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Abstract

In order for autonomous vehicles to achieve life-long operation in outdoor en-
vironments, navigation systems must be able to cope with visual change—whether
it’s short term, such as variable lighting or weather conditions, or long term, such as
different seasons. As a Global Positioning System (GPS) is not always reliable, au-
tonomous vehicles must be self sufficient with onboard sensors. This thesis examines
the problem of localisation against a known map across extreme lighting and weather
conditions using only a stereo camera as the primary sensor. The method presented
departs from traditional techniques that blindly apply out-of-the-box interest-point
detectors to all images of all places. This naive approach fails to take into ac-
count any prior knowledge that exists about the environment in which the robot
is operating. Furthermore, the point-feature approach often fails when there are
dramatic appearance changes, as associating low-level features such as corners or
edges is extremely difficult and sometimes not possible. By leveraging knowledge
of prior appearance, this thesis presents an unsupervised method for learning a set
of distinctive and stable (i.e., stable under appearance changes) feature detectors
that are unique to a specific place in the environment. In other words, we learn
place-dependent feature detectors that enable vastly superior performance in terms
of robustness in exchange for a reduced, but tolerable metric precision. By folding
in a method for masking distracting objects in dynamic environments and examin-
ing a simple model for external illuminates, such as the sun, this thesis presents a
robust localisation system that is able to achieve metric estimates from night-today
or summer-to-winter conditions. Results are presented from various locations in the
UK, including the Begbroke Science Park, Woodstock, Oxford, and central London.
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Notation

Symbol Description
a A real-valued scalar: a € R
a A real-valued N x 1 column vector: a € RVx!
A A real-valued N x M matrix: A € RV*M
5 A reference frame defined by three unit vectors
R, The 3 x 3 SO(3) rotation matrix that rotates points from X, to
ga: Po = Ra,bpb
A vector pointing from l):a to .7_>-'b andbexpressed in l}-a
the The homogenous form of t2¢: t2¢ = {t‘ia}
§ The 4 x 4 SE(3) transformation matrix that transforms points from

gb to Z;a: Do = Ta,bpb

1 The identity matrix

0 The zero matrix

) Normally distributed with mean x and covariance P
A Matrix-cross operator

Inverse matrix-cross operator
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Chapter 1

Introduction

1.1 Motivation

For robots to autonomously navigate outdoors over vast scales and long periods of
time, they must be able to answer the question, “where am 17”7 regardless of time
of day, time of year, or the weather. Put simply, they must be able to cope with
visual change, both sudden and gradual.

Although it may be tempting to assume that a Global Positioning System (GPS)
would be a good solution for the problem of localisation (i.e., knowing where you
are), GPS can be very unreliable in terms of availability and accuracy due to signal
blockage and/or satellite drift. Thus, vehicles must use onboard sensing and be
completely self sufficient.

This thesis explores the task of long-term, persistent localisation and asks what is
possible using a single stereo camera along with a map of the environment. Cameras
are an appealing option for onboard sensing as they are low-cost, commercial off-

the-shelf devices that provide a rich source of visual information.



1.2 Coping with Change

(a) Oxford: night, (b) Oxford: afternoon, (¢) Oxford: evening, (d) Oxford: afternoon,
pitch black. sunny. sunny overcast.

(e) Begbroke: night, (f) Begbroke: after- (g) Begbroke: after- (h) Begbroke: evening,
dark and rainy. noon, sunny. noon, SNOWy. dark.

Figure 1.1: Images of the same place but taken at different seasons and/or times of
day. Top four: Oxford. Bottom four: Begbroke Science Park.

1.2 Coping with Change

Why is dealing with visual change difficult? For a person, it may be easy to recognise
that the images in each row of Figure 1.1 are all of the same place, but under different
environmental conditions. However, for the current state of the art in vision-based
localisation, this remains a considerable challenge, owing primarily to the reliance
on point features for data association.

For decades, the typical approach in robotics has been to search for point cor-
respondences across images, which are typically represented by low-level structure
such as edges or corners. Even at different scales, these types of feature detectors
are limited to searching for basic primitives and not mid-level or higher-level con-
tent in the scene, such as distinctive landmarks. Thus, when faced with significant
appearance changes as shown in Figure 1.1, these techniques typically fail to find
associations.

There is also something unsettling with the idea of blindly applying the same

fixed detection procedure across all images from all places, especially if prior knowl-



1.2 Coping with Change

”iif;' ;

(a) By matching scene signatures from a live stream (left) to a memory (right), we are
able to successfully localise our vehicle.

(b) By matching point features from a live stream (left) to a memory (right), we are
unable to successfully localise our vehicle.

Figure 1.2: Tllustration of feature matching using scene signatures, which are distinc-
tive visual elements such as fences, windows, tree lines, etc., versus the traditional
point-feature approach. Using point features for data association under extreme
appearance changes often fails because point features only consider low-level struc-
ture, like edges or corners. Scene signatures are more robust since they are large,
distinctive elements.

edge of the environment exists. In this case, it makes sense to leverage knowledge
of prior appearance and structure to learn what is important in a scene and what
to look for.

