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Abstract

In this Thesis we present a navigation solution for a mobile robot. The proposed
system uses vision input to enable the robot to build a feature based map of
its environment, localize efficiently itself without any artificial markers or other
modification, detect and track the moving objects, and navigate without colliding
with obstacles.

The Simultaneous Localization and Mapping (SLAM) process is tackled as a
stochastic problem using Extended Kalman Filter (EKF). Our contribution con-
sists in building a global map of the environment based on several local maps.
The SIFT features are used in our implementation and their descriptors are used
as a matching constraint. The 3D initialization of the features is based on the
visual geometry theory.

To avoid using outlier features, a motion segmentation and estimation (MSE)
process is used to detect the moving part of the scene. Subsequently, during map
building, the detected features on the moving parts are excluded. The MSE pro-
cess consists in camera motion estimation and compensation, scene cut or strong
camera motion detection, background Gaussian Mixture Model (GMM) model
update, and a Maximum a Posteriori Probability Markov Random Field (MAP-
MRF) framework to detect the moving objects in the scene and estimate their
motion. Two methods for camera motion estimation and compensation are used,
one uses the 2D projection of the 3D motion estimated in the SLAM process and
the other method uses the dense motion analysis proposed by Dufaux and Kon-
rad.

We considered also the case, where the robot is equipped with other localization
sensors such as inertial navigation system (INS), wheel encoders, and a global
positioning system (GPS). Two solutions are considered. The first consists in
integrating the data from the INS and encoders data in the dynamic model of the
vehicle to estimate it’s motion in the SLAM process and using the GPS data for
geo-localizing the robot and the built map. The second solution consists in using
the data from the INS and encoders in a Kalman filter to correct the GPS data,
the estimated linear and angular velocities by this filter are used as prediction
in the SLAM filter and the output of this one are used to update the dynamics
estimation in the integration filter. This solution will increase the accuracy and
the robustness of the positioning during the outage of the GPS system and allows
a SLAM in less featured environments.

xvii



xviii Abstract

The estimated map is used in a path planning process to generate a list of way-
points allowing the robot to reach the user defined goals. The robot uses then a
navigation process to follow the planned path and avoiding the unplanned obsta-
cles or moving objects in the scene. For this procedure, added to vision, infrared
and ultrasound sensors are used for obstacles detection.

The navigation procedure is based on two fuzzy logic controllers: a goal seeking
controller and an obstacle avoidance controller. The goal seeking controller tries
to find the path to the intermediate waypoints, while the obstacle avoidance con-
troller has for mission to avoid obstacles. The 3D position of the moving obstacles
is estimated using the epipolar geometry applied to the detected features on the
moving objects. A command fusion scheme based on a conditioned activation for
each controller arbitrates between the two behaviors. The reinforcement learning
algorithm is used to adapt the obstacle avoidance fuzzy controller.



Résumé

Cette these introduit une approche pour la navigation de robot mobile en utilisant
la vision par mono camera pour la construction d’une carte de ’environnement, la
localisation du robot dans la carte construite, et la navigation sécurisée du robot
dans son environnement.

La localisation et la cartographie de I’environnement sont traitées simultanément
par le processus SLAM sous forme d’un probléme stochastique en utilisant le fil-
tre de Kalman étendu. Notre contribution consiste dans la construction d’une
carte globale de I’environnement base sur plusieurs cartes locales pour simplifier
la complexité du probleme. Les points caractéristiques utilisés pour modéliser
I’environnement sont de type SIFT et leur profondeur est estimée par la théorie
de la géométrie visuelle.

Pour éviter d’utiliser les points caractéristiques associés aux objets mobiles dans
le modele de 'environnement nous utilisons un processus de segmentation et
d’estimation de mouvement dans les squences vidéo. Ce processus estime le mou-
vement de la camera pour I’éliminer, détecte les coupures de scéne ou grand
mouvement dans la séquence vidéo, met jour le modele GMM représentant le
fond de la scene, et détecte les objets en mouvement et estime leur mouvement
par un estimateur du maximum posteriori du Champs aléatoires de Markov.
Le mouvement de la camera est estimé par deux approches: la premiere par la
projection du mouvement 3D estimé par le processus du SLAM et la deuxieme
par la technique de 'analyse du mouvement dans le plan de 'image proposée par
Dufaux et Konrad.

Nous avons considéré aussi le cas o le robot est équipé avec d’autres capteurs
de localisation tels que les systeémes inertiels INS, les encodeurs des roues, et
les systemes de positionnement global GPS. Deux solutions sont proposées. La
premiere consiste intégrer les données de 'INS et des encodeurs dans le modele
dynamique du véhicule pour estimer son mouvement dans le processus du SLAM
et utiliser les données du GPS pour géo-localiser le robot et la carte construite.
Tandis que dans la deuxieme approche les données de I'INS et des encodeurs sont
utilisées dans un filtre de Kalman pour corriger les données du GPS et les vitesses
linéaires et angulaires estimées par le filtre sont utilisées comme prédiction au
filtre du SLAM. Cette derniéere solution augmente la précision et la robustesse
du positionnement durant 1’absence du signal GPS et permet un SLAM dans des
espaces moins texturés.
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XX Abstract

La carte construite de I’environnement est utilisée pour une planification globale
des trajectoires libre. Ces derniers sont définis sous formes d’une liste de points
but. Le robot utilise ensuite un processus de navigation pour suivre les chemins
planifiés et éviter les obstacles non représenté dans la carte et les objets en mou-
vement. Pour cette tche de navigation le robot utilise en plus de la vision par
camera, des capteurs ultrason et infrarouge. Le processus de navigation est basé
sur les contrleurs en logique floue adaptés par ’apprentissage par renforcement.



Introduction

Autonomous navigation of robots has been of research interests since the be-
ginning of robotics. Much progress has been made in the area but building a
fully functional autonomous navigation system is still facing technical as well as
computational problems. To reach a reasonable degree of autonomy, two basic
requirements are needed: sensing and reasoning. Sensing is provided by on board
sensory systems that gather information about the robot itself and the surround-
ing environment. According to the environment state, the reasoning system allows
the robot to localize itself in the environment and to seek for free paths to reach
its goal.

To accomplish these two tasks, the reasoning system requires a model or a
description of the environment, which is not always available. In this case the
robot should have the means to build such a model over time as it explores its
environments. This is known as mapping problem.

Mapping and localization are interlinked problems: without a precise map, the
robot cannot localize itself using the map. On the other hand, without precise
knowledge of its pose (spatial position and orientation), the robot cannot build
a representation of its environment. In combination, however, the problem is
much difficult. In this case, starting from an unknown location in an unknown
environment, an autonomous mobile robot should be able to incrementally build
a map of the environment using only relative observations of the environment
and then use this map to localize itself and navigate. Such is referred to as
Simultaneous Localization and Mapping (SLAM) approach [1, 2] or Concurrent
Mapping and Localization (CML) [6, 7, 8].

Knowing its position in the scene and based on the constructed map, the
robot uses a path planner to compute the more safe trajectory to reach its goal
[224, 225]. While navigation, a mobile robot should take into account the possible
existence of unmapped obstacles or moving objects in the scene [151].

Several works have been realized in this area of mobile robot navigation [151,
58,17, 20, 71, 79, 87, 88], but in general, these works are specialized and dedicated
to solve a specified part of the problem and only few works have tried to solve
the global problem as in [89].

In this dissertation we present a navigation solution for a mobile robot in large
sized environments. It enables the robot to build a map of its environment, localize
efficiently itself without any artificial markers or other modification, detect and
track moving objects, and navigate without colliding with obstacles.
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The proposed system uses vision input to detect and track moving objects,
build a feature based map of the environment and localize the robot. For the
obstacle avoidance, apart from vision based moving object detection, the robot
uses ultrasound and infrared sensors. The algorithm consists in three processes
as illustrated in figure 1.
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Figure 1: Navigation System for Mobile Robot
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Simultaneous Localization and Mapping (SLAM) process

Using this process the robot builds a feature-based map of the environment and
uses this map to localize itself. The SLAM problem is tackled as a stochastic prob-
lem using Extended Kalman Filter (EKF) with linear Gaussian approximations
for the map and vehicle position and uncertainties.

Our contribution consists in building a global map of the environment based
on several local maps. Each local map is a feature based 3D representation of
the environment. The grouping of the local maps is realized in two manners:
by transforming the coordinates of the local map features in a global coordinate
frame system or by saving only the robot positions where it started to build
the local maps. From the usage point view, SIFT features are used for the 3D
reconstruction and their descriptors are used as a matching constraint. For the
initialization step we propose an approach based on multiview geometry.

For a robust matching we use a product of three parameters: the Mahalanobis
distance between the measurements and their predictions, the Euclidean distance
between the descriptor vectors of the features, and the distance of the feature
to the induced epipolar line (epipolar constraint). These constraints allow com-
bining the system model, the multiview geometry and the scale-space invariance
parameters.

We considered also the case, where the robot is equipped with other local-
ization sensors such as inertial navigation system (INS), wheel encoders, and a
global positioning system (GPS). Each of these sensors can be used separately by
the robot for its localization but it’s subject to a lot of error sources affecting the
accuracy of the obtained robot location. In this work we proposed two solutions.
The first consists in integrating the data from the INS and encoders data in the
dynamic model of the vehicle to estimate it’s motion in the SLAM process and
using the GPS data for geo-localizing the robot and the built map. The second
solution consists in using the data from the INS and encoders in a Kalman filter
to correct the GPS data, the estimated linear and angular velocities by this filter
are used as prediction in the SLAM filter and the output of this one are used
to update the dynamics estimation in the integration filter. This solution will
increase the accuracy and the robustness of the positioning during the outage of
the GPS system and allows a SLAM in less featured environments.

Motion segmentation and estimation process

To avoid using outlier features in the built map, a motion segmentation and esti-
mation (MSE) process is used to detect the moving part of the scene and estimate
their motion. Subsequently, during map building, the detected features on the
moving parts are excluded. The MSE process combines a Gaussian Mixture Model
(GMM) background subtraction approach and a Maximum a Posteriori Probabil-
ity Markov Random Field (MAP-MRF) framework. This enables us to exploit the
simplicity and capability of the GMM approach to adapt to illumination changes
and small motions in the scene and the advantages of spatio-temporal dependen-
cies that moving objects impose on pixels and the interdependence of motion and
segmentation fields.
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This process compensates the camera motion based on the 3D camera motion
estimated by the SLAM process. The compensated frame is used, to update the
GMM model of the background. The means and covariances of the Gaussians are
learned from color observations in consecutive images.

The MAP-MREF framework is used to optimize the segmentation and estimate
the motion filed of the moving objects. A feedback of the MRF optimization
results to update the background model enables the acceleration of the learning
of the new stationary regions and therefore avoids the fragmentation problem in
the detected mask of moving objects.

To be used in the SLAM process, to avoid the outlier features, a tracking
function is used to predict the position of the detected moving objects based on
their motion.

Path planning and navigation

The obtained feature based map is exploited by a global path planning algorithm
to generate a list of waypoint allowing the robot to reach the user defined goals.
The robot uses a navigation process to follow the planned path and avoiding the
unplanned obstacles or moving objects in the scene. For this procedure, added to
vision, infrared and ultrasound sensors are used for obstacles detection. The nav-
igation procedure is based on two fuzzy logic controllers: a goal seeking controller
and an obstacle avoidance controller. The goal seeking controller tries to control
the robot towards the intermediate waypoints, while the obstacle avoidance con-
troller has for mission to avoid obstacles. The 3D position of the moving obstacles
is estimated using the epipolar geometry applied to the detected features on the
moving objects. A command fusion scheme based on a conditioned activation for
each controller arbitrates between the two behaviors. The reinforcement learning
algorithm is used to adapt the obstacle avoidance fuzzy controller.

The remainder of this dissertation is organized as follows. In chapter 1, a state
of the art on the SLAM problem is presented and then the proposed algorithm is
detailed. Chapter 2 discusses the motion segmentation and estimation problem
and the proposed approach. Chapter 3 describes the navigation process. The
implementations and the results of the different part of the algorithm are presented
in the corresponding chapters. We conclude with a general conclusion.



Chapter 1

Simultaneous Localization
And Mapping

1.1 Introduction

The recent research in robotics aims at developing autonomous mobile robots
which can navigate independently in often very complex real environments. These
robots are equipped with (i) a perception system to collect information about their
environments, (ii) a reasoning system to treat the collected information and to
decide based on it, and (iii) a locomotive system to reach its goal.

The reasoning system is the central unit in an autonomous robot. According to
the environment state, it must allow the robot to localize itself in the environment
and to seek for free paths. To accomplish these two tasks, it bases it reasoning
on a model or a description of the environment. The environment model is not
always available and hence the robot should have the means to build such a model
over time. This latest problem is known as mapping problem.

If the robot’s pose (spatial position and orientation) is known all along, build-
ing a map would be quite simple. In the opposite, if a map of the environment
exists already, it will be very easy to determine accurately the robot’s pose at any
time. Solving the mapping problem in conjunction with the localization problem,
however, is much harder. The literature refers to this problem as Simultane-
ous Localization and Mapping (SLAM) [1, 2, 3], Simultaneous Localization and
Map Building (SLAMB) [4, 5], or Concurrent Mapping and Localization (CML)
[6, 7, 8].

The SLAM problem is tackled as a stochastic problem and it has been ad-
dressed with approaches based on Bayesian filtering. The main problem of those
approaches is that the computational complexity growth with the size of the
mapped space, which limits their applicability in large-scale areas. In the case of
vision based SLAM approaches, other challenges have to be tackled, as the high
rate of the input data, the inherent 3D quality of visual data, the lack of direct
depth measurement and the difficulty in extracting long-term features to map.

5
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Due to those factors, there have been relatively few successful vision-only SLAM
systems which are able to construct persistent and consistent map while closing
loops to correct drift.

In this work, we focus on monocular vision-based SLAM where a single camera
is moving through a large-scale environments. This case is interesting because it
potentially offers a low-cost approach to SLAM in unknown environments. The
well known approach in this area, is the MonoSLAM algorithm of Davison et
al. [9]. This is a real-time SLAM approach for indoors in room-size domains,
which recover the 3D trajectory of a monocular camera, moving rapidly through
an unknown scene. Davison’s algorithm is not suitable in larger environments.

To be able to use SLAM algorithms in large areas, in this dissertation we
propose to build several size limited local maps and combine them into a global
map using an "history memory’ which accumulates sensory evidence over time to
identify places with a stochastic model of the correlation between map features.
In our implementation, the dynamic model of the camera takes into account that
the camera is on the top of a mobile robot which moves on a perfect ground-plane
at all times and the SIFT feature detector is used instead of Shi and Thomasi
algorithm as in [9]. The SIFT features are proved to remain stable to affine
distortions, change of viewpoint, noise and change in illumination. Using SIFT
features allows also a more reliable feature matching by using the advantage of
the scale-space invariance parameters of the SIFT features.

An other problem for SLAM methods is change over time of the environment
[10, 11, 12]. Some changes may be relatively slow, such as the change of appear-
ance of a tree across different seasons, or the structural changes that most office
buildings are subjected to over time. Others are faster, such as the change of
door status or the location of furniture items, such as chairs. Even faster may be
the change of location of other agents in the environment, such as cars or people.
Unfortunately, there are almost no mapping algorithms that can learn meaningful
maps of dynamic environments. Our study is limited to the case of dynamic en-
vironments with moving objects. To deal with this problem, we use the proposed
algorithm for motion segmentation in chapter 2 to remove the outliers features
which are associated with moving objects.

A successful SLAM algorithm should allow a robot navigating in an environ-
ment and returning to the starting point without losing its way. This situation
becomes an even more difficult problem if the return route is different from the
departure one. This is referred to as closing the loop. Without an absolute posi-
tioning sensor, the robot cannot be certain about its location relative to the start
as it explores unknown areas. Consequently, to recognize when it has returned
to the start, the robot should identify some of the perviously seen landmarks. In
this sequel, we propose also some solutions to this problem.

The chapter is organized as follows, section 1.3 gives an overview of the lo-
calization and mapping problems for mobile robot navigation. Section 1.3.3 in-
troduces the monoSLAM approach [9] and discuss its limitations. Then, section
1.5 describes the proposed approach and section 1.6 discusses the implementation
and the experimental results.

At the end of this chapter, we consider the case of a mobile robot for outdoor



1.2. Coordinate Systems - Definition and Transformation 7

applications equipped, added to the vision camera, with other sensors for localiza-
tion as a Global Positioning System (GPS), an Inertial Navigation System (INS),
and wheels encoders. Two solutions are proposed in this case, one using the en-
coders and the INS sensors in the system dynamic model for motion estimation
in the SLAM process and the GPS data for geo-referencing the results (the robot
position and the map). The second approach uses a separate filter to integrate
the GPS, INS, and encoders data to correct the geo-localization. The linear and
angular velocities in the dynamic model of the EKF-SLAM algorithm are given
by the GPS/INS/Encoders integration filter. In the other hand, the output of the
SLAM-EKEF is used to update the dynamics estimation in the integration filter
and therefore the geo-referenced localization.

1.2 Coordinate Systems - Definition and Trans-
formation

In this section we introduce the different coordinate systems which will be used
for robot navigation, localization and mapping.

1.2.1 Earth Centred Earth Fixed (ECEF or ECF) coordi-
nates

The Earth-centered Earth-fixed (ECEF or ECF) or conventional terrestrial co-
ordinate system (X% Y% ZF) rotates with the Earth and has its origin at the
center of the Earth (figure 1.1). The X ¥ axis is located in the equatorial plane
and points towards the mean Meridian of Greenwich. The Z¥ axis is parallel to
the Earths mean spin axis. The Y¥ axis can be determined by the right-hand
rule to be passing through the equator at 90° longitude.

1.2.2 Golobal coordinate system

For the navigation and the SLAM we consider a global coordinate system G(X %Y, Z%)
(figure 1.1) formed by a plane tangent to the Earth’s surface, which is fixed to

a specific location with known geodetic coordinates (it can be the initial robot
position or any other location). The X¢ axis points towards the east, the Y¢

axis points towards the North and the Z¢ axis points vertically upwards.

1.2.3 Transformation from Geodetic coordinates to ECEF
coordinates

In geodetic coordinates the Earth’s surface is approximated by an ellipsoid and
locations near the surface are described in terms of latitude ®, longitude T,
and altitude ¥. Geodetic coordinates can be converted into ECEF coordinates
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Figure 1.1: The ECEF and the global coordinate systems

(P, yE | 2F) using the following formulas [13]:

¥ = (x4 ¥)cos(®)cos(T)
y? = (x + ¥)cos(®)sin(I") (1.1)
2P = (x(1 —e?) + 1) sin(®)

where x = a/+/(1—e2sin?(®)) is the distance from the surface to the Z¥-axis
along the ellipsoid normal. @ and e? are the semi-major axis and the square of
the first numerical eccentricity of the ellipsoid respectively (a = 6356752.3142m
and e? = 6.69437999014 x 10~3).

1.2.4 Transformation from ECEF coordinates to G coordi-
nates

Let’s consider that the coordinate system G is at a location O with geodetic coordi-
E yB )

nates (¢0,I'0,¥0) and ECEF coordinates (x5, y5, 25). The location (¥, y¥, 2

in the ECEF coordinate system is converted into the G coordinate (z¢,y¢, 2%)
using the following equations [13]:
z¢ —sin(Tp) cos(T'o) 0 P — b
y¢ | = | —sin(®o)cos(lp) —sin(®o)sin(To) cos(®o)| |yF —vE| (1.2)
2¢ cos(®p)cos(Ip)  cos(®o)sin(lp)  sin(Po) | [2F —2&

1.2.5 Transformation from G coordinates to ECEF coordi-
nates

This is just the inverse of the transformation from ECEF to G systems.
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P —sin(lp) —sin(®p)cos(To) cos(®o)cos(To)] [2¢ x5

yP| = | cos(Tp) —sin(®p)sin(To) cos(®o)sin(To)| |v°| + |vE

2P 0 cos(®p) sin(®p) 2C 2E
(1.3)

1.2.6 Robot, INS, Camera and Image coordinate systems

We also define (figure 1.2):

e The robot coordinate system R (X® Y% Z) located at the robot center of
gravity, with XY plan parallel to the ground and the X axis points towards the
robot’s direction. The Z axis points vertically upwards.

e The INS (Inertial Navigation System) coordinate system L with its axes
parallel to the robot frame axes and it center at (zf,y%, z[*) in the robot frame
R.

e The camera coordinate system C with origin at (zf, yf 22) in the robot
frame R and axes parallel to the robot frame axes.

e The image plane coordinate system I with origin at the bottom left corner
of the image. The X and Y axes are parallel to the Y and Z axes of the camera,
respectively.

ZC

camera center
of projection

Optical
Axis

Robot Frame
Inertial Frame

Figure 1.2: The Robot, Camera, and Inertial coordinate systems

The coordinates (2%, y't, 2f*) of a point int the R frame are transformed to G
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coordinates (z%,y%, 2%) by:

z¢ cos(y,) —sin(y,) 0] [zF z¢
yo | = |sin(y.)  cos(y)  Of [y7] + [ud (1.4)
2@ 0 0 1] | 2% h

where the (&, y%, 2&) are the robot coordinates in the G frame systems. In
our application z¢ is always null. & is the hight of the robot coordinate system.
v is the robot orientation (yaw).

The transformation from C and L to R are given by:

_IR_ _.’,Uc_ _l:g_
y? | = yo | + |yF (1.5)
_ZR_ _ZC_ Zf

and L o o
.’,CR xL "Ef
y® = |y* | + |yf (1.6)
_ZR_ _ZL_ Zﬁ

In the following all computations will be made in the global coordinate system
G and hence we will omit the subscript G for notation clarity.

1.3 Simultaneous Localization and Mapping - An
overview

1.3.1 Localization and Mapping

Localization for a mobile robot is the problem of finding out where a robot is,
based on sensory data. This localization can be global or local. In the case of
local localization, called also pose tracking, the initial estimation of the robot
pose (position and orientation) is known. This estimate is updated based on the
sensory data during the robot navigation.

Using only sensors that measure relative movements, the error in the pose es-
timate increases over time as errors are accumulated. Therefore, external sensors
are needed to provide information about the absolute pose of the robot. This
is achieved by matching the sensors measurements with a model of the environ-
ment. If a good initial estimate is given, the correspondence or data association
problem is easier. It does not consider the entire space when looking for the cor-
respondence, but rather only a relatively small region around the estimated pose
[14].

In the other hand, for global pose estimation [15, 16], being the ability of
determining the robot’s pose in a map using its sensors, data association is more
complicate and depends on the complexity of the environment.

Moreover, if the map does not exist, the robot should have the means to build
one. Schematically, the problem of map building consists of the following steps:
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(i) Sensing the environment at time ¢ using onboard sensors (e.g., laser scanner,
vision, or sonar); (ii) Representing of sensor data ; (iii) Integrating the recently
perceived observations at time ¢ with the previously ’learned’ structure of the
environment estimated at time ¢ — 1.

The environment models (maps) used for robot navigation can be grouped into
two categories: metric maps or topological map. Metric maps [17, 18, 19] are high
resolution geometric representations with an explicit Cartesian reference frame.
Building metric maps depends critically on accurate position information. On the
other hand topological maps [17, 18, 20, 21] represent the environment as a graph
of interconnected places without taking into account their absolute position with
respect to a coordinate system. In other words, topological maps can be built and
maintained without any estimates for the position of the robot. As a result, they
can be used to represent large area maps since all connections between nodes are
relative, rather than absolute. Other technics integrate topological and metric
representations [17, 18, 22, 23, 24], where the environment is represented globally
as a graph of connected regions and each region is represented by a local metric
map.

Metric maps can be: (i) feature-based [25] where the environment is repre-
sented as a set of geometric primitives such as corners or lines, or (ii) grid-based
representations [19, 26, 27, 28] where the environment is represented as a grid of
occupied and free spaces. Localization in a metric map can be seen as multiple
target tracking problem where the targets are static and the observer in motion
[17].

Metric maps can be also classified as absolute or relative. In absolute maps
(Figure 1.3(a)), landmarks are represented in a single global coordinate frame.
An absolute map M.ps with NV landmarks is denoted in vector form as M,ps =
[x1,%2,...,xn5]T. Whereas in relative maps (Figure 1.3(b)), only the relationships
between individual landmarks are described. A relative map M, is denoted
in vector form as My = [...,xm-, ...]T, where x; ; is the relative state between
landmarks x; and x;. In case of point features the relative states are vectors
describing the displacement between point landmarks represented in a common
coordinate system:

Xij =Xj — X4
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Figure 1.3: Absolute and relative metric maps

1.3.2 Simultaneous Localization And Mapping

In case of navigation in an unknown environment starting from an unknown lo-
cation with no a priori knowledge [1, 2, 3, 4, 5, 6, 7, 8], a SLAM system simulta-
neously computes an estimate of the robot location and the landmarks locations.
While continuing its motion, the robot builds a complete map of landmarks and
uses these to provide continuous estimates of the vehicle location.

Techniques for solving the SLAM problem have focused in using probabilis-
tic methods taking account of the uncertainty in the measurement. Two main
groups of techniques have been considered depending on the way of representing
such uncertainty: a) Gaussian filters and b) non-parametric filters, which will be
discussed later in this chapter.
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1.3.3 Vision based SLAM

SLAM Methods using cameras to observe the environment are referred to as vision
based SLAM approaches [29, 30, 14, 31, 32, 33]. In an image, several information
associated with objects within the scene, such as width, height, color and texture
could be inferred. Using current image processing techniques of edge and corner
detection, features can be distinguished and identified in a single image frame.
Inherently, 2D images cannot provide the distance information of these features;
they do however return a bearing to the feature, relative to the camera. Repeated
observations and position estimates of the camera, then allow triangulation of the
feature’s global position, which can then be used in the SLAM algorithm. This
method is known as Bearing-Only SLAM [17, 34, 35, 36, 37].

1.3.4 SLAM Formulation

Consider a mobile robot moving through an unknown static environment. The
robot executes controls and collects observations of features in the world. Both the
controls and the observations are corrupted by noise. Simultaneous Localization
and Mapping (SLAM) process recovers a map of the environment and the path
of the robot from a set of noisy controls and observations. As error in the robot’s
path correlates errors in the map (due to control error, the robot’s pose becomes
more uncertain as the robot moves and therefore the uncertainty in the estimated
positions of newly observed landmarks also increases), the state of the robot and
the map must be estimated simultaneously.

The vehicle travels through the environment using its sensors to observe fea-
tures around it. The state of the system at time ¢ (figure 1.4) can therefore be
represented by the augmented state vector, x’, consisting of the 7, dimensional
vector representing x!, and the N observed landmarks, x!, i = 1,..., N, relative
to the global frame.

x' = (1.7)

The vehicle state at time ¢, x%, may contain any number of properties of the

vehicle, including location, velocity and acceleration for example. This informa-
tion can be generated using odometers attached to the wheels of the robot, inertial
navigation units, or simply by observing the control commands executed by the
robot. Regardless of origin, any measurement of the robot’s motion will be re-
ferred to generically as a control. The control at time ¢ will be written . The
observations z! of the robot at time ¢ are the detected landmarks.
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Figure 1.4: System Model in a SLAM algorithm

Using the above defined notation, the primary goal of SLAM is to recover the
best estimate of the system state (the robot pose and the landmarks positions),
given the set of noisy observations z‘ and controls £°.

In probabilistic terms, this is expressed by the following posterior, referred to
in the sequel as the SLAM posterior:

p(x' | 2", ¢") (1.8)

Dynamic Model
The dynamic model or motion model is the relationship between the robot’s
paste state, x! 7!, and its current state, x’, given a control input &*

x =f (xt_l,ft,l/t) (1.9)

T

Where the transition function f is a function representing the mobility, kinematics
and dynamics of the robot and v is a random vector describing the unmodelled
aspects of the vehicle (process noise such as wheel sleep or odometry error).

The dynamic model can also be represented as a probabilistic function:

p(x; | %716 (1.10)
Observation Model

The observation model describes the physics and the error model of the robot’s
sensor. The observations are related to the system state according to:
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z' =h(x') +w' (1.11)

Where z! is the observation vector at time ¢ and h is the observation model.
The vector z! is an observation at instant ¢ of the i’th landmark location x!
relative to the robot’s location x¢. This type of observation will be referred to as
a vehicle-landmark observation.

w is a random vector describing both measurement noise and uncertainties in
the measurement model itself (observation noise such as sensor inaccuracy).

In probabilistic notation, the observation model can be represented by:

p(z" | x') (1.12)

Given a model for the motion and observation, the SLAM process consists of
generating the best estimate for the system states given the information available
to the system. This can be accomplished using a recursive, three stage procedure
comprising prediction, observation and update of the posterior. This recursive
update rule, known as filtering for SLAM, is the basis for the majority of SLAM
algorithms.

For a robust estimation of the vehicle and landmarks states, the SLAM prob-
lem has been addressed with approaches based on Bayesian filtering, with a pre-
diction and an update steps. A SLAM solution method can be summarized with
the algorithm given in figure 1.5. In the prediction step, the system state is
predicted from the previous state based on the motion model of the robot

p(xt el xt (1.13)

The estimated state x*1*~! is used to predict the measurement z**~* = h(x**-1)

which will be matched with current measurement z‘. If a matching is found for
a given feature (this means that the feature has been re-observed), the process
state is updated based on measurements of the map made at time step ¢ (this is
the update step).

p(x'" [ 2", ¢") (1.14)

If no matching is found for the current measurements, the algorithm check
if these measurements correspond to candidate features and augment the system
state with the state of the new features.



16 Chapter 1. Simultaneous Localization And Mapping

ut -

| !

Process Model
xt =t ut)+ut

!

Ohservation Model
zt = hietr wt

Data Association | Mot Matched | Map managment

- t .
z ™ 2 observation of 2t 2 new feature?
feature I7
Matched
£t New|Feature
¥ ¥
Bavesian Filter Update Feature Initialization

Figure 1.5: The general steps of a SLAM algorithm

SLAM filtering implies that a problem involving N landmark will require the
estimation of a mean state vector of size M (M = N xny+mn,)) and an associated
covariance matrix of size M? [38], with ny, and n, are the size of the feature and
the robot states respectively. Also each vehicle-observation requires M? update
time and a storage size of M? to maintain the joint covariance matrix. So the
overall computational costs grow quadratically with the number of landmarks.

1.3.4.1 Gaussian Filters

Extended Kalman Filter (EKF) is the most well-known Gaussian filter for treating
the SLAM problem, where the belief is represented by a Gaussian distribution.
The main goal of EKF (see annex C for more details on Kalman Filtering) is the
estimation of the current state of a dynamic system by using data provided by the
sensor measurements. Extended Kalman Filter is a recursive system, that only
uses the information of the previous step and the actual measurements in order
to estimate the current state and update the system. Whenever a landmark is
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observed by the on-board sensors of the robot, the system determines whether it
has been already registered and updates the filter. In addition, when a part of the
scene is revisited, all the gathered information from past observations is used by
the system to reduce uncertainty in the whole mapping. This strategy is known
as closing-the-loop.

In EKF-based SLAM approaches [39, 40, 9], the environment is represented
by a stochastic map M = (%, P), where x is the estimated state vector containing
the vehicle state x, and the environment features state x;, ¢ = 1---N, and P
(equation 1.15) is the error covariance matrix, where all the correlations between
the elements of the state vector are defined. M is built incrementally, using the
set of measurements z* obtained by sensors such as cameras or lasers.

Pzr le .. P%N
Pt P, ... P

P = E[(x &) )T =] " TN v (1.15)
PY, Pl - Py

The sub-matrices, P, P,; and P;; are, respectively, the robot to robot, robot
to feature and feature to feature covariances. The sub-matrices P;; are the feature
to feature cross-correlations. x and P will change in dimension as features are
added or deleted from the map.

The Extended Kalman Filter performs the two previously described steps: a)
the prediction step, which estimates the current state based on the previous states
and the control &; and b) the update step, which uses the current information
provided by robot on-board sensors to refine prediction.

Prediction
At each time step of the filter we obtain the predicted state x and covariance
P using the state transition function.

£ (Xt—1|t—1 ¢
«tt=1 — X§—1|t—1 (1.16)
Ptlt—l — FPt—llt—lFT 4 Qt—l (117)
where
of of
F=— =di 1
ox xt—1]t—1 1ag <8XT x:l—l\t—l ’ >

is the Jacobian of f with respect to the state vector x and Q is the process noise
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covariance.

Update

The update to include a new measurement incorporates the innovation e,
which is the difference between the observation and its prediction, and the covari-
ance S. We also inject the measurement noise via covariance R.

xtt = xtt=1 L wiet (1.18)
plt = pit-1 — wtstwt” (1.19)
Where
Wt = pilt-THT (8! (1.20)
St = HP!'""'H + R! (1.21)
e =1z —h(x'lth) (1.22)

Q and R are block-diagonal matrices defining the error covariance matrices char-
acterizing the noise in the model and the observations, respectively.

W is the Kalman Gain, S is the innovation covariance and H is the Jacobian
of the measurement model h with respect to the state vector:

_ oh

o0x xtlt—1

H

A measurement of feature x; is not related to the measurement of any other
feature so

oh _ oh | on
ox 0%, 0x;

0 -] (1.23)

where h; is the measurement model for the i’th feature and then

oh; _ oh;T oh, . on;T Oh; . dh;T  Oh; . oh;T
+ + + —

Si:aixr TTTXT ﬁixz irTXT TXT m‘aixi ox, ”(97)(1

+R(1.24)

which depends only on the measurements of the feature ¢ and the vehicle state.
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The best way to view the update step is as a correction to the prediction,
based on the measurement and weighted by W to favor the prediction or the
measurement depending on the relative certainty of each (encoded by S). In the
prediction the uncertainty can only ever increase, because of the addition of pro-
cess noise, whereas the update step allows for a decrease since the measurements
are improving the knowledge of the state.

