the noise estimate.

Heteroscedastic Gaussian Process Regression

The standard GP only models a constant noise rate but in practice many problems require the exact
modeling of local noise. For our application, the correct prediction of local noise is also important
because of the challenging distribution of the training data, already mentioned in Section 3.1.2.
The goal of this section is to show that the SPGP already models some kinds of local noise. In
addition, we present an approach by Snelson and Ghahramani that extends the SPGP model to
improve the noise estimate.

GPs regard all training inputs as noisy random variables drawn from a single Gaussian distri-
bution. We assumed identically distributed Gaussian noisefor all training inputs. If this assump-
tion is violated for a set of random variables, this data set is called heteroscedastic. The effect
of heteroscedastic GP modeling is depicted in Figure 3.1.3 which shows a GP based on one-
dimensional inputs only. Approaches extending the standard GP model to heteroscedasity were
introduced Goldberget al.[1998] and Kerstinget al.[2007]. These approaches estimate the noise
as function of the input and place a separate prior on the noise function. Kerstinget al. [2007]
use a second GP to model the variance function. A third GP thenestimates the mean given the
learned noise function of the second GP. If the process has not converged, it is restarted with the
combined used for the mean prediction. The advantage of thisapproach is that it can directly be
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(b) Heteroscedastic GP

Figure 3.6: Result of using standard GP regression on a sample set 3.6a and heteroscadestic
regression 3.6b.

applied to a large variety of GP models without changing the GP model or its covariance func-
tion. The sparse GP with pseudo-inputs by Snelson and Ghahramani already models some kinds
of input-dependent noise. Considering Figure 3.5b where the location of the pseudo-inputs is de-
noted by a cross below the graph, we can observe that the sparse GP shifts the pseudo-inputs away
from noise which results in an increased noise at locations the pseudo-inputs are not located. This
approach is extended in Snelson and Ghahramani[2006b]. The main idea is to model and learn a
noise parameter for each pseudo-input. Although this is notintuitively clear right away because
the pseudo-inputs are not real inputs and therefore not drawn from a noisy random process, this
method allows the pseudo-inputs to be spread over the entireinput space. The result is a better
model of the noise and the mean. The covariance matrix of the pseudo-inputs is adapted to

KM = KM + σhI (3.34)

The noise parameters are now integrated as extra parametersinto the maximization of the marginal
likelihood of the SPGP. The marginal likelihood is then alsomaximized with respect to these
parameters which of course has the disadvantage that more parameters have to be learned. Fig-
ure 3.5b depicts the result of modeling a noise parameter foreach pseudo-input. The crosses
in the figure denote the location of the pseudo-inputs while the size of the crosses denotes the
learned noise. The larger the cross, the larger the noise is.One can easily see two properties
of this Gaussian process. Firstly, the noise is estimated more correctly. Secondly, learning an
individual noise parameter for each pseudo-input the GP seems prone to overfitting. The noise
decreases very quickly in the vicinity of pseudo-inputs that are assigned a low noise and increases
quickly in the absence of pseudo-inputs. Therefore, care must be taken when learning the GP to
assure the noise function is learned correctly.

36



3.2 Alternative Approaches to Motion Estimation

3.1.4 Merging the Predictions

As mentioned before, our approach first clusters the pointcloud and obtains a single prediction
for each point in a segment (cluster). Each cluster corresponds to a possibly moving object. To
compute a motion prediction for a segment we must merge the single point predictions obtained.
We use Gaussian processes because they predict a full Gaussian distribution and not only a point
estimate. In last section we showed how the noise function can be estimated using the SPGP and
the prediction of the variance can be improved. Assuming thevariance to be predicted correctly,
the single GP predictions are merged to one prediction for the entire cluster. We use two strategies
to merge the predictions.

First, in order to obtain a prediction for an entire set of estimations we multiply the single predic-
tion with

N (µ, σ2) ∝ N1(µ1, σ
2
1) · . . . · Ni(µi, σ

2
i ) · . . . · Nn(µn, σ

2
n), (3.35)

with

σ2 =

(
n∑

1

σ−2
i

)−1

, (3.36)

and

µ =
n∑

1

σ2σ−2
i µi. (3.37)

The product is not associative and all Gaussian must be multiplied in the same step. Intuitively,
the result of this product is a voting of the predictions weighted by their variance. The variance
of the resulting Gaussian distribution is smaller then the variance of the single predictions.

Second, we fit a Gaussian distribution to the predicted variances. Hence, we calculate the mean of
the predicted variances and their variance. We then select only those measurements which have
a small predicted variance compared to the entire set of predictions. A small variance means a
variance which is further away from the mean then one standard deviation. Those predictions are
then merged by voting using the strategy described before.

Merging the predictions is the last part of our motion estimation approach. In the following,
we describe two alternative methods for motion estimation.We use these methods in Chapter 4
for comparing our approach with.

3.2 Alternative Approaches to Motion Estimation

In the last section we proposed a method for motion estimation based on Gaussian process regres-
sion. This section describes two alternative approaches used in the literature, namely the iterative
closest point algorithm (ICP) and the Kalman filter using theconstant velocity motion model. We
briefly explain these approaches and explain their application to motion estimation. In Chapter 4
we compare them to our proposed method.
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3 Motion Perception and Estimation

3.2.1 Predicting Motion using the Iterative Closest Point A lgorithm

ICP is the dominant method for registrating 3D scans (Besl and McKay [1992]). In robotics,
ICP is often used as scan matcher to improve the pose of the robot (Lu and Milios[1997]). The
general idea of ICP is given two point sets we like to find the transformation (translationt and
rotationR) such that they match best. In Chapter 2.1 we presented the available range data and the
method for clustering the scan. Each segment obtained by clustering contains as set of 3D points
belonging to this segment. In this thesis we use the ICP algorithm to find the best corresponding
segment in the next scan by matching the points belonging to the segments. We use the obtained
transformation to predict the movement of the segment. Thusthe ICP method can be understood
as another motion-based method (see Chapter 1) for estimating the movement of dynamic objects.

Iterative Closest Point

The problem of ICP is defined as follows. Given two point setsX = {xi}
N
1 andY = {yi}

N
1 we

want to find the rigid-body transform (translationt and rotationR ) that minimizes the sum of
squared errors

E(t, R) =
1

Nc

Nc∑

i=1

||xi −Ryi − t||2. (3.38)

In this equationNc denotes the number of corresponding points. These are points for which a
correspondence in both datasets was found. Thus if the correspondence of the points were known
the calculation of the transformation is easy and can be donein closed form. However, in most
application scenarios this correspondence is not known. Since the ICP algorithm has been in-
troduced many improvements and additions have been made. A nice overview of the different
methods can be found in Rusinkiewicz and Levoy[2001]. We will introduce a general state of the
art method to solve ICP which is also used in this thesis.