The primary contribution of this thesis is the idea of learning place-dependent
feature detectors for persistent outdoor localisation. These place-dependent feature
detectors are engineered to detect mid-level patches representing distinctive visual
elements, such as windows, tree silhouettes, or signs. This enables rough metric
position and orientation (pose) estimation across extreme lighting and weather con-
ditions; this is not possible with the point-feature counter part (see Figure 1.2).

It should be made clear that this thesis is not taking the stance that point

features are bad. They have their place in a number of systems and applications.



1.2 Coping with Change

For relative-motion estimation, like Visual Odometry (VO), point features work
extremely well as viewpoint and lighting conditions typically do not change much
from frame to frame!. Or if one is localising in an environment without much visual
change, then point features could be a good solution. However, they do not seem to
be well suited for the task of localising across extreme appearance differences where
point correspondences are either not possible or very sparse.

Although it is the core contribution of the thesis, it should be noted that the
topic of place-dependent feature detectors will be covered in a later chapter. The
thesis begins with earlier work addressing other agents of change, which follows the
natural progression of the research—it was the limitations of our standard feature-
based system that led to the idea of the new approach. The various sources of visual

change that will be addressed in this work are:
1. Dynamic objects (i.e., visual distractions)
2. Illumination changes
3. Weather and seasonal changes

Each topic will be addressed in the chapters to come.

Although there a numerous applications for this work, the thesis will focus in
particular on self-driving vehicles operating in urban environments. From early
pioneering work in the late 70s to 80s (Tsugawa et al., 1979; Dickmanns and Zapp,
1987; Pomerleau, 1989) to a series of international competitions from 2004-2007
organised by DARPA (Thrun et al., 2005b; Urmson et al., 2008), autonomous vehicle
technologies have advanced to the point where public availability will be a near
certainty within the coming decades. Onboard navigation systems must be able to
satisfy the requirements stated earlier—long-term, persistent localisation in ever-

changing environments.

'In fact, VO is one of the core vision tools used throughout this thesis for egomotion estimation.

4



1.3 Contributions

1.3 Contributions

There have been a number of research contributions leading up to this thesis and are
described below. The common thread is long-term, persistent navigation, dealing
with various agents of change.

The first contribution is the development of a technique that can suppress dy-

namic objects in a scene for improved egomotion estimation:

McManus, C., Churchill, W., Napier, A., Davis, B., and Newman, P.
(2013). Distraction suppression for vision-based pose estimation at city
scales. In Proceedings of the IEEE International Conference on Robotics

and Automation, Karlsruhe, Germany

Following this, we integrated a novel illumination-invariant image transform into
a visual-perception pipeline and a vision-based localisation pipeline to address the

issues of localisation and scene understanding in shadowy environments:

McManus, C., Churchill, W., Maddern, W., Stewart, A., and Newman,
P. (2014a). Shady dealings: Robust, long-term visual localisation using
illumination invariance. In Proceedings of the IEEE International Con-

ference on Robotics and Automation (ICRA), Hong Kong, China

Maddern, W., Stewart, A., McManus, C., Upcroft, B., Churchill, W.,
and Newman, P. (2014a). Illumination invariant imaging: Applications
in robust vision-based localisation, mapping and classification for au-
tonomous vehicles. In Proceedings of the Visual Place Recognition in
Changing Environments Workshop, IEEE International Conference on

Robotics and Automation, Hong Kong, China



1.3 Contributions

Upcroft, B., McManus, C., Churchill, W., Maddern, W., and Newman,
P. (2014). Lighting invariant urban street classification. In Proceed-

ings of the IEEE International Conference on Robotics and Automation

(ICRA ), Hong Kong, China

The last area of work concerns the core contribution, which is the concept of learning
place-dependent feature detectors to enable robust visual localisation across extreme

appearance changes:

McManus, C., Upcroft, B., and Newman, P. (2014b). Scene signatures:
Localised and point-less features for localisation. In Proceedings of Robotics

Science and Systems (RSS), Berkley, CA, USA

McManus, C., Upcroft, B., and Newman, P. (2015). Learning place-
dependent feature detectors for long-term, outdoor navigation. In Preper-

ation for Submission to Autonomous Robots, special issue on selected

papers from RSS 2014.

Although not related to research, there was also some noteworthy systems-related
work for Oxford’s Autonomous Car Project?, which included contributing to a core
pose-management library and a visual teach-and-repeat system that was successfully

used for in-the-loop control.

2See http://mrg.robots.ox.ac.uk/robotcar/ for more details and videos.
p g
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1.4 Thesis Roadmap

1.4 Thesis Roadmap

The story of this thesis is life-long, vision-based localisation for autonomous road
vehicles. The common thread in this research is leveraging knowledge of prior ap-
pearance and structure. It is therefore assumed that a 3D point cloud along with a
stereo-image sequence is available during runtime.

As discussed earlier, various sources of visual change will be covered. The first is
concerned with operating in dynamic environments with large obstacles that act as
visual distractions. The next topic examines operating in illumination-varying envi-
ronments with shadows, which prove to be remarkably problematic for point-feature
systems. Still not addressing the more long-term issues, such as seasonal changes, we
depart from the traditional feature-based approach and present a method for learn-
ing place-dependent feature detectors to enable localisation across extreme lighting,
weather, and seasonal conditions.