Initialization

In the creation of a new stochastic map at step 0, a base reference must be
selected. It is a common practice to build a map relative to a fixed base reference
different from the initial vehicle location. This normally requires the assignment of
an initial level of uncertainty to the estimated vehicle location. In the theoretical
linear case, the vehicle uncertainty should always remain above this initial level.
In practice, due to linearizations, when a nonzero initial uncertainty is used, the
estimated vehicle uncertainty rapidly drops below its initial value, making the
estimation inconsistent after very few EKF update steps [38].

A good alternative is to use, as base reference, the initial vehicle location, and
thus we initialize the map with perfect knowledge of the vehicle location.

Given a set of i measurements Z* = [z!,22, ..., 2’| we wish to initialize a new

entity L; (feature) into a stochastic map modelled as a mean xf " and covariance

matrix Pit It
Initialization consists of stacking the new landmark position x; into the map
as

x|t = [Xtt] (1.25)

t|t
X;

and defining the pdf of this new state conditioned on measurement z;.

The augmented covariance matrix is specified by:

dge _ | PP
pilt = pilt pit (1.26)

Figure 1.6 gives a graphic description to the augmentation of the state vector and
the covariance matrix with a new feature measurement.
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Figure 1.6: Representation of the EKF-SLAM state vector and covariance matrix
augmenting

1.3.4.2 Non-Parametric Filters

Simultaneous Localization and Mapping (SLAM) problem has also been tackled
by using non-parametric filters such as the histogram filter or the particle filter
(PF). The main difference compared to Gaussian filters is the possibility of dealing
with multimodal data distribution, using multiple values (particles) to represent
the belief [42].

Particle filter SLAM also known as FastSLAM decouples map of features from
pose. FastSLAM exploits the fact that if the robot pose was known all of the
features would be uncorrelated and processes all of the feature measurements
independently [42].

p(X?zt,xﬁ,...,x’Mzt,ft) =p(x 0t|z )p(xi,... X§V|zt §t)

p(x%z", ") ] p(xllxt, 2" ¢")

i=1:N

where x%? is the set of robot positions from time 0 to .

The SLAM problem is then decomposed into a robot path estimation problem
and a collection of feature estimation problems that are conditioned on the robot
path estimation. The robot path posterior p(x%|zt, £%) is represented by a set
of particles, and the distributions p(x!|xt,z’, ') are represented by particle sets,
where each set is attached to one particular robot particle.

Robot path estimation FastSLAM maintains a set of K particles Xi’[k],k =
1: K where the superscript [k] refers to the k-th particle in the set, obtained by
sampling from the motion model. Each particle represents a guess of the robot’s
path.

That is, each estate x' of the system can be represented by multiple particles,
one for each hypothesis.

x! = x[lm],xfm], ey xfm] (1.27)
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where each particle Xfm] represents m different hypotheses of the estimation
of the vehicle pose at a time step t, represented as:

Xfm] Np(xtlztvxt_]l) (128)

m

where x! and z® represent the estimated state of the vehicle and the measure-
ments at time step t.

In comparison with EKF-based filters, PF present more robustness to periods
of considerably uncertainty and sensor noise, due to its multi-modal data distri-
bution. However, Gaussian filters usually have a polynomic computational cost,
whereas the computational cost of a non-parametric filter may be exponential.
During last years, several interesting approaches based on particle filters have been
presented as an alternative to EKF-based techniques [41, 42], with the aim of solv-
ing the SLAM problem. Stachniss [41] proposes the use of a Rao-Blackwellized
particle filter for local map representation, combined with some techniques for
particle reduction and a ”Closing the loop” strategy. The strongest point of this
approach is the possibility of dealing with periods of great uncertainty, due to its
ability to recover already vanished hypotheses. This represents a considerable im-
provement with respect to EKF-based approaches, which do not allow to recover
hypotheses that have been already vanished in the past even if these hypotheses
were correct.

Alternatively, Montemerlo [42] has proposed a new PF-based approach named
FastSlam, which combines the use of particles with Kalman filters for map rep-
resentation. That is, each particle x‘fm] (composed by all the hypothesis of the
robot pose estimation at time state t) has, at the same time, K Kalman filters
representing each landmark pose estimation with respect to the vehicle pose.

8% = X{ps X1 fm]s P1m]s o XK [y P K ) (1.29)

where X’Em] represents all the hypotheses of the robot pose estimation at time
t (eq.1.27) and X [ and Pg [, represent the estimate state vector (mean)
and the covariance matrix of each landmark with respect to each particle. The
update process in FastSlam is carried out in the same way as in EKF approaches.
In addition, a weight is assigned to each particle depending on its reliability.

This hybrid method has provided reliable solutions to several problems of
EKF-based approaches such as the high computational cost that requires to up-
date filters containing considerable amount of data. That is, since the problem
is divided into multiple small Kalman Filters containing only Gaussians of two
dimensions (for 2D feature location), the computational cost can be reduced to
O(MlogK), where M is the number of particles and K the number of landmarks.
However, if the complexity of the environment requires the use of 3D data the
computational cost increases considerably, forcing the reduction of the number of
features at each step, which has a direct effect on the quality of the results.
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1.4 SLAM in large-scale areas

The main open problem of the current state of the art SLAM approaches and
particularly vision based approaches is mapping large-scale areas [9]. Relevant
shortcomings of this problem are, on the one hand, the computational burden,
which limits the applicability of the EKF-based SLAM in large-scale real time
applications and, on the other hand, the use of linearized solutions which com-
promises the consistency of the estimation process. Added to this, the challenges
posed by vision over laser sensors, which include the very high input data rate, the
inherent 3D quality of visual data, the lack of direct depth measurement and the
difficulty in extracting long-term features to map [9]. Due to those factors, there
have been relatively few successful vision-only SLAM systems which are able to
construct persistent and consistent map while closing loops to correct drift.

The computational complexity of the EKF stems from the fact that the covari-
ance matrix P? represents every pairwise correlation between the state variables.
Incorporating an observation of a single landmark will necessarily have an affect
on every other state variable. This makes the EKF computationally infeasible for
SLAM in large environment.

Methods like Network Coupled Feature Maps [17], Sequential Map Joining
[43], and the Constrained Local Submap Filter (CRSF) [44] have been proposed
to solve the problem of SLAM in large spaces by breaking the global map into
submaps. This leads to a more sparse description of the correlations between
map elements. When the robot moves out of one submap, it either creates a new
submap or relocates itself in a previously defined submap. By limiting the size
of the local map, this operation is constant time per step. Local maps are joined
periodically into a global absolute map, in an O(N?) step. Each approach reduces
the computational requirement of incorporating an observation to constant time.
However, these computational gains come at the cost of slowing down the overall
rate of convergence.

The Constrained Relative Submap Filter [44] proposes to maintain the local
map structure. Each map contains links to other neighboring maps, forming a
tree structure (where loops cannot be represented). The method converges by
revisiting the local maps and updating the links through correlations. Whereas in
the hierarchical SLAM [45], the links between local maps form an adjacency graph.
This method allows to reduce the computational time and memory requirements
and to obtain accurate metric maps of large environments in real time.

1.4.1 Hierarchical SLAM

The hierarchical SLAM approach [45] consists on the lower (or local) map level,
which is composed of a set of local maps that are guaranteed to be statistically
independent, and the upper (or global) level, which is an adjacency graph whose
arcs are labeled with the relative location between local maps (figure 1.7).

The local level contains the information of the local areas where features and
vehicle are represented with respect to a local reference frame. The global level
consists on a graph in which the relative locations between local maps are de-
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scribed. The size of local maps can be determined depending on each situation.

Global Level

&

< g, . ; 1

Local Level

Figure 1.7: Two level hierarchical SLAM model [45]

Each local map M; = MPBi = (xBi PPs) is composed by: 4) the state vector
%P, containing the pose of the vehicle x, and the features x;,4 = 1 : N with
respect to a base reference system Bj, and i) the covariance matrix PBi. The
base reference B; may be the initial current vehicle location when the map is
initialized, or it may be associated to a set of local features, such as corner,
a pair of points, etc. Data association process is carried out using Individual
Compatibility Nearest Neighbor (ICCN) to establish correspondences and Joint
Compatibility test to ensure the robustness of the matchings. In addition, each
local map must contain the relation between its reference frame and the one of
its neighbors, in order to estimate the global position of the vehicle when it is
required. The decision to close a local map M, and start a new local map is
made once the number of features in the current local map reaches a maximum,
or the uncertainty of the vehicle location with respect to the base reference of the
current map reaches a limit. The new local map M4, will have the the current
vehicle position as base frame, which corresponds to the last vehicle position in
the map M.

At the upper level, the topology of the environment is represented by a graph
in which each node j corresponds to a local map M, of the local level. An
arc c(j,k) in the graph represents a known topological relation between local
maps M; and M, detected during the mapping process. The properties of those
topological relations are the relative transformations between the base reference

of both maps,(z;; = xgi ). At the global level, these relative transformations are
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maintained in a relative stochastic map Mg = (Xg,Pg).

: .0 0
)A(G = )A(jk 3 PG =10 ij 0 (130)
: 0 O

where X¢ and P represent the state vector and covariance matrix of global
stochastic map.

Every time a local map is created or modified, the new values are included
in this relative stochastic map. Since local maps are independent, the covariance
matrix P is block diagonal by construction (eq.1.30).

While the vehicle is navigating, a set of local maps are built and an estimation
of the vehicle pose is computed. Uncertainty grows considerably as the robot
is moving within the environment. Therefore, the author proposed to reduce
such uncertainty and correct the misalignments by benefiting of the information
provided when the vehicle crosses already visited areas. The main idea is to
use the information of the robot pose, provided by the relation between the local
maps, and the relocation algorithm RS detailed in [67] in order to predict whether
an area has already been visited. Once a loop is detected, the next step is to fuse
both maps M2 and MJB " that are representing the same area. in [45], the author
proposes a local map joining technique:

Mﬁk = (ijqua PjB+k)

were fcﬁ_ . and Pﬁ_ i Tepresent the state vector and the covariance resultant of the

fusion of the maps Mf and ./\/lkB/ in the reference frame B.

Since the relative reference frames of both maps are known, the main goal of
the algorithm is to transform one of the maps and its features into the reference
system of the other one.

1.4.2 Constrained Local Submap Filter

Williams [44] proposed to reduce the complexity of EKF by using local maps
linked among them forming a tree structure, presenting the so-called Constrained
Local Submap Filter (CLSF) (figure 1.8). The local map is composed by a set
of landmarks located in the surrounding navigation area of the vehicle/sensor.
Each single map has its own reference system and all the landmarks are defined
with respect to that reference. A relation between the coordinate system of each
submap and the global map is computed. Each time a new local map is created,
a new covariance matrix is defined containing only the new local landmarks and
the pose of the vehicle/camera, initialized in the origin of the submap with zero
uncertainty. In this way, the EKF update step of each submap does not require
to deal with a huge amount of data and the partial accumulated error is rela-
tively small. The state vector of the submap might contain not only the relative
estimation of all the landmarks but also the global position of some of them and
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the relationship between the local and the global map. therefor the system will
detect duplicate landmarks, finding their correspondences in the global map in a
data association process.

- X

*L.D
L» —

(a)Global map (b)Local map

/ *
(c)Global registration
Figure 1.8: The constrained local submap filter. The SLAM frontier is constructed

in a local map (b) which periodically registers with a global map (a) to produce
an optimal global estimate (c) [44]

At every instant of time, data from local maps are merged with the global map
taking into account all the global information and several constraints to ensure
the global consistency. The state vector at time ¢ is defined as:

- BGA

xt= | B (1.31)

where x2¢ determines the relation between the local B and the global G reference
frames and x!“ and x¢” indicate the location of a landmark i with respect to the
global frame G and the local frame B, respectively.
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During the local update step, only the local covariance matrix is updated:

P 0

t__
b= o PP

(1.32)

were PP represents the covariance matrix of the local area, that is, the cor-
relation of vehicle/sensor and all the landmarks between each other, and pt¢
represents the estimate covariance of the local map and its element respects to
the global reference.

When a global update is required, the process needs to determine the global
position of each feature. As can be seen in equation (1.31), each local map contains
some features that are both related to local and global reference frame. Therefore,
using this information and the relation between the landmark’s local map and the
global frame, the constraint (equation (1.33)) must hold on in order to guarantee
the stability of the global system and ensure the correctness of the landmark pose
prediction.

xt — (xP¢ @XﬁB) =0 (1.33)

(3

the CLSF method presented by Williams provides a reliable solution to reduce
the high computational cost of EKF when dealing with a huge amount of data.
However, when dealing with huge sensor noise, the method is restricted to small
environments due to the lack of closing-the-loop constraints. That is, when the
uncertainty of the measurements grows considerably, global constrains might not
be enough to assure success in the global estimation process.

1.5 Proposed Vision based SLAM in large-scale
areas

We are interested in visual navigation of a mobile robot in large spaces using
a mono-camera as sensory input. We propose a procedure to build a global
representation of the environment based on several size limited feature based
local maps built using an EKF based SLAM approach.

1.5.1 Feature selection

The mobile robot is supposed to travel through a locally planar environment and
use its camera to observe features around it. Usually the features used in vision-
based SLAM algorithms are salient and distinctive objects detected from images.
Typical features might include regions, edges, object contours, corners etc.

In our work, the map features (figure 1.9) are obtained using the SIFT feature
detector [46], which maps an image data into scale-invariant coordinates relative
to local features (see appendix B section B.1.2). These features are highly dis-
tinctive and invariant to image scale and rotation. The work of Mikolajczyk and
Schmid [47] proved that SIFT features remain stable to affine distortions, change
of viewpoint, noise and change in illumination.
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Heuristic map management criteria are used to decide when to initialize new
features: essentially, the requirement is to keep a predefined number of features
visible from all camera locations. A typical number used is 10; whenever fewer
than 10 features are visible new ones are detected and initialized.

Features are not deleted from the map when they leave the field of view, but
remain in the map and can be re-observed when the camera moves back and
they become visible again. In some cases it is necessary to delete features which
are not being reliably matched on a regular basis: some features detected will
be frequently occluded or may contain parts of objects at very different depths.
These features will lead to failed correlation attempts and can be removed from
the map automatically.

Figure 1.9: Features detected using the SIFT algorithm

1.5.1.1 Feature selection in dynamic environments

One of the problems of SLAM is environment’s change over time. Some changes
may be relatively slow, such as the change of appearance of a tree across different
seasons, or the structural changes that most office buildings are subjected to
over time, or change in illumination. Others are faster, such as the change of
door status or the location of furniture items, such as chairs. Even faster may
be the change of location of other agents in the environment, such as cars or
people. As example, imagine a robot facing a closed door that previously was
modelled as open. Such an observation may be explained by two hypotheses,
namely that the door status changed, or that the robot is not where it believes
to be. Unfortunately, there are almost no mapping algorithms that can learn
meaningful maps of dynamic environments.

To deal with the SLAM in dynamic scenes with moving object we propose
an algorithm for motion segmentation (chapter 2) to remove the outliers features
which are associated with moving objects. In other words, the detected features
which correspond to the moving parts in the scene are not considered in the
built map. For more feature tracking reliability we use a bounding box around
the moving objects (figure 1.10). Moreover, the newly detected features are not
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added directly to the map but they should be detected and matched in at least n
consecutive frames (in our application n = 5).

50} O®

100

150

200

250

Figure 1.10: Features detected in a scene with moving objects
1.5.2 Local map building

The SLAM system is modeled at each time step ¢ as a multivariate Gaussian
with mean x* composed of the robot x,. and features x; state vectors in the global
coordinate system G (eq. 1.34) and a covariance matrix P* of size (3 + 3N) x
(3+3N) (eq.1.35). N is the number of features in the map.

X,
X1
x = | % (1.34)
XN
P%T le o P%N
Pt P, ... P
p=| " T (1.35)
Py, Py - Py

All sub-matrices P, (robot to robot covariance), P,; (robot to feature co-
variance), P;; (feature to feature covariance), and P;; (feature to feature cross-
correlations) are of size 3 x 3.

The robot state vector x, is defined by its 2D position vector (z%,y2)T at
time ¢, (its position in the Z direction being constant z. = 0) and the robot’s
orientation (yaw) relative to the X axis, L.

Ty
Xr = | Yr
Tr
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The map features L;, i = 0,...,IN are represented by their 3D position in the
global coordinate system:

1.5.2.1 Dynamic Model

The dynamic model or motion model is the relationship between the system paste
state, x'~!, and its current state, x?, given a control input &°

xt=f (xt_l,ft,vt) (1.36)

Where f is a function representing the mobility, kinematics and dynamics of the
robot (transition function) and v is a random vector describing the unmodelled
aspects of the vehicle (process noise such as wheel sleep or odometry error).

We define a robot control ! at time step ¢ as any ”motor actuation” performed
by the robot since the last time step t — 1. A typical situation for ground vehicles
is to take the increment of the robot odometry (increments in x — 7,y —r, and the
heading ;) as the control. One alternative is to set £ = 0 with large uncertainty,
i.e. the robot is close to its last position up to a degree of uncertainty.

We assume static features. In this case, the only variables of the state vector
that actually change over time are those of the robot pose. At each time step,
the pose of the robot x, changes according to the transition model

P (vt 1+V)cos(vf )At
—|—( =1 4 V)sin(qi 1) At (1.37)
o 1_,'_( t— 1+Q)At

t
Ly
t
Yr

xt=f—r (xffl,ft,vt) =

v and w are the linear and the angular velocities, respectively. V and Q are
their associated Gaussian distributed perturbations, respectively.

In this part of the chapter we consider that the global coordinate system is
the robot’s starting position. Therefore the robot pose and the corresponding
covariance matrix are initialized to zeros.

Considering a constant velocity model for the smooth robot motion, the Ja-
cobian of f with respect to x, is given by:

£
po Of — diag [ 2 1 (1.38)
ox (xt—11t=1 £=0) O (xfflhflwfzo)
where
of 1 0 —sin(y/ ('~ + V)AL
10 1 cos :—1>( =1L V)AL (1.39)
Oy | (t-110-1 e 00
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1.5.2.2 Observation Model

A feature L; is represented in the state vector by its 3D location in the world

coordinate system G:
t

X; = (:Cg,yf, Zf)

Making a measurement of a feature L; consists of determining its projection
in the camera image. Using a perspective projection, the observation model in
the image coordinate system I (see section 1.2.6 for frames definition) is obtained
as follows:

74
0z + | 5o
7, = h(x}) = o

Lic (1.40)
oy + fﬁ

where o, and o, are the coordinates of the image center and f is the focal length
of the camera. xﬁc = (x’;c, yfc, zfc) are the coordinates of the feature L; in the
camera coordinate frame C (see section 1.2.6 for frames definition). They are

related to x; by:

o T} . cos(vf)  sin(yf) O] [af -2t zf

xi= |yt | = |=sin(y}) cos(vf) Of |yt—yl| — |vF (1.41)
Z¢C 0 0 1 zf—h zf‘
1

R _R

C’ZC

h is the high of the robot coordinate system and (z%,y
of the camera center in the robot frame R.
The measurement model is then:

) are the coordinates

—(zt—a!)sin(v}) +(yt —yl) cos(v4) —y R
Or T f Gr ot cos D 4 (o7 —y0) sn(r0) ok
t t
z, =h(x;) = o, (1.42)
zi'fhfzC
T e o o e gy FrT e

1.5.2.2.1 Adding new features
Let N —1 denote the number of landmarks in the map at some time step. The
system state vector and covariance matrix are then:

Xr

X1
X2

XN—-1
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P, P.1 T Pr(N—l)
Py, P11 Pynv-1
P = ) . . .
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Adding a new feature Ly consists in introducing the feature state in the system
state vector and expand the covariance with a new row and column to include its
correlation and cross-correlation.

Pt =
T

Py _1)rpe

Og g .. o= ogp ol ogp og?T
L 8xTPT’T 8XTPT1 BxTPT(N—l) ox,. " TT 0%, +8XNR8xN -

where g is the inverse function of h and R is the sensor noise covariance matrix.

1.5.2.2.2 Subtracting outliers from the map

Some stationary objects in the scene can start moving. In this case, their
corresponding features should be deleted from the built map. Deleting a feature
L; from the map consists in deleting it as element from the system state vector
and the corresponding columns and rows in the covariance matrix.

— X;‘; -
X
t __ t
x' = x%f1 (1.43)
Xit1
L x5, ]
t
PT ri—1 r,n

.. Pt P,y - P!
Pt . .

: : L (1.44)
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1.5.3 Features initialization

When a feature is first detected, measurement from a single camera position
provides good information on its direction relative to the camera, but its depth
is initially unknown.

Since depth information is not provided, EKF can not be directly initialized,
leading to a new challenge known as Bearing-Only SLAM. An early approach was
proposed by Deans [48], who combined Kalman filter and bundle adjustment in
filter initialization, obtaining accurate results at the expense of increasing filter
complexity. In [9], Davison uses for initialization an A4 piece of paper as a land-
mark to recover metric information of the scene. Then, whenever a scene feature
is observed a set of depth hypotheses are made along its direction. In subsequent
steps, the same feature is seen from different positions reducing the number of hy-
potheses and leading to an accurate landmark pose estimation. Besides, Lemaire
[37] proposed a 3D Bearing-Only SLAM algorithm based on EKF filters, in which
each feature is represented by a sum of Gaussians.

In our application, to estimate the 3D position of the detected features, we use
an approach based on epipolar geometry [49, 50]. This geometry represents the
geometric relationship between multiple viewpoints of a rigid body and it depends
on the internal parameters and relative positions of the camera (see appendix A
for more details). The two and three views geometry have been used in our case.

1.5.3.1 Two-views geometry

The epipolar geometry is illustrated in figure 1.11.

pointin space

image plans 2
image plane 1 aer

Oa~ T N7 T T T o
focal point / \R_/’ ¢ ~Jocal point

Figure 1.11: Ilustration of the epipolar geometry

The fundamental matrix F (a 3x 3 matrix of rank 2 ) encapsulates this intrinsic
geometry. It describes the relationship between matching points: if a point X is
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imaged as x; in the first view, and x’; in the second, then the image points must
satisfy the relation x! Fx; = 0. The fundamental matrix is independent of scene
structure. However, it can be computed from correspondences of imaged scene
points alone, without requiring knowledge of the cameras internal parameters or
relative pose.

Given a set of n pairs of image correspondences (xj7 X/j),j = 1..n, we compute
R and t such the epipolar error is minimized

n
. /
mE}n E x' ;Fx;
=1

For the minimization, we use the Random Sample Consensus (RANSAC) algo-
rithm [51] (see appendix A for more details on using RANSAC for motion param-
eters estimation).

Essential matrix computing:
Knowing the camera calibration matrix K, we can calculate the essential matrix
E as follows (see appendix A):

E = K'FK (1.45)

The camera calibration matrix K encodes the transformation from image co-
ordinates to pixel coordinates in the image plane. It depends on the so-called
intrinsic parameters:

e focal distance f (in mm),
e principal point (or image centre) coordinates 0,0, (in pixel),

o width (s;) and height (s,) of the pixel footprint on the camera photosensor
(in mm),

e angle 6 between the axes (usually 7/2).

The ratio s, /s, is the aspect ratio (usually close to 1).

f/8z [/szcosl o
K= 0 f/sy Oy
0 0 1

compute the camera matrices and motion parameters:
The camera coordinate systems corresponding to tow views are related by a ro-
tation matrix, R, and a translation vector, t:

X; = RXZ' +t (146)

Taking the vector product with t, followed by the scalar product with x;, we
obtain:
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This can also be written as
XjEXi = 0 (148)

where
E=t«R (1.49)

is the essential matrix, and t« denotes skew symmetric cross product matrix for
t

0 —t. t
te=|t. 0 —t,
~t, ty O

The rotation R and translation t between the two camera frames are then
calculated by singular value decomposition SVD decomposition of E.

Suppose that the SVD decomposition of E is Udiag(1,1,0)VZ. The factor-
ization E = tx R corresponds to (see appendix A):

t, = UZUT R=UWV” (1.50)

where

0 0 1
0 and Z=|-1 0
1 0 0

o O O

The SVD decomposition of E allows also to compute the camera projection
matrices. Supposing that the projection matrix at the first view is the P = [I|0],
the projection matrix for the second view is then given by: P’ = [UWVT|t].

Triangulation and 3D reconstruction:
Given the camera matrices P and P’, let x; and x; be two corresponding points
satisfying the epipolar constraint x! Fx; = 0. It follows that x; lies on the epipolar
line Fx; and so the two rays back-projected from image points x; and x; lie in a
common epipolar plane. Since they lie in the same plane, they will intersect at
some point. This point is the reconstructed 3D scene point M.

Analytically, the reconstructed 3D point X can be found the following equa-
tion:

e = 2iX; — %X (1.51)

where e is the epipole at the first view. z; and z; are the depth of the space
point X with respect to the first and second views, respectively.
The three points x;, e, and x; are known and are collinear, so we can solve
for Z:
e X x;).(x; X X,

[Ixi > %12




1.5. Proposed Vision based SLAM in large-scale areas 35

1.5.3.2 Three-views geometry

The trifocal tensor approach is an extension to the case of three views of the
two-view geometry description (see appendix A). The 3 x 3 x 3 trifocal tensor
T describes the relationship between three images of the same static scene. It
encapsulates the projective geometry between the different viewpoints and is in-
dependent from the structure of the scene. Knowing the projection matrices of
the three cameras, P;—; 23, the entries of the trifocal tensor are given by

al

Tk = (=1 det [ v/ (1.53)
k

c
where a’ denotes matrix P; without row i and & and c* represent the j-th
row of Py and the k-th row of Ps respectively [49, 50].

1.5.4 Features Matching

At step ¢, the onboard camera obtains a set of measurements z! (i = 1,...,m) of
m environment features. Feature matching corresponds to data association, also
known as the correspondence problem, which consists in determining the origin
of each measurement, in terms of the map features L; , j = 1,..., N. The result
is a hypothesis

H' = b1, ... by (1.54)

associating each measurement z! with its corresponding map feature. bt = 0
indicates that z! does not come from any feature in the map. For data association
a measure of the discrepancy between a predicted measurement that each feature
would generate and an actual sensor measurement is measured by the innovation
e given by (1.22).

The measurement z! can be considered corresponding to the feature j if the
Mahalanobis distance ijt [53] satisfies:

D' = T8 e < th (1.55)

Where the covariance S* and the innovation &*

(1.22), respectively.
In order to establish the consistency of a hypothesis H! , measurements can
be jointly predicted using the function hy:

are given by equations (1.21) and

hh,i(Xt\t—l)
hye (xE71) = : (1.56)
hhﬁn (Xt|t—1)

which can also be linearized around the current estimate to yield:
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th (Xt\tfl) ~ th ()A(t\tfl) + H'Ht (Xt|t71 _ )A(t\tfl)

(1.57)
Hy:
Hy = :
Hy:,
The joint innovation and its covariance are:
el =zt — hyp (X
(1.58)

Syt = Hy: P'HY, + Ry

Measurements z' can be considered compatible with their corresponding fea-
tures according to H? if the Mahalanobis distance satisfies:

D3, = €3Sy tens < th (1.59)

In our application, as we are using SIFT features, the matching between fea-
ture is checked using a product of the Mahalanobis distance between measure-
ments and their predictions and the Euclidean distance between the descriptor
vectors of the features. This will allow using the advantage of looking for feature
matching based on the prediction of their position based on the system model
and the advantage of the scale-space invariance parameters.

D? = D3, + D3,,. < th (1.60)

where D3 . =|| desc; — descs || is the Euclidean distance between the descriptor

vectors of the features.

Additionally, corresponding features should satisfy the epipolar constraint (see
appendix A), hence an image point x! that corresponds to xf_l is located on or
near the epipolar line that is induced by xﬁ_l. The distance of the image point
x! from that epipolar line is computed as follows:

D2 L (X;?TFX);il)?
" 2+ (B,

(1.61)

where Fx!~! ;s the j component of the vector Fx!™'. F is the fundamental

matrix which is computed based on the estimations from the Extended Kalman
Filter. Knowing the camera position at instants ¢, the estimated camera position
at instant ¢ — 1, and the camera calibration matrix K (see appendix A for the
definition of K), the fundamental matrix I is computed as follows:

F=K TR[t],K! (1.62)
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where R is the rotation matrix and [t]« is the skew matrix corresponding to the
translation vector t. The notation K~7 denotes the transpose of the inverse K.

2

Therefore, our cost function for features matching is the sum of D* and DZ,

2 2 2

Dmatch =D"+ Depi (163)

Measurements for which correspondences in the map cannot be found by data

association can be directly added to the current stochastic state vector as new
features.

Feature close to an obstacle

If a well initialized feature is detected too close to a moving object (less then the
image patches half size), this feature is considered as occluded and no matching
is performed. These features are not used as well for motion estimation.

1.5.5 Local and Global Mapping

In our study, we are interested in robot navigation in large spaces. For that, we
propose a procedure to build a global representation of the environment based
on several size limited local maps built using the previously described approach.
Two methods for local map joining are proposed, the first method consists in
transforming each local map into a global frame before to start building a new
local map. While in the second method, the global map consists only in a set of
robot positions where new local maps started (i.e. the base references of the local
maps). In both methods, the base frame for the global map is the robot position
at instant .

Each local map is built as follows: at a given instant ¢, a new map is initialized
using the current vehicle location, x’};’g, as base reference B, = xt k = 1,2, ...
being the local map order. Then, the vehicle performs a limited motion acquiring
sensor information about the L; neighboring environment features. An EKF-
based technique is used to model the local maps.

The ’k’th local map is defined by:

M, = (xx, Pr)

where x;, is the state vector in the base reference By, of the L, detected features
and Py, is their covariance matrix estimated in Bj.

1.5.5.1 Key-Instants

The decision to start building a new local map at an instant ¢; is based on
two criteria: the number of features in the current local map and the scene cut
detection result (see section 2.3.2 for the definition of scene cut detection). The
instant ¢y is called a key-instant.
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In our application we defined two thresholds for the number of features in the
local maps: a lower Th™ and a higher Th™ thresholds. A key-instant is selected
if the number of features nf in the current local map k is larger then the lower
threshold and a scene cut has been detected or the number of features has reached
the higher threshold. This allows keeping reasonable dimensions of the local maps
and avoids building too small maps.

IF ( nf > Th~ AND scene-cut ) OR (nf > Th™T)
start a new local map M1

ELSE
continue with the local map 97

END IF

1.5.5.2 Key-Frames

At the key-instants t; some frames are selected to be used for features initialization
in the new local map. These frames are called key-frames. The motion between
two frames must be sufficiently large to accurately compute the 3D positions of
matched points. For that we select frames relatively far from each other.

1.5.5.3 First Method for Global Map Building

In this method the first local map is used as global map. Each finalized local map
is transferred to the global map before starting a new one, by computing the state
vectors and the covariance matrix.
The goal of map joining is to obtain one full stochastic map:
0 0

Mm= (X(O@l@Q@...)7P(O@l@QEB...)) (1.64)
where X(()oealem@...) is a concatenation in the frame By of all sets of features from
local maps Mg, Py, My, ...

X?O@leaz@m) = (Xva?,x% ~-)T (1.65)

The location x; of feature i from the local map 90 is given in the frame By

as follows:
x? x!
( : >_7-H0.< v ) (1.66)

Ti—o = (R]t) is the transformation matrix corresponding to rotation R and t
from frame By = x4 = (zl, i1, v1)T to frame By = x? = (0,0,0)%:
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t1

cos(7f1) 0 —sin(yf')
0 1 0 0

T =1 Gnt) 0 o) gl (1.67)
0 0 0 1

As each camera position x* corresponding to the frame reference By, is given
in the previous frame reference Bj_1, the coordinates of a feature point i vector
from frame By to By is obtained by successive transformations:

%Y xk
( N ) = Tes(b=1) Tth=1)—= (k—2)---T1 50+ ( N ) (1.68)
Where the transformation matrix from By, to Br_1, Te—xr—1 = (R]|t), is given by:
cos(y*) 0 —sin(y*) g
0 1 0 0
Tt = sinp) 0 coso) gt (169
0 0 0 1

The covariance P?0®1 2. of the joint map is obtained from the linearization
of the state transition function f. As the local maps are independents, the Jaco-

bian (from linearization) is then applied separately to the local map covariance:

T of T

+ ...+
1 % |;

T L of
0%,

of

of
P((JOEBléB%B...) = 8Tcr

of
P
. 0 ox, 1

P of
1 0%,

1
0%, |,

0
(1.70)

where %‘ is the Jacobian of the state transition function f with respect to y,

r

in the reference frame k.

1.5.5.4 Second Method for Global Map building

In this method, the global map is limited to the set of the coordinates of the
origins of the local maps:

ms = (x9,%},%%,..) (1.71)
k

where X, are the robot coordinates in By, where it decides to build the local map

M. at instant ty.
)—(k‘ th
(%) () o

to =0 and X% = x% = (0,0,0).
The transformation matrix 7j_,o is obtained by successive transformations:

Te—so = Ti0-Tams1-- T(h=1)— (k—2) (1.73)
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where T;,;—1 = (R[t) is the transformation matrix corresponding to rotation R
and translation t of frame B; regarding to frame B;_1:

cos(y) 0 —sin(yy) ay
0 1 0 0

Tt =1 () 0 cos(l) ot .
0 0 0 1

In this case, for feature matching at instant ¢, the robot uses the local map
with the closest base frame to its current location:

arg min(|| %; — %;. ) (1.75)

where %! is the robot position at instant ¢ in By.