The general ICP algorithm as introduced by Besl and McKay[1992] is specified as follows

1. Associate each point ofX with a point ofY .

2. Compute the transform that minimizes the mean squared error between the associated
points (see equation 3.38).

3. Apply the found transform toX and update the mean squared error.

4. Iterate the above steps until a convergence criteria is met, e.g., the mean squared error does
not decrease anymore.

We implement the data association performed in step 1 using anearest-neighbor search based on
the Euclidean distance. Having obtained the data association, we calculate the transform in closed
form using the SVD based method by Arunet al. [1987]. We construct matrixA =

∑N
1 xiy

T
i

and perform the singular value decomposition

A = UΣV ∗. (3.39)
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Arun et al. [1987] show that the mean squared error (see equation 3.38) is minimized and the
solution is unique if

R = UV, (3.40)

t = µX −RµY . (3.41)

In this equationµX anµy denote the mean of the data setsX andY . Figure 1.2 in the introduction
depicts the application of ICP to the application of motion estimation. At first we cluster the
pointcloud and use each cluster as a dynamic object hypothesis. In the algorithm described above
we implicitely assumed the association of the different clusters to be given which is a strong
assumption. Actually, solving this data association problem is one of the major problems in many
application domains. There are several solutions to this problem possible. For instance, one could
use nearest-neighbor data association, associating thosecluster from subsequent scans whose
center of mass is closest. Another type of data association already mentioned in Section 1.1 is to
fit a bounding box to the segments and associate those segments whose bounding box overlaps.
However, for evaluating this method (see Chapter 4), we provide the data association, disregarding
this problem for now.

3.2.2 Predicting Motion using the Constant Velocity Motion Model

In addition to ICP, the second method we use for our approach with is a Kalman filter based on
the constant velocity motion model. The key idea underlyingthis method is to cluster the scan
points, calculate the center of mass of each cluster and use the center of mass as a reference point
for tracking. This method is a feature-based approach for predicting motion, as already described
in the introduction.

Kalman Filter

The Kalman filter is based on the Bayes filter equation which isgiven by

p(xt|z1:t, u1:t)
︸ ︷︷ ︸

current belief

= η p(zt|xt)
︸ ︷︷ ︸

sensor model

∫

p(xt|xt−1, ut)
︸ ︷︷ ︸

motion model

p(xt−1|z1:t−1, u1:t−1)
︸ ︷︷ ︸

previous belief

dxt−1. (3.42)

with xt represents the estimated state of an objectx, zt the measurements andut the transitions
(in our case motion) performed at timet. A derivation of the Bayes filter equation is given in
Thrunet al. [2005]. Intuitively, the Bayes filter means that the current beliefabout the state of an
object is given as the last known state of the object applied to the beliefed motion and corrected
by new measurements. The Kalman filter implements the beliefabout the state of an object and
the sensor model as Gaussian. If the motion model is implemented as a linear transition model
we stay in the Gaussian world and therefore the motion model stays a Gaussian. In this case the
integral can be solved in closed form which is one of the characteristic advantages of this filter.

State Representation We represent the statex at timet of an dynamic object as

xt = (x, y, vx, vy), (3.43)
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with x, y being the position of the object andvx, vy the corresponding velocity of the object inx
respectivelyy direction.

Motion Model When observing objects in the environment we have no prior information about
there movement. In order to still be able to make predictions, we therefore have to make assump-
tions about there behavior. It seems reasonable to assume that the speed of observed dynamic
objects stays the same in this interval. Applying this assumption theconstant velocity motion
model

xt = xt−1 +







vx−1

vy−1

0
0







∆t+ εz (3.44)

is used to model the state transitions withεz ∼ N (0, σ2). The Gaussian noise is added in order to
account for small changes in the speed of the object. The advantage of using the constant velocity
motion model is its smoothing effect. It makes it less prone to errors, if single wrong observations
are obtained. The disadvantage, however, is that if the assumption that an dynamic object keeps
its speed is violated, this motion model might result in an erroneous prediction.

Sensor Model The sensor model in general corrects the prediction by the measurements taken.
The measurements in this case are the centers of mass computed from the clusters of the current
scan which is described in more detail in Chapter 2.1. The sensor model is then given by

zt = xt + εz, (3.45)

whereεz describes the noise in the measurement which is also assumedGaussian distributed with
εz ∼ N (0, σ2

z). The exact value ofσ2
z is chosen considering the maximum error of the estimated

center of mass.

As for the ICP algorithm presented before a matching of corresponding segments is needed for the
application of the Kalman filter. The implementations possible for realizing this data association
are mainly the same as for the ICP approach, e.g., using the nearest-neighbor approach.

In this chapter, we proposed a novel method for estimating motion based on local features only.
Using Gaussian process regression we compute a motion for each measurement. Having clustered
the pointcloud we are able to compute a combined prediction for each cluster merging all single
predictions belonging to this cluster. In the next chapter,we evaluate our approach for predicting
motion and compare it to the ICP and Kalman filtering method.
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In the previous chapter, we proposed a Gaussian process approach to motion estimation. We also
presented two alternative, commonly used approaches, the ICP algorithm and the Kalman filter.
In this chapter we evaluate our proposed method and compare it to those alternative approaches.
The goal is to answer the following questions:

• How is the GP prediction influenced by the map prior?

• Which of the two proposed features is better for estimating the heading? The map patch
features or the Gabor filter features?

• How good is the estimate of the noise function learned by the SPGP and the SPGP-HET?

• Can the GP based approach to motion estimation robustly predict the angle and speed of
the dynamic objects?

• How accurate is the prediction compared to using the state ofthe art motion estimation
methods ICP or the Kalman filter?

The chapter is structured as follows. First, we introduce the general setup that includes a
description of the available range data and the specification of the method used to obtain the
training and test sets. Second, we specify the methods and measures used for the evaluation.
Third, we evaluate the GP learning based on the different features proposed in Chapter 2.2. The
best of these features is selected and the GP prediction is tested on a validation set of five selected
tracks. This GP prediction is also compared to the mentionedalternative approaches.