The following is a more detailed description of each chapter and its relevance to
the overarching theme of the thesis (Figure 1.3 presents the thesis roadmap graphi-

cally).

Chapter 2: Introduces the state estimation machinery used throughout this
thesis as well as an overview of our Visual Odometry (VO) and localisation

pipeline.

Chapter 3: Presents distraction suppression for robust egomotion estimation
in highly dynamic environments. Accurate relative motion estimation is im-
portant for a localisation system, since dead reckoning estimates are used for

position tracking in between localisation updates.

Chapter 4: Presents an illumination-invariant colour space and analyses its

impact on a visual localisation pipeline. This colour space is used in a later



1.4 Thesis Roadmap

Chapter 6
Combined System

Analysis of combined systems:
(i) scene signatures learned in
both an RGB and illumination-
invariant colour space and (ii)
scene signatures with distraction
suppression.

4

Chapter 3
Distraction Suppression

Chapter 4
Hlumination Invariance

Chapter 5
Scene Signatures

A method to mask ephemeral
objects for robust egomotion
estimation in busy environments

Robust localisation combining
RGB and illumination-invariant
colour spaces

Learning place-dependent feature
detectors for localisation across
extreme lighting and weather

T

T

Chapter 2
Preliminaries

Review of estimation machinery
and overview of our stereo VO
pipeline.

Figure 1.3: A diagram providing a summary of the chapters as well as their inter-
dependencies.
chapter to asses performance gains achievable with a simple model of an ex-

ternal illuminant.

Chapter 5: Presents the core idea of learning place-dependent feature de-
tectors, called scene signatures, for localisation across extreme appearance

changes.

Chapter 6: Analyses possible performance gains achievable by combining il-
lumination invariance and distraction suppression within the scene-signature

pipeline.

The last chapter concludes with a summary of the thesis, its contributions, and the

future directions of the work.



Chapter 2

Preliminaries

2.1 Estimation

This section provides a brief overview of the estimation theory and tools that under-
pin the methods described in this thesis. We begin with a sketch of the estimation
problem from a Bayesian framework and then show how this can be cast as a non-
linear, least-squares optimisation problem. Following this, we present some useful
techniques and tools that will be used for linear error propagation and deriving the
Jacobians of our sensor models.

We state the problem in its most general form, which involves estimating both
the robot pose and map simultaneously. We then discuss the recent trends in the
field that have been moving towards more application-specific approaches, which
relax the requirement for concurrently estimating both the pose and map.

More formally, we state the problem as follows. At any given time, t;, we wish
to compute the joint posterior density of the pose of a robot, x;, as well as the map
of the environment, py, which we represent by 3D landmarks, using all past/present
noisy sensor measurements, z.x, which we represent by image coordinates, control

inputs, up.;, which we represent by motion estimates, and prior knowledge of the



2.1 Estimation

pose, Xo. This posterior, called the belief, is given by

P(Xk, Pr|Zo:k, Bo:k, Xo), (2.1)

and can be estimated in a number of different ways.

The historical approach to estimation in robotics began with the famous Kalman
Filter (KF) (Swerling, 1958; Kalman, 1960; Kalman and Bucy, 1961), which was
a recursive method for estimating the state of a linear-Gaussian system online.
Nonlinear extensions of the KF soon followed, such as the Extended Kalman Filter
(EKF)!, the derivative-free Unscented Kalman Filter (UKF)? (Julier et al., 1995)
and Particle Filter (PF) (Thrun et al., 2001), all of which can be thought of as
approximations to the Bayes filter® (Jazwinski, 1970).

There have been numerous variations of the filters, including the inverse covari-
ance form, which is ideal when the measurement dimension is large, the square-root
form (Potter and Stern, 1963), which is more numerically stable, and iterated ver-
sions that iterate the measurement-update step for improved accuracy (Denham and
Pines, 1966)*. The two common assumptions used in most of these filters are the
following: (i) the motion models, measurement models, and belief are all represented
by Gaussian pdfs® and (ii) the system follows a first-order Markov process (Markov,

1906). The Markov assumption is very powerful as it means that all prior knowledge

! According to Grewal and Andrews (2010), the idea behind the EKF is credited to Stanley
Schmidt from NASA, who helped develop the onboard guidance and navigation system for the
Apollo mission.

2Although both derivative-free filters, the UKF and PF are very different. The UKF belongs to
a family of Linear Regression Kalman Filters (Ito and Xiong, 1999; Norgaard et al., 2000; Lefebvre
et al., 2001), which use a deterministic sampling scheme for passing pdfs through a nonlinearity.
The PF represents the state as a collection of random samples drawn from the posterior and uses
importance sampling for updating final posterior (Thrun et al., 2005a).

3The KF was not actually derived from the Bayes filter. As Gelb states, “Kalman formulated
and solved the Wiener problem for gauss-markov sequences through use of state-space representa-
tion and the viewpoint of conditional distributions and expectations.” (Gelb, 1974, p. 105)

4According to the authors, the idea of the Iterated EKF is credited to J. V. Breakwell.