1.6 Experimental Results & Evaluation

1.6.1 Feature selection and matching

Figure 1.13 shows a comparison between matching of features detected in two
frames (figurel.12), using Mahalanobis distance between measurements and their
predictions with consistency hypothesis (1.13.c), by using Euclidean distance be-
tween features descriptors as in [46] (1.13.d), and using the proposed method
with a combination of the Mahalanobis distance with consistency hypothesis and
Euclidean distance between features descriptors (1.13.e). We can see that the
proposed matching is more accurate.

a) SIFT features on the first frame b) SIFT features on the second frame

Figure 1.12: SIFT feature on two consecutive frames

Figures 1.15 and 1.16 represent a comparison of the number of matches be-
tween the three methods for feature matching: The method used in [9] based
on the Shi and Thomasi feature detector, the SIFT features matched using the
Mahalanobis distance and SIFT features matched using the proposed approach.
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Two data set have been used for this evaluation with changes in scaling (the se-
quence with corridor used in the previous tests) and change in oriantation (the
building sequence 1.14). For each data set, we matched the feature in image 1 to
the features in image n (where n = 2, 3, ..., 6).

From those experimental result, we can observe that our feature matching
outperforms the Shi and Thomasi feature matching used in [9] and the SIFT
features matched by only Mahalanobis distance.

il

(]

l"

o =

wil |

=

|

e) Features matching based on Eq.(1.63)

Figure 1.13: SIFT feature matching
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Figure 1.14: Building sequence

—+— Hanis —&— SIFT —a—TProp appr

Mumber of matched features

20 30 40 50 6.0

Figure 1.15: Feature matching in case of change in scaling
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—+— Hanis —&— SIFT —=—Trop appr

Number of matched features

20 30 40 50 &0

Figure 1.16: Feature matching in case of change in orientation

Figure 1.17 shows an example with a feature detected on a moving object.
As the feature has not been detected during 10 consecutive frames before being
occluded by the moving objects, this feature will not be added to the system
state. The figure shows also an example with well initialized features which will

be occlided hv the mavine ahiect These featiires cstav in the svetem gtate

not initiatized feature

Figure 1.17: Features initialized on a moving object or occluded by a moving
object

1.6.2 Mapping and localization

Figure 1.18 shows an example of SLAM using the proposed algorithm for global
map building. Black squares describes the positions where the feature matching
has passed from a local frame to an other. The ellipses around the features on
the original frame represents the estimated covariance. The ellipses are drown in
cyan color around non matched feature and in red for matched features.
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Figure 1.18: Example of Mapping and localization in a real scene

Figure 1.19 represents for the same image sequence an estimation of the camera
position error and its corresponding 20 variance bounds. Position errors are
plotted as x and y distances to camera location (calculated using the vehicle
odometry) in meters.
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Figure 1.19: Estimation errors for camera position and its corresponding 20 vari-
ance bounds. Position errors are plotted as x and y distances to camera location
(calculated using the vehicle odometry) in meters.

Figure 1.20 shows the result of the algorithm in a scene with moving objects.
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Figure 1.20: Results in a scene with moving objects

Figure 1.21 represents the evolution in time of the uncertainty around the
camera position. The uncertainty continues growing until a previous position has

been identified (closing loop) by feature matching.
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Figure 1.21: Frame-by-frame camera position uncertainty evolution

Figure 1.22, shows an example for the detection of loops using the SLAM
process. In this example, the robot cruises two times across a defined path (real
path drawn in red in the figure). At the first round the position error accedes
5m and the uncertainty around the robot position reaches 6.2m (cyan ellipses in
the figure). After loop detection, the uncertainty is reduced. During the second
round the position error is limited to a maximum of 1m and the uncertainty to a
maximum of 2 meters (magenta ellipses in the figure) before the detection of the
close the loop.
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Figure 1.22: Closing the loop

1.7 Integrating other sensors data in the SLAM
process

In this section we suppose that, added to the monocular camera, the robot is
equipped with an inertial navigation system (INS), wheel encoders, and a global
positioning system (GPS) for outdoor navigation. Each of these sensors can be
used separately by the robot for its localization but they are subject to a lot of
error sources affecting the accuracy of the obtained robot positioning.

Two schemas of integration can be imagined, in the first case, the data from
the INS and encoder sensors are used in the SLAM algorithm for angular and
linear velocity estimation, respectively, and the data from the GPS, when avail-
able, is used for a geo-referencing the localization of the robot and therefor the
map features. While in the seconde case, the estimated camera motion from cam-
era/INS/encoders is used to improve the GPS positioning. In both cases, the
robot can continue tracking its GPS position even if the GPS signal is lost.

The following paragraphs give an overview of the functioning principles of the
different sensors

1.7.1 GPS data correction using INS/Encoders data

Positioning using global positioning systems (GPS) is determined, at any time, by
measuring the time delay in a radio signal broadcast from several satellites, and
using this and the speed of propagation to calculate the distance to the satellites.
Position on earth is then calculated by triangulation of intersecting radio signals



1.7. Integrating other sensors data in the SLAM process 51

at the GPS receiver. Using the GPS for positioning is subject to several sources
of errors, as listed below.

Clock inaccuracies and rounding errors: Despite the synchronization
of the receiver clock with the satellite time during the position determination,
the remaining inaccuracy of the time still leads to an error of about 2 m in the
position determination. Rounding and calculation errors of the receiver translate
into approximately 1 m of error.

Multipath effect: The multipath effect is caused by reflection of satellite
signals (radio waves) on objects. This effect mainly appears in the neighborhood
of large buildings or other elevations. The reflected signal takes more time to
reach the receiver than the direct signal. The resulting error typically lies in the
range of a few meters.

Satellite orbits: Although the satellites are positioned in very precise orbits,
slight shifts of the orbits are possible due to gravitation forces. The sun and the
moon have a weak influence on the orbits. The orbit data are controlled and
corrected regularly and are sent to the receivers in the package of ephemeris data.

Other spatial and geometry factors affect the accuracy of the GPS measure-
ments. A typical civilian GPS receiver provides 6 to 12 meters accuracy, depend-
ing on the number of satellites available. This accuracy can be reduced to 1 m
by using a differential GPS (DGPS) which employs a second receiver at a fixed
location to compute corrections to the GPS satellite measurements.

The GPS measurements are called pseudo-ranges (instead of ranges) since the
estimated times of transmission are corrupted by different biases. The positioning
equations for n, satellites in sight at time instant ¢ can be defined as:

P = (XE—at)? + (¥ — ) + (202 + b +u (1.76)

for i = 1,...,ns, where r! is the pseudo-range between the user and the ith
satellite, [X?, Y/, Z!]T is the position of the ith satellite, b is a bias term resulting
from the clock offset, w! is the measurement error and [z?, y'] is the vehicle position
to be estimated (the vehicle altitude is 2* = 0 in our application). These equations
will be used as measurement equations in the proposed navigation solutions.

1.7.1.1 Wheel encoders

This section describes the main elements of differential odometry. The idea is to
integrate information regarding distance and yaw rate using the measurements
given by the vehicle odometers. Fig. 1.23 shows encoders located on the front
or rear wheels. The first index of the different variables refers to the front f or
rear r axes whereas the second index corresponds to the left [ and right r sides of
the car. Consequently, the wheel radii (resp. angular velocities) are denoted as
R, Ry, Ry and Ry, (resp. wyy, Wy, wyy, and wy,). The other notations used
in Fig. 1.23 are L for the length between wheels and ~, for the vehicle yaw rate
(change of angle of direction).
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Figure 1.23: Illustration of the wheel encoders

The mean speed of the vehicle at time t can be computed as [207]:

t t
Wy RT?” + wrlRT’l
2

V(wf“r?w;ibRTTﬂRTl) = (177)

The yaw rate of the vehicle can be calculated as a function of the angular
velocities of each wheel. By neglecting side slip effects and modeling the vehicle
as a rigid body, the vehicle yaw rate at time t expresses as

t t
Wy RTT + Wy R”l

vat” = h(wvt"ra wf«la R, er) = I

(1.78)

1.7.1.2 Inertial navigation System INS

The inertial navigation system (INS) is a self-contained navigation technique in
which measurements provided by accelerometers and gyroscopes are used to track
the position and orientation of an object relative to a known starting point, ori-
entation and velocity. INS typically contain three orthogonal rate-gyroscopes and
three orthogonal accelerometers, measuring angular velocity and linear accelera-
tion respectively. By processing signals from these devices it is possible to track
the position and orientation of a robot on which the INS device is mounted.

Inertial navigation systems usually can only provide an accurate solution for a
short period of time. As the acceleration is integrated twice to obtain the position,
any error in the acceleration measurement will also be integrated and causes a
bias on the estimated velocity and a continuous drift on the position estimate
by the INS. Additionally, the INS software must use an estimate of the angular
position of the accelerometers when conducting this integration. Typically, the
angular position is tracked through an integration of the angular rate from the
gyro sensors. These also produce unknown biases that affect the integration to
get the position of the unit.

The accelerometers deliver a non gravitational acceleration (also referred to
as specific force f,,) and the gyrometers measure the rotation rate of the sensor
cluster €2;, in order to keep track of the vehicle orientation.
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The differential equations relating the measured quantities to the dynamics
are defined as follows:

Ven = anfp + gn — (Qen + 2916)”6 - szepn (179)

Rg0p: rotation matrix from frame a to frame b,
pp: location of the vehicle in the frame b,
Qqp: rotation rate from frame a to frame b,
ve = [9t, 2t]: velocity relative to frame a
The subscripts refer to the different coordinate frames, i.e., i: inertial frame,
e: earth centered earth fixed frame, n: local geographic frame, p: platform frame.

The velocity @ of the vehicle in the G frame is given by:

. A 0
iR = <¢) = <1‘6 R¢1A> (1.80)

where g, is the gravitational acceleration in the local geographic frame, A and
¢ are the latitude and longitude of the mobile, R) is the earth radius of curvature
in a meridian at a given latitude and Ry is the transverse radius (we consider the
WGS84 model for which the earth is an ellipsoid). These equations are integrated
to obtain the vehicle position and velocity. This integration will entail a drift in
stand-alone INS estimates due to a bias affecting the INS measurements (denoted
as ba for the accelerometer bias and as bg for the gyroscope bias).

1.7.1.3 Integration GPS/INS/Encoders

Kalman filtering provides a powerful tool to create synergism between two navi-
gation sensors - GPS receivers and INS - since it is able to take advantage of both
systems’ characteristics to provide a common, integrated navigation implementa-
tion with a performance superior to either of the sensor subsystems

The wheel encoders measures the Y-direction velocity in the vehicle frame,
while two non-holonomic constraints are applied to the X and Z directions of the
vehicle frame. The non-holonomic constraints imply that the vehicle does not
move in the up or transverse directions, which holds in most cases. The Wheel
encoders provides the absolute velocity information to update the centralized
Kalman filter. During GPS outages, the non-holonomic constraints as well as
the absolute velocity information can constrain the velocity and consequently the
position drift of the free inertial system.

The error states estimated by the GPS/INS Extended Kalman filter include
position errors, velocity errors, misalignment angles, as well as accelerometer and
gyro biases. All of these error states are 3 x 1 vectors. Due to the centralized pro-
cessing approach, the double differenced ambiguities ( AVN) are also contained
in the error states. The dynamic model for the GPS/INS Extended Kalman filter
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is given in equation 1.81 ||

g

5i¢
sb°
od”

AVN

where

Faps/ins

[0 I 0 0 0 0 ore
Ne —20¢ —F° Re 0 0 Sv°
0 0 Qe 0 RS 0 e
0 0 0 —diag(a;) 0 0 5b°
0 0 0 0 —diag(B;) 0 S5db
0 0 0 0 0 0| |AVN
0 0 00

RS 0 0 0| [uwy

8 ]f)b ? 8 . TU“: = Faps/ins-67 + Gaw (1.81)
0 0 0 I| |wd

0 0 00

is the position error vector

is the velocity error vector

is the misalignment angle error vector

is the accelerometer noise

is the gyro noise

is the vector of the accelerometer bias errors

is the vector of the gyro bias errors

is diagonal matrix of time constants for the accelerometer bias models
is diagonal matrix of time constants for the gyro bias models
is the driving noise for the accelerometer biases

is the driving noise for the gyro biases

is the direction cosine matrix between b frame and e frame
is the error states vector, and

is the dynamic matrix for GPS/INS integration strategy

To take into account that in practice the tire radius may change based on the
load and driving conditions and that the INS body frame does not always coincide
with the vehicle frame, the wheel encoders scale factor and the tilt angles between
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the b and v frames are modeled as random constants.

[ ore ] [0 I 0 0 0 0 0 0] [ ére]
60° Ne —2Q¢ —F¢ R 0 00 0 Sv°
é 0 0 -5 0 RS 00 0 €
5b° |0 0 0 —diag(c;) 0 0 0 0 5bP
6db o 0 0 0 —diag(8;) 0 0 0 6db

AVN 0 0 0 0 0 0 0 0| |[AVN
55 0 0 0 0 0 00 0 6S

Lo | K 0 0 0 0 00 0] | e

0 0 0 0
R 0 0 0
0 Ry 0 0f [wy
+ 8 8 é ? ZUUZ :FGPS/INS/WE-6x+G-w (182)
0 0 0 0 |wg
0 0 0 0
0 0 0 0

where Fgpg/ins/we is the dynamic matrix for GPS/INS/Wheel encoders
integration strategy, 65 is the Wheel encoders scale factor error state, and €5, =
[fa 68 67]T is the error vector of the tilt angles between the body frame and
the vehicle frame corresponding to the X, Y and Z axes respectively.

Since the wheel speed is measured in the vehicle frame, and the velocities in
GPS/INS system are parameterized in ECEF frame, the Wheel encoders update
can be either carried out in the e frame by transforming the Wheel encoders
measurement into the e frame or carried out in the v frame by transforming the
GPS/INS integrated velocities into the v frame. In our application, the Wheel
encoders update is carried out in v frame, and the GPS/INS integrated veloci-
ties are transformed from e frame into v frame. The measurement equation is
expressed in equation 1.83 with two non-holonomic constraints being applied into
the X and Z axes of the vehicle frame.

0
Sowe| = R.(RE)T v° (1.83)
0

where vy g is the Wheel encoder measurement, S is the Wheel encoder scale
factor, and R} is the direction cosine matrix between the b and v frames calculated
by the following:

Ry = R3(7).R1(a).Ra(B) (1.84)

where «, 8, are the tilt angles between the b and v frames with respect to the
X, Y and Z axes, respectively. The measurement model in the extended Kalman
filter is generally expressed by equation 1.85:

Z = Hz + wn, (1.85)
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where H is the design matrix, w,, is the measurement noise and Z is the mea-
surement residual.
By linearizing equation 1.82, the measurement residual is expressed by:

0 0
Z = |Sowg| — Ry.(R)T v = | Sowg | —off (1.86)
0 0

where v® is the integrated velocity expressed in the v frame.
The design matrix is expressed by a matrix in equation 77

_ [Osxs RP(RHOT RY(RYHTVE Osys

H= %
Osxs  OaRrxAR —VWE 14

(1.87)

where V' is the skew symmetric matrix of the integrated velocity in ECEF frame
v , VV is the skew symmetric matrix of the integrated velocity expressed in
vehicle frame vV | 0 is a zero matrix with the subscripted dimensions and AR is
the number of float ambiguities. AR is equal to zero when all the ambiguities are
fixed.

1.7.2 GPS/INS/Encoders integration in the VSLAM pro-
cess

In this section we propose to use the integrated sensors technique GPS/INS/Encoders
on the VSLAM process for geo-localizing the obtained robot position and feature
map from the VSLAM. This will increase the robustness of the positioning during
the outage periods and in less featured environments.

In this case the the camera linear and angular velocities in the VSLAM pro-
cess are updated based on the data from the Wheel encoders and INS sensors,
respectively. Tow Extended Kalman Filter works in parallel mode. The estimated
position of the VSLAM EKF is used to update the GPS/INS/Encoders integration
EKF and the estimated velocities (linear and angular) from the GPS/INS/Encoders
integration EKF is used to update the camera motion in the VSLAM EKF.

The proposed framework has been analyzed with different simulated GPS out-
ages. Figure 1.24 illustrates an example where the GPS signal was lost during
30seconds. The black curve shows that the GPS localization error is 3.6meters.
The dashed blue curve shows that even if the integration of GPS, INS, and wheels
encoders data reduces the error on the robot position to less than 1m, it is not
reliable during the GPS outage where the error grows continuously. While the pro-
posed framework combining GPS/INS/Encoders localization, and visual SLAM
localization, remains stable even during the GPS outage (red curve).

Figure 1.25 shows an example of the robot localization in a real environment.
The blue curve in figure 1.25.a represents the obtained robot path using the
proposed algorithm, and the red curve is the GPS data. The initial GPS position
is the mean of the GPS measurements during few minutes of initialization. Figure
1.25.b represents the built local maps. Each local map is represented by a different
color. In this experiment the maximum number of features in the local maps is
fixed to 60 features.
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Figure 1.24: Robot Localization in case of GPS outage
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@ GPS outage

Imtial robot position

b) The built local maps

Figure 1.25: Robot localization in a real environment

1.8 Conclusion

In this chapter we introduced a feature based method for simultaneous localization
and mapping in large environments for a mobile robot using a mono-camera as
sensory input. The proposed approach builds several size limited local maps and
combine them into a global map. The extended kalman filtering is used to build
the local maps where the 3D position of the features is initialized by the epipolar
geometry principle.
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For a robust matching, the algorithm uses a product of three parameters: the
Mahalanobis distance between measurements and their predictions, the Euclidean
distance between the descriptor vectors of the features, and the distance of the
feature to the induced epipolar line (epipolar constraint). This allows using the
advantage of looking for feature matching based on the prediction of their posi-
tion based on the system model and the advantage of the space-scale invariance
parameters.

The chapter introduces also the use of other sensors (GPS, INS and encoders)
data in the visual SLAM process. The proposed framework combines two Ex-
tended Kalman Filters (EKF), the first one, referred to as the integration filter,
is dedicated to the improvement of the GPS localization based on data from an
Inertial Navigation System (INS) and wheels’ encoders. The second EKF im-
plements the V-SLAM process. The linear and angular velocities in the dynamic
model of the V-SLAM EKF filter are given by the GPS/INS/Encoders integration
filter. In the other hand, the output of the V-SLAM EKF filter is used to update
the dynamics estimation in the integration filter and therefore the geo-referenced
localization. Tests in real environment demonstrated the increase of the accuracy
and the robustness of the positioning during GPS outage and allows a SLAM in
less featured environments.






Chapter 2

Motion Estimation and
Segmentation

2.1 Introduction

The apparent motion field existing in an image sequence is a rich source of informa-
tion about the composition of the viewed scene. In dynamic scene understanding,
the recovering and interpretation of this motion field is of importance for a range
of applications, such as moving object detection and tracking, image indexing,
and compression.

Moving object detection or motion segmentation can be considered as a clas-
sification problem. Given a set of data points (the intensity values in each frame
of the sequence) we want to find a clustering of these data points that best corre-
spond to some properties of the scene. A segmentation is considered good if the
computed clusters are homogeneous with respect to the feature vector, with the
additional constraint that no two clusters can be similar (otherwise their pixels
might be grouped together into the same class).

This work introduces a new method for simultaneously detecting the mov-
ing objects (foregrounds) and estimating their motion in image sequences taken
with a moving observer. The algorithm combines a Gaussian Mixture Model
(GMM) background subtraction approach and a Maximum a Posteriori Proba-
bility (MAP)- MRF framework. This enables us to exploit the simplicity and
capability of the GMM approach to adapt to illumination changes and small mo-
tions in the scene, the advantages of spatio-temporal dependencies that moving
objects impose on pixels, and the interdependence of motion and segmentation
fields.

The algorithm starts with the estimation and the compensation of the camera
motion between the previous and the current frames using method based on dense
motion analysis. To deal with the problem of outliers in the estimation of the
camera motion, we propose to use an initialization phase. This means that before
starting moving the robot builds a model of the scene by detecting the static and

61
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the moving parts. Subsequently, during navigation, the initially detected moving
parts are not considered for the camera motion estimation.

In a second step, an apparent scene cut or strong camera pan is detected by
evaluating whether or not the squared difference between the current frame and
the compensated frame from the camera motion, exceeds a given threshold. The
evaluation is performed only within the background regions of the previous frame.
In case of a scene cut between two consecutive frames, the segmentation algorithm
is reset, i.e. all parameters are set to their initial values, as the camera motion in
this case cannot be correctly compensated.

In a third step, the new compensated frame is then used to update the GMM
model of the background, as in the case of a static camera. In this model, the pixel
intensity is modeled by a mixture of Gaussian distributions to model variations
in the background. The GMM parameters are learned from color observations in
consecutive images.

In a fourth step, the background model, the current frame, the compensated
frame from camera motion, and the previous segmentation (object mask) are used
in a mazimum a posteriori probability (MAP) framework to detect moving objects
in the current frame and estimate their motion field.

In the last step, in order to avoid the common problem of fragmentation in
background subtraction methods and accelerate the learning of the background
model (new static regions), the background model is re-updated based on the
results of the MAP-MRF optimization.

The first part of this chapter gives a literature overview of the most important
methods for motion segmentation, and in the second part, the proposed approach
is described in more details.

2.2 Motion Segmentation Methods - An overview

In the literature we can find different classification of the methods dealing with
moving objects Segmentation. The classification could be based on the informa-
tion used for segmentation (motion-based methods, spatiotemporal methods, 2D
methods, 3D methods, change detection methods, optical flow based methods,
joint estimation/segmentation methods), or it could be based on the sequences
to be segmented (methods for sequences taken with a static camera, methods
for sequences taken with a moving camera, methods for sequences with a static
background, methods for sequences with a dynamic background).

In this chapter, we will describe the well known methods for motion segmen-
tation based on the used information. Moreover, we describe how these methods
can be used in the case of image sequences taken with a moving camera.

2.2.1 Motion segmentation based on change detection

Change detection is probably the oldest and the most popular technique in mo-
tion segmentation. It attempts to detect moving regions in a sequence frame by
background subtraction or by differencing between two or three successive frames.
The differentiation is made in a pixel-by-pixel fashion. The decision, whether a
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pixel s € S (S being the set of pixels indices) at spatial position x = (x,y) belongs
to a changed or to an unchanged image part, is based on the evaluation of the
frame difference (d(ft, f')):

d(fe, £ =l fo = FC|l (2.1)

where f! is the current frame and f’ is the previous frame (f’ = f¢~!) or a model
of the background.

In order to distinguish between relevant changes due to object’s motion or
brightness changes, as well as irrelevant temporal changes due to noise, the frame
difference is compared to a threshold T.;. In the simplest case this threshold
is tuned manually. A pixel s € S is considered as part of a changed region
(foreground), if the frame difference exceeds the threshold.

Change detection through simple thresholding can lead to significant errors
and inaccuracy in general situations. For this reason, change detection is usually
inserted into a hierarchical or a relaxation algorithm [120, 128]. In this case, the
initial change detection is refined by a motion compensated prediction/update or
a threshold evaluation-update process (see Figure 2.1 for example [121]).
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Figure 2.1: Change detector block diagram. (d(f, f’): frame difference, OM,
OM;: object masks)

In the first step, the threshold operation is performed using an initial value for
the threshold. Then, a two dimensional median filter is used in order to smooth
the boundaries of the changed regions. The last step is to eliminate small isolated
regions of the change detection mask. After these three steps, the initial threshold
is re-evaluated, it is adapted to the standard deviation of the noise based on the
available unchanged regions. The process repeats with the new threshold until the
system is stable. The result is the objects Mask (OM) (change detection mask).

The hard problem for motion segmentation methods based on change detection
is the occlusion problem where two or more regions overlap in the images.

2.2.1.1 Temporal differencing

The approach of temporal differencing [120, 121, 127, 128, 200] makes use of pixel-
wise difference between two or three consecutive frames in an image sequence to
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extract moving regions. Temporal differencing methods are adaptive to dynamic
environments, but they detected only the boundaries of moving objects and not
the objects themselves unless they are highly textured [130].

To void some false detections, an improved version based on three-frame dif-
ference (equation 2.2) instead of two-frame difference (equation 2.1) has been
proposed in [200]:

d(fe, fH L) = e = fT = £ (2.2)

Where f¢=1 ft ft*1 are three consecutive frames in an image sequence with f?
the reference frame (current frame). In this case, there is difference only if there
are differences among all the three frames, and foregrounds are detected also by
thresholding the frame difference.

2.2.1.2 Background subtraction

Background subtraction is one of the most successful method for obtaining sil-
houettes of moving objects by comparing the sequence frames to a background
model. The numerous approaches to this method differ in the type of the back-
ground model, the procedure used to update the background model, and in the
subtraction and decision procedure. In the following we present the well known
approaches for background subtraction and background modeling.

2.2.1.2.1 subtraction and decision

In this paragraph, we focus on the ways in which backgrounds are subtracted
from image frames containing moving objects to produce the segmentation, I, at
time ¢. All of the methods involve measuring some distance d(f!, Bgs) between an
incoming image sites (pixels), s, and the background model, and then thresholding
the differences:

1, if d(fl,Bgs) > Th(.);

t _
L= { 0, otherwise. (2.3)

where Th(.) is a threshold function that is typically constant.
The simplest distance metric is the Euclidean distance [91, 136]

d(fe, Bgs) = fo — w |l (2.4)

with ! is the mean value of the background, By, at site s.

A generalized version of the Euclidean distance takes variance into considera-
tion [99]

fi—
D)

Rather than finding some absolute distance away from a mean, this standard-
izes the distances across pixels with different variances from the background model

a(ft, Bg.) = \ (2.5)
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(as described in the next section).
A more general version of the standardized Euclidean distance is the Mahalanobis
distance [115]

d(ft, Bg,) =\ (F = u)TST (L — 1) (2.6)

with ¥g is n X n variance matrix at site s in the background model (n is the
dimension of the color space). This metric is more accurate, as it does not assume
that the data is clustered spherically about the mean.

2.2.1.2.2 Background modeling

Background modeling is the most important part of any background subtrac-
tion algorithm. The goal is to construct and maintain a representation of the
scene. The simplest background model is the temporally averaged image, a back-
ground approximation that is similar to the current static scene.

A good model for the background to be used for motion segmentation based
on background subtraction must handel some of the inconsistencies due to:

e Moving shadows:
They differ from the background image and are therefore identified as parts
of the moving objects.

e Stationary objects:
The background image can become corrupted by new stationary objects.
For example a parked car in a street should be classified as a part of the
background, otherwise it will continue to be detected as moving object.

e Non-stationary background:
The background can contain moving parts, for example, in an outside scene,
the wind can make tree branches move. This kind of background motion
causes the color pixel intensity values to vary significantly with time. For
example, one pixel can be part of a leaf at one frame and a part of the sky
on the seconde.

e Camouflage:
If some of the foreground pixels have same colors as the background, this
may produce holes in the computed foreground object.

e I[llumination change:
For example, shadows from slowly moving clouds or other variable lighting
conditions cause inclusion of background elements in the computed fore-
ground. Also sudden changes in illumination alter the appearance of the
background.

In order to reduce the influence of these problems on motion segmentation,
several methods have been proposed to build an adaptive model for the back-
ground:
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Accumulative Difference

The algorithm add a memory to the motion detection process to forme accu-
mulative difference images [100]. This memory contains a counter for each pixel
accounting the number of its consecutive classification as background. If this
number exceeds a given threshold, the pixel is finally identified as background
pixel.

Kalman Filter for background modeling

The Kalam filter has been used in several work to model the background
[91, 136, 198, 199]. In this model each pixel is modeled by a Kalman filter to
predict its next value. The background is updated according to the equation:

Byt = By, + (0:(1 = 1) + 021)d(fS, Bgy) (2.7)

where Bg'™! is the next predicted background, I? is the current binary segmenta-
tion (foreground=1, background=0), and d(f¢, Bg,) is the difference between the
current frame, f?, and the currently predicted background, Bg':

d(fs, Bgs) = |lf< — Byl (2.8)

The learning rates, #; and 62, are chosen (or learned) based on how quickly
the background of the scene is changing. Typical values for 6; and 05 are 0.1 and
0.01, respectively [136].

By using equation (2.7), the background model is updated quickly when a pixel
is labeled ’background’ than when it is labeled ’foreground’. A value of 62 = 0
implies that pixels labeled 'foreground’ have no effect on the background model.
While at first this may seem appropriate, it also implies that moving objects that
come to rest will never be incorporated into the background model. But with
0> > 0 the ghost foreground objects will have an adverse effect on background
model.

A limitation of this model is that it considers a constant noise over all pix-
els which cannot model the local variations in pixel intensity caused by lighting
effects.

Statistical modeling of the background

The principle in statistical background modeling for motion segmentation is
deduced from a Bayesian decision for pixel classification as background (Bg) or
foreground (Fg).

Given the current frame value, f¢, at site s € S, the Bayesian decision R:

_ p(Bgs | f5) _ p(fs | Bys)p(Bys) (2.9)

Top(Fgs | 1 p(fE] Fgs)p(Fys)
In generale case we don’t know anything about the foreground objects that can
be seen nor when and how often they will be present. Therefore, we set p(Fgs) =
p(Bgs) and assume uniform distribution for the foreground object appearance
p(ft| Fgs) = cry. Then we decide that the pixel belongs to the background if:

p(fs | Bgs) > con(= R.cry) (2.10)
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where ¢, is a threshold value. We will refer to p(f! | Bgs) as the background
model and is noted in the remainder of this document as p(f!) .

The problem is then how to efficiently estimate the density function and to
adapt it to possible changes as the change in illumination or a new stationary
objects.

Several models have been proposed to solve the problem of estimating and
adapting the background density function. In the following, two of the well known
methods are presented: a parametric Gaussian Mixture model (GMM) and a non-
parametric k Nearest Neighbors (k-NN) model.

e Parametric Gaussian Mixture Model
The basis of this model has been proposed by Stauffer and Grimson [99]. In this
model [92, 94, 99, 100, 115, 147] each pixel is modelled as a mixture of Gaussians
(equation 2.11) and an algorithm is used to figure out which pixel belongs to
which normal distribution. The number of normal distributions (Gaussians), K,
is normally set as a parameter from the beginning, however some algorithms also
estimate this number [115, 201].

Zw kN s’us k’ ) (211>

K
where w! ;’s (with }° w!, = 1) denote the mixing weights of Gaussian distribu-
=1

tions and define how the pervious pixel evidence (past frames) correlate with the
associated distributions.
N (fé 1%y, 2% ) s the normal distribution of the component k and is given by:

1

s (Ut TR TR ) (2.12)
(27)" 3 4

N( zvug,kﬂzi,k) =

with gl 1, ..., pl i are the means and ¥, ..., X% - are the covariances matrices
that describe the Gaussian components at pixel s. n is the dimension of the color
space (number of channels RGB, YUV,...). If the channels are considered inde-

pendent, then %! | = Uiy;ﬁ] with I is the identity matrix.

Model update procedure

Each incoming pixel value f! is checked against all the gaussians at that location.
Component k is declared as the matched component if the observation is within
Bo ;, from its mean pf ;.

For Stauffer [99], the comparison is done by comparing the gaussian probability
value. A match with component k is found if:

p(f2) > p(ut ; + Bo' ;) (2.13)

Instead of doing the comparison by an expensive evaluation of the density function
to verify the ownerships of the measurement f¢ to the components, Gordon et Al.
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[94] use the Euclidian distance
t t ¢ \?
di=(fi-uty) (2.14)
to do the comparison. A match with the component k is found if:
dl < Ba;k (2.15)

In [115], it is demonstrated that the parameter B can be approximated by B =

v/ —2in(V2mocip,).
When a matching is found using 2.13 or 2.15, the parameters of the matched
component k are updated as follows:
t+1 _ _ t
wffl =(1 oz)cusjC +a
Poi = (L=p)pt  +pft (2.16)

s, 9
(052 = (L= p)(0! )2 o (1=t )

Where « is a user-defined learning rate with 0 < a < 1. This parameter incorpo-
rates exponential forgetting which enables to control how long past pixel values
influences the model of the background. The higher the value of «, the faster the
past background model is forgotten and vice versa. In [160], a time-varying gain
is used oy = 1/t with a lower bound a,p.
The learning rate for the parameters p is computed in [99] by aN(f{, u! .0t )
and in [160] it is approximated as follows by p ~ a/wi i 7

If no matched component can be found, the comp07nent with the least weight
is replaced by a new component with mean equal to the new data, fI, a large
initial variance, g, and a small weight, wg. In [161], wp is equal to a and the
component with the least weight is discarded only if the maximum number of
components is reached. The rest of the components maintain the same means
and variances, but lower their weights to achieve exponential decay:

wit! = (1= a)wl, (2.17)
Finally, all the weights are re-normalized to sum up to one.

Pixels Classification

To determine whether the pixel s is a background or a foreground pixel, given
its value f{, we first order all components by their values of (wf , /ot ;). Higher-
rank components thus have low variances and high probabilities, which are typical
characteristics of background. If iy,14s,...,ix are the component order after sort-
ing, the first M components that satisfy the following criterion are declared to be
the background components:

M
> why>Th (2.18)

k=i
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where T'h is the weight threshold. It represents a measure of the minimum portion
of the data that should be accounted for by the background. This takes the ”best”
distributions until a certain portion, Th, of the recent data has been accounted
for. If a small value for T'h is chosen, the background model is usually unimodal.
If this is the case, using only the most probable distribution will save processing.

If Th is higher, a multimodal distribution caused by a repetitive background
motion (e.g., leaves on a tree) could result in more than one color being included
in the background model. This results in a transparency effect which allows the
background to accept two or more separate colors [99].

s is declared as a background pixel if f! is within B times the standard devi-
ation from the mean of any one of the background components.

From this model we see that if a new object comes into the scene and remains
static for long time, its weight will be constantly increasing and becomes larger
than the threshold and therefore it can be considered to be a part of the back-
ground. The object should be static for approximately log(Th)/log(1l — ) frames
[161]. For example for Th = 0.9 (for a multimodel learning) and o = 0.001 (to
keep trace of the history) we get 105 frames.