4.1 Experimental Setup

For our experiments, we used pointcloud data provided by theStanford Racing Team. The data
was collected during the Urban Challenge 2007 using a so called velodyne laser range scanner.
The scanner as well as the robot “Junior” that competed for Stanford are depicted in Figure 4.1.
The data corresponds to a city environment with other movingcars. Typical scenes are shown
in Figure 4.2 and Figure 4.4. The velodyne laser provided pointclouds, each consisting of about
80.000 points, up to 10 times per second. The points represent the endpoints of the laser range
measurements. The max range of the velodyne is about 120 meters. However, the usable range is
only about 40 to 50 meters. Beyond this distance the measurement density decreases quickly.

The poseΘ = (x, y, z, φ, θ, ψ) of the robot was also provided.x, y, z denote the location of
the robot in its local coordinate system,φ denotes the pitch,θ the roll andψ the yaw of the robot.
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(a) Junior, c©Stanford Racing Team (b) Velodyne laser,c©Velodyne

Figure 4.1: The robot “Junior” and the laser that were used for obtaining the pointcloud data.

We assume the pose is correct which is a strong assumption butexperiments showed that the pose
was very accurate in thex andy position and the yaw. Thez position as well as the pitch and roll
were more prone to noise. This seemed mainly do to uneven terrain like bumps in the road.

Regression and Gaussian processes are a supervised learning scheme. That means that the train-
ing datasetD consists of pairs of inputsX and corresponding outputsY . Hence, we need to
obtain both, the inputs and corresponding outputs for training the GPs. Furthermore, to compare
the estimate of our motion estimation method with the other approaches, the real motion had to
be given. We obtained this ground truth by manually labelingdynamic objects in the scans, fitting
a rectangular box to the range scan data of the dynamic object. This box is fit once using differ-
ent scans and different observation directions such that the width and the length of the dynamic
object are measured correctly. The center of the box and its rotation are then stored for each scan
labelled. Using this information, we are able to specify itsspeed and heading. The heading could
be labelled with a precision of about two degrees while the speed of the vehicle was labelled with
a precision of about one meter per second. The reason for the high speed labeling error is the
changing appearance of the objects in different scans. The speed labels were corrected by averag-
ing over the last eight scans. We selected and labelled nine different tracks to obtain the training
data. Each track consisted of about100 to 200 scans. Altogether about130.000 map patches were
generated as training data consisting of many different point of views and moving directions.

4.2 Evaluation Methods

In this section, we explain the methods used for evaluating the learning results and argue why
these method are suitable for evaluating our method.

Cross-Validation

K-fold cross-validation is a commonly used tool to evaluate alearner. The goal is to ensure that
the prediction result achieved by a learner does not depend on a special set of “great” samples
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that are, e.g., manually selected.K-fold cross-validation divides the sample set intoK parts. One
part is retained for testing the learned model. The otherK − 1 parts are used for training. This
process is repeatedK times such that each of theK parts is used for testing the model once.
Depending on the application there are different measures for evaluating the learning result. We
use the root-mean-square error (RMSE) for evaluation whichis given by

RMSE =

√
√
√
√ 1

N

N∑

i=1

e2i , (4.1)

whereN denotes the number of samples tested andei = Yi − Ȳi the residual of the observed and
the predicted value. The RMSE penalizes the outliers much, due to the squaring. In addition, we
also state the mean error which does not penalize outliers asmuch. This results in a good intuitive
estimate of the error in practice. In addition, to evaluating the error for each fold, the error is
commonly averaged over the folds to give an average estimatefor the learning result.

We perform a standard 10-fold cross validation to evaluate the learning. Thus we select a sam-
ple set of 10.000 samples using importance sampling withoutreplacement on the entire sample
set. (In Section 3.1.2 we described the problem of generating training samples in detail.) We then
divide the selected samples into ten parts by sampling each part randomly without replacement
and perform cross-validation.

Using a Validation Set

In addition to cross-validation, we also use an independentvalidation set. A validation set is
independent of the training and test set used used for cross-validation before. In this thesis, we
use a validation set to evaluate our approach on unseen data and for comparison to the alternative
methods. The goal is to evaluate whether the learner is proneto overfitting or generalizes to
unseen data. We used a validation set of five tracks representing common traffic situations for
evaluation.

4.3 Evaluation of the Features

In this section, we evaluate our proposed method for motion prediction using cross-validation.
First, we determine the effect of the map prior on the qualityof the heading prediction. Second,
we evaluate which of proposed features, namely the map patches or the Gabor filter features
are better suited for predicting the heading. Third, we evaluate the speed prediction using map
patches as features. Finally, we determine the effect of thenoise function on the heading and the
speed prediction. Selecting only those samples that resultin a low predictive variance we expect
the error to decrease.

In this thesis, we introduced two different sparse GPs. As weobserved in Section 3.1.3 the
sparse GP with pseudo-inputs (SPGP) already models some kind of input-dependent noise by
shifting the pseudo-inputs away from the noisy input locations. The second GP learns the noise
function of heteroscadestic datasets by learning an individual noise term for each pseudo-input
(see Section 3.1.3). In the following, we refer to this GP as SPGP-HET. The SPGP-HET is
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expected to better estimate the underlying noise function than the SPGP. As both GPs learn a
different noise function, we give the result for both of them.

Before evaluating the prediction we specify the exact size of the patches, the number of training
samples and the number of pseudo-inputs used.

Patch Size

For choosing the patch size, several constraints have to be met. The patches had to be small
enough to capture only local features that are as independent of the underlying object as possible.
In addition, the frequency of the laser range scanner and thespeed of the objects to be tracked had
to be considered. The higher the laser frequency and the slower the moving object, the smaller
the patches can be. Finally, we chose the patches to be square, each side of the square being 1.10
m long. We used a11 × 11 grid to represent the patches. Considering the frequency ofthe laser
of 10 Hertz and the size of a grid cell, we are able to detect motion within the range of 2 -10 m/s.

Number of Training Samples and Pseudo-Inputs

The number of training samples and the number of pseudo-inputs is mainly limited by practical
considerations. We found that using100 pseudo-inputs and1600 training samples still resulted
in a reasonable learning time while providing good results.Generally, we expect the prediction
result to improve using more samples.

4.3.1 Heading Prediction

The goal of this section is to evaluate the prediction of the heading of moving objects. We ran-
domly selected a set of16.000 samples from the entire training set for cross-validation.In the
following we evaluate the two features proposed in Section 2.2:

1. The representation of a difference map patch in the Gabor filter space. Upon extraction we
compute the dot product of the map patches and the Gabor filterbank that was constructed
in Section 2.2.3. The result is a16 dimensional representation of the patch.