5The PF being an exception.

10



2.1 Estimation

of the system is incapsulated in the current state (i.e., the conditional probability
of a future state only depends on the present state and not past ones). This can be
a limiting assumption, since all accrued errors are essentially baked into estimate
with no way of going back.

Additionally, examining Equation (2.1), we see that it involves the joint task of
building a map while concurrently using this map for localisation. This problem is
known as Simultaneous Localization and Mapping (SLAM) (Durrant-Whyte, 1988;
Smith et al., 1990), and was considered the “holy grail” in the robotics community
for decades (Durrant-Whyte and Bailey, 2006)°.

Early approaches to SLAM relied on recursive filtering techniques, such as the
EKF (Moutarlier and Chatila, 1989a,b; Leonard and Durrant-Whyte, 1991). How-
ever, these approaches did not scale well with the size of the map”. Casting the
problem in its information form introduced computational benefits over the stan-
dard covariance form owing to the resulting sparsity in the inverse covariance matrix
(e.g., Thrun et al. (2004) for online SLAM and Thrun and Montermerlo (2006) for
offline SLAM).

However, as scaling to larger environments still presented an issue, many SLAM
systems began to adopt relative map representations (Newman, 1999; Bosse et al.,
2004; Williams, 2001; Sibley et al., 2010; Konolige et al., 2010) to make the problem
tractable. Around the same time, batch-style optimisation approaches began to gain
popularity as they can provide more accuracy per unit of computing time (Strasdat
et al., 2010). As such, they have dominated most of the more recent visual SLAM
systems (Kaess et al., 2008; Konolige et al., 2010; Sibley et al., 2010; Piniés et al.,
2010; Kaess et al., 2012).

Despite these improvements, for online SLAM, loop closure detection remains a

6SLAM was originally called Concurrent Mapping and Localisation.
"For a naive implementation of the EKF, the computational complexity scales cubically with
the number of landmarks in the map, due to the inverse of the covariance matrix.

11



2.1 Estimation

very challenging problem. Loop closures occur when the robot revisits a previously
visited location and re-observes features in that location. Using the estimated pose
of the vehicle to detect loop closures was the initial approach, but suffered from
the fact that pose estimates drift over time. Appearance-based approaches, such as
FABMAP (Cummins and Newman, 2008, 2007), offered a promising way forward
as they work independently of metric information; however, avoiding false-positive
loop closures remains a challenging task. The critical question being asked in the
community was whether or not online SLAM was actually necessary for most prac-
tical applications. Must the “L” and “M” occur concurrently? In what situations
is this a requirement?

In the domain of autonomous road vehicles operating over vast scales, the trend
has been to push the SLAM problem offline so that maps can be updated, annotated,
and sanity checked before any vehicle needs to operate in that environment. For
realtime operation, the vehicle can then use these maps for localisation and decision
making. This significantly reduces the complexity of the system as a whole as both
problems do not have to be done online.

Thus, what we see are two predominant trends in robotics over the past decades:
(i) casting the estimation framework as a batch-like, least-squares optimisation prob-
lem is preferred over filtering and (ii) online SLAM is not necessary for many real-
world applications, such as autonomous road vehicles.

This thesis follows the same paradigm and asserts that for autonomous road
vehicles, mapping is a process best left offline, and for realtime operation, the goal

then become localisation against a known map:

p(Xk’lpkazO:kyuO:kaf(O)- (22)

This seemingly simple change from moving the the map, pg, from the left-hand

12



2.1 Estimation

side of the conditional (2.1) to the right allows us to ask interesting questions. For
example, what navigation abilities are possible if one has vast amounts of prior
structure and appearance data of the environment? Is it possible to leverage this
prior information in an intelligent way for reliable and robust localisation?

For the remainder of this thesis, we focus on the problem of localisation against a
known map. The next subsection briefly sketches out how we cast this into a batch,

nonlinear least-squares framework.

2.1.1 Batch, Least Squares Formulation

The main benefit of a batch, least-squares approach comes from the fact that we
no longer use the Markov assumption, and as such, we reintroduce past states, Xq.,

and landmarks, po., in (2.2) to give us the posterior density we seek to estimate:

P(Xo:x|Po:ks Zo:k, Wo:kes Xo)- (2.3)

We now factor this density using Bayes rule (Bayes, 1764),

p(XO:k|pO:kaZO:k;uO:kaf(O):77 p(Zo;k’Xo:k,uo:k,Po;k,ﬁol p(Xo;k’llozk,Po:mf(o), (2-4)

N S

posteriar belief observed bel?erf (likelihood) predict:erd belief

where 7 is a normalisation factor that does not depend on the states. It should also
be mentioned that although we present this as a batch estimation framework, for
online performance, a sliding window is often used to limit the size of the problem

(Sibley et al., 2010).