Number of components

One of the improvement proposed for this method for background modeling
using a Mixture of Gaussians is the work of Zivkovic [201], in which not only
the parameters but also the number of components of the mixture is constantly
adapted for each pixel. In this model, at each time a component is generated or
deleted to update the number of components and choose compact models for the
data. The generation and delation rules are inspired by the works in [202] and
[203], respectively.

The generation rule simply adds a new component whenever there is a new
sample that is not well described by the current distribution, i.e. no matching is
found as defined above. When a new component k is generated for the pixel s, it
is initialized by:
wi,k = Oéaﬂi,k = f5, 005 = 00

s Ys,

where oy, in [201], is computed by:

with med is the median of differences || ft — fi=1 || for all pixels between two
successive frames and for a number of pairs of images. In practice, in [201] the
maximal number of components is fixe.

The deletion rule is added to discard the obsolete components. A component
k is deleted if its weight becomes negative w, < 0. This also ensures that the
weights stay positive.

e Non-parametric k Nearest Neighbors (k-NN) model

These methods [114, 159], initially founded by El Gammel & Al. [114], show
some trade off in using mixture model with adaptive scheme: if the background
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model adapts too slowly to changes in the scene, then we will construct a very
wide and inaccurate model that will have low detection sensitivity. On the other
hand, if the model adapts too quickly, this will lead to two problems: the model
may adapt to the targets themselves, as their speed cannot be neglected with
respect to the background variations, and it leads to inaccurate estimation of the
model parameters.

To overcome these problems, a model which keeps a sample for each pixel of the
scene and estimates the probability that a newly observed pixel value is from the
background has been proposed is [114]. The model estimates these probabilities
independently for each new frame as follows.

Let f1 2 ..., fN be a recent sample of intensity values for a pixel at site
s. Using this sample, the probability density function that this pixel will have
intensity value f! at time ¢ can be non-parametrically estimated using the kernel
estimator K as

1Y .
=y KU = 1) (2.19)
=1

If a Normal function NV (0, ) is used for the kernel estimator function K, where
. represents the kernel function bandwidth, then the density can be estimated as

e 3(FL=11) B (s 1) (2.20)

;\/ ”IZI

with n is the dimension of the color space.
If we assume independence between the different color channels with a different
kernel bandwidths ajz for the j* color channel, then

o;y 0 O
=10 03 0
0 0 o2

and the density estimation is reduced to

1 N n S, d
NZ:U (2.21)

Uj

where ff ; 1s the jth color channel for pixel s at time ¢.

Using this probability estimate, the pixel s is considered a foreground pixel if
p(ft) < Th where the threshold Th is a global threshold over all the image that
can be adjusted to achieve a desired percentage of false positives.

Density estimation using a normal kernel function is a generalization of the
Gaussian mixture model, where each single sample of the N samples is considered
to be a Gaussian distribution A/(0, X) by itself. This allows the estimation of the
density function more accurately and depending only on recent information from
the sequence. This also enables the model to quickly ”forget” about the past and
concentrate more on recent observation. At the same time, it avoids the inevitable
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errors in parameter estimation, which typically require large amounts of data to
be both accurate and unbiased.

The N samples used to model the background needs to be updated contin-
uously to adapt to changes in the scene. The update is performed in a first-in
first-out manner. That is, the oldest sample/pair is discarded and a new sam-
ple/pair is added to the model. The new sample is chosen randomly from each
time interval of length N frames.

Given a new pixel sample, there are two alternative mechanisms to update the
background model:

1. Selective Update: add the new sample to the model only if it is classified as
a background sample.

2. Blind Update: just add the new sample to the model.

There are tradeoffs to these two approaches. The first enhance detection of the
targets, since target pixels are not added to the model. This involves an update
decision: we have to decide if each pixel value belongs to the background or
not. The simplest way to do this is to use the detection result as an update
decision. The problem with this approach is that any incorrect detection decision
will result in persistent incorrect detection later, which is a deadlock situations.
So, for example, if a tree branch might be displaced and stayed fixed in the new
location for a long time, it would be continually detected.

The second approach does not suffer from this deadlock situation since it does
not involves any update decisions; it allows intensity values that do not belong
to the background to be added to the model. This leads to bad detection of the
targets (more false negatives) as they erroneously become part of the model. This
effect is reduced by increasing the time window over which samples are taken, as
a smaller proportion of target pixels will be included in the sample. But as we
increase the time window more false positives will occur because the adaptation
to changes is slower and rare events are not as well represented in the sample.

2.2.2 Motion segmentation based on motion field

These methods [102, 107, 148] perform segmentation based on the estimated dis-
placement or optical flow of image pixels.

The optical flow describes how the image is changing with time. The estima-
tion of the optical flow is itself a very active research topic [103, 112]. Ideally, the
projection into the two dimensional image plane of the three dimensional velocity
field seen by the camera should be computed. However, this is not just difficult
to achieve in practice, it is usually impossible to achieve perfectly even in theory
[103].

Once the dense optical flow field is obtained, motion segmentation algorithms
try to extract regions with homogeneous motions. The principles of these ap-
proaches can be summarized as follows: Suppose we have M sets of parameters
vectors, where each set defines a correspondence or a flow vector at each pixel.
Flow vectors defined by the mapping parameters are called model-based or syn-
thesized flow vectors. Thus, we have M synthesized flow vectors at each pixel.
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The segmentation procedure then assigns the label of the synthesized vector which
is closest to the estimated flow vectors at each site. However, there is a problem
with this simple scheme: both the number of classes, M, and the mapping param-
eters for each class are not known a priori. Assuming a particular value for M, the
mapping parameters for each class could be computed in the least squares sense
provided that the estimated optical flow vectors associated with the perspective
classes are known. That is, we need to know the mapping parameters to find
the segmentation labels, and the segmentation labels are needed to find the map-
ping parameters. This suggests an iterative procedure for clustering where both
the segmentation labels and the class means are unknown as in the K-means ap-
proach proposed by Wand and Adelson [104], and the MAP technique of Murray
and Buxton [107] (see section 2.2.3).

Wand and Adelson [104] proposed a layered video representation in which the
image sequence is decomposed into layers by means of an optical-flow-based im-
age segmentation, and ordered in depth along with associated maps defining their
motions, opacities, and intensities. In the layered representation, the segmenta-
tion labels denote the layer in which a particular pixel resides. The segmentation
method is based on the affine motion model and clustering in a six-dimensional
parameter space. The image is initially divided into small blocks. Given an opti-
cal flow field, a set of affine parameters are estimated for each block. To determine
the reliability of the parameters estimates, the sum of squares distances between
the synthesized, u, and estimated, u, flow vectors is computed as:

6:Z”us_ﬁs ”2

seB

where B refers to a block of pixels. Obviously, if the flow within the block complies
with an affine model, the residual will be small. On the other hand, if the block
falls on the boundary between two distinc motions, the residual will be large.
The motion parameters for blocks with acceptably small residuals are selected as
candidate layer models. to determine the appropriate number M of layers, the
motion parameters of the candidate layers are clustered in the six-dimensional
parameter space. The initial set of affine model parameters are set equal to
the mean of the M clusters. Then the segmentation label of each pixel site is
selected as the index of the parameter set that yields the closest optical flow
vector at that site. After all sites are labeled, the affine parameters of each layer
are recalculated based on the new segmentation labels. This procedure is repeated
until the segmentation labels no longer change or a fixed number of iterations is
reached.

A limitation of this segmentation method is that it lacks constraints to enforce
spatial and temporal continuity of the segmentation label.

2.2.3 Motion segmentation based on Markov random fields

Markov random fields (MRF') define an efficient and powerful framework for spec-
ifying nonlinear interactions between features of the same nature or of a different
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one. They help to combine and organize spatial and temporal information by in-
troducing strong generic knowledge about the features to be estimated. MRF
models have been successfully introduced in many fundamental issues of im-
age analysis and computer vision such as image restoration [182], edge detection
[183], image segmentation [184, 185], surface reconstruction [186], motion analysis
[162, 163, 166, 167, 187], or scene interpretation [188].

We will start with a short introduction to Markov Random Fileds and Gibbs
distribution then we describe some of the well known methods using MRF for
motion segmentation.

2.2.3.1 MRF labeling - Theoretical background

Contextual constraints are ultimately necessary in the interpretation of visual
information. A scene is understood through the spatial and visual context of the
objects in it; the objects are recognized in the context of object features at a
lower level representation; the object features are identified based on the context
primitives at an even lower level; and the primitives are extracted in the context of
image pixels at the lowest level of abstraction. The use of contextual constraints
is indispensable for a complex vision system.

Markov random field theory provides a convenient and consistent way of mod-
eling context dependent entities. This is achieved through characterizing mutual
influences among such entities using MRF probabilities. The theory tells us how
to model the a priori probability of contextual dependent patterns. A particu-
lar MRF model favors its own class of patterns by associating them with larger
probabilities than other pattern classes. In the following, we will briefly review
the concept of MRF defined on graphs [190].

Let G={S,A} be a graph, where S={s1, 59, ..., 8, } is the set of nodes and
A is the set of arcs connecting them. We define a neighbourhood system on G,
denoted by:

N = {N(s1),N(s2), ..., N(sm)}
where N(s;),7 = 1,2,...,m is the set of all nodes in S that are neighbors of S;,
such that:
i) s; ¢ N(s;), and
ii) if s; € N(s;) then s; € N(s;)
Let L={L4, Lo, ..., L, } be a family of random variables defined on S, in which
each random variable L; takes a value I; in a given set A (the random variables
L;’s can be numerical as well as symbolic, e.g. interpretation labels). The family
L is called a random field. L is a MRF on G, with respect to the neighbourhood
system N if and only if

1. p(L =1) > 0, for all realizations [ of L;
2. p(lillj,Vs; # s;) = p(lill;, s; € N(si))

where p(L = 1) = p(Ly = l1,Ls = la, ..., Ly, = 1) (abbreviated by p(1))
and p(l;|l;) are the joint and conditional probability functions, respectively. In-
tuitively, the MRF is a random field with the property that the statistics at a
particular node depend mainly on that of its neighbors.
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An important feature of the MRF model defined above is that its joint p.d.f
has a general functional form, known as Gibbs distribution, which is defined based
on the concept of cliques. A clique ¢, associated with the graph G, is a subset of
S such that it contains either a single node, or several nodes that are all neighbors
of each other. If we denote the collection of all the cliques of G, with respect to
the neighbourhood system N, as C(G,N), the general form of a realization of
p(l) can be expressed by the following Gibbs distribution:

pU)=°%e‘Um (2.22)

where U(l) = ) cc Ve(l) is called the Gibbs energy function and V.(I) the clique
potential functions defined on the corresponding cliques ¢ € C(G,N). Finally,
Z =7 L e~U( is a normalizing constant called the partition function.

In case of a labeling problem, when we have both prior information together
with knowledge about the distribution of our data, the most optimal labeling
of the graph G can be obtained based on the maximum a posteriori probability
(MAP)-MRF framework. According to the Bayes rule, the posterior probability
of our system can be computed by using the following formulation:

_ p(glDp(t)

where p({) is the prior probability of labelings I, p(g|!) is the conditional proba-
bility distribution function (p.d.f.) of the observations g, also called the likelihood
function of 1 for g fixed, and p(g) is the density of g which is a constant when g
is given.

By associating an energy function to p(g|l) and p(l) (denoted by U(g|l) and
U (1) respectively), we can express the posterior probability as:

(2.23)

p(llg) x e~ Ullo) (2.24)

where
U(llg) =Ul(g|ll) + U(1) (2.25)

The most optimal labeling, given the observation field g, can be found by
minimizing the energy function U(l|g).

Due to its unique property of combining both global and local information,
the MRF model-based approach, applied to image processing, provides potential
advantages in knowledge representation, learning and optimization. This is the
reason why we use this approach.

Several methods have used Markov Random Filed for motion segmentation.
These methods can be grouped into two categories: pixel based methods and re-
gion based methods. The work of Wang et al. [176] will be discussed separately
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as it includes in the same framework pixel based and region based processing.

2.2.3.2 Pixel based MRF methods for motion segmentation

In the algorithms described in [162, 163, 164, 165, 166], the Markov Random
Field has been introduced to model the spatial and/or the temporal dependency
between pixels during the motion segmentation process. The MRF modeling in
these works is summarized in following paragraphs.

2.2.3.2.1 Murray’s method

In [107]) Murray and Buxton search for the maximum of the a posteriori prob-
ability of the motion segmentation label fields, L, given the optical flow data. It
is a measure of how well the current segmentation I* explains the observed optical
flow data u’ and how well it conforms to the prior expectations.

Using the Bayes theorem, the a posterior: probability is expressed as:

p(L! = ' = ut) = p(I'[u’) = p(“;(l;)f)’(lt) (2.26)

where L' and U! are the segmentation labels and the motion fields and u' =
{ul,s € S} and I* = {It, s € S} are their realizations, respectively, with S being
the set of sites (pixels) indices. p(ut|l?) is the conditional pdf of the optical flow,
u’, given the segmentation, I*, and p(I*) is the a priori pdf of the segmentation.
p(u?) is constant with respect to the segmentation labels, and hence can be ignored
during MAP optimization.

The conditional probability p(u’|l*) is a measure of how well the synthesized
optical flow, 1, modeled by a quadratic parameter model that depends on the
segmentation label, fits the estimated optical flow, u. Assuming that the mis-
match between the observed flow and the synthesized flow is modeled by a white
Gaussian noise with zero mean and variance o2, the conditional pdf p(u'[l?) is
expressed as:

1 m
tgty Z t\2 /9 2
where m is the number of flow vectors available at site s;, and

()2 = uf, —at, |

The prior pdf p(I*) is modeled by a Gibbs distribution which introduces local
constraints on the segmentation:

p(it) = %Zexpuf(m 51— ¢) (2.28)

CeQ

where €2 denotes the discrete sample space of [, ) is the partition function
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and U(l) is a potential function expressed as a sum of local cliques V,(I%,I%):

=Y Vil
+03, otherwise;

with 3 is positive number.

Because the model parameters corresponding to each label are not known a
priori, the MAP optimization alternates between estimation of the model pa-
rameters and assignment of the segmentation labels and it is performed by the
simulated annealing algorithm [205].

Note that this method is limited by the accuracy of the available optical flow
estimates.

2.2.3.2.2 Migdal’s method

Based on the Gaussian Mixture Model of Stauffer and Grimson [99], Migdal
et al. [162] used three Markov random fields to improve the pixels classification
as background (Bg) and foreground (Fg) by modeling the spatial and temporal
dependencies between adjacent pixels. The first MRF M; is used to encode spatial
relationship and the second MRF M, is used for temporal segmentation continuity
by looking at past segmentation. The third MRF Mj exploits a full temporal
constraint using a batch computation model.

The segmentation at each time ¢, [?, is obtained by estimating the maximum
a posteriori (MAP):

£ 7t (It
P |1 220

p(f")

As the optimization is done over segmentation variate:
p(l" | f*) ocp(f* [ 19).p(1%)

The prior, p(It), and the likelihood function, p(g’ | I*), are modeled by Gibbs
distributions and therefor the maximization of the MAP is equivalent to the min-
imization of the sum of their corresponding energy functions .

p(I" | ff) =

U=U(f" 1) +U@h)

Likelihood term
U Zv (fo118)
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22, [t =1;

b

V(felle) =

with d(f!) = “gsg 1l s the Mahalanobis distance between the current observation
f% and the matched Gaussian model and p and o are, respectively, the mean and
the variance of this model.

As no model is used for the foreground, the probability of seeing a pixel s
with color fs, given that the segmentation of that pixel has been determined to
be foreground is asbumed to be a uniform distribution in the RGB space and is
therefore equal to 73y = e~ 11 22

Prior term

The energy function of the prior is composed of two terms, a spatial, Ug, and
a temporal terms, Up.

- Spatial term

ZVS livlf

111)37 lg 7é lf’v
where Vg is a two-clique potential function and 1, %9 and 3 are constants with

(V1 < Y2 < 3).

- Temporal term

ZV (51571

Vp(IL 15 =3 6, 1L =11 = Fg;

O3, Ui #17

where Vr is a two-clique potential function and 6y, 62 and 63 are constants
with (61 < 02 < 63), i.e. more emphasis is done for foreground classification.

2.2.3.2.3 Zhou’s method

In this work [163] also a MRF is used to model the spatial-temporal connectiv-
ity between pixels augmented with connectivity of pixels in different resolutions
for classification foreground/background. The GMM is used also in this case to
maintain the background model.
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Image pyramids are built to model the phenomena of different temporal-spatial
resolution scales. Each node in the graph represents the state of a pixel at cer-
tain resolution scale. The spatial-temporal dependencies are modeled using the
links between the nodes. The classification foreground/background exploits the
inference within and between different spatial-temporal resolution scales using a
Markov random field representation.

Spatial term
The potential function representing the connection between two adjacent pix-
els in the same resolution scale is defined mathematically as follows:

€1, li 7& lf«?

0, =1

Vs(IL,18) =

s and r are adjacent pixels in the same resolution scale.

Vs has a positive value when there exists discontinuity in foreground label
image and is 0 otherwise. So, this connection is used to penalize the discontinuity
in foreground blob extraction.

Scaling-Spatial term
The connectivity between pixels at multiple resolution scales is represented by
the following potential function:

C2, lte 7é lfw

0, li = lf,;

Vss(I,18) =

8T

It,1L are corresponding pixels segmentation at adjacent resolution scales in the
pyramid.
Vss has a positive value when the corresponding labeling at two adjacent res-

olution levels do not agree.

Temporal term
The temporal cotinuity of the segmentation process is modeled with the fol-
lowing function
2, L AU
VT(liv liil) -

The authors introduced another musure to represent the probability of new object
appearing and disappearing.

The optimization is based on Gibbs sampling with the simulated annealing algo-
rithm.

2.2.3.3 Region Based MRF Methods for motion segmentation

These methods [167, 168, 169, 170, 171] start with segmenting the current frame
and estimating the motion vector on each region and then apply MRF process to
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merge and classify regions as moving or not moving. In the following paragraphs
we will describe some of the well known methods using MRF at region level for
motion segmentation. For these methods, a site corresponds to region.

2.2.3.3.1 Cucchiara and Gelgon Methods

In the methods proposed by Cucchiara et al. [170] and Gelgon and Bouthemy
[171], each frame of the image sequence is segmented into regions using a region
growing algorithm based on color [174] and a Region Adjacency Graph (RAG)
is created. The motion vector in the regions is estimated through partitioned
region matching. A measure of motion reliability is also computed and a MRF
framework is used to merge regions according to the motion parameters (velocity
and reliability). The largest region is assumed to be the background and its
motion is considered as the motion of the camera, while other regions are classified
as moving objects. [170] and [171] differ in the method used for region motion
estimation and the algorithm used MRF optimization.

The joint probability distribution of the motion segmentation field and the
observation field is modeled by a Gibbs distribution with the following energy
functions:

U(l', g") = Ui (I, g") + U (I') + Us(I") (2.30)

The observation field, g’, is composed of the region motion vector and the
reliability of the motion estimation:

go={ui ¢}, s€S
with S is the set of region indices.

Motion term
This term penalizes the segmentation if the same label has been affected to
neighbors regions with different motion vectors.

Uy ") = > Va(ll gl ik, gt)
s,TES

e g =y [l /bl Io=17

0, AL

Vi(ll, gttt gl) =

Geometrical regularization term
This term enhances the fusion of two adjacent regions with a long shared
border and a small distance between centroids.

Ua(l') = > Va(il,ih)
s,r€S
Co,r It =

T iy T
V2(l£’ lvt") =
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with (. is the length of the shared border between sites s and r, and x, and x,
are the coordinates of their centers.

labeling optimization term

Ug(l) = C3. Z V3(l87l’f‘)

s,resS
0, It=1
Vv?)(lsalr) =
Lot AL

c1, Co, co are constants defined empirically.

Optimization

In the work of Cucchiara the optimization of the energy function is performed with
a multi-scale iterative algorithm. Whereas, in the work of Gelgon and Bouthemy
the optimization is done using the Highest Confidence First (HCF) algorithm
[175].

2.2.3.3.2 Patras’ Method

In [167], Patras applies the watershed segmentation algorithm, proposed by
[172], to obtain an oversegmentation on the intensity image of the current frame.
After building the Region Adjacency Graph RAG from the intensity segments,
with the assumption that each watershed segment has a correspondence in at least
two consecutive frames (a correspondence either in the next or in the previous
frame), the author apply the Markov Random Field to detect the independently
moving objects. The number of these regions is considered as known and pro-
vided as user-specified parameter. The motion field induced by the regions is
approximated by 6-parameter affine models and estimated jointly with the MRF
classification procedure.

The energy function for the Gibbsian model of the joint probability function
distribution of the motion segmentation field and the observation is given by:

Ult,g") = U (I, g") + Us (I, g*) + Uz (") (2.31)

In this case the observation is composed of the previous estimated segmen-
tation, [!~1, the 6-parameter affine motion model at each site (region), 65, the
previous, f~ !, the current, f?, and the next, fi*!, frames in the sequence:

go = {IL 0L LY ses
with S is the set of region indices.
Motion term

This term therm express how well the current motion model and label field
conform with the image intensities.
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=> W)

ses

Vit ) = min (z (0. (5 ) X (o (1 5))')

i€ERs i1€Rs

di(ff, 1) and d;(f*, f*=1) are, respectively, the forward and backward motion
compensated intensity differences at pixels i of region s:

di(ftaftJrl) = ft(XS) - ft+1(xs +us(0s))
di(ft>ft_1) = ft(XS) - ft_l(xs —u,(6s))

where x, denotes the spatial coordinates of a pixel at site (region) s and u,(6s)
is the optical flow at site s based on the affine parameters 6.

Temporal term

=> Va(ll,gt)

ses

%(li,gi) = CIQS

where ()5 is the number of pixels of region Ry whose motion-based projections in
the previous frame have a label different than I{. The smaller the Q;, the higher
the probability that R, has the label I%.

c1 is a constant that controls the temporal consistency of the label field.

Spatial term

= > V(LI

s,r€S

702'4’5,7"3 li = lfna

t _ gt
c2.Cap, =1L

with (s, is the length of the shared border between neighbor sites s and r, and
co is a constant defined empirically.

Optimization with respect to the spatial energy term Us(l) tends to minimize
the total border length between neighboring objects.

The optimization process of the total energy function iterates between the
following phases:
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Labeling phase: [kl — argmlin U(It, 00k 1=t fi=t fith

Motion estimation phase: ~ §%**! = arg main U(Ibk gt =1 ft) it fith
where k denotes the iteration index.

In the labeling phase, the minimization of the energy function is done with
respect to I*, keeping the motion parameters 6% ”frozen”, using the Iterative Con-
ditional Modes (ICM). In the motion estimation phase, the minimization of the
energy function is done with respect to the motion parameters 6%, keeping the
label field I* "frozen”.

2.2.3.3.3 Tsaig Method

As in the previous method, the algorithm proposed by Tsaig and Averbuch
[168, 169] start with color-based watershed segmentation of the current frame
and spatio-temporal merging (post-processing step) of the small regions. The
motion field for the obtained regions is estimated using a robust gradient-based
parametric technique [173]. Then it uses MRF process for graph labeling over the
Region Adjacency Graph. In this case only two regions are considered, foreground
and background.

The energy function for the Gibbsian model of the joint probability function
distribution of the motion segmentation field and the observation is given by:

U(lta gt) = Ul (ltvgt) + U2(1t7gt) + U3(lta gt) (232)

The measurement correspond to the Motion Vector of the region, ug, the sum
of the mean values of the color components within the region, As, and a memory
of the number of times the region was classified as foreground in the past:

g ={u,, A, M}, s€S

with S is the set of region indices.
Motion term

this term states that moving regions should be classified as foreground, whereas
static regions should be classified as background. The magnitude of the motion
vector is not taken into consideration.

U (I, g") = > Va(il.gt)
seS

o —aQy, (I = Fg,ul # 0)or(l; = Bg,uj = 0);
Vl(ls7gs) =
aQt, (It = Fg,ul = 0)or(lt = Bg,ul #0).

With Q! is the number of pixels in region s at time ¢.
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Temporal continuity term

This term is used to maintain the coherency of the segmentation through time.

=> Va(llgt)

ses
) —eoMLQt, It = Fy;
V (l ,gs) -
CQM: 27 lZ:Bg

Spatial continuity term

This term expresses the relationships between pairs of regions. A similarity
measure is used in order to incorporate the spatial properties of the regions into
the optimization process. Specifically, two regions with similar spatial properties
are likely to belong to the same moving object, thus more weight is given to an
equal labeling for two regions.

s,resS

—y (AL — AL, 1L =1L = Fyg;

S T

Va(lt, gt 1t gt) = meh(AL — A, I\ =1 = Byg;

Y3l(AL — AL)Cs s Is #13;
With 7(d) is the similarity function shown in figure 2.2
where the constants T, T}, d; and dj, determine the effect of neighboring regions

f(d)

d, d,

Figure 2.2: The similarity function Ai(d)
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on one another, and (, , is the length of the shared border between neighbor sites
s and 7.

The constants ¢, 2,71, 72, and <3 determine the relative contributions of the
three terms to the energy functions and they are defined from experience.

Optimization
The minimization of the energy function is performed using HCF (iterative de-
terministic relaxation scheme)[87].

2.2.3.4 Joint intensity and spatio-temporal segmentation

Although the above algorithms can identify successfully multiple moving objects
in the scene, the boundaries are inaccurate. The boundary information neglected
by the initial intensity segmentation field could no longer be recovered by the
motion vector field, and the temporal information could not act on the spatial
information.

To deal with this problem, wang et al. [176] proposed an algorithm where the
intensity segmentation, motion estimation and the spatio-temporal segmentation
are performed jointly in the same framework.

The method tends to maximize a posterior MAP estimation of the displace-
ment vector field U, the intensity segmentation field Z, and the spatio-temporal
segmentation field L. The realization at time ¢ of U, Z, and L are denoted by

u?, zt, and [*, respectively.

(ﬁt,ét,ft) = arg maxt)p(ut,zt,lt | ft,ft_l,f“rl) (2.33)

(ug,zt,1
where p(uf, 2zt 1t | ft, fi=1 ft1) is the posterior probability density function
(pdf) given the three video frames.
p(ut,zt,lt, ft’ft717ft+1)

p(ft, fi=1, firD)

plut, 21| F T ) = (2.34)

The nominator is constant with respect to the unknowns and

pat, 280 P P = (T A e p(f | 2 p()p(ut | lt)p(lt(l zt))
2.35

Motion term

The conditional probability density function p(ft=1, fi*1 | ft, u?) qualifies how
well the motion estimation fits the given frames. This likelihood is modeled by a
Gibbs distribution with the energy function:

U ) = S (S 7)) — 2802 PO T + (e T

seS
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with S is the set of pixels indices. R

d(fL F1) = filx,) — f11 (o, — ) and d(fL, F11) = fi(x,) — foH (x, +ut) are
the backward and forward displaced frame difference at site s, respectively.

f is a correlation coefficient of d(ff, fi=1) and d(f?, ft*1), and x, is the spatial
coordinates of the site s.

Spatial term

The term p(f* | 2*) shows how well the intensity segmentation fits the scene.
Assuming Gaussian distribution for each segmented region in the frame, the con-
ditional probability density is expressed as Gibbs distribution with the energy
function:

Ua(f' | 2) =1 Y (ff—

ses

where 2! = j designates the assignment of site s to region j, p; is the mean of
the intensity within region j.

The intensity segmentation is also constrained with the a priori probability
p(z%) which is modeled by a Markov Random Filed with the Gibbs energy function:

A= > T =, ”2(1 §(2 = 21)

SESTreEN,

where 4(.) is the Kronecker delta function, || . | denotes the Euclidian distance,
X, is the spatial position of the site s, and N, is the set on neighbors of s.

Thus two neighboring pixels are more likely to belong to the same class than to
different classes. The constraint becomes strong with the decrease of the distance
between the neighboring sites.

Temporal term
The term p(u® | ') is the conditional pdf of the displacement field given the
video segmentation field. As Gibbs distribution, the energy function for p(u® | it)

is:
t|lt _032 Z ||X — ||25(l§_lf‘) || ué_ui ”2
seSTreEN, s

The smoothness constraint of the motion vectors is imposed only when the
two pixels have the same spatio-temporal segmentation label.

Spatio-Temporal term

The last term p(I* | z!) represents the probability density of the spatio-
temporal segmentation field when the intensity segmentation field is given. The
energy function for a representation by a Gibbs distribution of p(I* | z?) is the
following:

Ut |2 = > Y T ||2( —0(15 —17)) (L + Bg(D;, D}))

sESTEN,
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1, D; <D
9(Ds, Dy) =
0, otherwise

where Ny is the set on neighbors of s and D! is the distance between the pixel
(site) s and the nearest boundary pixel in 2.

The first term in the potential function encourages the spatial connectivity,
while the second term gives a penalty on the pixel closer to the boundary of the
intensity segmentation field if the two pixels are not of the same video segmenta-
tion class. The parameter 3 controls the strength of the constraint imposed by
the intensity segmentation field.

The contributions of the motion, spatial, temporal and saptio-temporal terms
are controlled with parameters ¢, ca, c3, and ¢4 defined empirically.

Optimization

the minimization is done using the iterated conditional modes (ICM) algorithm
in two steps. Firstly, u* and 2* are updated given the estimate of the spatio-
temporal segmentation field ! as u® and z! are conditionally independent and
secondly, the spatio-temporal segmentation [! is updated assuming the motion
field u? and the intensity segmentation field 2! are given.

2.2.4 Motion segmentation with a moving observer

Motion segmentation in the case of a moving camera is much more complicate
because we need to separate the motion due to the camera (egomotion) from
the motion due to the objects. As the observer moves, the images it collects
representing the world change, even if everything in the field of view is static,
i.e., nothing else is moving. From this sequence of images the observer can infer
information relating to its own motion, as well as the depth structure of the
environment in witch it is moving and this can be used after by the observer for
path planning and obstacle avoidance. The non static objects in the environment
of the observer are referred to as 'moving independently’.

Motion segmentation methods in the case of a moving camera can be classified
in two groups: layered motion approaches and hierarchical approaches.

2.2.4.1 Layered Motion Methods

These methods for motion segmentation [104, 109, 113] are much suitable for
video coding. They try to group scattered regions with same motion into a single
model, called layer. More gain can be obtained by representing a motion layer
with a single set of motion parameters than by representing each region with an
individual set of parameters. By grouping the motions in the scene into differ-
ent motion layers, more efficient coding can be achieved through a hierarchical
manner. Besides, segmentation for coding purpose needs a more accurate motion
boundary to avoid the prediction artifact. For this purpose, the algorithms focus
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on finding global motion homogeneity instead of local motion homogeneity. The
idea is to estimate the dominant motion over the entire image, warp the images
according to the dominant motion, extract the regions that do not agree with
the dominant motion, and for each region estimate the dominant motion again
over that region and extract the moving objects in the region by warping and
differencing.

2.2.4.2 Hierarchical methods

In these approaches the dominant motion over the entire image is recovered.
Assuming that most of the image is occupied by a static scene, the motion of
most pixels in the image is due to the egomotion, this is the dominant motion.
The idea is to align the scene by compensating out the global motion, then apply
motion segmentation methods (described in sections 2.2.1 and 2.2.3) as in the
case of a static camera [96, 120, 126, 136, 142].

In [96], the pixels in each image are shifted to compensate for camera ro-
tation. The optical flow is computed with a gradient-based technique and the
optical flow vectors with small magnitudes are discarded. Then the vectors with
similar locations, magnitudes, and directions are clustered together using a spatial
consistency test.

In [142], The apparent motion induced by the camera motion is represented
by a 2D parametric motion model, and compensated for using the values of the
motion model parameters estimated by a multi-resolution robust statistical tech-
nique. Then, regions whose motion cannot be described by this global model
estimated over the entire image, are extracted. The detection of these non con-
forming regions is achieved through a statistical regularization approach based on
multiscale Markov random field (MRF) models.

In the following, we will present the well known methods for camera motion
estimation and compensation.

2.2.4.3 Methods for camera motion estimation and compensation

Motion compensation in an image sequence is the warping of the global image
changes due to the camera motion. Before a sequence of images can be motion
compensated efficiently, the motion of the camera have to be estimated.

The camera motion is generally represented by a parametric motion model
where the spacial coordinates, x's = (2%, y.)T, of a pixel (site) s (s € S) in the
current frame, f*, are function of their corresponding location, x, = (4, %s)?, in
the pervious frame, f~!. Table 2.1 gives a summary of the mostly used motion
models.

Parameters a = (aq,...,a,),n € {2,3,6,8,17} in the motion models are ob-
tained by minimizing a disparity measure between a region R in the current frame
and the mapped region in the previous frame.

min Y || f4(x:) = F1(O(x.)) | (2.36)

sER
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Model /
Number of Parame-
ters

formula

Physical meaning

!
. Ty =xst+a .
Translation / 2 b s ! 2D translation
Ys = Ys + a2
2 -
. Ty =2TgCOSP —yYssSINPp +a .
Euclidean / 3 H H.w mE% m\vnOm m N QH 2D translation +
Ys s Ys 2 rotation
/
Ty =a1Ts +a +a
Affine / 6 H 15 T G2Yls T O3 above + skew
Ys = Q4Ts + A5Ys + ag
7 2
" Ty =0a1Ts +a + a3z + arx + agx;
Pseudo Projective/ 8 M 155 T d2Ys T a3 T A70sYs T A8 5 (none)
Yg = Q4Ts + a5Ys + a6 + agTsYs + arxy
!
T, = (0175 + a2ys + a a7Ts + agys + 1 .
Homography / 8 i M@HHM 4 @m@m N @ww\M@qam 4 @m@m N Cv motion of a 3D pla-
Ys 4L s 5Ys 6 TLs 8Ys nar surface
. a17s+a2ys+as+aarsys+asv2+acy: +arriystasrsy’taga? .
Q-warping/ 17 Ty = S e Soeda o0 motion of a 3D
/ _ a10zstanystaietaiszsystaas tasys tagziysfarz.ys fase quadratic surface
Ys = a16Tsta17ys+1

Table 2.1: motion models
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where || . || is the distance measure and O(x;) is the transformation applied to
the coordinates of site s and is given by one of the models in table 2.1.