2. Using the original map patches directly as an input to the GP. We extract a map patch out
the difference and the reflection map. Considering the size of the patches this constitutes
242 dimensional feature vector.

The map patches are aligned to the direction in which they areobserved. Additionally, to these
two different features, we also evaluate the effect the map prior has on the training data. We found
that the map priors0.01 and0.5 are possible (see Section 2.1.2).

As mentioned in Section 3.1.1 we split the heading prediction into estimating the sine and the
cosine of the heading and learn one GP for each part. Upon the prediction we restore the angle.

The average RMSE of the heading predictions, averaged over all folds, is given in Table 4.1.
The main result of this experiment is that using the Gabor features for prediction only results in
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Gabor Features Map Patch
Map Prior: 0.01 Map Prior: 0.5 Map Prior: 0.01 Map Prior: 0.5

SPGP 59.32 61.46 44.67 41.29
SPGP-HET 59.79 62.21 44.06 42.51

Table 4.1: Average RMSE in degrees for the heading prediction.

a rough estimation of the heading. The prediction has an error of about 60 degrees which corre-
sponds to an opening angle of 120 degrees. The RMSE using the map patches is about 15 degrees
lower and therefore shows a much better result. In the following, we will therefore only use map
patches for predicting the heading.

The results differ as to which prior to prefer comparing the Gabor features and the map patch
features. On the one hand, using a map prior of0.01 slightly improves the RMSE using the Gabor
filter features. On the other hand, the prior of0.5 is the better choice when using map patches.
However, because we selected the map patches as features we choose0.5 as the map prior.

The prediction quality of the SPGP and the SPGP-HET seem to besimilar. Using either one
only changes the RMSE slightly. At this point, the result is not satisfactory because the GP
only gives a rough estimation of the angle. However, one of the main advantages of using GP
regression is that the GP is capable of predicting a full distribution. We expect the result to
improve using only those samples with a low variance. A sample with a low variance means a
sample with a predicted variance that is further away from the mean of the variances then one
standard deviation. Because we use two GPs to predict the heading (one for predicting the sine
and one for predicting the cosine part of the heading) we onlyselected those samples having a
low variance on each part. Table 4.2 depicts the RMSE using this approach and map patches as
features. As we can observe the average RMSE decreases much.This result shows that the noise

Map Prior: 0.01 Map Prior: 0.5
SPGP 22.45 19.76
SPGP-HET 21.93 18.48

Table 4.2: Average RMSE in degrees using map patches as features. The RMSE was only calcu-
lated for inputs with a predicted low variance.

function can be used as a good estimator of the quality of the input sample. Using the SPGP-HET
improves the result which is evidence that the SPGP-HET better estimates of the noise then the
SPGP.

The result presented here is computed based on a training setof single patches only and not
on entire segments. In Section 4.4, we evaluate our approachon a validation set of five different
tracks. Merging the predictions as described in Section 3.1.4 we expect to further improve the
result such that a robust prediction of the heading becomes possible.
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4.3.2 Speed Prediction

In this section, we evaluate our approach for predicting thespeed. We only use the map patches
as features as the Gabor features resulted in a much higher error predicting the heading. As the
prediction of the speed is based on the result of the heading prediction, a correct prediction of
this angle is essential. For this reason, we rely on using a map prior of 0.5. This prior resulted
in the smallest error using the map patches as feature. We performed cross-validation on the
same training set used for evaluating the heading prediction but with adapted map patches. In
difference to the heading prediction the map patches are nowaligned to the heading of the object
(see Section 2.2.2). The average RMSE of the folds is given inTable 4.3.2. As for the angle

SPGP 3.62
SPGP-HET 3.21

Table 4.3: Average RMSE in
m

s
obtained by using cross-validation and map patches as features.

prediction the SPGP-HET shows the best result. We also calculate the RMSE only using the
samples for which a low variance is predicted. A low noise variance means a variance further
away from the mean of the variances than one standard deviation. The RMSE using this measure
is depicted in Table 4.3.2. Again, the RMSE drops tremendously which is good evidence that the

SPGP 1.74
SPGP-HET 1.53

Table 4.4: Average RMSE in m/s obtained by using cross-validation and map patches as features.
The RMSE is only computed using samples with a low predicted variance.

noise function is learned well. The SPGP-HET achieves a better result than the SPGP.
Having set the map prior and chosen the features suitable forestimating motion the next section

evaluates our approach on a validation set of five tracks. Merging the prediction for an entire
segment, we expect the error for the speed and the heading estimation to decrease. We also
compare our approach to the alternative methods described in Section 3.2.

4.4 Comparison on Real Data

We showed that the map patches, computed using a map prior of0.5, are the best of our proposed
features for estimating motion. In this section, we use these features and a validation set of five
tracks to evaluate our approach and compare it to ICP and Kalman filtering. Instead of evaluating
single predictions, we compare these methods predicting motion for an entire object. For our
approach, that means that we cluster the pointcloud, predict a motion for each point and compute
a motion estimation for an entire segment by merging the single predictions.

The goal is to determine which merging strategy, merging allpredictions or only those with a
low variance, is to be preferred. In addition, we evaluate which GP, the SPGP or the heteroscades-
tic SPGP (SPGP-HET) performs better using the merging strategies above. As already mentioned,
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it is important that the noise function is learned correctly, because in many situations large parts
of the observed object are not reliable for motion prediction. Hence, we expect the SPGP-HET
to result in a smaller error then the SPGP. Additionally, we compare the GP prediction to the al-
ternative approaches. This allows us to finally state advantages and disadvantages of the methods
and determine whether one approach is be preferred over the others in all situations or not.

We created a validation set consisting of five common traffic situations. Each of these situa-
tions consist of 30 to 100 subsequent scans and about 200 predictions per scan. The situations
were chosen such that as many different driving situations and especially observation directions
could be covered.

This section is structured as follows. We evaluate one situation after another, first describing
the situation and then presenting the result for the headingand speed prediction separately. For
clearness, we abbreviate the name of the GP methods in the following. Table 4.5 states the
abbreviations and their meaning. In this table, heteroscadestic GP refers to the sparse GP learning
a noise variance for each pseudo-input (see Section 3.1.3).At first the different situations are

Merging all pre-
dictions

Merging best
predictions

Heteroscadestic
GP

SPGP-ALL - - -
SPGP-BEST - X -
SPGP-HET-ALL X - X
SPGP-HET-BEST - X X

Table 4.5: Abbreviations of the methods applied and their meaning

described and the four different prediction methods (SPGP,SPGP-HET combined with the two
merging methods) as well as the ICP and Kalman filter method are tested and evaluated for each
track. Secondly, we give an overall conclusion at the end of this section.