13



2.1 Estimation

The observation model, motion model, and prior take the following form:

Z, — h(Xk,pk,Vk), Vi NN(O, Rk), (25)
Xp = f(Xp_1, 0, Wg), wy ~ N(0,Q), (2.6)
Xg = X+, ny ~ N(0,Py), (2.7)

where {vy, Wi, ng} are zero-mean Gaussian noise with covariances {Ry, Qx,Po}, re-
spectively. The observation model, h(-), may, for example, explain where a point in
3D space appears in the image plane. The motion model, f(-), typically takes inte-
roceptive measurements, such as wheel odometry, to predict how the vehicle moved.
This prediction is then refined using extereoceptive measurements from h(-). As
will be seen, the prior acts as a penalty term in the objective function and helps
constrain the estimate to be within the vicinity of the prior.

By making the assumption that the noise variables are uncorrelated, we can use

Bayes rule to write the observed and predicted belief as,

k

P(Zo:k X0k, Uosk, P Xo) = HP(Z¢|X1',P1'), (2.8)
i=0

k
p(Xo:k W0k, Pr, X0) = p(X0|ﬁo)Hp(Xz'|Xi—17uz‘), (2.9)

i=1

where,
1

p(zilxi, pi) o exp <—§ (z; — h(Xz‘,Psz’))T R (z; — h(Xi,Pz‘,Vz‘))) ’ (2.10)

1
p(Xz‘|Xz‘—1,llz‘) X exp <—§ (Xz - f(Xi—laui7Wi))T Qi_l (Xz - f(Xi—lyui7Wi)>> ) (2-11)

. 1 T .
p(Xo|%o) o< exp <—§ (xo — %o)" Pyt (x — xo)) : (2.12)
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2.1 Estimation

Taking the log of the posterior yields a weighted-least squares system:

k
. 1 _
log p(Xo:x|Po:k Zo:ks ok, Xo) = IOg(“)"’E Z (z; — h(x;, p;, Vz’)>T R; ! (z; — h(x;, pi, vi)) +

k

1 1 . _ .

> Z f(x;- 17“17Wz))T Qi_l (x; — £(x;—1, 03, W;)) + B (x — XO)T P, ' (X — Xo) ,
i=1

\)

(2.13)

where k is a constant that does not depend on the state. Defining the following

quantities:
en; = z; — h(x;,p;, Vi), e, = X; — f(x;_1,u;, w;), e, =X —Xo, (2.14)
and stacking all the error terms together gives us

. 1 1
log p(Xo:k|Po:k, Zo:k, Wouk, Xo) = log(k) + §ehR ep + —ef T'Qlep+ = pP ey, (2.15)

2
where,
€h,0 €1
e, = , € .= , P .= PO (216)
€h K €r K
R = diag(Ry',..., R, Q! :=diag(Q;',..., Q). (2.17)

We now define our objective function as the terms in (2.15) that depend on the

state:

1 1
J(x) = éehR eh+—e FQ ef+2 pP € (2.18)
1
= §eTE’1e, (2.19)
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2.1 Estimation

where,

e:= |e|, > =diag(R™', QL P, (2.20)

which is known as a Mahalonobis distance (Mahalanobis, 1936).

We have now recast the estimation task as an unconstrained non-linear optimi-
sation problem, which, importantly, does not make the limiting Markov assumption.
The next subsection explains how this nonlinear, least-squares system is iteratively

solved.

2.1.2 Nonlinear Numerical Solution
2.1.2.1 Newton-Raphson Method

As (2.19) is nonlinear, the standard approach is to perform a local, iterative nonlinear
optimisation. We begin with Newton’s method, also known as the Newton-Raphson
method®, which is an iterative root-finding technique. Geometrically, it approxi-
mates the function as being quadratic near the current guess, and uses second-order
information to step towards the minimum.

Consider a second-order Taylor series expansion of our objective function, J(x),

around some operating point, X:

J(X + 0x) ~ J(X) + Jzox + %5XTHX5X, (2.21)
where,
0J(x) 9P J(x)
Jo= 5 ; Hyi= o o (2.22)

are the Jacobian and Hessian, respectively.

8Newton originally wrote of this method in 1669 (Newton, 1968) but never published. Indepen-
dently, Raphson published a very similar method in 1690 (Raphson, 1690).
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2.1 Estimation

Taking the derivative with respect to the perturbation and setting it to zero gives

us the following:

0J (X + 6x)

Pox = Ji+xX"H;=0 (2.23)

= Hiox=-JI. (2.24)
After we solve for our optimal step, dx*, we update our estimate according to
X < X + 0X", (2.25)

and continue until convergence.

2.1.2.2 The Gauss-Newton Method

As the covariance term, X, is symmetric, positive-definite by construction, we can

factor it into its Cholesky factors, W’ := ¥ to rewrite (2.19) in a simpler form:

1 1 _
J(x) = §eT§]_1e = §eT (Te’)

1 1
le= §eT(\IIT)_1\I"1e = §rTr (2.26)

where we have defined r := ®¥~le. This allows us to express the Jacobian and

Hessian, defined in Equation 2.22, as follows:

Or(x) ) , (2.27)

Jx = r(x)T( ox |.
H; = (@r(x) )T (ag(;) ) + Zi:n-(i) <a;;ia(;() ) . (2.28)

0x
If computing second-order terms is too difficult or expensive, we can make use of

the fact that the residuals, r;(X), near the optimum should be very small. Given

17



2.1 Estimation

this assumption, we can approximate the Hessian as,

2~ (ar(x)

o ) . (2.29)

)

Thus, our final system of equations is given by the following:

X>T<ag—(xX) > 5xz_<ag_(xx>

or in terms of our original parameters,

<ar(x)

. )Tr(i), (2.30)

X

(Ef=7'Eg) 0x = — (Ef 271 e, (2.31)

where Eg := Bg_(xx) and e := e(X). This approximation to Newton’s method results

X
in the normal equations for the linearised least-squares problem and is referred to

as the Gauss-Newton method.