The widely used methods to solve this minimization problem are robust regres-
sion methods like random sample consensus (RANSAC) [51], the least median of
squares (LMedS) regression [189] and the least trimmed squares (LTS) regression
[101].

RANSAC selects P number of samples out of M measurements where P is the
number of parameters of the model to estimate. Given a priori knowledge of the
maximum measurement error, a number of points are selected from a the region
R in the previous frame. If at least a minimum number of points are within the
expected measurement error (inlier points), the estimate is accepted. Finally, a
least squares fit to the selected points is computed and this is the estimate pro-
duced by RANSAC. RANSAC is guaranteed to succeed if the minimum number
of accepted points (inlier points) is greater than (M + P + 1)/2. LMS proceeds
identically except it does not use an expected error to classify selected points.
Instead all possible P sets are evaluated and the estimate with least median of
squared residual is selected. All points with a squared residual smaller than or
equal to the least median of squared residual are considered good points. The final
least squares step and the number of inlier points necessary for LMS to succeed
are identical to RANSAC.

Finally, LTS is an improvement over LMS. In LMS the evaluation of a trial set
P depends on the errors in the data points P, i.e., the median of squared residuals
of a data set may have been considerably lower if the initial estimate would have
been improved by a least squares step. Therefore, LTS improves each subset of
”good” points by improving the fit with repeated least squares [101]. The least
squares iteration has converged when the set of good points has become stable.
LTS finds the good points set with the minimum least squares residual. The LTS
process is robust even if (M — P — 1)/2 measurements is not respected.

Methods for camera motion estimation can be grouped in two categories:
methods based on tracking particular features and methods based on dense mo-
tion analysis.

2.2.4.3.1 Camera motion estimation based on features tracking

As said above, if two successive frames in a video sequence taken from a moving
camera can be related, it will be possible to extract information regarding the
depth of objects in the environment and the speed of the camera. But comparing
every pixel in the two images is computationally prohibitive. Intuitively, one can
imagine relating two images by matching only locations in the image that are in
some way interesting. Such locations are referred to as interest points or features
and are located using an features detector. Finding a relationship between images
is then performed using only these points. This reduces the required computation
time.

Many different feature detectors have been proposed with a wide range of
definitions for what points in an image are interesting. Some detectors find points
of high local symmetry, others find areas of highly varying texture, while others
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locate corner points. Some of the well known methods for feature points detection
are describe in appendix B.

The camera motion is estimated by tracking the detected feature points in
multiple views. The mostly used algorithm for feature tracking is the one using
Lukas-Kanade optical flow based algorithm [196]. The tracker takes as input the
coordinates of the feature points to track in the first image and at each iteration,
it takes a new image and returns the location of these feature points in that image
using information from the previous image.

The Lukas-Kanade algorithm is an optical flow based technique which relies
on the assumption that brightness of every point of a moving or a static objects
does not change in time.

Let’s consider a point at spatial position x = (z,y) undergoes a small dis-
placement in time dt, such that its new position is given by x’ = (x +dz, y + dy).
Using Taylor series for brightness gives the following;:

+ Uiy Uy o

ZLdt+ .. (2.37)

.7 are higher order terms. g£ = fz, %5 = f, and %{ = f; are the deriva-

tives of the image at (x,y,t) respectively.

f(z,y,t) is the frame brightness at spatial position x = (z,y) and time ¢.

According to the brightness assumption, f(x + dz,y + dy,t + dt) = f(z,y,t):
of 4., 9F of

gplo g+ Gpdt+ =0 (2.38)

where ”

Neglecting the higher order terms and dividing the equation by dt we obtain
the optical flow equation:

fm + fy 0 YL f=0 (2.39)

where dx/dt and dy/dt are the optical flow components in the x and y directions
respectively:
dr dy

@ at)

u = (Uq, uy) = (

The equation (2.39) alone does not suffice for the computation of the flow
components and additional constraints are required. Several approaches have
been proposed to obtain additional constraints for the solution of the optical flow
constraint equation. The solution as given by Lucas and Kanade is a non-iterative
method which assumes a locally constant flow.

Assuming that the flow u = (ug,u,) is constant in a small window of size
m X m with m > 1, which is centered at pixel z,y and numbering the pixels
within as 1...n, n = m3, a set of equations can be found:
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fxlux + fyluy = _ft1
fxzux + fyzuy = _ftz (240)

Jon Uz + fy,uy = —ft,

which can be written as

fa?l fy1 _ftl
Jas fye [ux} e
S I 7 N
fzn fyn _ftn
or
Ai=-b (2.41)

With this there are more than two equations for the two unknowns and thus
the system is over-determined. To solve the over-determined system of equations,
the least squares method is used in the LucasKanade optical flow estimation:

AT Al = AT (—b)
i=(ATA)'AT(-D)

or

A modified version of Lucas & Kanade approach which has been used in our
implementations is given in appendix B.2.

Uy

2.2.4.3.1.1 Camera motion estimation

Once the correspondence (ft~1, ft) is known, the ego-motion of the camera
or the mapping between the images (f'~1, f!), can be estimated using a transfor-
mation model and an optimization method.

The mapping between a reference image f*~! and a target image f* can be
expressed as:

fi(xs) = g(f 1T (xy))) (2.42)

where T is a coordinate transformation and ¢ is an intensity transformation.
If we assume that no intensity changes are present, i.e. g(xs) = X5, the map-
ping equation can be simplified to:

fixs) = 1T (%)) (2.43)
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This equation gives us a mapping between the points in the two images, namely:

x, = T(xs) (2.44)

where x, is the spatial position of the point s in the image f*~! and x, is the
spatial position of its corresponding point in f*.

The model parameters are estimated ,then, by minimizing using following
squared error:

1 N
S (% = T(x,)) (2.45)
=1

[\)

where N is the number of features (corners).

The most popular approach for this robust estimation problem is the RANSAC
(RANdom SAmple Consensus) algorithm. The idea is to repeatedly guess a set
of model parameters using small subsets of correspondences that are drawn ran-
domly from the input set of correspondences C. With a large number of draws,
there is a high probability to draw a subset of correspondences that are part of
the good motion model. After each subset draw, the motion parameters for this
subset are determined and the number of correspondences in C that are consistent
with these parameters is counted. The set of model parameters with the largest
support is considered to be the camera motion model.

e Remove outliers features

To delete the outliers features, i.e. the features associated with moving objects,
two methods have been proposed. In [151] the model parameter estimation is
performed in two steps:

e Compute the initial estimate of the camera motion model Ty using the full
feature set.

e discard the features with squared error exceeding a given error and recom-
pute the final estimate of the camera motion using only remaining feature
set.

In this method, it is assumed for outliers detection that the portion of moving
objects in the images is relatively small compared to the background.

In [120], the considered features are only those within background regions of
the previous frame. In case of the first frame the background regions are not
known and therefor, pixels which distance from the left or right border is less
than 10 pixels are used as observations points, assuming that there is no moving
object near the left and right image border.
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2.2.4.3.2 Camera motion estimation based on dense motion

The well known of these methods is the one proposed by Dufaux and Konrad
[173]. The algorithm is hierarchical and consists of three stages. In the first
stage, a low-pass image pyramid is built. Then, an initial translation is estimated
with full pixel precision at the top of the pyramid using a modified n-step search
matching. In the third stage, a gradient descent is executed at each level of the
pyramid starting from the initial translation at the coarsest level.

The technique is designed to minimize the sum of the squared differences
(SSD) between the current frame f and the motion compensated previous frame

f/
N
E=Y ¢, with e, = (f, — f) (2.46)

s=1
where f; and f!, denote the intensity of image f at pixel s and the intensity of f
at the corresponding pixel s’ (s’ = s + d, where d is the displacement).
Summation is carried out over N pairs of pixels (s) and (s") within image
boundaries.
A perspective (eight-parameter) model is used for the camera motion

! __ aotaszs+asys
T =

s asTst+arys+1
! _ a1ta3xrs+asys
Ysr agTs+arys+1

where (z,,ys) and (2,,y%,) are spatial coordinates of pixels s and s’ in images
f and f’, respectively. The motion parameters (ao, ..., a7) are computed using a
gradient descent method.

This model is suitable when the scene can be approximated by a planar surface,
or when the scene is static and the camera motion is a pure rotation around its
optical center.

In order to improve convergence and reduce computational complexity, a low-
pass image pyramid is used; the gradient descent is applied at the top of the
pyramid and then iterated at each level until convergence is achieved. To assure
convergence in the presence of large displacements, the gradient descent should
start within a convergence "basin” of the global minimum of E. To achieve this,
an initial, coarse estimate of the translation component of the displacement at
the top level of the pyramid is computed by applying an n-step search matching
algorithm proposed by Koga et al. [177].

The motion parameters a = (ayo, ..., a7) are estimated using an iterative pro-
cedure:

altt =a' + H ' (2.47)

where

a’ and a’t! are parameters set at iteration ¢t and ¢ + 1, respectively;

H is n x n matrix equal to one-half times the Hessian matrix of F;

b is a n-element vector equal to minus one-half times the gradient of E;
n is the number of parameters of the model (8 in this case).
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The coefficients of the matrix H and the vector b are given by:

7 1 022 ~ Oeg Oeg
i 2 8ak8al o =1 8ak 8al
and
1< D¢€? N Oe
— - Y.
2 . Oay, —~ Oay,

The gradient descent starts at the top level of the pyramid, then follows at
the subsequent levels in a top-down approach. At each level, the gradient descent
is iterated until a suitable convergence criterion. N,,,, iterations are carried
out, but the process may stop earlier if the update term is smaller than a preset
threshold. The projection of the motion parameters from one level onto the next
one consists merely of multiplying ag and a; by 2, and dividing ag and a7 by
two. Finally, the procedure stops at the base level of the pyramid where the final
motion parameters are obtained.

2.2.4.3.3 Image warping After camera motion estimation, the frames are
warped or in an other word aligned to compensate out the global motion.

The general meaning of the term ”image warping” refers to the process of
geometrically transforming two-dimensional images. This transformation can be
a simple scaling or rotation and it can be a complex and irregular mapping.

An image warp is defined by a mapping from the coordinate space, (z,y), of
a source image, f, to the coordinate space, (z/,y'), of a destination image, f’. If
the destination coordinates are specified as a function of the source coordinates,
the mapping is called a forward warping.

(',y") = T(z,y) (2.48)

T is the mapping function.
If the source coordinates are specified as a function of the destination coordi-
nates, the mapping is called an inverse warping.

(z,y) =T y) (2.49)

A warp described by a forward mapping is performed by scanning the source
image pixel by pixel, calculating the corresponding location in the destination
image by evaluating the mapping function, and painting that location in the
destination image with the color of the source pixel. On the other hand, a warp
described by an inverse mapping is performed by scanning the destination image
pixel by pixel, calculating the corresponding location in the source image by
evaluating the mapping function, and painting the destination pixel with the
color of the calculated source location.

The spatial transformation may map the area corresponding to a pixel onto an
area that is not centered on integer pixel coordinates and may be of a different size
or shape than the mapped pixel. In forward mapping this means that the color
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of the single source pixel has to be distributed over several destination pixels; in
inverse mapping the destination pixel has to be interpolated from several source
pixels. If this is done improperly, e.g. by simply rounding the mapped coordinates
to the nearest pixel, the result will be nonuniform intensity and/or holes in the
destination image in the forward mapping case, and some aliasing artifacts in the
inverse mapping case.

In the case of image warping for camera motion compensation, an inverse map-
ping is applied to the image f! to move it backward and delete the transformation
due to the camera motion.

(z,y) =T('y) =T (",y) (2.50)

where T~1 is the inverse of the camera motion model.

In general, a pixel (z,y’) in the warped image do not correspond to a sin-
gle pixel (z,y) in the original image; that is, it doesn’t have integer coordinates.
Therefore, the intensity (color) f’ value assigned to the pixel (z’,y’) must be com-
puted as an interpolated combination of the pixel intensity (color) values closest
to (z,y) in the source image. The most used method for interpolation are:

e Nearest-neighbor interpolation: also known as zero-order interpolation, which
simply assigns to point (2’,y’) in the destination image the value of the nearest
pixel (z,y) in the source image. It is the fastest interpolation method, though it
can produce image artifacts called jaggies or aliasing error.

e Bilinear interpolation: also known as first-order interpolation, which assigns
to Point (2, ') in the destination image a value that is a bilinear function of the
four nearest pixels (x,y) in the source image.

Bilinear interpolation results in an improvement in image quality over nearest-
neighbor interpolation, but may still result in less-than-desirable smoothing ef-
fects.

e Bicubic interpolation, which assigns to point (z’,y’) in the destination image
a value that is a bicubic function of the 16 nearest pixels (z,y) (4 x 4 neighbor-
hood) in the source image. This interpolation method reduces resampling artifacts
even further then in the bilinear interpolation. It preserves the fine detail present
in the source image at the expense of the additional time it takes to perform the
interpolation.

2.2.5 Conclusion

In this section we summarized the problem of motion segmentation and the well
known methods solving it. We grouped these methods into three groups: motion
segmentation based on change detection, motion segmentation based on motion
field analysis and motion segmentation based on Markov random fields. We also
presented how these methods for motion segmentation can be used in the case of
a moving observer by estimating and compensating the camera motion.
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In the following section, we will present the method we propose to solve the
problem of motion segmentation. The method estimates simultaneously the mo-
tion field and segment the moving objects in the scene.

2.3 Proposed method for motion estimation and
segmentation

This work introduces a new algorithm for simultaneous motion estimation and
segmentation of image sequences taken with a moving camera. The algorithm
exploits both the advantages of the GMM background subtraction approach with
its simplicity and capability to adapt to illumination changes and small motions
in the scene, and the advantages of the MRF approach with its power to model
non-linear interactions between features of different nature to take advantage of
space and time dependencies that moving objects impose on pixels.

The use of the background model and the motion information competitively in
the MAP-MRF decision framework produces more accurate and visually attrac-
tive silhouettes that are less affected by noise than traditional pixel-wise methods.

Figure 2.18 illustrates the different steps of the proposes approach. At time
t, the algorithm starts with the estimation and the compensation of the camera
motion between the previous frame, f'~!, and the current frame, f! using the
method proposed by Dufaux and Konrad [173].

In the second step, an apparent scene cut or strong camera pan is detected
by evaluating whether or not the squared difference between the current frame,
f*, and the compensated previous frame from camera motion, f'~', exceeds a
given threshold, Thsc. The evaluation is performed only within the background
regions of the previous frame. In case of a scene cut between two consecutive
frames, the segmentation algorithm is reset, i.e. all parameters are set to their
initial values, as the camera motion in this case cannot be correctly compensated.

The new compensated frame is used, in the third step, to update the GMM
model of the background, Bg, as in the case of a static camera. The model used
for the background is the one introduced by Stauffer and Grimson [99].

In a fourth step, the background model, Bg, the current frame, f!, the com-
pensated frame from camera motion, f t=1"and the previous segmentation (object
mask), OM, are used in a mazimum a posteriori probability (MAP) framework to
detect moving objects in the current frame and estimate their motion field.

In a last step, in order to avoid the common problem of fragmentation in
background subtraction methods and accelerate the learning of the background
model (new static regions), the background model is re-updated based on the
results of the MAP-MRF optimization.

The different steps of the algorithm are described in more details in the fol-
lowing sections.
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Figure 2.3: Algorithm for motion segmentation with a moving observer

2.3.1 Camera motion estimation and compensation

We implemented two methods for camera motion estimation and compensation
(CMEC): a method based on feature tracking and a method based on dense motion
analysis (see section 2.2.4.3).

To deal with the problem of outliers in the estimation of the camera motion,
we propose to use an initialization phase. This means that before to start moving
the robot (the camera) takes some time to build a model for the scene and detect
the static and the moving parts. During robot motion, the detected moving parts
are not considered for the camera motion estimation.

2.3.1.1 Feature based approach

For the method based on feature tracking, we used the Harris corner detector
[191, 194]. Farin et al. [206] have shown that the Harris detector has the best
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performance for accuracy and repeatability of detection compared to other meth-
ods for corner detection.
In our implementation a perspective motion model x,, = T'(x;) with eight
parameters is used for the camera motion.
aotasrs+a3ys
asTstarys+1
x = T(x5) = (2.51)
a1+a3rs+asys
agxs+arys+1

The RANSAC algorithm for parameters estimation can be described with the
following steps:

1. Draw a subset S of size |S| of correspondences. Four correspondences are re-
quired to solve for the eight free parameters of the perspective motion model.

2. Compute the parameters a = (aq, ..., ag) of the motion model from the cor-
respondences in S.

3. Determine the set of inliers Z, which is the set of correspondences Z =
{xs <> X} that comply with the motion model.

4. Repeat steps 1-3 several times (N) and choose the set of inliers for which
|Z| is largest.

5. Apply least-squares approximation of the motion parameters with the set
of inliers to minimize the squared error (equation 2.45):

e=3 > (% = T(x,))°

%

To avoid the requirement of a non-linear optimization, we multiply the Euclidean
distance by the denominator of the transform model:

+ + 2 2
= 1 E _ fo T G2%s a3y5> ( a1 +azrs + a5ys) 2
‘ v agTs+arys+1
2 - (( " agrs + arys + 1 Yr P —— (aezs+arys+1)

1

€=3 Z[(ao + ayws + agys — x,(a6Ts + arys + 1))

%

+ (a1 + azzs + asys — yr(ass + azys +1))°]

After imposing the necessary condition de/da; = 0 for an error minimum, this
results in a linear equation system from which we can obtain a;.
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Figures 2.4 and 2.5 show examples with no moving objects (static scene) and
with moving objects, respectively.

frame f* frame difference ff — ft=1 frame difference f* — ft=1

Figure 2.4: Feature tracking based CMEC algorithm in a static scene

frame f' and detected fea- frame difference f” — ft71 frame difference f” — ft71
tures

Figure 2.5: Feature tracking based CMEC algorithm in a dynamic scene

The drawback of this method for camera motion estimation is that it works
only in the case of well textured environment. Figures 2.6 and 2.7 show the results
of the warping in a well and less textured scenes, respectively. We can see that
in less textured environment (Figure 2.7) the estimated motion model does not
represent the correct motion of the camera which leads to a distortion of the
wrapped frame f'~1.

frame f! and detected fea- frame f'~! frame difference f¢ — ft=!
tures

Figure 2.6: Feature tracking based CMEC algorithm in a well textured scene
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frame f' and detected fea- frame f'~! frame difference f* — f¢=!
tures

Figure 2.7: Feature tracking based CMEC algorithm in a less textured scene

Figure 2.9 shows the mean square difference between successive frames (f'~!
and f*) in an image sequence (figure 2.8) and the mean square difference between
the current frame ffand the compensated previous frame from camera motion

ftfl.

diffl = v/(mean((ft — ft-1)2)) (2.52)

diff2 = |/ (mean((f* — f1-1)2)) (2.53)

The error in diffl include also the error due to the interpolation in the warping
procedure (see section 2.2.4.3.3).

Figure 2.8: First and Last frames of the lab sequence
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Figure 2.9: Mean Square Differences diff1 and diff2

2.3.1.2 Dense flow based approach

Figures 2.10, 2.11, and 2.12 show the results of the camera motion estimation and
compensation based on dense motion in the case of static scene, dynamic scene,
and less textured dynamic scene, respectively. We can see that, even we lost
some information from the motion of the foreground, this method can robustly
handle the camera motion (global motion). This method is the one we used in
our implementation for motion segmentation with a moving observer.

frame f* frame difference f* — fi=1 frame difference f* —

Figure 2.10: Dense motion based CMEC algorithm in a static scene

frame f* frame difference f* — f*=1 frame difference f¢ — ft=1

Figure 2.11: Dense motion based CMEC algorithm in a dynamic scene
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frame f? frame difference ft — ft=1 frame difference ft — ft=1

Figure 2.12: Dense motion based CMEC algorithm in a less textured dynamic
scene

Figure 2.13 shows the mean square differences (equations (2.52) and (2.53))
in the image sequence offigure 2.8. We can see that the camera motion is well
estimated compared to the feature tracking based estimation method.

MSD

0 10 20 30 40 50 60
frame

Figure 2.13: Mean Square Differences diff1 and diff2

The parameters a = {ay, ..., ag} of the projective model of the camera motion
encode movement along all three spatial axes, zoom (i.e., scale in each of the
image coordinates x and y), and rotation (including rotations due to panning,
tilting, and movement about the optical axis) as follows:

as : Translation in X direction;

ag : Translation in Y direction;
ay,a2,aq4,a5 ;. Scaling (zooming), Rotation, Shearing;
ar,as : Chirping and keystoning.

Figure 2.14 shows the estimated parameters for the camera motion in the
sequence of figure 2.8. We can see that only parameters representing translation
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(az and ag) which are changing a lot.
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- ——a6

10 20 30 40 50 60

Figure 2.14: Camera Motion Parameters a = {ay, ..., ag}

The method was tested also on another image sequence (figure 2.15) where
there is more changing in zooming then in translation or rotation. The sequence
contains also a moving object.

We can see from figures 2.16 and 2.17 that also in this case the motion estima-
tion method based on dense motion performed well and the estimated parameters
represent camera motion (big and constant zooming (a; and as) with a small
change due to translation (a3 and ag)).

Figure 2.15: First and Last frames of the Office sequence
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Figure 2.16: Mean Square Differences diff1 and diff2
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Figure 2.17: Camera Motion Parameters a = {a1, ..., ag}

2.3.1.3 Camera motion compensation given its 3D motion

As seen in chapter 1, the SLAM process estimates the 3D camera motion. In
this section we propose using the estimated 3D camera motion from the SLAM
to derive the 2D camera motion parameters for its compensation.
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Figure 2.18: Algorithm for motion segmentation with a moving observer

The coordinate in the camera frame system of a point in the space (2, 4%, 2¢)
and the coordinates in the image frame system of the point image (z,y) are related
by the perspective transformation:

(EC yC
=f=, = 5L 2.54
z=/"7 v=1I" (2.54)

where f is the camera focal length.

Let (2, 9%, 2¢) be the coordinates in the camera frame system of a stationary

point at time ¢ and (x’c, y’c, z’c) its corresponding coordinates at time ¢’. When
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the camera undergoes a 3D rotation and translation, the relationship between the
3D point coordinates before and after the camera motion is:

z'¢ 1 —w, Wy z€ te
ye = w. 1 —w, vy | 4|ty (2.55)
1C —wy Wy 1 2¢ t,

2.3.2 Scene cut detection

A scene cut detector consists in detecting highly uncorrelated consecutive frames.
It evaluates whether or not the squared difference between the current original
frame f* and the compensated previous frame from camera motion f'~! exceeds
a given threshold Thgc (equation 2.56). The evaluation is only performed within
the background regions of the previous frame.

> Thgc =  scenecut

)

s/1t=0 <Thsc = noscenecut

Npg4 denotes the number of background pixels, I% is the value of the classification
at site s and time ¢, and f! and ft=1 are the intensity at site (pixel) s of frames
ft and f'=1, respectively.

In case of a scene cut between two consecutive frames, the camera motion
can not be compensated correctly. Two cases are considered: - if the camera
can retrieve cursorily its place and therefore the correct scene view. The few
false frames are detected and canceled by the scene cut detector. Instead, in
case where the gap between the last ”correct frame” and the new ones persist
for several seconds, the algorithm is re-initialized: the robot stops, takes time to
detect moving object to avoid outliers in camera motion estimation when it starts
moving. The first frame after the initialization of the algorithm is considered
as the current background to be updated. In our implementation, the process
decides to re-initialize after 7 to 9 scene cuts from the last ”correct frame”.

2.3.3 Gaussian Mixture Background Modeling

To model the background we use the Gaussian Mixture Model (GMM) introduced
by Stauffer and Grimson [99] given by equation 2.11 (section 2.2.1.2.2).

In this model each pixel is modeled as a mixture of Gaussians. The number
of normal distributions (Gaussians), K, is set as a parameter from the beginning.

In our implementation, the channels of the feature space are considered as
independent (X;, = azkl with I the identity matrix) and the matching of the
actual data with the distributions is done using the Mahalanobis distance (equa-
tion 2.57) instead of the Euclidean distance (equation 2.14):

Ak P

-1
di = (fst - ui,k)TEZ,k (f;6 - Ug,k) T \2
(Us,k)

(2.57)
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The parameters of the matched component k are updated using equations
2.16.

Number of components

From our experiences, the number of components in the case of Gaussian Mix-
ture modeling for background subtraction, is generally small and 2 components
are enough, as there are only two classes (background, foreground), if the learning
rates (a,p) and the background threshold are well chosen.

Figure 2.19 shows the segmentation results obtained with a GMM algorithm
with 2 and 5 components applied on the sequence ”02463C1AL” from USF-NIST
1 1204]. In this sequence, a person at the far right side of the camera’s field of
view is moving (walking) to the left side, turns toward the camera, and walks
back to the right.

The parameters of the algorithms (determined empirically) are:
GMM with 2 Gaussians: a = 0.05, p = 0.0005, and T = 0.0001.
GMM with 5 Gaussians: a = 0.01, p = 0.0075, and T = 0.6.

The initial value for the standard deviation is oy = 222 in both cases.

A GMM model with a number of components K = 2 and a good choice
of learning parameters is faster then a GMM model with 5 components and it
can guaranty a multi-modality of the system on a particular image sequence.
However, a given set of learning parameters for a two GMM model can not be
used for different image sequences. The two GMM algorithms described above
have been tested on several image sequences and the obtained results demonstrate
that a the GMM model with K = 5 can always adapt to these sequences which
is not the case with the GMM model with K = 2 as it is shown in figure 2.20 2.

Ithe sequence can be found at http://figment.csee.usf.edu/GaitBaseline
2the sequence can be found at http://www.cvg.cs.rdg.ac.uk/datasets/index.html
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a) Original frame b) segmentation with K=2 b) segmentation with K=5

Figure 2.19: Segmentation with different number of components in the GMM
model. (sequence ”02463C1AL” from USF-NIST)
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a) Original frame b) segmentation with K=2 b) segmentation with K=5

Figure 2.20: Segmentation with different number of components in the GMM
model.
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2.3.4 MRF modeling for motion estimation and segmenta-
tion

GMM motion segmentation is pixel based, that is, each pixel is processed against
its background model independently of other pixels in the image. Furthermore,
there is no time dependency in this technique as the output of a subtraction
process at time t has nothing to do with its output at time ¢t — 1. To take
advantage of both the space and time dependencies that moving objects impose
on the image pixels, we combine the segmentation and the motion estimation
process in a Markov Random Field (MRF) framework.

Given the current frame, f?, the compensated previous frame from camera
motion, ft_17 the background model, Bg, and the previous segmentation object
mask, OM, we wish to compute the mazimum a posteriori probability (MAP)
estimate of the motion field, /%, and the segmentation label field L. We use the
notations u’ = {ul,s € S} and I* = {l!, s € S} for the realizations of U* and L?,
respectively. S is the set of pixels’ indices. In this work we are concerned with
binary classification ; at each site (pixel) s, s € S, the label value I can be either
0 (background) or 1 (foreground).

Using the Bayes rule, the posteriori probability density function (pdf) of u?
and I given f* and ft~! can be expressed as:

p(f [t 1 P p(at |1 et [ )
p(fr]feY

The denominator is constant with respect to the unknowns. Thus the MAP
estimate corresponds to the following;:

p(utvlt ‘ ft7f~t71) = (258)

(a', 1) = max (pr [0, P 1pal |, P10 | 7)) (2.59)

The conditional pdf p(ft | ut,I*, f©=1) quantifies how well the motion field and
motion segmentation estimates fit the current frame. As the color space and
motion field are mutually independent (given the spatial information, we cannot
predict the optical flow and the same, given the optical flow at a spatial location,
we cannot predict its colors), the probability p(f? | u?,it, f©=1) is a product of
two terms modelled by Gibbs distributions:

p(ft | utalt7ft71) = Tl(ltﬂftaftil)'TQ(utﬂfta.ftil) (260)

The term T} models a normally distributed noise around the site’s color:

- 1 _ t et Ft—1
T ff ) = HT e~ UL (2.61)

ses

with
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L 2
e g gy =y e (2.62)
1\ ’ - 2(O't A)Q .
ses s,k

is is the energy function.

ol . and ui ; are, respectively, the variance and the mean at time t of the

s,k
matched component k at site s in the background GMM model.
The coefficient —L s incorporated in the partition function Z.

3
ses (2m)2 O‘:J%

The second term in the likelihood, T (u?, f*, f£=1), models the quality to ob-
tain the current frame from the previous one using the estimated motion field .
It is modeled by a Gibbs distribution with the energy function:

Us(u', f', fi7) =Y el (2.63)
seS
where
es =|| f1(xs) = fH(xs +ul) | (2.64)

is the displaced frame difference (DFD) at site s, x, is the coordinate of the site
s, ft(xs) is the intensity of the frame f! at site s, and u, is the motion field at
this site.

T5 is maximized when the motion field minimizes the DFD function, indicat-
ing that accurate optical flow estimates are obtained.

The second term in (2.59) is the conditional pdf of the displacement field given
the motion field and the previous frame. Neglecting the dependence on the previ-
ous frame, this term is imposed only when the neighboring pixels share the same
segmentation label to smooth the motion field. We model this pdf also by a Gibbs
distribution with the energy function

Us(u' [ 1) =AY > el 0 (1L —1h) (2.65)

sESreNg

Where
e =l ul —ul |? (2.66)

denotes the squared displacement difference between neighboring sites s and 7.
Ny is the set of neighbors of the site s, § is the Kronecker function and A is a
scalar used to control the emphasis of the constraint.

e Neglecting the dependence on the previous frame, ft_l, the third term in (2.59)
represents the a priori probability of the segmentation in order to encourage for-
mation of contiguous regions. It is modelled by a Gibbs distribution with the
energy function:
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=8y Y V(1) (2.67)

SESreNg

Where 3 control the emphasis of this term and

— e, =1
V(IL,1L) = ’ (2.68)
+ﬁ, otherwise

denotes a two-clique potential function.
In this function, two neighbors sites s and r are more likely classified to be
part of the same object if they have the same motion.

In summary the a posteriori pdf (2.58) can be rewritten as:
p(ut 1| 1) o
exp { UL, 11, F'71) = Uaul, 1, 1) = Us(u', 1) = Ua(1) ) (2.69)
Substituting Uy, Us, Us, and Uy with equations (2.62),(2.63),(2.65), and (2.67),

respectively, the maximization of the a posteriori pdf p(u?,l* | ft, ft=1) is equiv-
alent to minimizing the energy function

Ifs—n
U=U1+U2+U3+U4=Z(—tk‘b ZE—F

seS ses
AN o) +8> > V(LI (2.70)
seSTeN, seSreN,
Where &g, €., and V (I%,1!) are given in equations (2.64), (2.66), and (2.68),
respectively.

2.3.5 Background model re-updating

After the MRF optimization of the motion segmentation, some of the pixels de-
tected as belonging to the background using the GMM model became part of
the foreground (false background detection) and others detected with the GMM
model as belonging to the foreground became part of the background (false fore-
ground detection). In this case the model of the background should be updated
according to the finale result of motion segmentation. For this, we propose to
reevaluate the parameters of the model corresponding to the changed pixels. The
reevaluation should be done inversely to the learning process in GMM model.

e False background detection
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The parameters of the matched component in the GMM background model
are re-updated as follows:

Wor = e @)
pot =15t = pfd) (2.71)

(0" = 25 (0 2+ o | F =t 1)

Where « is the same learning rate used in the learning phase of the GMM model
(see section 2.2.1.2.2). wz s u’; . and O’i ; are, respectively, the weight, the mean,

and the standard deviation of the matched model at changed pixels.

e False foreground detection
In this case we admit that we have surely a background pixel and then the

parameters of the closest component (k) to this pixel in the GMM background
model are re-updated as follows:

t+1 _ ANt A
W= (1-« )wsjC !
po ==l + oS (2.72)

EHIN2 (1 V(A N2 L L et |2
(0" = (1= p)o" )+ 0 || f1— i |

o’ >> « to have a fast forgetting of the past background model and p" = o/ /w;.

2.3.6 Implementation

The previously described approach has been implemented in matlab and tested on
synthetic and real image sequences. To show the advantage of using the motion
field in the segmentation process, a simplified version of the proposed algorithm
has been implement as well.

2.3.6.1 Simplified Model

A simplified version of the global algorithm in which the posterior depends only on
the previous segmentation, the current frame and the background model, without
estimation of the motion field, can be defined as

p(ft | lt’ft—l)p(lt ‘ ]?t—l)
p(f")
The maximization of the corresponding a posteriori pdf is then equivalent to

the minimization of the energy function (neglecting in this case also the depen-
dence on the pervious frame in the priori probability function)

p" | 117 = (2.73)

U7 = Ua(ff 8 778 + Ua(1Y) (2.74)
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with . )

|| fs - /"Lt’lz;ls ||
t \2

2(05’];)

UL (ff 11 F7h =)

ses

(2.75)

and

Ual) = B3 3V (1) 44 SV (1Y) (2.76)

seSreNg ses

The first term in the prior energy function (2.76) is the spatial smoothing
function as in the global algorithm with the following potential function
-1, iflt =1
VL) - (277)
+1, otherwise

whereas the second term in (2.76) is used to introduced a temporal continuity
with the potential function

V(I 1) = ‘ (2.78)
0, otherwise;

With this potential function, as we are interested in background estimation,
we want that if a pixel was classified as background at time ¢ — 1, it would remain
background at time ¢. Aside from that, we did not want to impose any other
relationship on a pixel’s segmentation.