Situation 1

Situation Description

A car approaches and passes the robot on the left side (see Figure 4.2). This situation is very com-
mon in urban traffic scenarios. Also, it is very valuable to usbecause many different observation
directions are covered. At first, the object is seen only fromthe front and moves with an angle of
approximately 180 degrees relative to the observation direction. Thus it approaches the observer
almost directly. While it passes, the object is only seen from the side and moves at an angle of 90
degrees relative to the observation direction. Afterwards, the back of the object is seen moving at
0 degrees relative to the observation direction. For the GP prediction we expect to perform well
when the other car is approaching and after it the passed.
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Figure 4.2: Situation1: Another car approaches driving into the opposite direction and passes the
robot on the left side.

RMSE ME
SPGP-ALL 12.65 6.96
SPGP-BEST 16.32 7.61
SPGP-HET-ALL 8.7 6.5
SPGP-HET-BEST 7.97 6.26
KF 7.21 5.2
ICP 33.76 12.93

Table 4.6: Situation 1: RMSE and ME of the heading predictionin degrees.

Heading Prediction

In this situation the Kalman filter results in the best angle prediction. The changing center of
mass of the observed object measurements does not have a hugeeffect on the prediction. The ICP
method results in a much higher error then the other methods.Although ICP often predicts the
angle with a small error (see Figure 4.3b) at some points it also makes larger errors. The reason
is that at the scan with the largest error the other car is located right next to the robot and drives
through an area which cannot entirely be observed (scans 15 to 17) due to the mounting of the
laser. The result is a large change of the pointcloud data belonging to the moving object. Thus,
the ICP algorithm can only find the best match considering thepoints available. The Kalman filter
handles this situation better due to its smoothing motion model. The changing appearance of the
car in this situation also results in motion patterns that donot capture the real motion of the object.
Nevertheless, the GP methods result in a good prediction. The SPGP-HET-ALL shows the best
result of all the GP predictions. Merging only the best predictions in this situation decreases the
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Figure 4.3: Situation 1: Evaluation of the heading prediction

error compared with the SPGP-HET. This is evidence that the noise function is learned correctly.

Speed Prediction

The best speed prediction in this situation is obtained using the SPGP-ALL. Although the ICP
algorithm predicts the speed closer in most parts of the track it also makes some huge mistakes
between the scans12 to 15. While the GP prediction does not perform as well in this partand at
the end of the track it makes less huge mistakes compared to ICP. The reason for the performance
of ICP is mainly the car driving close to the robot. While driving by, a large part of the car
cannot be observed by the laser and therefore the number of obtained laser measurements changes
quickly. This causes the appearance of the observed object and the motion patterns to change
largely. Hence, the Kalman filter shows a result similar to ICP. The changing center of mass of
the observed object which changes because the object is observed from different points of view.
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Hence, the center of mass of the observed mass seems to have a larger influence on the speed
prediction than on the angle prediction, However, the GP methods are not as much influenced by
this changing pattern (see Figure 4.3) as the others.
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Figure 4.4: Situation 1: Evaluation of the speed prediction

RMSE ME
SPGP-ALL 0.89 0.8
SPGP-BEST 0.92 0.83
SPGP-HET-ALL 0.94 0.88
SPGP-HET-BEST 0.93 0.85
KF 1.59 1.25
ICP 3.28 1.53

Table 4.7: Situation 1: RMSE and ME of the speed prediction in
m

s
.

Situation 2

Situation Description

In this situation, a car is following the robot while both areturning left (see Figure 4.4). This
situation poses the challenge that both, the observer and the moving object are rotating. In Sec-
tion 3.1.1 we specified the estimation of motion as the process of estimating the moving direction
and the speed of an object. This includes the implicit assumption that the translational velocity is
much higher than the rotational velocity. In situations in which the rotational velocity cannot be
neglected this might lead to wrong results.
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Figure 4.5: Situation2: The other car follows the observer and both make a long left turn.

Heading Prediction

In this situation, the Kalman filter shows the best prediction results followed by the ICP algorithm.
However, many GP predictions are very close to the true angle. Only in one part of the track the
GP predictions result in a high error. In this part, the rotational velocity of the car following is
very high compared to the rest of the track. Thus our assumption about a low rotational velocity
relative to the translational velocity, is violated. This fact causes patterns that are similar to ones
known from the training data but point into another direction. Additionally, these patches are
assigned a low noise. This causes the error terms to increasemerging only those predictions with
a low variance. Hence, the SPGP-BEST and SPGP-HET-BEST result in a larger errors.

RMSE ME
SPGP-ALL 13.15 7.62
SPGP-BEST 15.94 9.67
SPGP-HET-ALL 14.34 8.9
SPGP-HET-BEST 15.93 14.34
KF 1.86 1.54
ICP 10.6 6.09

Table 4.8: Situation 2: RMSE and ME of the heading predictionin degrees.

Speed Prediction

The observed car in this situation almost drives at constantspeed. The best speed prediction in
this situation considering is achieved by the Kalman filter (see Table 4.4). The speed prediction of
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Figure 4.6: Situation 2: Evaluation of the heading prediction

the SPGP-ALL is also very close to the true speed in the secondpart of the track. In the beginning
and especially from scan 15 to 35 the speed prediction is verymuch influenced by the wrongly
estimated angle (see Figure 4.6). This fact supports our assumption that a good estimation of
the angle is needed for a correct prediction of the speed. Considering the error terms in Table
4.4 we note that using only those single predictions with a low variance improves the RMSE in
this situation. The ICP algorithm often results in a good speed estimate but also makes larger
mistakes in all parts of the track. One reason for this is the scan density. Because the observed
car is further away than in other tracks the number of laser measurements obtained from the car
is smaller. Additionally, the observed shape of the car changes because of the rotation.
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Figure 4.7: Situation 2: Evaluation of the speed prediction

RMSE ME
SPGP-ALL 0.61 0.37
SPGP-BEST 0.78 0.62
SPGP-HET-ALL 0.82 0.67
SPGP-HET-BEST 0.81 0.66
KF 0.4 0.34
ICP 1.04 0.68

Table 4.9: Situation 2: RMSE and ME of the speed prediction in
m

s
.