2.1.2.3 The Levenberg Marquardt (LM) Method

The problem with our first-order linearisation is that (EZ EilEX) might be a poor
approximation to the true Hessian around the current guess. If the approximate
Hessian (Equation 2.29) is ill-conditioned, then the solution may diverge. To remedy
this, we use a trust-region method called Levenberg Marquardt (LM) (Levenberg,

1944), which introduces a positive-definite matrix, A into the coefficient matrix:

(EfS="Ex+ A)ox = — (Ef X7 1) e (2.32)
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2.1 Estimation

Even if (Ef£7'Ex) is rank deficient, adding a positive-definite matrix will ensure
the overall coefficient matrix is positive definite®.

Levenberg Marquardt (LM) is a straightforward method that sets A = A1, where
1 is the identity matrix and A > 0, which is called the damping parameter. This
damping parameter is adapted during the optimisation to change the convergence
properties from either steepest descent, if the objective function is increasing, to
Gauss-Newton if the optimisation is well behaved.

We use LM as the non-linear optimisation technique due to it’s robustness to
poorly conditioned Hessian matrices and it’s ease of implementation. The LM algo-

rithm works as follows (Hartley and Zisserman, 2004):
1. Begin with an initial estimate for the state, X;.
2. Begin with an initial damping parameter, A = ).

3. Solve for the optimal step, 0x*, given by

(EfX 'Ex+ A1) ox" = — (Ef =7 ) e (2.33)

4. If |0x*| < threshold, then stop. Else, continue with the next steps.
5. Update our estimate, Xnew = Xprev + 0X".
6. If J(xnew) — J(Xprev) > 0, A = B\, where 3 > 1. Else, A\ = nA, where n < 1.

7. Return to Step 3.

9Note that (EgE’lEg) will at least be positive semi-definite. Trivially, if A > 0 and B > 0,
then x” (A + B)x = x’ Ax +x’ Bx > 0.
N e
>0 >0
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2.1 Estimation

2.1.2.4 Robust Estimation

As least-squares systems are sensitive to outliers, we use a robust error metric to re-
duce the contribution of these outliers. Example robust estimators, or M-estimators,
include Huber, Geman McClure, L1 norm, L2 norm, Cauchy, and Tukey, to name
a few (Zhang, 1997). The Huber cost function is typically recommended for most
problems (Zhang, 1997), so we use it in our work here.

The Huber cost function (Huber, 1981) is given as:

? le] < «

ple) = (2.34)
2alc] — a?  otherwise,
where o can be thought of as a threshold on the maximum allowable Mahalonobis

distance, which we determine through experimentation. Returning to our objective

function given by (2.26) we have,

1 1 =M 1 =M
J(x) = -r'r = 3 rir; = 3 cl. (2.35)
=0 7, =0

We replace each ¢; term with our robust cost function (2.34), to give us a modified

objective function, J(x):

p(ci). (2.36)

=0

.

The important aspect of this substitution is what happens to the Jacobians. Con-
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2.1 Estimation

sider the Jacobian of our modified objective function:

0] 15~ (e
% - 5 =0 86X (237)
i=M
- 5;( dci ) (aax) (2.38)
i=M
_ 1 dp(c:) 1 Oc?
- 5;( dei ) (2_@35,( (2.39)
_ ll:M 3p(Ci) i 80? (2 40)
2 i=0 dct 2¢; 06x |- .
Thus, we have
1 M dc?
oJ e 0% lc] < a »
aox 1iMa(ac§) . (2.41)
2 > o \ ox otherwise,
i=0
which can also be expressed as,
oJ 1 =M Oc2

> w—x (2.42)

where,
1 el <a
¢ otherwise.
Writing it this way, we see that
- - _ 1
JR+0x) _1gn 92 1 o5 e)  1Y0 (5 e) (2.44)
—Fa. T 5 w; =3 Wi— (e = 5 ; .
00X 24~ 00x 24 00X 2 &= 00X
where 3; := w;%;. This results in a final system given by the following:
(E,Eff)‘lE,—() ox = — <E§2~3‘1> 3 (2.45)
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2.1 Estimation

with 3 1= diag(woXo, . . ., wpr X)), where the weights are given by (2.43).

In effect, all this is doing is ensuring that as the error increases beyond a prede-
fined threshold, the contribution from the Jacobians in these directions is reduced
(i.e., we do not take steps in the direction of the outliers). Interestingly, as just
derived, this can be seen as re-weighting the inverse covariance terms during the
iterative solve, leading to an alternative interpretation of increasing the uncertainty

of the measurement as it’s error becomes too large.