2.3.6.1.1 Optimization For the simplified version of the algorithm, the op-
timization is done using the simulated annealing with metropolis algorithm as
follows:

e Initialization (current solution, Temperature)
e Calculation of the CurrentCost
e Loop

— NewState

— Calculation of the NewCost

— if A(CurrentCost — NewCost) < 0 then
x CurrentState = NewState

else

. c tCost—N t ‘
% if exp ¢ S Temperature ) > random number in [0, 1] then

- Accept CurentState = NewState
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x else
- Reject

— Decrease Temperature

e Exit Loop and stop when StopCriteriom

2.3.6.2 General algorithm

In the case of the global algorithm, the optimization of equation (2.3.4) with
respect to all unknowns is a difficult problem. To this effect, we perform the
minimization of the energy function U (2.3.4) by iterating over the following two
steps:

1. Update the motion field U, given the best estimate of the segmentation field,
L = . This step involves minimization of the energy function:

Ey=Y 24X Y &, o(L—1) (2.79)

ses seSreNg

which contains all terms in (2.3.4) that depend on u. Where ¢, and € ,. are given
with the equations (2.64) and (2.66), respectively.

2. Update the segmentation field L, assuming the motion field &/ = u is given.
This step involves the minimization of the energy function containing all terms
that contain [ as well as the spatial information:

| fo =t gy,
EL:Z# YN v (2.80)

seS sESTEN,

with V' (I£,1!) is given with equation (2.68).

At each step the optimization is carried out using the ICM algorithm. The
optimization procedure stops when a (local) minimum is reached.

The parameters A and S (or 8 and ~ for the simplified version) in the proposed
algorithm, control the weight of the potentials in the MAP estimation. These
parameters have been determined empirically.

In our implementations, the motion field has been initialized using the Lucas-
Kanade method for optical flow estimation (see section 2.2.4.3.1 for a description
of this method).

2.3.7 Experimental results

The above algorithms have been tested on synthetic scenes and real image se-
quences. For all our experiments, the used parameters of the background gaussian
mixture model are:

number of components: K =5
learning rate for the weighting: a = 0.01
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learning rate for the parameters: p = 0.0075

matching threshold: 4 times the standard deviation distance from the
mean of the components.

the threshold for selecting the background components (modes): Th =
0.8

2.3.7.1 results using the simplified Model

Figure 2.21 shows the optimization of the motion segmentation using the MRF
procedure on a synthetic image sequence. Fig2.21-a and Fig2.21-b are the frames
f71 and f* of the sequence, respectively. Fig2.21-c is the result of the GMM
segmentation step and Fig2.21-d is the result after the MRF optimization. In
Fig2.21-c and Fig2.21-d, the black pixels are background whereas the white pixels
correspond to the foreground.

a) frame fi=! b) frame f*

c¢) GMM segmentation d) MRF optimization

Figure 2.21: Segmentation optimization in MRF procedure

Figures 2.22 and 2.23 show the results obtained with the simplified version
of the proposed algorithm for motion segmentation in real scene sequences taken
with a static and a moving camera, respectively. Each row shows the original
frame, the foreground mask and the combination of the original frame and the
mask.

From these figures one can notice that the results are acceptable in the case of still



2.3. Proposed method for motion estimation and segmentation 117

camera, whereas in the case of moving camera, even if the foreground is detected,
the contour is not smooth.

————— ]|

frame 28

frame 49

frame 10

frame 29

Figure 2.23: Simplified version of the algorithm in the case of a moving camera.

If there is an error in the the camera motion estimation and compensation, as
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in Figure 2.24 where suddenly a big part of the frame is detected as moving, this
will be detected with the scene cut detection procedure, and therefore the current
frame will not be used to update the background model.

Figure 2.24: Error in motion estimation and compensation at frame 27

2.3.7.2 Results using the global algorithm

For the global algorithm, the used parameters for the MRF framework are A = 1.0
and 8 = 0.5 in the case of a static camera, and A = 0.7 and g = 0.5 in the case
of a moving camera.

Figures 2.25 shows the results obtained in the case of a static camera. Com-
paring the first row of figure 2.25 with the results in figure 2.22, one can notice
that by using the motion field in the MRF framework, we obtain more smoothed
borders.

The third result in figure 2.25 presents a more complicate case where the mo-
tion field of the foreground is not a regular translation as the foreground is moving
toward the camera.

Figures 2.26 and 2.27 show examples with a moving camera. In the example
of figure 2.27, there are some false detections of some winding parts of the green
plant and the trees’ leaves. These false detections have been filtered based on
their size, except the regions connected to the real foreground.
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i

a)Original frame b) Foreground Mask ¢) Motion field

Figure 2.25: Motion segmentation with static camera
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a) Original frame c) Foreground Mask d) Motion field

Figure 2.26: Motion segmentation with moving camera - first example.
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framel5

frame 30

frame 35

frame 40

Figure 2.27: Motion segmentation with moving camera - second example.

2.3.7.3 Method evaluation

To show the advantage gained with the use of the MRF segmentation to re-update
the GMM model, the method is compared to the classical GMM algorithm. Figure
2.28 shows that the learning in the proposed algorithm is faster compared to the
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classical GMM algorithm. The proposed algorithm needs only 25 frames to learn
the part of the background which was covered by the foreground at the beginning,
instead of the 42 frames needed by the classical GMM algorithm.
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frame 12

frame 21

frame 26

frame 32

frame 43

a) Original Frame b) Classical GMM c) Proposed Method

Figure 2.28: Background Model updating
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For a qualitative comparison between the segmentation results (background /
Foreground) obtained with the classical GMM algorithm and the proposed algo-
rithm, we considered the classification, in time, of three pixels of the sequence of
figure 2.28. The considered pixels are depicted in figure 2.29. Pixel 'P1’ is located
on the foreground on the first frame, then it becomes part of the background after
5 frames. Pixel 'P2’ is a background pixel and becomes part of the foreground
from frame 12 to frame 19. Whereas, pixel 'P3’ is always part of the background.
Each row in figure 2.30 represents the red values of the considered pixels in the
original image sequence, the background model obtained with the classical GMM
algorithm, and the background model obtained with the proposed algorithm.

The results demonstrate the stability of the proposed algorithm as it selects
the more representative GMMs for the background model. Figure 2.30.a shows
also the fast adaptation of background using the proposed algorithm.

Figure 2.29: Ground truth pixels
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Figure 2.30: evolution of the background model at the ground truth pixels
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For a further quantitative evaluation of the proposed global algorithm we
estimated the percentage of the pixels belonging to the moving objects and are
correctly assigned to the foreground (percentage of true foreground detection) and
the percentage of the background pixels that are incorrectly classified as belonging
to the foreground (percentage of false background detection). The ground truth
used for the evaluations is obtained by segmenting manually some frames of the

sequences.
Figure 2.31 shows the ground truth used for this evaluation.

ajframe 10 Iy} frame 40 <} frame 100

Figure 2.31: Ground-truth for quantitative evaluation of the proposed motion
segmentation algorithm in the case of a still camera

Figures 2.32 and 2.33 represent the percentage of true foreground detection and
the percentage of the false background detection at some frames of the sequence,
respectively. The comparison is made after an initialization time. The lower
percentage of true foreground detection is generally due to the less textured part
of the foreground or when it stops moving for few moments. This last case appears
with a big false background detection ( in this sequences this problem appears
each time the persons stop to change their direction).

The first part in both graphs correspond to the learning process.
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Figure 2.32: Percentage of true foreground detection
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frame

Figure 2.33: Percentage of False Background detection

The same experiences have been made on a sequence with a moving camera.
The ground truth are shown in figure 2.34 and the percentage of true foreground
detection and false background detection are given in figures 2.35 and 2.36, re-
spectively.

fame 10 Tfame 17 frame sl

Figure 2.34: Ground-truth for quantitative evaluation of the proposed motion
segmentation algorithm
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Figure 2.35: Percentage of true foreground detection
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1 4 710 13 18 19 22 25 28 31 34 37 40 43
frame

Figure 2.36: Percentage of False Background detection

2.3.8 Conclusion

In this chapter, an overview of the most important methods for motion segmen-
tation has been presented. We proposed a new method for simultaneous motion
estimation and segmentation of image sequences taken with a moving camera.
In the proposed method, we model the space and time dependencies that moving
objects impose on the image pixels as fields of random variables. Compared to the
per-pixel background subtraction methods, our approach provides higher quality
silhouettes of the foreground objects.

The feedback of the MRF optimization results to update the background model
enables the acceleration of the learning of the new stationary regions and therefore
avoids the fragmentation problem.

The moving object mask detected by the motion segmentation algorithm will
be used in the following chapters for Simultaneous Localization And Mapping
(SLAM) algorithm to exclude the moving part of the scene from the map by
removing the outliers features, and for the path planning algorithms for obstacle
avoidance.



Chapter 3

Navigation System

3.1 Introduction

In this chapter we present the proposed path planning system for mobile robot
navigation. It is composed of a global path planning and a local path planning
procedures.

The global path planning process, based on the global estimated map and the
global positioning of the robot by the SLAM system (see chapter 1), calculates a
path allowing the robot to reach a user defined goal. The output of this process
is a set of intermediate goals between the current and final robot positions. If the
global map is not known and no final goal is defined by the user, the global path
planning process defines a set of arbitrary goals, based on the successive local
maps, allowing a maximum exploration of the environment.

On the other hand, the local path planning process allows the robot to follow
the planned path while avoiding unplanned obstacles in the SLAM system and
detected moving obstacles using the motion segmentation system (see chapter
2). The position of the detected moving objects is predicted by a Kalman filter
tracking procedure applied to the output object mask from the motion detec-
tion process and the used sensors for static obstacles detection are infrared and
ultrasound sensors.

The local path planning procedure is based on two fuzzy logic controllers: a
goal seeking controller and an obstacle avoidance controller. The goal seeking
controller tries to find the optimal path to the intermediate goals (defined by the
global path planning), while the obstacle avoidance controller has for mission to
avoid obstacles. A command fusion scheme based on a conditioned activation for
each controller arbitrates between the two behaviors.

The fuzzy logic controller for obstacle avoidance is equipped with reinforce-
ment learning algorithm, which consists of a scalar reinforcement signal as a
performance feedback from the environment enabling the navigator to tune itself.

129
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3.2 Global Path Planning

In this section we present a method by which an autonomous robot in possession
of a feature based representation of its surrounding can decide where to move so
as to reach a user define goal or to best explore its environment. the algorithm
we used in our work is the one developed by Bradley Hasegawa [240] in which
the problem is formulated as a selective traveling salesman problem (S-TSP),
then converted to an optimal constraint satisfaction problem where each point of
interest is assigned a value, and each edge connecting points is assigned a cost,
and solved using the Constraint Based A* algorithm to choose the most valuable
and feasible ordered set of waypoints. Figure 3.1 represents the diagram of the
method [2401.

Feature-based map

SLAM Candidate Identification and Scoring

map Obstacle obstacles
Extraction

LS
| 2
5B
=y

O* Search

ydei§
BIEMIPUED

S3IEPIPUED JO
1asqns paseps

Saolver

Figure 3.1: Diagram of the algorithm for path planning from a feature based map

The system uses the D* algorithm [241, 242] in order to search the visibility
graph for the least cost path between every pair of candidates. D* performs an
incremental search and creates the candidate graph. It saves its last calculated
set of least cost paths. Then, when the map updates and a new visibility graph
is built, the system tells D* what edges changed in the visibility graph. D* then
searches the visibility graph only as much as it needs, in order to update its
saved set of least cost paths, to accurately reflect the least cost paths through the
visibility graph between every pair of candidates.

The candidate graph is passed to the solver module which returns an ordered
subset of candidates to visit. The D* search module uses then its stored set of
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least cost paths to fill in the path between these candidates.

3.2.1 The Solver Module

The solver module takes a candidate graph as input and outputs an ordered
subset of candidates to visit. There are four versions of the solver module: the
greedy version, the full horizon version, the receding horizon version, and the
fixed horizon version. The greedy version simply searches through all of the edges
leading out of the vertex representing the robot for the edge with the lowest
weight and returns the candidate at the other end of this edge. The full horizon
version solves the TSP on the candidate graph and returns the resulting sequence
of candidates. The receding horizon version solves the S-TSP on the candidate
graph for the constant horizon length L and returns the resulting ordered subset
of candidates. The fixed horizon version solves the S-TSP on the candidate graph
for a horizon length of L-d, where L is a constant and d is the distance the robot
has traveled since the last horizon, and returns the resulting ordered subset of
candidates.

To solve the S-TSP, [240] formulates the problem as an Optimal Constraint
Satisfaction Problem (OCSP). An OCSP consists of a set of variables with finite
domains, a set of constraints which map each assignment to the variables to true
or false, and a utility function that maps each assignment to the variables to a real
number. A solution to an OCSP is an assignment to the variables that maximizes
the utility function such that the constraints are satisfied.

In order to formulate the S-TSP as an OCSP, one variable is created for each
candidate. Each variable can take the value of either 1 or 0. The candidate cor-
responding to a variable that is assigned to 1 is included in the ordered subset of
candidates that is the solution to the S-TSP, while the candidate corresponding
to a variable assigned to 0 is not included. Each variable also has its own utility
function, called an attribute utility function. This function maps a variable as-
signed to 1 to the utility of the corresponding candidate and a variable assigned
to 0 to zero. The utility of an assignment to the entire set of variables is equal to
the sum of the values of the attribute utility functions of the individual variables.
To describe the constraint, the sub-graph formed by removing every vertex corre-
sponding to a candidate whose variable is assigned to 0 (and every edge including
such a vertex) from the candidate graph is considered. The constraint over the
OCSP variables is that the solution to the TSP on this sub-graph must have a
length that is less than or equal to the horizon length L.

The S-TSP formulated as an OCSP is solved with the constraint-based A*
algorithm [242]. Constraint-based A* is an efficient method based on A* search
of enumerating the possible assignments to the variables from highest to lowest
value of the utility function. To maximize the utility function for a partial assign-
ment to the variables, it is sufficient to assign each of the unassigned variables to
a value that maximizes its attribute utility function. Constraint-based A* takes
advantage of this fact in order to efficiently find the next best full assignment
to the variables, and in order to efficiently calculate an admissible heuristic dur-
ing the search. In order to solve the S-TSP, constraint-based A* enumerates full
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assignments to the variables one at a time and checks the constraint for each
assignment. The approach in [240] checks the constraint on an assignment by
running the Concorde TSP solver on the subgraph corresponding to the assign-
ment. The first full assignment that constraint-based A* finds is consistent must
correspond to the subset of candidates in the solution to the STSP, since these
assignments are generated in best first order.

3.2.1.1 Constraint-based A*

Constraint-based A* uses a form of state-space search to enumerate the vari-
able assignments of an OCSP in best-first order. Constraint-based A* improves
upon the efficiency of A* by exploiting a requirement that the utility function
of an OCSP be mutually preferential independent (MPI). If each decision vari-
able z; has an attribute utility function g;(x;) defined for it, and if the utility
function for full assignments to the decision variables is a function of the val-
ues of the attribute utility functions, that is the utility function is of the form
G(g1(z1), 92(22), , gn(xn)), then the utility function for full assignments is a multi-
attribute utility function. An MPT utility function is a multiattribute utility func-
tion which can be maximized by maximizing the attribute utility of each decision
variable independent of all of the other decision variables. For example, an addi-
tive utility function G(g1(x1), g2(z2),, gn(zn)) = g1(x1) + g2(x2) + ... + gn(zy) is
MPI because we can find the assignment that maximizes G by finding the value
for 21 that maximizes gy (z1), the value for z9 that maximizes g(z2), and so on.
Constraint-based A* takes advantage of MPI utility functions in order to limit
the expansion of each search tree node to only its best child, and to efficiently
calculate an admissible heuristic at each node.

In the constraint-based A* framework, search states are partial or full assign-
ments to the decision variables. In order to move from one state to the next,
constraint-based A* finds a variable that has not been assigned in the current
state and assigns it one of its possible values. Given state {1 = 0}, if we choose
the next variable to be zq, then {#; = 0} can transition to {z; = 0,22 = 0}
or {1 = 0,29 = 1}. The initial state of the search tree is the state in which
no decision variables have been assigned a value, and leaves of the search tree
are states in which all of the decision variables have been assigned a value. The
search proceeds by expanding the search node with the best estimated utility until
it reaches a leaf.

3.2.2 Environment exploration

In case of environment exploration, the robot should try (i) to visit areas that
are open and sparsely populated with features ; (ii) to stay away from areas that
have already been visited ; (iii) to visit areas that are close to and reachable from
the current position.
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3.3 Local Path Planning

3.3.1 Fuzzy Logic and Fuzzy Control

Fuzzy Logic (FL) is based on the concept of fuzzy sets, proposed by Lotfy Zadeh
in 1965, in which membership is expressed in varying degrees of truth. That is,
FL is a multivalued logic that allows intermediate values to be defined between
conventional evaluations like yes/no, true/false, black/white, etc. Notions like
rather warm or pretty cold can be formulated mathematically and processed by
computers.

Fuzzy logic is a way of reasoning that can cope with uncertain, imprecise, or
partial information. It is often confused with probability. The difference between
probability and fuzzy logic is clear when we consider the underlying concept that
each attempts to model. Probability is concerned with the undecidability in the
outcome of clearly defined and randomly occurring events, while fuzzy logic is
concerned with the ambiguity or undecidability inherent in the description of the
event itself. Fuzziness is usually expressed as ambiguity rather than imprecision
or uncertainty and remains a characteristic of perception as well as concept.

Fuzzy control is one of the important applications of fuzzy theory. It works
rather different than conventional controllers; expert knowledge is used instead of
differential equations to describe a system. This knowledge can be expressed in a
very natural way using linguistic variables, which are described by fuzzy sets.

The basic configuration of a Fuzzy Logic Controller comprises four principal
components [208, 209, 210, 211, 223]: Fuzzifier, Defuzzifier, decision making logic,
and knowledge base component (Figure 3.2):

[ Knowledgs Base ]

v 1
o tput
Fuzzification Decision Making Logic J_.[ Defuzzification ourp

Figure 3.2: Fuzzy Controller block diagram

Input variables x;,7 = 1, ...,n of the controller are state variables of the plant
to be controlled. These variables are based on measurements at instant ¢ and
have somewhat uncertain values (for example distance between a robot and an
obstacle, the speed of the robot, the direction of moving obstacles,...).

The controller should be able to determine control values y;,j = 1,...,m (for
example a rotation angle, change of the speed, ...) based on the current mea-
surements and the prior knowledge of an expert. The prior knowledge is made
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available as a set of linguistic rules of the form:

R": 1IF z,is A} AND/OR... AND/OR =, is A" THEN y; is B!, ..., ym is B!,

A} ( respectively B}) are linguistic terms of input (respectively output) vari-
ables described by ! membership functions f; 1, ..., tti; ( respectively p member-
ship functions 7; 1, ...,m;,p) in their universes of discourse. AND and OR are fuzzy
operators [208, 210].

The fuzzification interface transforms the input variables (crisp) to fuzzy sets
or linguistic terms by determining their membership degree.

3.3.1.1 Knowladge Base

The knowledge base provides necessary definitions used to characterize the fuzzy
control rules and the fuzzy data manipulations in the fuzzy logic controller. It
contains the fuzzy sets defined on the input and output universes of discourse and
a set of decision making rules.

The designer of a fuzzy controller is inevitably faced with two specific ques-
tions when building the set terms: (i) How does one determine the shape of the
membership functions corresponding to the fuzzy sets? and (ii) How many sets
are necessary?

According to fuzzy set theory, the choice of these parameters is subjective and
there are few empirical rules for helping defining fuzzy sets [212]: (i) A fuzzy set
should be sufficiently wide to allow measurement noise handling, and (ii) A certain
amount of overlap between fuzzy sets is desirable. If there is a gap between two
sets no rules will fire for values in the gap. Consequently the controller function
is not defined. The most common shapes of membership functions are triangular,
trapezoidal, and gaussian (bell curve) functions [212].

The designer of the fuzzy controller should also define the fuzzy operators
for aggregation, activation, and accumulation which will be used in the inference
engine.

3.3.1.2 Fuzzification

The first step in Fuzzy Logic Control is to fuzzify the input variables into linguistic
variables linked to fuzzy sets. This step consists of determining the degree of
membership of each input to the fuzzy sets via membership functions.
Example

For the fuzzification of the car speed value xy = 70km/h the two membership
functions g4 and pp from Figure 3.3 can be used, which characterise a low and
a medium speed fuzzy set, respectively. The given speed value of o = 70km/h
belongs with a grade of pa(zo) = 0.75 to the fuzzy set 'low’ and with a grade of
g (zo) = 0.25 to the fuzzy set 'medium’.
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Figure 3.3: Example of fuzzification

3.3.1.3 Inference Engine

This part of a fuzzy controller combines the facts obtained from the fuzzification
with the rule base and conducts the fuzzy reasoning process. It is done in tree
steps [212]:

Aggregation: The aggregation operation is used when calculating the degree of
fulfillment or firing strength «, of the condition of a rule r. It combines
the membership degrees of the input variables using the fuzzy operators
(AND,OR). The commonly used operators for the fuzzy AND are min or
product and for the fuzzy OR are mazx or algebraic sum.

Activation: The activation of a rule is the deduction of the conclusion, possibly
reduced by its firing strength. It uses the min or product operators. Both
operators work well, although the product operators results in a slightly
smoother control as it preserves the initial shape of the output membership
curve.

Accumulation: All activated conclusions are accumulated , using the max or
sum operations.

The Inference engine is designed by its activation and accumulation opera-
tors and the most used inference engine mechanisms are the Max-Min and Max-
product.

Example

For a fuzzy system with two inputs x; and zs, one output y, and two fuzzy
rules (the linguistic term S stands for ’small’;, M for 'medium’, L for "large’, N for
‘negative’ and P for ’positive’)
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(1) IF (21 = P) AND (23 = M) THEN (y = M)
(2) IF (21 = N) OR (2 = S) THEN (y = S)

The inference is evaluated as follows: Each rule contains two premises, which are
differently connected. In rule 1 the connective operation is the intersection, which
can be performed by the min operation (u' = min(pa, , (21), pa, ,(22)), and in
rule 2 the premise is a union of the two premises, which can be performed by
the max operation (,U'Q = maX(NAz,l (xl)v KAz (xQ)) KAy 15 HAY 55 HA 1> and HAz 5
are the membership functions defining the fuzzy partitions of the inputs variables
universes of discourses.

The membership functions of the conclusion of each rule is determined using
the degree of fulfillment of the corresponding rule by applying either the Max-Min
inference method or the Max-Prod inference method as shown in Figure 3.4.

premise 1 premise 2 max;/min inference max-prod inference
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Figure 3.4: Example of the application with two premises with (a) max/min
inference and (b) max-prod inference

3.3.1.4 Defuzzification

The resulting fuzzy set from the inference process must converted to a crisp value
that can be sent to the controlled system as a control signal. This operation is
called defuzzification. There are several defuzzification methods [208, 209, 210],
the most commonly used are mazimum and center of gravity techniques.

Maximum Defuzzification Technique [210, 220]

This method gives the output with the highest membership function (equation
3.1). This defuzzification technique is very fast but is only accurate for peaked
output.

yi/ wp(y*) > pp(y), forally €Y (3.1)
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where y* is the defuzzified value, pp/(y) is the degree of membership of the output
y to the fuzzy set B’ (obtained after Accumulation) and Y is the output universe
of discourse.

Centre of gravity (COG) technique [208, 210, 220]

This is the most commonly used technique for defuzzification and is also known
as center of gravity or center of area (equation 3.2). This technique was developed
by Sugeno in 1985. The disadvantage of this technique is that it is computationally
difficult for complex membership functions.

. Jus Wy
YT T (y) (32

3.3.1.5 Takagi-Sugeno controller

In the rule based systems, fuzzy sets are used both in the premises and in the
conclusions. This kind of inference is called Mamdani inference [211, 220, 223].
A modified inference scheme, developed by Takagi and Sugeno [217, 218, 219],
represents the conclusions by functions of the inputs data:

R": IF x1is A7 AND/OR... AND/OR z,,is A, THEN y} = Fj (21, ...,2,), (j = 1..m)

The function F] represents a direct mapping from the input space X1 x Xs... x
X,, with the input values x4, ..., z,, to the output space Y.

The order-0 Takagi-Sugeno controller is a particular version where the output
in the rule decision part is given by a real number:

R": IF zyis A7 AND/OR... AND/OR =z, is A}, THEN y; = ¢}, (j = 1.m)

The final output is determined as a weighted mean value over all R rules
according to:

= Do HE (@1, )
J ZT 'ur
where p" is the degree of fulfillment of rule r calculated by combining input
membership values using fuzzy AND and OR operators.

(3.3)

3.3.1.6 fuzzy logic implementation

Although there have been many successful applications of fuzzy control, control
designers still need to face two major obstacles in implementing a fuzzy control.
The first is the acquisition of fuzzy rules, and the second is the definition of optimal
parameters of membership functions for the linguistic rules. However, there exists
no guidelines for designing fuzzy controllers. Manual designs may require long
period of trial and error and much input from experts are required. This provides
the motivation for adaptive fuzzy control, where the focus is on the automatic
on-line synthesis and tuning of fuzzy controller parameters. Several parameter
identification techniques have been proposed for tuning fuzzy controllers. We can
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find methods based on supervised learning [212, 213, 214, 215, 216, 231], and
others on unsupervised learning [231, 234, 235].

Obtaining effective and quality training data in the case of our application for
mobile robot navigation in unknown environment is not an easy task and probably
impossible to represent the varying environment. For these reasons, we opt for
solving the problem of fuzzy controller adaptation using an unsupervised learning
paradigm known as reinforcement learning (RL) [236, 237, 238] (see section 3.3.2).

3.3.1.7 Application of Fuzzy Logic for mobile robot navigation

The development of techniques based on fuzzy logic (FL) for autonomous nav-
igation in real-world environments received considerable interest in the current
research on robotics. The existent methods using FL for robot navigation are
often hierarchical behavior-based methods [220, 221, 222, 223, 224, 225, 226],
where a set of simple behavior processing units (such as ”seek the goal”, ”ovoid
obstacles”,...,) are coordinated with an arbitration strategy and command fusion
process (figure 3.5).

These behaviors work independently and are not activated all together, each
behavior is only activated when needed. The arbitration strategy decides which
behaviors should be activated depending on the state of the environment [227].
Several behaviors may also be simultaneously activated. In this case, a command
fusion is needed to combine the results of activated behaviors.

Algorithms for mobile robot navigation based on fuzzy logic differ in the num-
ber and type of behaviors and the used combination strategies.

Arbitration strategy

£

Extroception

—_— cammand | Command
Froprioception fusion

- = :.-’

behaviorn

Figure 3.5: Behavior-based navigation strategy

The command fusion process can be a simple strategy as switching system,
where only the behavior with high importance is used and other behaviors are
ignored or summation process, where the resulting command is a weighted sum
of the activated behaviors. It can be also more complicated strategy as fuzzy
fusion process, where the output of activated behaviors are combined by a fuzzy
operator [227, 228].
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Other authors proposed methods based on adaptive fuzzy controllers for mo-
bile robot navigation allowing the system to acquire knowledge and adapt it be-
havior by interacting with the environment. These methods have also an hierar-
chical architecture and depend on the used learning process [224, 229, 230, 231,
232, 233, 234, 235]. They can be classified into two classes: navigation methods
with online learning and navigation methods with off-line learning.

Methods with off-line learning for mobile robot navigation are based, usually,
on supervised learning algorithms, where a set of possible situations and corre-
sponding decisions are presented to the robot [220, 224]. These techniques are
well suited for some classes of environment. Where the robot is called to navigate
in similar architecture without hard changing of the environment (new type of
obstacles, moving obstacles,...).

In the other side, methods with online learning have the possibility to adapt
themselves to new situations in their environment [229, 235], but the chose of the
learning policy is not easy and therefor their utilization is limited to the environ-
ment where possible errors are tolerated, for example with navigation methods
based on reinforcement learning, bumping or approaching an obstacle or take a
false way during the learning should be tolerated.

3.3.2 Reinforcement learning for fuzzy controller
3.3.2.1 Reinforcement learning

Reinforcement learning algorithms attempt to find a policy that maps states of
the world to the actions an agent ought to take in those states [236, 237]. The
environment, in return, provides a reward which can be positive or negative.
The reinforcement learning algorithm consists to find a policy for maximizing
cumulative reward for the agent over the course of the problem.

The environment is typically formulated as a finite-state Markov decision pro-
cess (MDP), and reinforcement learning algorithms for this context are highly
related to dynamic programming techniques. State transition probabilities and
reward probabilities in the MDP are typically stochastic but stationary over the
course of the problem.

Reinforcement learning differs from the supervised learning problem in that
correct input/output pairs are never presented, nor sub-optimal actions explicitly
corrected. Further, there is a focus on on-line performance, which involves finding
a balance between exploration (of unknown territory) and exploitation (of current
knowledge). The exploration v.s. exploitation tradeoff in reinforcement learning
has been mostly studied through the multi-armed bandit problem [236].

Formally, the basic reinforcement learning model consists of:

e a set of environment states S = {s;},
e a set of actions A = {a:}, and
e a set of scalar "rewards” r; in R.

At each time ¢, the agent perceives its state s; € S and the set of possible ac-
tions A(s;). It chooses an action a; € A(s;) and receives from the environment the
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new state syy1 and a reward ryy1. Based on these interactions, the reinforcement
learning agent must develop a policy 7 : § — A which maximizes the quantity
R =", 1, for MDPs which have a terminal state, or the quantity R = ), v1,
for MDPs without terminal states (where 7; is some ”future reward” discounting
factor between 0 and 1).

After we have defined an appropriate return function to be maximised, we need
to specify the algorithm that will be used to find the policy with the maximum
return. There are two main approaches, the value function approach and the
direct approach.

The direct approach entails the following two steps [236, 237]

1. For each possible policy, sample returns while following it.
2. Choose the policy with the largest expected return.

One problem with this is that the number of policies can be extremely large,
or even infinite. Another is that returns might be stochastic, in which case a
large number of samples will be required to accurately estimate the return of
each policy.

The problems with the direct approach might be ameliorated if we assume
some structure in the problem and somehow allow samples generated from one
policy to influence the estimates made for another. Value function approaches
do this by only maintaining a set of estimates of expected returns for one policy
7 (usually either the current or the optimal one). In such approaches one at-
tempts to estimate either the expected return starting from state s and following
7 thereafter,

V(st) = E[R]s¢, 7] (3.4)

or the expected return when taking an action a; in state s; and following 7w
thereafter,
Q(Shat) = E[R|St,’ﬂ'] (35)

We can choose optimal actions by simply choosing the action with the highest
value at each state. In order to do this using V', we must either have a model of
the environment, in the form of probabilities P(s;y1|s¢,a) to transit from state s;
to s¢+1 while applying the action a; = 7(s), which allow us to calculate @ simply
through:

Q(si,a0) = Y V(sie1)P(seralse, ar) (3.6)

St41

or we can employ the so-called Actor-Critic methods [236], in which the model is
split into two parts: the critic, which maintains the state value estimate V', and
the actor, which is responsible for choosing the appropriate actions at each state.

Given a fixed policy 7, Estimating F[R|.] for ¢ = 0 is trivial, as one only has
to average the immediate rewards. The most obvious way to do this for v; > 0 is
to average the total return after each state.

The above methods can converge to the optimal policy. This is usually done
by following a policy pi that is somehow derived from the current value estimates,
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i.e. by choosing the action with the highest evaluation most of the time, while
still occasionally taking random actions in order to explore the space.

An alternative method to find the optimal policy is to search directly in the
policy space. Policy space methods define the policy as a parameterized function
(s8¢, 0¢) with parameters 6;. Commonly, a gradient method is employed to adjust
the parameters. However, the application of gradient methods is not trivial, since
no gradient information is assumed.

3.3.2.2 Q learning

It exists several approaches for reinforcement learning without models. Some are
based on policy iteration (see section 3), such as the Actor Critic Learning [239],
and others on value iteration, such as Q-Learning or SARSA. The Q-Learning,
proposed by Watkins [238], is perhaps the more popular of Reinforcement algo-
rithms, for its simplicity.

In this algorithm, the agent observes the present state, s;, and executes an
action, a;, according to the evaluation of the return that it makes at this stage.
It updates its evaluation of the action’s value while taking in account, a) the
immediate reinforcement, r;, and b) the estimated value of the new state, V(s¢41),
that is defined by:

V(st+1) = max Q(st+1,at) (3.7)

The updates are made by:

Q(st+1,at) = Q(s¢,a1) + B (vt + YV (s¢41) — Q(s¢, a¢)) (3.8)

B is a learning rate such that § — 0 as t — oc.
This equation can be written:

Q(st+1,at) = (1 = B)Q(st,a¢) + B (ve + 7V (5141)) (3.9)

This update corresponds to the barycenter of the old and new evaluations, weighted
by 5.

The evaluations of the @Q-values, are independent of the policy followed by
the agent. The later can follow any policy, while continuing to construct correct
evaluations of the action’s value.

3.3.2.3 Fuzzy controller optimization using (-learning

In this paragraph we consider the order-0 Takagi-Sugeno fuzzy controller FC,
which is used in our mobile robot navigation. The controller has n inputs and
one output variables and is described by a set of N fuzzy rules such as:

R": IF z; is A AND/OR...AND/OR z,is A, THEN y" = (", r=1,.,N
(3.10)

We suppose a partition of input universes of discourses with triangular mem-
bership functions, p14r, and the conjunction in the premise part of the rules is the
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product operator. These constraints are not restrictive but allow model simplifi-
cation.