Situation 3

Situation Description

The observer approaches an intersection. The moving objectis turning right (see Figure 4.4). As
in the situation before, the rotational velocity of the observed car is high.

Heading Prediction

The Kalman filter approach results in the best angle estimation in this case and is very close to
the true angle almost over the entire track. The ICP algorithm also result in a low error. In the
beginning of the track, ICP result in the largest error. Again, this is caused by the high rotational
velocity of the observed car as well as the movement of the robot itself which causes a large
change in the appearance of the moving object. For the same reason, the GP methods result in a
wrong angle prediction in this part. While the observed car passes (scan20 to 30) the GP methods
also result in an slightly larger error then for the rest of the track. The changing appearance of
the object is caused by the other car driving closely to the robot. It results in patterns on the
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Figure 4.8: Situation 3: The observed car makes a sharp rightturn and drives by the other car.
The robot approaches and crosses the intersection.

difference map which are different from the ones commonly describing this movement direction.
Additionally, the observation direction in this stage is approximately 90 degrees (see Figure 4.9c)
which constitutes the worst case for the GP prediction. The best performing GP method in this
situation is the SPGP-ALL. Using only the best predictions in this case has a negative effect. The
error of the SPGP-BEST increases. In this situation, the noise function modeled by SPGP-HET
seems to have been estimated better than in the situations before. Using only those predictions
with the lowest variance, the error of the error is greatly reduced (see Table 4.4).

RMSE ME
SPGP-ALL 11.18 8.06
SPGP-BEST 11.47 8.33
SPGP-HET-ALL 17.53 13.25
SPGP-HET-BEST 13.24 9.53
KF 1.70 1.44
ICP 6.36 4.44

Table 4.10: Situation 3: RMSE and ME of the heading prediction in degrees.

Speed Prediction

The best speed prediction in this case result from ICP algorithm which predicts the speed with a
small error over the entire track. The GP methods also show a small overall error. All GP methods
result in a very similar prediction result (see Figure 4.10a). The GP methods do not result in a
much larger error in the beginning of the track compared to the entire track, although the angle
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Figure 4.9: Situation 3: Evaluation of the heading prediction

estimation (see Figure 4.9a) was not as good in this part. Differing from situation two, the error
in the angle estimation does not have a great influence on the speed estimation. The Kalman filter
also results in a good speed estimate but performs slightly worse than the best GP (see Table 4.4).
Due to the changing center of mass that is observed it underestimates the speed over large parts
of the track.
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Figure 4.10: Situation 3: Evaluation of the speed prediction

RMSE ME
SPGP-ALL 0.9 0.81
SPGP-BEST 0.91 0.84
SPGP-HET-ALL 0.88 0.78
SPGP-HET-BEST 0.83 0.7
KF 0.84 0.73
ICP 0.46 0.32

Table 4.11: Situation 3: RMSE and ME of the speed prediction in
m

s
.

Situation 4

Situation Description

The observer approaches an intersection while another car crosses it with an angle of approxi-
mate 90 degrees (see Figure 4.12c) relative to the directionthe dynamic object is observed (see
Figure 4.4). This is the worst case situation for the approach described in this thesis because only
few parts of the observed vehicle, the front and the back, actually appear to be moving. For the
other parts the distance measured stays the same. (Also see Figure 3.1a which depicts this situa-
tion.) Therefore we expect the GP prediction to not perform as well when the other car is located
directly in front of the robot.

Heading Prediction

In this situation, both, the ICP algorithm and the Kalman filter perform better than the GP based
approach and only result in an error of about two degrees. Thebest GP results in an RMSE of
about 13 degrees (see Table 4.4). Considering the hardness of this situation, the maximal error of
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4.4 Comparison on Real Data

Figure 4.11: Situation 4: The robot approaches an intersection while the tracked car crosses the
intersection.

about 20 degrees is a good achievement. Consider Figure 4.4 which depicts the true heading and
the single predictions made by the SPGP-HET. The predictions are sorted by their observation
angle. We can easily note that many predictions are very close to the true angle. Especially those
predictions made at the beginning and at the end of the objectare close to the true angle ( The
beginning of the object is located towards the origin of the figure.). However, there are also many
predictions pointing into the wrong direction. The error bars in the figure denote the standard
deviation of the predicted sine part. Unfortunately, the errors bars do not differ much between
those predictions pointing into the correct direction and those that are not. The large number of
wrong predictions influences the result too much. Therefore, we can conclude that although the
error is reduced using the SPGP-HET-BEST the noise functionwas not learned correctly.

RMSE ME
SPGP-ALL 24.67 20.17
SPGP-BEST 19.32 14.68
SPGP-HET-ALL 18.11 14.93
SPGP-HET-BEST 17.27 12.75
KF 2.07 1.76
ICP 2.05 1.49

Table 4.12: Situation 4: RMSE and ME of the heading prediction in degrees.
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Figure 4.12: Situation 4: Evaluation of the heading prediction

Speed Prediction

The Kalman filter results in the best speed prediction in thissituation. The ICP algorithm also
shows a good speed estimation but results in larger errors inthe beginning of the track. Despite a
estimation error of the heading (see Figure 4.12a), the SPGP-HET-BEST results in a very similar
result as the ICP. The slightly higher RMSE indicates that the GP has more outliers. The heading
estimation does not effect the speed estimation as much as suspected.
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Figure 4.13: Situation 4: Detailed view of the single heading predictions at scan 20. The error
bars denote the standard deviation of the sine part of the heading prediction.

 0

 2

 4

 6

 8

 10

 0  5  10  15  20  25  30  35

S
pe

ed
 in

 m
/s

Scan Index

SPGP-ALL
SPGP-HET-ALL

SPGP-BEST
SPGP-HET-BEST

Ground Truth

(a) Speed prediction: GP methods

 0

 2

 4

 6

 8

 10

 0  5  10  15  20  25  30  35

S
pe

ed
 in

 m
/s

Scan Index

ICP
KALMAN

Ground Truth

(b) Speed prediction: ICP, KF

Figure 4.14: Situation 4: Evaluation of the speed prediction

RMSE ME
SPGP-ALL 1.59 2.54
SPGP-BEST 1.5 2.26
SPGP-HET-ALL 0.87 0.77
SPGP-HET-BEST 0.76 0.59
KF 0.32 0.27
ICP 0.69 0.62

Table 4.13: Situation 4: RMSE and ME of the speed prediction in
m

s
.
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Figure 4.15: Situation5: The other car approaches the robotalmost directly and passes it on the
left side.