2.1.3 State Parameterisation

When it comes to representing the robot pose, special care is needed with the choice
of orientation parameters, of which there are several (Stuelpnagel, 1964). Common
choices for representing the orientation include: (i) Euler angles, (ii) rotation matri-
ces, and (iii) unit-length quaternions. Euler angles suffer from singularities, which
make rotation matrices and quaternions the more common choice. However, neither
of these representations live in a vector space, which is a requirement for the esti-
mation machinery derived above. Additionally, rotation matrices and quaternions
introduce constraints since there are only 3 degrees of freedom for any rotation.
More specifically, the updated rotation matrix must remain orthonormal, RR” = 1,
and the updated quaternion must be unit length q”q = 1.

Regardless of what choice is taken, when solving Equation 2.45, the orientation
representation must be in a minimal 3 x 1 form. The real trick comes in the update
step afterwards, since, in the case for rotation matrices and quaternions, they must
be updated to preserve their respective constraints, as previously mentioned!?.

In our work we use the rotation matrix to represent the orientation of the vehicle.

Rotation matrices belong to the so-called special orthogonal SO(3) group defined

10For a review of how to linearise and update rotation matrices and quaternions using a unified
notation, the reader is referred to Barfoot et al. (2011).
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2.1 Estimation

as'!:

SO(3) := {R € R¥*?RR” = 1,detR = 1}. (2.46)

SO(3) is a type of matriz Lie Group, which is a set of square matrices that
are closed under products, inverses, and nonsingular limits'? (Stillwell, 2008). The
issue is that not all of the regular operations for vector spaces apply in SO(3). For
example, rotation matrices are not closed under addition (i.e., you cannot add two
rotation matrices and get a valid rotation matrix out). Fortunately, it turns out
that we can gain access to a vector space element through the tangent space of
the Lie Group!'?, denoted by so(3), which is closed under vector sum operations
and multiplication by real numbers (Stillwell, 2008). We obtain this vector space
element through the exponential map, R = €%, where W € s0(3), which is defined
as:

50(3) .= {W € R¥3|W = ¢", ¢ € R*'}, (2.47)

and we have introduced the matrix-cross operator (-)", defined as (Murray et al.,

1994):
o 0 —¢3 ¢
b= o, W=¢"=|g 0 -4 (248
?3 —¢2 o1 0

Using the well-known Euler-Rodrigues rotation formula (Euler, 1770; Rodrigues,

1816), we can express any rotation matrix in terms of an angle of rotation, ¢, about

3x1

some unit-length axis, a € R>**, according to

R = ™" = cos ¢l + (1 — cos ¢)aa’ + sin ¢a’. (2.49)

1'We follow the notation by Stillwell (2008) and use uppercase SO(3) to represent the Lie group
and 50(3) to represent the Lie Algebra.

12A set is said to be closed under an operation if performing the operation on any member of
the set always produces another member of the set.

13The tangent space at the identity of the Lie Group along with a set of binary operations, called
the Lie Bracket, constitute the Lie Algebra (Stillwell, 2008).
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2.1 Estimation

For reasons that will become clear shortly, it is then useful to define the following:

¢ = oa, (2.50)

where ¢ := ||¢||. This changes the rotation formula to

(1 — cos o)
o2

sin ¢

R =¢? = cos ¢l +
¢

pp’ + ——". (2.51)

Our 3 x 1 minimal representation, ¢, is known as a rotation vector.

Defining our state vector as

w,c
t

X = , (2.52)
Pe

we can construct an SE(3) transformation matrix'* according to

Te.(X) = Rew(@e) € , (2.53)

0 1

where R, (¢.) is given by Equation (2.51) and represents the rotation from £>w to

i;c and t¢ represents the vector from l—;c to l';w but expressed in i;c.

As mentioned earlier, we require members of a vector space to use the estimation
tools derived above. Thus, we need to linearise T(x) in order to gain access to our
vector representation, X. There are two ways to do this. Firstly, it is important to

note the following!®:

T(x + 0x) % T(6x)T(X). (2.54)

Furgale (2011) presents a derivation of how to linearise T(X + x) using a pertur-

4 Another type of Lie Group. ) B
I5For rotation matrices, it can be shown that up to first order: R(¢ + d¢p) ~ R(6¢p)R(p).
However, for transformation matrices, this is not the case.
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bation method. The other approach considers the right-hand side of (2.54) and
parameterises a delta rotation about the current estimate, as is done in several
works (Churchill, 2012; Strasdat, 2012; Sibley et al., 2010). In this way, the initial
transformation estimate is held fixed and the goal becomes optimising a transfor-
mation around this initial condition. We adopt this approach, but instead of using
generator matrices to compute the Jacobians, we show how to obtain them using

the perturbation method shown in Barfoot et al. (2011).

2.1.4 Jacobians for Expressions Involving Rotation

Matrices

We shall present this method through an example, but begin by first introducing
homogeneous operators as they prove to be useful when transforming points with
transformation matrices.