Let x¢ = (21, ...,2,) be an input vector. The output y(x) = FC(x) is then
given by:

S (x)
y(x) = = (3.11)

2 pr(x)
where p1"(x) = [] par(z;) is the degree of fulfillment of rule r using the product

7
for the AND conjunction.
If we consider strong fuzzy set partitions (50% overlapping of the fuzzy sets)
then, Y p"(x) =1, ¥x € X and

y(x) =Y W (x).c" (3.12)

We call the premise part of a rule r: s” = (z1is A7 AND...AND z, is A%) a
state of the system. For the FC adaptation using a Q)-learning algorithm we con-
sider a 0O-order Takagi-Sugeno fuzzy controller where each rule r has K possible
conclusions a}, with quality factor ¢}, (k = 0..K). a is used for rule conclusions
instead of ¢ in Eq(3.21) for a coherent notation with reinforcement learning algo-
rithm.

R": If xiss” then y = af] with ¢
or y =ajwithgj
or
or y = af with ¢}

Using Eq(3.12) for an input vector x; at time ¢, one can define the inferred
action, A(x;), and its associated quality, Q(x;, A(x¢)), by:

Alxe) =Y 7 (xe)-ap, (3.13)

Q(xr, A(xe)) = Y " (%) Ghr (3.14)
with k" being the subscript of the chosen conclusion for the rule r.
Conclusion Selection

During the exploration phase of the learning algorithm, the K possible con-
clusions are not modified as in supervised learning. They are analyzed and their
g-values are updated. In the exploitation phase of the fuzzy controller, a greedy
policy will take the best conclusion among the proposed ones; their initial choice
is therefore important. If there is no knowledge about the process to control,
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the K possible conclusions are equally distributed in the output universe of dis-
course. The g-values are initialized to zero to give the same chance for all possible
conclusions.

Let ¢; be the maximum g¢-value for the rule r at time ¢:
@ = max(af (3.15)

The value of the new state x;y; after application of action A(x;) corresponding
to the maximum g-value at state x; is then (see equation 3.7)

Vixean) = S (%) (3.16)

and the updates are given by:

qu,t _ { ﬁ (rt + PyV(StJrl) _0 Q(St? at)) /j’r(xt) é{hlérzllser (317)

with r; is the system reward factor and 8 and 7 are the learning parameters (see
paragraph 3.3.2.2).

3.3.3 Proposed Navigation Algorithm

The purpose of the proposed local navigation algorithm is to follow the global
path defined by the global path planing algorithm while avoiding the unplanned
obstacles in the SLAM algorithm (moving obstacles). The inputs of the naviga-
tion algorithm are the global robot position, the speed of the robot, the global
path as a set of intermediate target points, the data from ultrasonic and infrared
sensors, and the path and position of the moving obstacles detected by the motion
segmentation algorithm (chapter 2) and tracked by a Kalman filter (see 3.3.3.1.2
of this chapter).

The proposed navigation system include two behaviors implemented by fuzzy
logic controllers: Goal Seeking behavior and Obstacle Avoiding behavior. The
behaviors are coordinated by a conditioned activation fusion scheme (figure 3.3.3).

The proposed algorithm has been adapted and implemented for a car-like
robot ”"ROBUDEM?” equipped with sonar sensors and a vision camera.
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Figure 3.6: Local Navigation system

3.3.3.1 Sensory data

3.3.3.1.1 Data from US and Infrared sensors

The "ROBUDEM?” robot is equipped with eight sonar sensors grouped in 4
pairs as shown in figure 3.7.

For robot navigation the sensors are grouped in five groups (figure 3.7).

Figure 3.7: Groups of Sensors

The distance d; measured by the ith sensor group is expressed as:
For +=1,..,5,

di = min{dimax,minj{{dij}}; ] =1..2 (318)
where d;; is the distance measured by the j*" sensor of the sensor group i.
3.3.3.1.2 Data from vision system

The position with respect to the camera’s optic axis and the speed of the
detected moving objects (see chapter 2) is estimated by a Kalman filter based
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tracking procedure. Whereas the position of these objects with respect to the
robot (depth position) is estimated by epipolar geometry applied to detected
features on the moving object.

Moving Object Tracking

A moving obstacle is defined by a bounding box around the estimated object
mask and its position is the center of the bounding box.The estimation of the 2D
position and speed of moving object from the motion segmentation blobs could
be quite noisy. In our application we use a Kalman filter tracking procedure to
estimate to true 2D position and speed of the moving objects. The size of the
bounding is defined only from the segmentation process and is not estimated by
the Kalman filter.

To use Kalman filter for object tracking we assume that the motion of the
objects is almost constant over frames. The commonly used model for 2D tracking
can be found in [56]. In this model, the state vector is the position (z,y) of the
center of the moving object bounding box. In our application, this model is
augmented by the speeds v and v along the X and Y axis, respectively, of the
tracked objects.

The dynamic model giving the system state at time ¢ function of the state at
t—11is:

x; = Fixi_q Jr./\/((), Qt) (3.19)

where the state transition matrix is derived from the theory of motion under
constant speed which can be expressed with equations:

Dy = Pr—1 + VAL

UVt = Vt—1

p, v, and At are position, velocity and time step, respectively.
F; is given then by:

At

D> o

Ft: t

SO O
o o = O
o = O

0
1

The process noise is assumed to be drawn from a zero mean multivariate
normal distribution with covariance Q;, N (0, Q).

0 O
0 O
Qt = q2 0
0 ¢?

At time ¢ an observation (or measurement) z; of the true state x; is made
according to
Zy = HtXt + Vi (320)
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where H; is the observation model which maps the true state space into the
observed space and v; is the observation noise which is assumed to be zero mean
Gaussian white noise with covariance Ry

Vi ~ N(O, Rt)

The measurements are the positions of the blobs center in the object mask
and are obtained from the motion segmentation process, so

100 0
H_[()loo}

The initial state, and the noise vectors at each step {xo, w1, ..., wt, vi...v¢} are
all assumed to be mutually independent.

The Kalman filter is a recursive estimator. This means that only the estimated
state from the previous time step and the current measurement are needed to
compute the estimate for the current state. The state of the filter is represented
by two variables:

X¢|¢ the estimate of the state at time t;
P, the error covariance matrix (a measure of the estimated accuracy
of the state estimate).

Each time a new moving object is detected, we initiate a new Kalman Filter
and use the measured position of the detected blob as the expected value of the
position coordinates for the initial state. From a single frame, we do not know
the velocity of the moving object, but since it could be traveling in any direction
we suppose that it initial velocity is 0. For the covariance matrix, there is no
reason to suppose that the position and the velocity are correlated, so Py is block
diagonal matrix. The uncertainty about the initial position coordinates is really
the same as our measurement error (i.e., how really we can localize the blob).
In our implementation we used an accuracy error equal to a few pixels for each
coordinate (3 or 4 pixels) and for the velocity accuracy an error of 15 to 20 pixels
is used.

T
Xp = yOO
0
42 0 0 0
0 42 0 0
Po=119 0 2° o

0 0 0 207

The Kalman filter has two distinct phases (see appendix C): Predict and Up-
date. The predict phase uses the estimate from the previous timestep to produce
an estimate of the current state. In the update phase, measurement information
from the current timestep is used to refine this prediction to arrive at a new,
(hopefully) more accurate estimate.
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3.3.3.1.2.1 Depth estimation

To estimate the position of the detected moving object toward the robot (depth
of the objects), the epipolar geometry procedure is applied on the detected features
on these objects (see appendix A for more details).

For more navigation security, the considered distance ”robot-moving object”
is the smallest estimated distance corresponding for the closest feature.

3.3.3.1.3 results of the tracking process Figure 3.8 and 3.9 show results
for the tracking procedure. The track is represented by a surrounding box around
the moving object and a path of the box center at each time-lapse.

In the case of 3.9, each time the moving objects meet, an object is considered
as lost and the two objects are merged in one big object, and when the objects
separate, an new object is created.

Figure 3.9: Tracking of moving objects in the scene
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3.3.3.2 Goal seeking behavior

This fuzzy controller calculates the turn angle allowing the robot to reach the in-
termediate targets defined by the global path planing process. The model of the
controller is based on the distance of the robot to the goal and the goal direction.
The fuzzy logic controller is of a ”Sugeno” type [217, 218, 219] described by a set
of N fuzzy rules:

R": IF z1is A7 AND z9is Ay, THEN y" = ¢", r=1,.,.N (3.21)

The inputs of the goal seeker are the goal distance (x;) and the goal direction
(z2). The goal distance ranges between [0,7] and the goal direction between
[—180°,180°]. A7 and A} are the fuzzy partitions defined on the input universes
of discourse (see next paragraph)

The output y of the controller is the turn angle of the robot, which ranges between
—180° and 180°.

3.3.3.2.1 Fuzzification of inputs and output variables
Input 1: Goal direction

The direction of the goal is fuzzified into 11 Gaussian fuzzy sets:

e Back Right (BR): The center of this fuzzy set is —180° and its variance is
19°.

e Oblique Back Right (OBR): The center of this fuzzy set is —135° and its
variance is 19°.

e Right (R): The center of this fuzzy set is —90° and its variance is 19°.

e Oblique Front Right (OFR): The center of this fuzzy set is —45° and its
variance is 9.5 °.

e Front Right (FR): The center of this fuzzy set is —22.5° and its variance is
9.5°.

e Front (F): The center of this fuzzy set is 0° and its variance is 9.5°.

e Front Left (FL): The center of this fuzzy set is 22.5° and its variance is
9.5°.

e Oblique Front Left (OFL): The center of this fuzzy set is 45 © and its variance
is 9.5°.

e Left (L): The center of this fuzzy set is 90 ° and its variance is 19°.

e Oblique Back Left (OBL): The center of this fuzzy set is 135° and its vari-
ance is 19°.

e Back Left (BL): The center of this fuzzy set is 180 ° and its variance is 19 °.
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The membership functions of the first input variable ” goal direction” are depicted
in Figure (3.10).
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Figure 3.10: Membership functions for the goal angle

Input 2: Goal distance

The distance of the goal to the robot is fuzzified into four Gaussian fuzzy sets:

Very Near (VN): the center of this fuzzy set is 1 and its variance is 0.525.

Near (NR): the center of this fuzzy set is 2 and its variance is 0.525.

Medium (M): the center of this fuzzy set is 3.5 and its variance is 0.525.

Far (FR): the center of this fuzzy set is 5 and its variance is 0.525.

The membership functions of the second input variable ”goal distance” are
depicted in Figure (3.11).
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Figure 3.11: Membership functions for the goal distance

Output: Turn angle

Since we want our robot to choose a smooth path to its goal, we have opted for

a fuzzy distribution of the turn angle such that it covers 360 °.

Since the model of our fuzzy controller is a ”Sugeno”, the output membership

functions are of a constant type.
The turn angle of the robot is fuzzified into 11 constant fuzzy sets:

Back Right (BR): The turn angle is —180°.

Oblique Back Right (OBR): The turn angle is —135°.

Right (R): The turn angle is —90°.

Oblique Front Right (OFR): The turn angle is —45°.

Front Right (FR): The turn angle is —22.5°.

Front (F): The turn angle is 0°.

Front Left (FL): The turn angle is 22.5°.

Oblique Front Left (OFL): The turn angle is 45°.

Left (L): The turn angle is 90°.

Oblique Back Left (OBL): The turn angle is 135°.

Back Left (BL): The turn angle is 180 °.
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3.3.3.2.2 Fuzzy Inference Engine and Fuzzy Rule Base

Each fuzzy rule corresponds to a fuzzy relation. The product-operator chosen
is "Min”.
The goal seeker functions as follows: If the target is located on the left side of the
robot, then it has to reach it by turning left and vice-versa. The fuzzy rule base
of the goal seeker is presented in Table (3.1):

Gang\Gdist [ FR. M NR VN

BR OBR OBR BR BR
OBR R R OBR OBR
R OFR OFR R R
OFR FR FR OFR  OFR
FR F FR FR FR
F F F F F
FL F FL FL FL
OFL FL FL OFL  OFL
L OFL L L L
OBL L L OBL OBL
BL OBL OBL BL BL

Table 3.1: Inference Table for the Goal Seeking Behavior

Figure (3.12) shows a graphical representation of dependency of the turn angle
on the goal distance and the goal direction.

) Surface Viewer: Goal_seeker1
File Edit View Options

distance oal Goalangle

Figure 3.12: Turn angle as a function of goal distance and goal direction
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We can see from this figure that the turn angle increases with the increase of
the goal direction. This is logical since the robot has to reach the goal direction
to get to its target.

It’s clear also that the dependency of the turn on the goal direction is more
important than its dependency on the goal distance. If the distance is very short,
then the turn angle increases rapidly with the goal direction and if this distance
is long, the dependency of the turn angle on the goal direction is less important.

3.3.3.3 Obstacle Avoidance behavior

The 0-order Takagi-Sugeno (eq.3.22) fuzzy controller used for obstacle avoidance
is based on the distances to the obstacle detected by the sonar and infrared sensors
as well as the estimated distance to the detected moving obstacles.

R": IF z;is AT AND z3is Ay AND ... AND xzgis Ag
THEN y] =c], AND y; =c; (3.22)
r=1,.,N

The inputs z1, x2, ..., x5 are distance to obstacles detected by the ultrasound and
infrared sensors, x¢ is the goal direction, z7 is the estimated distance to moving
obstacles by the tracking process and xg is the direction of the moving obstacles.
The output of the controller are the change of orientation and the change of speed
to apply to the robot.

This fuzzy controller is equipped with an online reinforcement learning algo-
rithm. The actions correspond to the possible scalar outputs of the controller and
the states correspond to the different combinations of the input fuzzy variables of
the controller.

To help convergence of the learning algorithm, the K rule conclusions take
into account the evident decisions. This means if an obstacle is detected on the
left side of the robot, the decision of the navigation process is to turn to the right
an vice-versa. Then, all possible conclusions are considered as turn to the right
(or turn to the left if the obstacle is on the right side of the robot).

In the same idea, if the robot has the choice between two directions, the rule
decisions should favor the direction to the goal. This means that most of them
are defined in the direction of the goal and few of them are left in the other side
to avoid convergence of the algorithm to local minima.

The reinforcement learning algorithm is as follows (see section 3.3.2.3):

—_

. Initialize Q(s,a) to 0 for all state s and action a
2. Perceive current state s
3. Choose an action a according to action value function

4. carry out action a in the environment. Let the next state be s’ and the
reward be 7.
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5. Update action value function from s, a,s’, and r:
Qit1(5,a) = (1 — a)Qu(s,a) + Be(r + VglgﬁQt(Sl,a'))

where oy is a learning rate parameter and -~ is a fixed discounting factor
between 0 and 1.

6. Return to 2

3.3.3.4 Command Fusion

The two previously described behaviors are independent. The go to goal behavior
is activated if no obstacle is detected in its way. But when the readings from front
sensors go below a given threshold (adapted from experience), the avoid obstacles
is activated. In this case the readings from lateral and rear sensors are used to
help decision.

3.3.4 Experimental results

The simulation of the robot navigational behavior is done with simulator Mo-
RoS3D. A simulator as such increases safety when developing and testing algo-
rithms. In MoRoS3D a robot can be placed in a 3D environment and interact
with that environment in a manner similar to that of the robot in the real physi-
cal situation. Although MoRoS3D visualizes the entire surroundings of the robot,
the robot software only ”sees” the information it collects through its sensors, just
like with a physical robot. The MoRoS3D simulator provides simple interaction
with the user and offers different virtual cameras including on-board and tracking
ones. Simple distance sensors, such as Laser, US and IR, are simulated. Sensor
simulation is actually a geometrical problem that comes to calculating intersec-
tions between shapes. Figure 3.13 shows the training of the path planning system
in the a realistic environment. The evolution of the training error is also repre-
sented with respect to the number of training epochs (figure 3.14). We can see
that the user defined ’smooth’ path is almost found by the learning process after
few training epochs.
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Figure 3.15 shows the results of the developed path planning system in some
realistic cases.
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3.4 Conclusion

In this chapter we presented an adaptive navigation solution for a mobile robot.
While following a predefined path by the global path planing process based on the
environment model (SLAM output), the robot uses an unsupervised learning ap-
proach (reinforcement learning)to adept itself to navigate around the unmodelled
obstacles and improve its performance. The approach adopts a behaviorist design
and a strategy for multi-behaviors coordination. The inputs of navigation process
are ultrasound data and the position and size of the detected moving objects. A
Kalman filter is used to predict the motion of the moving objects.



Final Conclusions and
Future Work

This work has introduced three tasks needed for mobile robot navigation relying
on a single on-board camera as sensory input: Detection of moving object and
estimation of their motion and position ; feature based simultaneous localization
and mapping ; and learning based path planing. The path planing process uses
also ultrasound sensors for obstacle detection.

The main contributions for the proposed algorithm for moving objects detec-
tion and motion estimation are:

e The combination of the Gaussian Mixture Model (GMM) background sub-
traction approach and a Maximum a Posteriori Probability Markov Random
Field (MAP-MRF) framework to solve the problem. This has enabled ex-
ploiting the simplicity and capability of the GMM approach to adapt to
illumination changes and small motions in the scene and the advantages
of spatio-temporal dependencies that moving objects impose on pixels and
the interdependence of motion and segmentation fields. Tacking into ac-
count the spatial information (background model) estimated with the GMM
model, as well as the simultaneous estimation of the motion while segment-
ing has permitted a good detection of the moving objects and avoided arti-
facts and blurring caused with motion compensation.

e A feedback of the MRF segmentation results is used to re-update the back-
ground model. This has resulted in accelerating the learning of the new
stationary regions and therefore avoiding the fragmentation problem.

As a future work we can study the automatic estimation of the number of
components in the GMM model as well as the automatic learning of the MRF
model parameters.

The proposed algorithm for simultaneous localization and mapping is a solu-
tion for vision based SLAM problem in large environment. The approach builds
several size limited local maps and combine them into a global map. For a robust
matching the algorithm uses a product of three parameters: the Mahalanobis
distance between measurements and their predictions, the Euclidean distance be-
tween the descriptor vectors of the features, and the distance of the feature to
the induced epipolar line (epipolar constraint). This allows using the advantage

157
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of looking for feature matching based on the prediction of their position based
on the system model and the advantage of the space-scale invariance parameters.
Another contribution of the proposed SLAM algorithm is the use of the epipolar
geometry principle to estimate the 3D position of the features. To avoid intro-
ducing outlier features in the built map, the algorithm uses the segmentation
algorithm to detected the moving objects and therefore eliminates the associated
features.

An extension for the proposed SLAM algorithm could be the fusion of the
data from other sensors as the inertial sensors or robot wheel encoders for a more
robust and fast localization and mapping.

The built feature based map is exploited by a global path planning algorithm
of B. Hasegawa [240] to generate the safe path.

The estimated 3D position of the detected moving objects and the data from
ultrasound sensors are used by an adaptive fuzzy controller for obstacle avoidance.
The output of this obstacle avoidance behavior is fused with the output of a goal
seeking behavior for a safe navigation of the mobile robot. The multi-behavior
coordination.
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Appendix A

Imaging - Fundamental
Definitions

This appendix introduces the basic geometric concepts of multiple-view computer
vision. The focus is on geometric models of perspective cameras, and the con-
straints and properties such models generate when the same 3D scene is observed
by multiple cameras (multiple views).

A.1 Image Formation

An image is created by projecting the 3D scene on a 2D image plane. The drop
from three-dimensional world to a two-dimensional image is a projection process
in which one dimension is lost. The usual way for modeling this process is by
central projection in which a ray from a point in space is drawn from a 3D world
point through a fixed point in space, the center of projection. This ray will in-
tersect a specific plane in space chosen as the image plane. The image plane is
located at the distance of the focal length from the origin of the 3D axis along
the Z-direction, and it is perpendicular to it. The complete scene is located at
positive Z-ordinates and we view the image with viewing direction on negative
Z-direction.

Let I(z,y) be the image intensity at time ¢ at the image point (z,y). The
intersection of the ray with the image plane represents the image of the point.
This model is in accord with a simple model of a camera, in which a ray of light
from a point in the world passes through the lens of a camera and impinges on
a film or digital device, producing an image of the point. Ignoring such effects
as focus and lens thickness, a reasonable approximation is that all the rays pass
through a single point, the center of the lens.
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Figure A.1: The Perspective Projection

In order to analyze the mapping process, it is advisable to first define the
projective space P™. The Euclidean space R™ can be extended to a projective space
P™ by representing points as homogeneous vectors. In this text, we denote the
homogeneous counterpart of vector x as X. A linear transformation of Euclidean
space R" is represented by matrix multiplication applied to the coordinates of the
point. In just the same way a projective transformation of projective space P"
is a mapping of the homogeneous coordinates representing a point, in which the
coordinate vector is multiplied by a non-singular matrix.

Central projection is then simply a mapping from P? to P2. To describe this
mapping, three coordinate systems need to be taken into account: the camera,
image and world coordinate system.

Consider a point in P? in the camera coordinate system, written in terms of
homogeneous coordinates XC(XC,YC,ZC,T)T. We can now see that the set of
all points X(X,Y, Z,T)T for fixed X, Y and Z, but varying T, form a single
ray passing through the point center of projection. As a result, all these points
map onto the same point, thus the final coordinate of )NC(X7 Y, Z,T)7 is irrelevant
to where the point is imaged. In fact, the image point is the point in P? with
homogeneous coordinates X.(z., ye, f)7, as defined by the projection equation

T 1 0 0 O i(/c
Ye =101 0 0 ZC , ( A-1 )
f 00 10 1C

with f the focal length of the camera lens.

The mapping may thus be represented in its most simple form by a mapping of
3D homogeneous coordinates, represented by a 3 x 4 matrix Py with the block
structure Py = [I3x3|03x1] , where I3y3 is the identity matrix and 031 is a zero
3-vector.

In the image coordinate system, the mapping from X.(x.,¥., f)T to image
coordinates is described. This mapping takes into account different centers of
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projection (zg,yo), non-square pixels and skewed coordinate axes. As such, it
encompasses all the internal camera parameters. This mapping can be expressed
in terms of matrix multiplication as:

x ar  agcot(d) o Te Ze
X; = Yy = 0 Ay Yo Ye =K | y |, (A'2>
1 0 0 1 7 [

where (zg,yo) is the coordinate of the principle point or image center, o, and «,
denote the scaling in the x and y direction and 6 is the angle between the axes,
which is in general equal to 7/2. The matrix K is an upper triangular matrix
which provides the transformation between an image point and a ray in Euclidean
3-space. It encompasses all internal camera parameters and is called the camera
calibration matriz. Throughout this work, we will assume that the cameras are
calibrated, which means that K is known.

As a last step of projection, the description of the transformation between the
camera and the world coordinate system is required. Changing coordinates in
space is equivalent to multiplication by a 4 x 4 matrix:

X, X,
Y. | [R ¢ Y,

2l=lor tl 2 ] (a-3)
1

with R the rotation matrix and t the translation vector.

Concatenating the expressions A-3, A-2 and A-1, it is clear that the most
general image projection can be represented by an arbitrary 3 x 4 matrix of rank
3, acting on the homogeneous coordinates of the point in P? mapping it to the
imaged point in P2:

x 100 0]rg );,w ifw
x=|y|=K|0 1 0 0 T Y| =K[R[t] | °
o 1 Zy Zw

1 0010 ] |

(A-4)

It thus turns out that the most general imaging projection is represented by

an arbitrary 3 X 4 matrix of rank 3, acting on the homogeneous coordinates of
the point in P? mapping it to the imaged point in P2:

% = PX, (A-5)

with:
P =K|[R]|t] (A-6)

This matrix P is known as the camera matrix. It expresses the action of a
projective camera on a point in space in terms of a linear mapping of homogeneous
coordinates.

When returning to non-homogeneous coordinates for a camera based in the
origin and ignoring non-square pixel aspect ratios (this means P = [I3435]03]), it
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can be observed that to map a 3D point X = (X,Y, Z) to the image coordinates
x = (x,y, f), the following perspective projection equations can be written:

<=(0)=2(v) o

in which x and y are the image coordinates. In order to reduce the complexity of
some equations and for numerical stability, we can parameterize the depth by a

proximity factor d = %

A.2 Two-View Image Geometry

A.2.1 Two-View Geometry described by the Fundamental
MAtrix

The geometry between two views is called the epipolar geometry. This geometry
depends on the internal parameters and relative position of the two cameras. The
fundamental matrix F encapsulates this intrinsic geometry and was introduced
by Faugeras in [49] and Hartley in [50]. It is a 3 x 3 matrix of rank 2. The fun-
damental matrix describes the relationship between matching points: if a point
X is imaged as X in the first view, and X’ in the second, then the image points
must satisfy the relation X7 FXx = 0. In this section, the epipolar geometry is
described and the fundamental matrix is derived. The fundamental matrix is in-
dependent of scene structure. However, it can be computed from correspondences
of imaged scene points alone, without requiring knowledge of the cameras internal
parameters or relative pose.

To describe this mapping, first the geometric entities involved in epipolar ge-
ometry are introduced in figure A.2. Here, the epipole € is the point of intersection
of the line joining the camera centers (the baseline) with the image plane. Equiv-
alently, the epipole is the image in one view of the camera center of the other
view. It is also the vanishing point of the baseline (translation) direction. An
epipolar plane is a plane containing the baseline. There is a one-parameter family
of epipolar planes. An epipolar line is the intersection of an epipolar plane with
the image plane. The epipolar line corresponding to X is the image in the second
view of the ray back-projected from X. Any point X" in the second image match-
ing the point X must lie on the epipolar line I'. All epipolar lines intersect at the
epipole. An epipolar plane intersects the left and right image planes in epipolar
lines, and defines the correspondence between the lines.

The mapping from a point in one image to a corresponding epipolar line in
the other image may be decomposed into two steps. In the first step, the point X
is mapped to some point X’ in the other image lying on the epipolar line 1'. This
point X’ is a potential match for the point X. In the second step, the epipolar line
I’ is obtained as the line joining X’ to the epipole &. Figure A.2 illustrates this
mapping process.
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Figure A.2: The mapping process from one camera according to the epipolar
geometry

Consider a plane 7 in space not passing through either of the two camera
centers. The ray through the first camera center corresponding to the point X
meets the plane 7 in a point X. This point X is then projected to a point X’ in
the second image. This procedure is known as transfer via the plane 7. Since X
lies on the ray corresponding to X, the projected point X’ must lie on the epipolar
line 1/ corresponding to the image of this ray, as illustrated in A.2. The points
x and X' are both images of the 3D point X lying on a plane. The set of all
such points X; in the first image and the corresponding points X} in the second
image are projectively equivalent, since they are each projectively equivalent to
the planar point set X’. Thus there is a 2D homography H, mapping each X; to

Given the point X’ the epipolar line I passing through X’ and the epipole &
can be written as I = & x %’ = [& | X' ([€], being the skew-symmetric matrix
form of &). Since X’ may be written as X' = H,X, we have:

=&, H,x =Fx, (A-8)

where we define F = [&'], H, as the fundamental matrix. Since [€'], has rank 2
and H, rank 3, F is a matrix of rank 2, which is logic as F represents a mapping
from a 2-dimensional onto a 1-dimensional projective space.

The fundamental matrix satisfies the condition that for any pair of correspond-
ing points X and X’ in the two images

FTFx =0 (A-9)
This is true, because if points X and X’ correspond, then X’ lies on the epipolar
line I’ = Fx corresponding to the point X. In other words 0 = X7l = X'TFx.

Conversely, if image points satisfy the relation X’ Fx = 0 then the rays defined by
these points are coplanar. This is a necessary condition for points to correspond.
The importance of the relation A-10 is that it gives a way of characterizing the
fundamental matrix without reference to the camera matrices, i.e. only in terms
of corresponding image points. This enables F to be computed from image cor-
respondences alone.
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A.2.1.1 Estimating F: the eight-point algorithm

If a number of point correspondences X <> X’ is given, we can use equation (A-10)
to compute the unknown matrix F.

Each point correspondence gives rise to one linear equation in the unknown
entries of F. From a set of n point correspondences, we obtain a n x 9 coefficient
matrix A by stacking up one equation for each correspondence.

- In general A will have rank 8 and the solution is the 1-dimensional right
null-space of A.

- The fundamental matrix F is computed by solving the resulting linear system
of equations, for n > 8.

- If the data are not exact and more than 8 points are used, the rank of A will
be 9 and a least-squares solution is sought.

- The least-squares solution for F is the singular vector corresponding to the
smallest singular value of A.

- This method does not explicitly enforce F' to be singular, so it must be done
a posteriori.

- Replace F by F’ such that det F/ = 0, by forcing to zero the least singular
value.

- It can be shown that F’ is the closest singular matrix to F in Frobenius
norm.

- Geometrically, the singularity constraint ensures that the epipolar lines meet
in a common epipole

A.2.1.2 Estimating F using RANSAC algorithm

Automatic methods for finding point correspondence make mistakes very often
in practice, thus introducing outliers in the point correspondences for the funda-
mental matrix estimation. It is well known that least-square estimation is very
sensitive to outliers, therefore several robust estimation techniques have been ap-
plied to overcome the outlier problem. Among them, random sampling consensus
(RANSAC) technique has been widely used in many computer vision problems.
The basic idea of using RANSAC for fundamental matrix estimation is as follows:
randomly selecting a number of minimal subsets of point correspondences to deter-
mine the fundamental matrix for each subset, and then find the best fundamental
matrix that is most consistent with the entire set of point correspondences.

Given a set of point correspondences, denoted by X = (X4, %)) | k=1,...,n,
the RANSAC algorithm for fundamental matrix estimation consists of the follow-
ing steps:

1. Randomly select a number of subsets of eight point correspondences from
the entire set X.

2. For each subset, indexed by j, compute the corresponding fundamental ma-
trix F; by using a linear estimation algorithm (previous describe algorithm).
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3. For each estimate F;, compute the residue r; for each point correspondence

and count the total number of consistent correspondences, i.e. r? < o2,

J
2

where ¢° is a predefined constant.

4. Keep the fundamental matrix Fj that yields the most consistent correspon-
dences.

5. Refine the fundamental matrix estimation by applying the linear estimation
algorithm or the M-estimator on the set of consistent point correspondences
only.

Assume the outlier percentage in the entire correspondence set X is 7. Thus,
the total number of randomly selected subsets N required in RANSAC to achieve
a probability P that at least one selected subset does not contain any outlier is
given by

_ log(1—-P)
~ log[l — (1 —17)9]

where ¢ is the size of the minimal subset, i.e 8 in this case.

(A-10)

A.2.2 Two-View Geometry described by the Essential Ma-
trix

The essential matrix is the specialization of the fundamental matrix to the case of
normalized image coordinates. Historically, the essential matrix was introduced
by Longuet-Higgins in [243] before the fundamental matrix, and the fundamental
matrix may be thought of as the generalization of the essential matrix in which the
inessential assumption of calibrated cameras is removed. The essential matrix has
fewer degrees of freedom, and additional properties, compared to the fundamental
matrix. _

Consider a camera matrix decomposed as P = K[R]t], and let X = PX be a
point in the image. If the calibration matrix K is known, then we may apply its
inverse to the point X to obtain the point X = K~'%. Then X = [R|t]X, where
X is the image point expressed in normalized coordinates. It may be thought of
as the image of the point X with respect to a camera [R|t] having the identity
matrix I as calibration matrix. The camera matrix K~'P = [R|t] is called
a normalized camera matrix, the effect of the known calibration matrix having
been removed. Now, consider a pair of normalized camera matrices P = [I|0]
and P’ = [R|t]. The fundamental matrix corresponding to the pair of normalized
cameras is customarily called the essential matrix and has the form:

E=[t], R=R[R"t] (A-11)
The essential matrix can then be defined as:
KTEX =0 (A-12)

in terms of the normalized image coordinates for corresponding points X and
%'. Substituting for X and ¥ gives XTK''"EK~'% = 0. Comparing this with
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the relation X" F% = 0 for the fundamental matrix, it follows that the relationship
between the fundamental and essential matrices is:

E = K'FK (A-13)

This relationship shows that once the camera calibration matrix K is known, the
essential matrix can be calculated from the fundamental matrix.

The essential matrix holds all the information about the ”external” calibration
parameters: rotation and translation between the two camera frames.

E=RIt],, (A-14)

with [t], the skew-symmetric matrix form of the translation vector.

A.2.3 Triangulation

Given the camera matrices P and P’, let X and X’ be two corresponding points
satisfying the epipolar constraint X7 Fx = 0. It follows that X’ lies on the epipolar
line Fx and so the two rays back-projected from image points X and X’ lie in a
common epipolar plane. Since they lie in the same plane, they will intersect at
some point. This point is the reconstructed 3D scene point X.

Analytically, the reconstructed 3D point X can be found by solving for depth
parameter Z or Z' in the following equation:

&6=2%—2'% (A-15)

The depths Z and Z’ are unknown. Both encode the position of X in space,
as Z is the depth of X whit respect to the camera at the first view and Z’ is the
depth of M with respect to the camera at the second view.

The three points X, & and X’ are known and are collinear, so we can solve for
Z using the following expression:

(& x &).(% x &)

7 =
[ x 2

(A-16)

A.3 Three-View Geometry

The trifocal tensor approach is an extension to the case of three views of the
two-view geometry description. This approach maintains a similar projective
geometry spirit and has been proposed and developed by Sashua [244], Hartley
[245] and Faugeras [246]. The trifocal tensor is a 3 x 3 x 3 array of numbers that
relate the coordinates of corresponding points or lines in three views. Just as the
fundamental matrix is determined by the two camera matrices, and determines
them up to projective transformation, so in three views, the trifocal tensor is
determined by the three camera matrices, and in turn determines them, again up
to projective transformation.
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Figure A.3: A line in 3-space is imaged as the corresponding triplet 11,1 in three
views indicated by their centers, c,c’,c”, and image planes.