Situation 5

Situation Description

The observer is turning left while the observed car is makinga long right turn (see Figure 4.15).
The changing appearance of the observed object change quickly due to the translational and rota-
tional movement of both cars.

Heading Prediction

The SPGP-ALL prediction results in the lowest error in this situation. From Figure 4.16c we can
observe that this result is obtained for a large variety of observation angles. Thus the prediction
quality in this case does not depend on the observation direction. The SPGP-HET results in
a much higher RMSE which is mainly due to one extreme outlier at the end of the track (see
Figure 4.16a). Thus the mean error of its prediction is much lower. Using only the best single
predictions as an estimator for the direction did not resultin a better estimate in this situation. The
prediction of the Kalman filter is very close to the true angle, almost over the entire track. The
ICP method results in a comparable prediction quality in thebeginning of the track. The error of
the ICP prediction is mainly caused by the low scan density atthe end of the track. The overall
RMSE of the Kalman filter and the ICP method are mainly influenced by one outlier at the end
of the track (see Figure 4.16b, scan 25). The GP methods result in much smaller error at this
position.
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4.4 Comparison on Real Data

RMSE ME
SPGP-ALL 6.39 4.87
SPGP-BEST 6.58 4.63
SPGP-HET-ALL 24.01 8.66
SPGP-HET-BEST 25.33 8.27
KF 18.91 8.46
ICP 29.03 15.14

Table 4.14: Situation 5: RMSE and ME of the heading prediction in degrees.
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Figure 4.16: Situation 5: Evaluation of the heading prediction
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Speed Prediction

The GP methods in this situation outperform the ICP algorithm and the Kalman filter (see Table
4.4). The Kalman filter results in a high error due to its motion model and the changing object
appearance. ICP predicts the speed well in the beginning andat the end of the track. Most errors
occur between scans10 and25 (see Figure 4.17b). The errors of ICP caused by a movement of the
object similar to situation one. Driving by the robot the caris only partially observed. However,
the ICP method results in larger errors and more extreme outliers in this situation then the GP
methods.
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Figure 4.17: Situation 5: Evaluation of the speed prediction

RMSE ME
SPGP-ALL 1.03 1.07
SPGP-BEST 1.08 1.2
SPGP-HET-ALL 0.78 0.62
SPGP-HET-BEST 1.04 1.08
KF 1.65 1.27
ICP 102.52 25.19

Table 4.15: Situation 5: RMSE and ME of the speed prediction in
m

s
.
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4.5 Discussion

In this section, we summarize the result of the experiments and answer the questions raised in the
beginning of the chapter.

How is the GP prediction influenced by the map prior? The cross-validation experiments
in Section 4.3.1 showed that on the one hand, when using the Gabor filter features a map prior
of 0.01 slightly improved the result. On the other hand, a map prior of 0.5 improved the heading
estimate using map patches as features.

Which of the proposed features is better for estimating the heading? The map patch features
or Gabor filter features? The experiments in Section 4.3.1 resulted in a much smaller RMSE
when using the map patches as features compared to using the Gabor filter results. While the GP
prediction based on the Gabor filter features resulted in an RMSE of 60 degrees, the RMSE could
be reduced to about 40 to 45 degrees using the map patches as features.

Can the GP based approach to motion estimation robustly predict the angle and speed of the
dynamic objects?The GP based approach is able to predict the angle robustly inmany situations.
In four out five situations the RMSE of the heading is less thentwelve degrees. In one situation
the GP based approach resulted in the best heading prediction when compared to the other ap-
proaches. Most errors of the GP prediction occurred in situations in which the rotational velocity
of the tracked object could not be disregarded or the observed object moved in an almost right an-
gle relative to the observation direction. However, in these hard situations a reasonable estimation
of the moving direction was still possible. The SPGP-ALL showed the best overall performance
of the GP methods. In cases where the SPGP-HET models the noise function correctly, its result
is better then the SPGP-ALL.

The speed was also often estimated with a high accuracy resulting in an RMSE between 0.6
m/s and 1.6 m/s. In two out of five situations our approach showed the best result. The experi-
ments showed that a wrong angle prediction influences the speed prediction. However, a wrong
prediction of the heading, e.g., in situation three, must not necessarily result in a wrong prediction
of the speed but is robust to small errors in the heading.

Is the noise function learned correctly by the SPGP and the SPGP-HET? The first exper-
iments using cross-validation on a training set showed thatmodeling the noise function does have
an effect. The RMSE was greatly reduced considering only those predictions with a low pre-
dicted variance. However, the experiments using a validation set of five tracks showed that in two
situations the error in the heading. In three situations theerror in the speed estimation could be
reduced. That leads to the conclusion that for some parts of the input space the noise function was
already learned correctly. There are two types of situations in which the error increased. First,
situations in which the observed car has a high rotational velocity. Second, situations where the
observed car moves in a 90 degree angle relative to the observation direction, e.g., situation four.

How accurate is the prediction compared to using the state ofthe art motion estimation
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methods ICP or the Kalman filter? The overall performance of our approach for motion esti-
mation is often comparable to the result of the alternative approaches. The Kalman filter often
results in the best prediction of the heading. Its motion model smoothes the prediction such that
larger errors can be avoided. The changing appearance of a dynamic object does not effect the
estimation of the heading much. However, the speed prediction of the Kalman filter is effected
much more. Our approach resulted in a better speed prediction in such situations. In most situa-
tions the Kalman filter showed a better performance predicting the heading of the moving object.
In one situation the GP approaches perform better. The ICP algorithm showed good results pre-
dicting the angle as well as the speed in most situations. However, it also showed to be more
prone to noise in some situations than the GP predictions. Insituation one for example, the GP
methods achieved a much better result when the moving objectcould only partially be observed.
Additionally, in situations in which only few measurementsof the dynamic object are obtained,
the ICP algorithm resulted in large errors. Summarizing, our method for predicting motion does
not always result in the smallest error. However, considering the different situations it did show a
competitive overall performance.