Consider a line L in 3D space, which is projected onto three cameras, resulting
in 3 lines 1, I’ and 1” in image space, as illustrated by Figure A.3. These lines are
obviously inter-related. The trifocal tensor expresses this relation by mapping
lines 2 images to a line in the remaining image. According to the three-view
geometry model, the incidence relation for the i*" coordinate I; of 1 can be written
as:

L, =1"T1" (A-17)

By definition, the set of three matrices 71, 72, T3 constitute the trifocal tensor in
matrix notation. In tensor notation, the basic incidence relation A-17 becomes:

L = LI T" (A-18)

By defining the vectors a; and b, as the i'" columns of the camera matrices
for the three views, the three-view trifocal tensor formulation can also be written
as:

77" = albl — albl, (A-19)

?

where a4 and by are the epipoles in views two and three respectively, arising from
the first camera.

As with the fundamental matrix, once the trifocal tensor is known, it is possible
to extract the three camera matrices from it, and thereby obtain a reconstruction
of the scene points and lines. As ever, this reconstruction is unique only up to a
3D projective transformation; it is a projective reconstruction.

It is straightforward to compute the fundamental matrices Fo; and F3; be-
tween the first and the other views from the trifocal tensor:

For =[], [T, T2, Tsle";  Fa=1[e"], [T\ T\ TS ] € (A-20)

To retrieve the camera matrices, the first camera may be chosen as P = [I|0].
Since Fg; is known from equation A-20, it is possible to derive the form of the
second camera as:

P/ = [[7377557?3} e//|e/] (A_Q]')
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The third camera cannot be chosen independently of the projective frame of the
first two. It turns out that P” can be written as:

P’ = [(e”e”T _ [) [7'1T,7-2T’ TsT] e’|e”} (A-22)

This decomposition shows that the trifocal tensor may be computed from
the three camera matrices, and that conversely the three camera matrices may
be computed, up to projective equivalence, from the trifocal tensor. Thus, the
trifocal tensor completely captures the three cameras up to projective equivalence
and we are able to generalize the method for two views to three views. There are
several advantages to using such a three-view method for reconstruction.

e It is possible to use a mixture of line and point correspondences to compute
the projective reconstruction. With two views, only point correspondences
can be used.

e Using three views gives greater stability to the reconstruction, and avoids
unstable configurations that may occur using only two views for the recon-
struction.
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Visual Features

B.1 Feature detection

The navigation map is built with features present in the environment that can
be detected by the external sensor. Recognizable features are essential for SLAM
since the algorithm will not operate correctly in a featureless environment.

There are two types of features, primitive and high-level features. Primitive
features are defined as features which can be described by simple geometrical
definitions. Common examples are points and lines. While the high level features,
referred to in the literature as landmarks, are more complex and can, therefore,
be intrinsically more distinctive for the environment. These landmarks should
be invariant to geometric transformation, eg. doors, objects and the feature
extraction can be seen as a filter which permits the handling of noise from sensors
and dynamics in the environment.

In the field of robot navigation, the mostly used primitive features are corners
and SIFT (Scale Invariant Feature Transform) features. In the following we will
give an overview on these primitive features extraction methods.

B.1.1 Corner detection Methods

Corners are local image features characterized by locations where variations of
intensity function f in both X and Y directions are high. In mathematical def-
inition this means both partial derivatives f, and f, are large. The quality of a
corner detector is often judged based on its ability to detect the same corner in
multiple images, which are similar but not identical, for example having different
lighting, translation, rotation and other transforms.

Different corner detectors exist, and they can be classified in tree main groups:
edge-relation methods, topology methods, and autocorrelation methods. The
detectors that do not fit into one of these categories are discussed in a separate
paragraph.

171
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B.1.1.1 Edge-Relation Methods

Kitchen and Rosenfeld [191] were the first to apply differential geometry op-
erators to corner detection. They proposed a cornerness measure for each pixel
based on the change of gradient direction (second-order derivatives) along an edge
contour weighted by the local gradient magnitude. Corners are then identified by
the local maximum of this measure, which can be done in a computationally effi-
cient manner by applying non-maximum suppression to the gradient magnitudes
before weighting the second-order derivatives. This corner detector suffers from
sensitivity as it relies on second-order derivative terms and has been shown to
have a poor repeatability rate and localization.

A popular corner detector designed for motion estimation was proposed by
Wang and Brady [191]. They applied differential geometry operators to detect
corners based on the measurement of surface curvature, but derived a simplified
cornerness measure suitable for real-time applications while improving perfor-
mance relative to the Kitchen and Rosenfeld operator.

B.1.1.2 Topology Methods

Beaudet [192] developed one of the first corner detectors and the insights
gained from his approach are exploited by many other corner detectors. The
Beaudet operator is a rotationally invariant measure of cornerness given by the
determinant of the Hessian matrix. Since the Hessian matrix involves the compu-
tation of second-order derivatives this operator is sensitive to noise. In addition,
it has been shown to be unstable in scale space. This approach can be viewed
as looking for high curvature edges by calculating image Gaussian curvature (i.e.
the product of two principle curvatures).

Deriche extended Beaudet’s operator by applying it at multiple scales. Lines
are drawn between the corresponding corners at each scale and the intersection
of these lines with the nearest zero crossing of the Laplacian image are defined as
the position of the corner. This method improves the localization relative to the
Beaudet approach, but the Deriche operator still suffers from sensitivity to noise.

B.1.1.3 Autocorrelation Methods

The Moravec operator [193] considers a local window in the image and de-
termines the average change of intensity resulting from shifting the window by
a small amount in various directions. This operation is repeated for each pixel
position which is assigned an interest value equal to the minimum change pro-
duced by these shifts. Corners are the local maximum of the interest values. This
operator has been shown to be sensitive to noise along strong edges because only
the minimum intensity change is considered for each pixel position.

Many of the weaknesses of the Moravec operator are addressed by the Harris
operator [191, 194]. This operator estimates the measure of local autocorrela-
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tion using first-order derivatives which is suggested by performing an analytic
expansion of the Moravec operator. The response is isotropic as the variation of
the autocorrelation over different orientations can be calculated from the prin-
ciple curvatures of the local autocorrelation. The Harris operator is generally
considered the best operator with respect to detecting true corners, but has poor
localization.

The Forstner [195] operator uses a similar measure of cornerness to the Harris
operator (although, how this measure is calculated differs greatly) and uses local
statistics to calculate the selection threshold. The result is better localization at
the cost of increased computation.

B.1.1.4 Other Methods

Another corner detector algorithm based on brightness comparisons within a
circular mask has been proposed by Smith and Brady [191]. SUSAN (Smallest
Univalue Segment Assimilating Nucleus) assumes that within a relatively small
circular region pixels belonging to a given object will have relatively uniform
brightness. The algorithm computes the number of pixels with similar brightness
to the pixel at the center of the mask (the nucleus of the mask). These pixels are
called the USAN (Univalue Segment Assimilating Nucleus) of the mask. Corners
are detected by applying the mask to all pixels in the image and then finding
the local minima in this new USAN map. This corner detector is robust to noise
(no spatial derivatives are computed), fast to compute, but only has an average
repeatability rate.

Trajkovic and Hedley [191] have proposed a corner detector that uses the same
intuition used in the SUSAN operator. For a given point in the image, the vari-
ation in brightness along all lines passing through the point are considered. At
corners the variation in brightness will be high for all lines. The repeatability
rate of this algorithm is not as strong as the Harris operator, but it is one of the
fastest available corner detectors.

The use of corners for camera motion estimation works well for small motion,
but will fail if there are large scale or viewpoint changes between the images. This
is because the corner detectors used are not scale-invariant, and the correlation
measures are not invariant to viewpoint, scale and illumination change. The first
problem is addressed by scale-space theory, which has proposed feature detectors
with automatic scale selection [178]. In particular, scale-space interest point de-
tectors have been shown to have much greater repeatability than their fixed scale
equivalents [198]. The second problem suggests the need for local descriptors of
image regions that are invariant to the imaging process.

Geometrical invariance can be acheived by assuming that the regions to be matched
are locally planar, and by describing them in a manner which is invariant under
homographies. Many authors use feature descriptors which are invariant under
special cases of this group e.g. similarities or affinities. The well known approach
is Lowe’s SIFT features [198] , which uses a characteristic scale and orientation



174 Appendix B

at interest points to form similarity invariant descriptors.

B.1.1.5 Harris corner detector

Harris corner detector is one of the most frequently used operator in many
application areas, as motion tracking, stereo matching, and image database re-
trieval. It is relatively simple but still efficient and reliable.

This corner detector is based on a local structure matrix (tensor):

f2 fuf }
Csir =G(r,0 z v A-1

vzt |5 (A1)
with G(r, o) is a smoothing Gaussian filter of a selected size o. f, and f, are the
spatial derivatives and f; is the temporal derivative of the intensity function f.
denoting in (A-1) the smoothing by ff, we have:

2 I
Cotr = | 22 ZLy A-2
' lfxfy fﬁ] (A2

The local structure matrix Cj;,. is:

e Symmetric and therefore it can be diagonalized by rotation of the coordinate
axes. The diagonal entries are the two eigenvalues A\; and As:

A 0
Cstr = |:01 )\2:| (A_S)

e Positive definite which means the eigenvalues are nonnegative (A; > 0, Ay >
0).

Assume A1 > Ay > 0, a corner is a location where the smaller eigenvalue, As, is

large enough.
In Harris method a corner is detected at location x when

H(x) > Thr (A-4)
Where H(x) is a measure of corner strength:
H(x) = detCyt — aftraceClyy)
= )\1)\2 — a()\l + )\2)2 (A-5)
« is a parameter and H > 0 if 0 < o < 0.25.

Usually, T'hr is set close to zero and fixed, while « is a variable parameter.
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o Larger a = smaller H = less sensitive detector: less corners detected (Figure
B.1.a).

e Smaller a = larger H = more sensitive detector: more corners detected
(Figure B.1.b).

a) less sensitive detector b) more sensitive detector

Figure B.1: Harris corner detector

B.1.2 SIFT feature detector

The SIFT approach [178], for image feature generation, takes an image and trans-
forms it into a collection of local feature vectors. Each of these feature vectors
is invariant to any scaling, rotation or translation of the image. To extract these
features the SIFT algorithm applies a 4 stage filtering approach:

1. Detection of the keypoints candidates as extrema of Difference-of-Gaussian
(DOG) function in the image scale space.

2. Localization of the keypoints as extrema of the second order Taylor expan-
sion of DOG function.

3. Assignment of orientation according to the major gradient direction around
each keypoint at the selected scale.

4. Calculation of the local keypoint descriptors based on the set of surrounding
image gradients.

Scale-Space Extrema Detection

This stage of the filtering attempts to identify those locations and scales that
are identifiable from different views of the same object. This can be efficiently
achieved using a ”scale space” function. The scale space is defined by the function:

L(J?,Z/aa) = G(x,y,a) * f(xa y) (A_6)
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Where f(z,y) is the input image, * is the convolution operator, and G(x,y, o) is
a variable-scale Gaussian

1 2 2 2
Gz, y,0) = ——e (@ +y)/20
(2,9,0) = 5—5
Difference of Gaussians is then used to detect stable keypoint locations in
the scale-space by locating local extrema of the difference D(x,y, o) between two
Gaussian-blurred images, one with scale k times the other:

D(l’,y, U) = L(x,y7 kU) - L(.’E, y,J) (A'7)

The difference-of-Gaussian filter is in effect a tunable bandpass filter. To
detect the local maxima and minima of D(z,y,0) each point is compared with
its 8 neighbours at the same scale, and its 9 neighbours up and down one scale.
If this value is the minimum or maximum of all these points then this point is
an extrema and it is selected as a candidate interest point (called keypoint in the
SIFT framework).

Keypoint Localistaion

The location of the keypoints corresponds to the extremum X of the second
order Taylor expansion of the scale space function D(z,y, o) (eq.A-8), having the
origin at the sample point.

oDT 1 4+9°D
Dx)=D+ —x+ -x — A-8
(x) + ox X+2X axz (A-8)
where x = (z,y,0)" is the offset from the sample point. The location X is
determined by taking the derivative of equation (A-8) with respect to x and
setting it to zero, giving

)T

0*°D~1 oD

ox2 Ox

Local extrema with low contrast are rejected because they are sensitive to
noise, and keypoints that correspond to edges are also discarded.

X=—

(A-9)

Orientation Assignment

This step aims to assign a consistent orientation to the keypoints based on
local image properties. The approach taken to find an orientation is:

e The scale of the keypoint is used to select the Gaussian smoothed image,
L, with the closest scale, so that all computations are performed in a scale-
invariant manner.

e Compute gradient magnitude, m

m(w,y) = \/(L(x + 17y’0) - L(.%‘ - 1ay,0-))2 + (L(x’y + 1a0) - L(l‘vy - 150))2
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e Compute orientation, 6

0(z,y) = atan (L(’f’y +1,0)— L{z,y— 1,(;))

L(l‘—l— 1»y70) - L(aj - 17y70)

e Form an orientation histogram from gradient orientations of sample points
in the neighborhood of the keypoint. The contribution of each neighboring
pixel is weighted by the gradient magnitude and a Gaussian window with a
o that is 1.5 times the scale of the keypoint.

e Peaks in the histogram correspond to dominant orientations. A separate
keypoint is created for the direction corresponding to the histogram maxi-
mum, and any other direction within 80% of the maximum value.

e Some points will be assigned multiple orientations

e Fit a parabola to the 3 histogram values closest to each peak to interpolate
the peaks position

Keypoint Descriptor

Once a keypoint orientation has been selected, the feature descriptor is com-
puted as a set of orientation histograms on a 4 x 4 pixel neighborhood. The
orientation histograms are relative to the keypoint orientation.

Like before, the contribution of each pixel is weighted by the gradient magni-
tude, and by a Gaussian with ¢ = 1.5 times the scale of the keypoint.

Histograms contain 8 bins each, and each descriptor contains an array of 4
histograms around the keypoint. This leads to a SIFT feature vector with 4 x 4 x
8 = 128 elements. This vector is normalized to enhance invariance to changes in
illumination. Figure B.2 shows an example of a 2 x 2 descriptor array computed
from 8 x 8 set of samples.

S T TN
A+,T; N
.H\—-":’f -
i J/!‘k‘{"a"
N e ey
N 7

Image gradients Keypoint descriptor

Figure B.2: SIFT feature descriptor (from [46])
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Figure B.3 shows an example on feature detection using the above described
algorithm. The arrows indicate scale and orientation and their starting points are
the features’ position.

50 100 150 200 250 300 350

Figure B.3: features detected using the SIFT algorithm
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B.2 Pyramidal Lucas-Kanade feature tracker

In this section the Pyramidal implementation of the Lucas Kanade feature tracker
will be briefly summarized based on the description of [197].

Let f and f’ be two 2D grayscaled images. The two quantities fs = f(x;) =
f(zs,ys) and fl = f'(xs) = f'(xs,ys) are then the grayscale value of the two
images at the location x, = [z, ys]T of the site (pixel) s

Consider a selected feature s at location x, = [, |7 on the first image f.
The goal of feature tracking is to find the location x, = xs+us = [Ts+Usz Ys+
usy]T of the site r on the second image f’ such as fs and f/ are ”similar”. The
vector us = [Uus ¢ u57y]T is the image velocity at site s, also known as the optical
flow at site s and u,, and u,, are its X- and Y-components, respectively.

Let w; and w, two integers. We define the image velocity u, at site s as being
the vector that minimizes the residual function e at site s defined as follows:

Tstwa Ystwy

€s = Z Z (f(isyi) = (@i + uszyi + Us,y))2 (A-10)

Ti=Ts—Wg Yi=Ys —Wy

So the similarity function is measured on a image neighborhood of size (2w, +
1) x (2w, +1). This neighborhood is called the integration window. Typical values
for w, and w, are between 2 and 7 pixels.

A small integration window would be preferable in order not to ”smooth out”
the details contained in the images. That is especially required for closest moving
objects. And at the other side to handle large motions, it is intuitively preferable
to pick a large integration window. There is therefore a natural tradeoff when
choosing the integration window size. In attempt to solve this problem, a modified
version of the Lucas-Kanade tracking algorithm with pyramidal implementation
has been used.

In this algorithm the following equation is used to construct recursively the
pyramidal representations of an image f:

(s, ys) = 11771 (22, 2ys)+
% (fJ Y2xs —1,2y,) + f7 71 (22s +1,2y,)+
7= 1(2xs,2ys 1)+ fI= 1(2xs,2y5 +1))+ (A-11)

= (F77 2wy — 1,2y — 1) + f7 71 (20, + 1, 2y5+1)+
[N 2wy — 1,2y, + 1) + [T (225 + 1,2y, — 1))

This equation is only defined for values of x; and y, such that 0 < 2z, <
nt=1 —1and 0 < 2y, < n;"l — 1 with J the level of the image f and n; and ni
the with and height of f7, respectively.

Therefore, the with n; and the height n; of f7 are the largest integers that
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satisfy the two conditions:

J—1

n +1
nggiz 5
7 ni’l—i—l
n y T
v = 2

From the pyramid representation equation (A-11) the corresponding coordi-
nates x/ of a point s are given by:

The overall pyramidal tracking algorithm proceeds as follows: first, the dis-
placement (optical flow) is computed at the deepest pyramid level, say J,,,. Then
the result of computation is propagated to the upper level J,,, — 1 in a form of
an initial guess for the displacement. This guess is then refined at this level. The
result is then propagated to next upper level, say J,, — 2 and so on until the
original image (level 0) is reached.

In order to compute the optical flow at site s and level J, it is necessary to
find the residual pixel displacement vector u/ = [u;’m uSJy]T that minimizes the
new image matching error function ”7:

J J
Ty twy Yy twy

2
F)= 3 Y (P = el a4 al)
zi=z] —ws yi=yJ —wy

(A-12)

Where *ul = [*us‘]z *u‘sjy] is the initial guess for optical flow at site s and level
J available from the computations done from level J,, to level J + 1. The propa-
gation of the initial guess for optical flow from level J to the next level J — 1 is

done by:
/! =2(u] ) (A-13)

with *u/m =[0 0]T

The integration window is of constant size (2w, + 1) x (2w, + 1) for all values of
J.

The residual flow vector u} = [u, ul]"
Lucas-Kanade step.

At the minimum, the first derivative of € with respect to u is zero:

is computed through a standard

Oe(uy)
oug,

=[0 0]

u;=u,
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We obtain:
o G;lbs (A-14)
With
5”;”“*)1 y;]ery
G = $, T4 oy yi
Ti=Ty —Wy Yi=Y; —Wy
and J 7
Titwe  yitwy
fs th x4
b= Fonn
Z Z |:fs,tfs7yi

Z; :m;l —Wg Yi :y,;] —Wy

fs,« and fs, are the spatial derivatives and fs; is temporal derivative at site s.
This is possible only if the matrix G is invertible. In practice the estimation
of the displacement uy is done by an iterative approximation (Newton-Raphson

iteration scheme)
The final optical flow u is given by:

u, = *u? +u’

This solution can be expressed in the following form:

J’VTL
u; = 27u’
J=0
summary of the algorithm
Initialization of pyramidal guess: *u’» = [*uJ" *uJ"] = [0
for J =J,, down to 0 with step of —1
J_x!

Location of a point s on image f/: x/ =

S 2]

(A-15)

(A-16)

Derivatives of f7 with respect to = and y at location x, = (s,ys)

of the point s:

fm(xsays) = %(fJ(xs + 1ay5) - fj(xs - 1795))

Pyl 90) = 5 oo + 1) = 1 9~

Spatial gradient matrix:

Gs _ Z S,&;

J J
Ty Fwe Ys twy { 2
zi=2] —wa Yi=yJ —wy
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z‘fs,yz‘
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Initialization of iterative Lucas-Kanade method: us; = [0 0"
for k=1 to K with step of 1

Image difference at point s:
foo =1 (@i ys) — £ (@i +"ul, +ud oy + 7w, +ul )

Image mismatch vector:

S DS

J J
T twe Yy Fwy |:
Ti=r] —ws yi=yl —wy

fs,tfs,a:i:|
fs,tfs,y,-

Optical flow (Lucas-Kanade):
PO |
a; =G, b,
Guess for next iteration:
u; = "ug + ug

end of for-loop on k
Guess for next level J — 1:

w = 2w )

end of for-loop on J
Final optical flow vector:
u, = *u? +u’

Location of point s on image f':

!
X s =Xg+ Ug

The clear advantage of a pyramidal implementation is that each residual op-
tical flow vector u/ can be kept very small while computing a large overall pixel
displacement vector u,. Assuming that each elementary optical flow computation
step can handle pixel motions up to ug mqee, then the overall pixel motion that the
pyramidal implementation can handle becomes U ymax final = (2‘]*""“1 — 1)Uy mag-
For example, for a pyramidal depth of J,, = 3, this means a maximum pixel
displacement gain of 15. This enables large pixel motions, while keeping the size
of the integration window relatively small.

e Declaring a feature ”lost” during the tracking process
There are two possibilities where a feature can be declared as lost. The first case
is when the point falls outside of the image and the other case is when the image
patch around the tracked point varies too much between image f and f’ (the
point disappears due to occlusion for example). For this, a point is declared as



Appendix B 183

lost if its final cost function e(uy) is large than a given threshold. This measure
permit to use a high sensitive corner detector.

An another case are the areas with repetitive structures (several feature in a
small area), the tracking can easily switch to a similar structure in the neighbor-
hood and this errors would be difficult to detect.
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B.3 Feature Matching

Feature matching known also as data association is the process of matching ob-
servations that are received by the filter to the features to which they corre-
spond.Given that the state estimation process relies on generating statistical es-
timates of the locations of features in the environment, statistical methods are
used for establishing these associations. The most common method for associ-
ating observations to features in the map relies on nearest neighbor techniques
[53, 83, 84]. A Nearest Neighbor association is taken in this case to be the closest
association in a statistical sense.

A key weakness of the SLAM filtering is its dependence on correct association
of observed features to mapped ones. A miss-association results in an inconsistent
reduction of estimated uncertainty while increasing the actual error. A single
incorrect assignment may cause the filter to diverge (i.e., fail irretrievably). In
situations with high feature clutter and large location uncertainties, it becomes
necessary to devise a means of ensuring correct association. Although this problem
has been addressed using complex data association methods as multiple hypothesis
approaches [31, 32] or joint compatibility criteria [33, 85], it still requires further
research to add the robustness required for cluttered outdoor environments.

B.3.1 Features Matching techniques

In this subsection we will describe some algorithms that have been used widely
for feature point matching.

B.3.1.1 Cross-Correlation Matching

The simplest and most common technique for matching feature points in im-
ages f1 and f3 is to use a cross-correlation (CC) of the image content [33]. Around
each feature point a small window of size w X w is selected and the two image
patches are correlated against each other.

f1(xi). fa(x:)
x; €(N(x1),N(x2))

> fixi). > f3(xi)

XiGN(xl) XiEN(XQ)

CC(X17X2) = (A—17)

where N(x;) and N(x3) are the set of neighboring pixels lying inside the window
w around the feature points x; and X3, respectively.

The correlation A-17 is evaluated for each possible feature match - that is
every possible combination of features in image f; with features in image fo.
After correlation, the maximum value for each feature point is selected. The
algorithm can be accelerated by limiting the search range for correlations to a
small search radius.
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B.3.1.2 Mean Square Error Matching

Another algorithm for estimating feature matches in images was originally pro-
posed in [29]. It uses not only the intensity values -i.e. gray level values -but takes
all three RGB color channels into account. For comparison small image patches
are created again, based on a given window size w. Then the difference between
two pixel values is evaluated based on the Euclidian distance in RGB color space.
Finally, a summation over all pixels in this image patch and normalization with
the window size is carried out.

The mathematical description gives rise to a mean square error (MSE) formu-
lation (evaluated in color space) between the two image patches. Image values
are now 3-tuples taken from the RGB color space and the distance is evaluated
with the Euclidian norm:

MSEGix) = > A - Rl (A1)

x; €(N(x1),N(x2))

where N(x1) and N(xg are the set of neighboring pixels as before.

Selection of best matches and the symmetry constraint has to be applied as
already described in the preceding sections. Since this is an error and not a
similarity measure, the minimum value -and not the maximum as above -has to
be used for matching features.

The drawback of this approach is the high impact of small variations in illu-
mination. So it can only be useful in a rigid hardware environment, where all
lighting, exposure and posing conditions can be controlled precisely. In addition,
its application is generally limited to small baseline applications and the results in
section four are therefore very unsatisfactory. A variation to this approach using
a different color space, where luminance and colors are separated from each other
-i.e. the L*a*b color space -is straightforward, but results are still not convincing
[30].

B.3.1.3 Iterative Closest Point Matching

This is a geometry-based method for feature matching. The idea is to find a
transformation 7' that minimizes the geometric distance

D= mjin Z d(x1,x%2) (A-19)

X1,X2

between all feature points x; of the first image and their nearest neighbor feature
point x5 of the second image.
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Kalman Filtering

The Kalman filter, introduced by Rudolph Emil Kalman in the 1950s, is a recur-
sive filter that estimates the state of a dynamic system from a series of incomplete
and noisy measurements. It’s recursive in the way that only the estimated state
from the previous time step and the current measurement are needed to compute
the estimate for the current state.

C.1 Discrete Kalman Filter

The basic Kalman Filter addresses the general problem of estimating the state x €
R™ of a discrete-time controlled process that is governed by the linear stochastic
difference equation:

Xt = AXt_l + But + W1 (A—l)

where A is the state transition model which is applied to the previous state x;_1;
B is the control-input model which is applied to the control vector u;_q; wy is
the process noise which is assumed to be drawn from a zero mean multivariate
normal distribution with covariance Q;, wy = N (0, Q;).
At time ¢ an observation (or measurement) z; of the true state x; is made
according to
Zy = HXt + vy (A-2)

where H is the observation model which maps the true state space into the ob-
served space and vy is the observation noise which is assumed to be zero mean
Gaussian white noise with covariance R, vi = N(0, Ry).

The initial state, and the noise vectors at each step xg, W1, ..., W¢, V1 ... Wy
are all assumed to be mutually independent.

The Kalman filter has two distinct phases: Predict and Update.

Prediction The predict phase uses the state estimate from the previous time-
step X;_1;—1 to produce an estimate of the state at the current time-step X;;_;
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and an estimate of the error covariance matrix Py, which is a measure of the
estimated accuracy of the state estimate.

Xgjt—1 = ARy _1p—1 + Bugy (A-3)
P11 =AP,_, AT + Qs (A-4)
Update In the update phase, measurement information at the current time-

step is used to refine the prediction to arrive at a new, (hopefully) more accurate
state estimate.

Xeft = Xejr—1 + K€y (A-5)
Pt|t = (I - KtH)Pt\t—l (A‘G)
where
€ =z, — HXp is the innovation residual
K; = Pt|t,1HTS;1 is the Kalman gain
S, = HPt‘t_lHT + R, is the innovation covariance

C.2 Extended Kalam Filter

The previously described Kalman filter addresses the estimation of the state vector
in a linear model of a dynamical system. If, however, the model is non linear, we
may extend the use of Kalman filtering through a linearisation procedure. The
resulting filter is referred to as the extended Kalman Filter (EKF).

Consider a nonlinear dynamical system described by the state-space model:

Xt = f(X¢—1, 0, We_1) (A-7)
Z; = h(Xt, Vt) (A—8)
where, as before, the random variables w; = N(0,Q;) and v, = N(0,R;)

represent the process and measurement noise. Here, however, the functional
f denotes a nonlinear transition matrix function that is possibly time-variant.
Likewise, the functional i denotes a nonlinear measurement matrix that may be
time-variant, too.

The basic idea of the extended Kalman filter is to linearize the state-space
model of Egs. (A-7) and (A-8) at each time instant around the most recent state
estimate, X;_1j;—1. This is done by computing the Jacobians of f and h:

of

Ft - 67)( Xy—1)t—1,U¢ (A_g)
oh

H, x s (A-10)
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Once a linear model is obtained, the standard Kalman filter equations are
applied using the computed F; and H; as the state transition and observation
matrices, respectively.

Prediction
fct|t71 = f(itq\tq, uy) (A-11)
Py = FtPt—1|t—1F,iF + Q¢ (A-12)
Update
e =z — h(Xye—1) (A-13)
K, =P, H'S;! (A-14)
St = HPt|t—1HT + Ry (A-15)
X¢pp = Rype—1 + Ky (A-16)
Pt‘t - (I - KtH)Pt|t71 (A-l?)
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Abstract

In this Thesis we present a navigation solution for a mobile robot. The proposed system uses vision input to enable the robot to build a
feature based map of its environment, localize efficiently itself without any artificial markers or other modification, detect and track
the moving objects, and navigate without colliding with obstacles.

The Simultaneous Localization and Mapping (SLAM) process is tackled as a stochastic problem using Extended Kalman Filter (EKF).
Our contribution consists in building a global map of the environment based on several local maps. The SIFT features are used in our
implementation and their descriptors are used as a matching constraint. The 3D initialization of the features is based on the visual
geometry theory.

To avoid using outlier features, a motion segmentation and estimation (MSE) process is used to detect the moving part of the scene.
Subsequently, during map building, the detected features on the moving parts are excluded. The MSE process consists in camera
motion estimation and compensation, scene cut or strong camera motion detection, background Gaussian Mixture Model (GMM)
model update, and a Maximum a Posteriori Probability Markov Random Field (MAPMRF) framework to detect the moving objects in
the scene and estimate their motion. Two methods for camera motion estimation and compensation are used, one uses the 2D
projection of the 3D motion estimated in the SLAM process and the other method uses the dense motion analysis proposed by Dufaux
and Konrad.

We considered also the case, where the robot is equipped with other localization sensors such as inertial navigation system (INS),
wheel encoders, and a global positioning system (GPS). Two solutions are considered. The first consists in integrating the data from
the INS and encoders data in the dynamic model of the vehicle to estimate its motion in the SLAM process and using the GPS data for
geo-localizing the robot and the built map. The second solution consists in using the data from the INS and encoders in a Kalman filter
to correct the GPS data, the estimated linear and angular velocities by this filter are used as prediction in the SLAM filter and the
output of this one are used to update the dynamics estimation in the integration filter. This solution will increase the accuracy and

the robustness of the positioning during the outage of the GPS system and allows a SLAM in less featured environments.

The estimated map is used in a path planning process to generate a list of waypoints allowing the robot to reach the user defined goals.
The robot uses then a navigation process to follow the planned path and avoiding the unplanned obstacles or moving objects in the
scene. For this procedure, added to vision, infrared and ultrasound sensors are used for obstacles detection.

The navigation procedure is based on two fuzzy logic controllers: a goal seeking controller and an obstacle avoidance controller. The
goal seeking controller tries to find the path to the intermediate waypoints, while the obstacle avoidance controller has for mission to
avoid obstacles. The 3D position of the moving obstacles is estimated using the epipolar geometry applied to the detected features on
the moving objects. A command fusion scheme based on a conditioned activation for each controller arbitrates between the two
behaviors. The reinforcement learning algorithm is used to adapt the obstacle avoidance fuzzy controller.

Keywords: Mobile robots, Adaptive learning, Motion Segmentation, Motion Estimation, Simultaneous Localization and Mapping,
Fuzzy Logic, Reinforcement Learning

Résumé

Cette these introduit une approche pour la navigation de robot mobile en utilisant la vision par mono camera pour la construction
d’une carte de I’environnement, la localisation du robot dans la carte construite, et la navigation sécurisée du robot dans son
environnement. La localisation et la cartographie de I’environnement sont traitées simultanément par le processus SLAM sous forme
d’un probleme stochastique en utilisant le filtre de Kalman étendu. Notre contribution consiste dans la construction d’une carte globale
de I’environnement base sur plusieurs cartes locales pour simplifier la complexité du probléme. Les points caractéristiques utilisés
pour modéliser I’environnement sont de type SIFT et leur profondeur est estimée par la théorie de la géométrie visuelle.

Pour éviter d’utiliser les points caractéristiques associés aux objets mobiles dans le modéle de I’environnement nous utilisons un
processus de segmentation et d’estimation de mouvement dans les séquences vidéo. Ce processus estime le mouvement de la camera
pour I’"eliminer, détecte les coupures de sceéne ou grand mouvement dans la séquence vidéo, met jour le modele GMM représentant le
fond de la scéne, et détecte les objets en mouvement et estime leur mouvement par un estimateur du maximum posteriori du Champs
aléatoires de Markov.

Le mouvement de la camera est estimé par deux approches: la premiére par la projection du mouvement 3D estimé par le processus du
SLAM et la deuxiéme par la technique de 1’analyse du mouvement dans le plan de I’image proposée par Dufaux et Konrad. Nous
avons considéré aussi le cas ou le robot est équipé avec d’autres capteurs

de localisation tels que les systémes inertiels INS, les encodeurs des roues, et les systémes de positionnement global GPS. Deux
solutions sont proposées. La premiére consiste intégrer les données de I’INS et des encodeurs dans le modéle dynamique du véhicule
pour estimer son mouvement dans le processus du SLAM et utiliser les données du GPS pour géo-localiser le robot et la carte
construite. Tandis que dans la deuxiéme approche les données de I’INS et des encodeurs sont utilisées dans un filtre de Kalman pour
corriger les données du GPS et les vitesses linéaires et angulaires estimées par le filtre sont utilisées comme prédiction au filtre du
SLAM. Cette derniere solution augmente la précision et la robustesse du positionnement durant 1’absence du signal GPS et permet un
SLAM dans des espaces moins texturés.

La carte construite de I’environnement est utilisée pour une planification globale des trajectoires libre. Ces derniers sont définis sous
formes d’une liste de points but. Le robot utilise ensuite un processus de navigation pour suivre les chemins planifiés et éviter les
obstacles non représenté dans la carte et les objets en mouvement. Pour cette tdche de navigation le robot utilise en plus de la vision
par camera, des capteurs ultrason et infrarouge. Le processus de navigation est bas e sur les contrbleurs en logique floue adaptés par
I’apprentissage par renforcement.

Mots clés : Robots Mobiles, Apprentissage Adaptatif, Segmentation de mouvement, Estimation de Mouvement, Localisation et
cartographie simultanées, Logique Floue, Apprentissage par renforcement.
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