In addition, we must note that we carried out the experimentshaving solved the data association
needed for applying the ICP and Kalman filter method. The ICP algorithm computes the speed
and direction from the displacement of two given pointclouds. The Kalman filter uses the center
of mass of each pointcloud as measurement. For our experiments, the data association was done
manually. In practice, this data association needs to be solved autonomously. If mismatches
occur, the Kalman filter and the ICP method result in larger errors. This association of objects in
subsequent measurements is not needed for the application of our method. Our approach solves
the data association using the difference map and thereforedoes not depend on correctly matching
objects.
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In this thesis, we introduced a novel approach to motion estimation that can detect and estimate
the heading and the speed of a moving object out of range data.At each point in time, the algo-
rithm gets a pointcloud and the location of the sensor as input. Prior hypothesis of moving objects
are then obtained by clustering the pointcloud. We use a difference map for capturing motion
information. For each point in a cluster we predict a headingand a speed using Gaussian process
regression and features extracted out of the difference map. A motion prediction for the entire
object is achieved by merging the single predictions.

Chapter 2 showed how suitable motion features can be constructed from the laser range mea-
surements. We constructed a difference map of two subsequent grid maps. The difference map
captures the motion flow of the environment and solves the problem of associating the measure-
ments of different scans. Each scan was also clustered to obtain prior hypothesis of dynamic
objects consisting of all scan points belonging to this cluster. Given the difference map and point-
cloud clusters we proposed two different features for learning. Firstly, for each laser measurement
we extracted its local environment from the current occupancy map and the difference map. This
so called map patch constituted the first feature. Secondly,we applied a set of Gabor filters to the
difference map patches and used its resulting16 dimensional representation, as a second feature.

In Chapter 3 we showed that predicting the speed and heading of a moving object can be
regarded as a regression problem inferring the two latent functions from data. We also showed
that it is advantageous to choose a different parameterization of the heading such that the function
to be inferred is continuous. Therefore we parameterized the heading using its sine and cosine
representation. Although the latent function is continuous on its output, we faced the challenge
of learning two separate functions.

As another key insight to the problem of motion prediction, we observed that only few parts
of a dynamic object may appear to be moving. This fact lead to two problems. Firstly, only few
of the collected samples contained information about the movement of the object. Secondly, we
had to find a measure for deciding which samples are suitable for motion prediction and which
are not. To tackle the first problem we used importance sampling. A sample set was selected
based on importance weights computed from the occupancy change modeled by a difference map
patch. The second problem was tackled using Gaussian process regression which results in a
mean prediction and an estimation of the variance.

Because of the high dimensional data and the number of training samples used, we had to rely
on an approximation of a Gaussian process, the sparse GP withpseudo-inputs. To better model
the noise function a heteroscadestic extension of the sparse GP was applied also. A prediction of
the motion of a dynamic object is obtained merging all the single predictions for the points of a
pointcloud cluster based on their predictive variance.

In Chapter 4 we demonstrated that using map patches as local features, our approach results



5 Conclusions

in a competitive overall performance (see 4.5), compared tothe state of the art methods ICP and
Kalman filtering (based on the constant velocity motion model). The angle prediction using the
Gabor features did not show such a good result. However, considering the low number of samples
that could be used as well as the high-dimensionality and challenging distribution of the data, the
accuracy obtained is remarkably high.

Our approach offers several advantages, although it does not perform better then state of the
art methods in every situation:

• Only local motion features are used. A modeling of possibly occurring object classes is not
needed.

• A data association based on matching objects or finding finding point-to-point correspon-
dences between laser measurements is not needed. Instead weuse a grid map to solve the
data association problem. The experiments showed that especially in situations in which
the number of measurements ending on the tracked object changes significantly or only few
measurements are available in general, the ICP algorithm ran into problems. Our approach
instead does not depend on the number of measurements as much.

• Our approach can efficiently be implemented in parallel which, for example, is not possible
for the ICP algorithm. Each of the single predictions can be computed independent of each
other. This is an advantage when implementing such a method in hardware, for example.

In addition to estimating motion directly, the GP approach could also be used to improve the result
of the existing methods. One possible application could be improving the motion model of the
Kalman filter using the speed prediction of the GP. Another application is a better initialization of
the ICP transformation. A better initialization would reduce the probability that the ICP algorithm
converges to a local maximum solution and lead to a better performance of ICP.

In general, predicting motion based on local features is indispensable for a operating au-
tonomous agents robustly in a dynamic environment. While our approach already shows good
results, improvements are possible. Some ideas for future research are given in the next chapter.
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Despite the promising results, there are possible improvements in several areas like feature ex-
traction and learning. The better generation of features could aid an improved mapping. Reliably
extracting the ground plane from the scans could result in better and more stable features. In prin-
ciple, a laser with a higher frequency should also result in better features. The higher the turning
rate the smaller the map patches can be. Smaller map patches means a smaller dimensionality and
problem size. In addition, the patches become more independent of the structure of the underlying
object.

Additionally to using map patches as a feature for regression, dimensionality reduction tech-
niques could be applied. In this thesis, Gabor filters were used to reduce the dimensionality but
their usage did not show a satisfactory result. Other, more general dimensionality reduction tech-
niques that could be applied include the Principal Component Analysis (PCA) which reduces the
dimension such that the information that explains the variance of the data is kept. The Canon-
ical Correlation Analysis (Hotelling[1936]) seems to be a promising approach, too. It finds a
projection of both, the multi-dimensional input and outputvariables such that their correlation is
maximized.

As we have seen in Chapter 3 the data set used for learning is heteroscedastic but the noise
function does not yet seem to be learned correctly. The SPGP-HET seems to be very prone to
overfitting the noise function. Thus, the noise function could be learned using the approach by
Kerstinget al. [2007] which was also introduced in Section 3.1.3. This approach uses a second
GP to learn the noise function and might not be as susceptibleto overfitting. While the individual
noise parameters of the SPGP-HET can be seen as modeling a non-stationary noise function, the
approach by Kerstinget al. has the advantage that the covariance function governing the noise
function can be chosen arbitrarily. Choosing a smoothly changing covariance function, as the
squared-exponential function, might result in a estimatednoise function that does not to overfit
as much. Another reason for errors in the estimation of the noise function, might be the sample
selection method applied. By selecting training samples based on importance weights the number
of samples with a high variance decreases. One solution could be using a higher number of ran-
domly selected training samples. However, considering thehigh dimensionality of the data this
solution is not feasible.

Although the SPGP reduced the computational complexity, the number of parameters to be learned
increased largely because of the pseudo-inputs. Therefore, although learning the pseudo-inputs
seems a good choice if the number of dimensions is low, learning them in a high-dimensional
space is difficult. Other GPs that are based on using inducinginputs, e.g., using a subset of the
training data (see Section 3.1.3), should be considered instead.
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