The homogeneous operator, g(-), and it’s inverse, g(-), defined as follows:!®

p:=g(p) = ,  p=gp=—1 |, (2.55)

PN-1

for p € RV*!. Note that we use boldface for p € R3*! and bold italicised for its
homogenous coordinate p € R***.
Consider a point, p,, expressed in the world frame, l;'w, and we wish to trans-

form this point into the camera frame, l;-w through the transformation matrix,

T. .. We can accomplish this transformation using the homogeneous operators:

Pc = g(Tc,wpw) = Rc,wpw -+ tqcu,c’ (256)

16 Although h(-) may seem more appropriate, recall that h(-) is reserved for the observation
model and we don’t wish to overload any operator.
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2.1 Estimation

Figure 2.1: Coordinate reference frames along with notation representation trans-
formation matrices, rotation matrices, and a position vector. Note the subscripts
and superscripts, and their meaning with regards to direction.

where R, is the transformation matrix from l;-w to lic and t¢ is the translation

from f;c to liw expressed in f;c (see Figure 2.1.4). Now consider perturbing our

transformation matrix from its current guess:
pe + 0p. = g(T(6X)Tepw) = R(6P)R. wPw + R(0)EVC + 6t.. (2.57)

At this stage, we turn to Equation (2.51) and use the fact that we are considering
an infinitesimal rotation about the axis of rotation, which gives us the following

approximation:

R(0¢p) =~ 1+ 5", for 6o < 1, (2.58)

Substituting Equation (2.58) into (2.57), we have

Pe+p. =~ (146¢0)Roypu + (14 500) t9° + ot (2.59)
= ReuwpPuw +t°+5¢0) (Rewpu + t7°) +0t. (2.60)
D A ~ g
=Pc :I_)c

= Pc+ 0P, +6t. (2.61)

N——

:7p96¢c
= Pc— PP+ It. (2.62)
— 0p. = —P, 0. + dt., (2.63)
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2.2 Stereo Visual Odometry and Localisation

where we have made use of the identity, a"b = —b"a, for any 3 x 1 vectors a and b.

Noting that

og
5pc = a—xcéxc, (264)
we arrive at
ot,
gxg ox, = [1 _pg} (2.65)
¢ YoR
og
frd _nN .
— Ox. [1 pc] (2.66)
since
ot,
0X, = : (2.67)
YoR

To summarise, we took a nonlinear point-transformation equation (2.56), pre-
multiplied our current state guess, Tgw, by a delta transformation matrix, which
was a function of a delta translation and rotation vector (2.67). We then used a
small angle approximation to express the exponential map of d¢. in a simplified
state (2.58). Through basic matrix manipulations, we were able to factor out 0x.

from our equation and solved for the derivative.

2.2 Stereo Visual Odometry and Localisation

As it is an essential tool used throughout this thesis, this section briefly sketches
our keyframe-based stereo Visual Odometry (VO) pipeline.

Simply stated, the task of frame-to-frame VO is to match currently observed
visual features with previously observed visual features and then estimate the pose
of the vehicle given these associations. The pose estimation task can be divided into

two main components: (i) the visual front-end responsible for matching features

27



2.2 Stereo Visual Odometry and Localisation

Frame to
Match
Rectified Feature ‘
Left Image Detection
Stereo Feature Feature Outlier Pose
Matchin Description Matchin Rejecti Solve
Rectified Feature & P ching ejection
Right Image Detection

(a) Stereo VO/Localisation pipeline, where features are detected, described and matched to some
other frame. For frame-to-frame VO, the “Frame to Match” would be the previous frame and for
localisation, the “Frame to Match” would be a map frame..

Feature
Detectors
Rectified Feature Outlier > Pose
Left Image Matching Rejection Solve

(b) Our localisation approach described in Chapter 5, which uses a
bank of place-dependent feature detectors to perform the detection
and data association concurrently.

Figure 2.2: Top figure: our feature-based, stereo VO /localisation pipeline. Bottom
figure: our proposed localiser approach .
from the live view to some previous view, and (ii) the estimation backend, which
performs the nonlinear solve using the techniques described in Section 2.1.

The main steps involved in our VO system are outlined below and shown graph-

ically in Figure 2.2(a).

1. Undistortion and Rectification: Makes the images appear to have come
from an idealised pin-hole camera model and enforces parallel epipolar lines

between the stereo pair, which is important during the stereo matching step.

2. Feature Detection: Detect 2D interest points at multiple scales. Interest
points are points in the image that can be detected reliably under (modest)
viewpoint changes. A vast amount of research has been done to engineer

various feature detectors for performance and speed. Popular corner detectors

include Harris Corners (Harris and Stephens, 1988) and FAST (Rosten et al.,

2005), while blob detection can be performed with the Laplacian of Gaussian

or MSER (Matas et al., 2002). In our system, we use the FAST detector,
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2.2 Stereo Visual Odometry and Localisation

(a) Raw FAST corners detected in the left image (b) Left-to-right stereo matches rendered onto

of the stereo pair. Each detection has a score for the left image. The green dot represents the

how “corner-like” it is. Typically a minimum pixel location in the left image and the red dot

score threshold is set to prune the thousands of in the right. The measurements are shown as

potential candidates. blue lines to highlight the fact that the dispar-
ity, d := u; — u,, is larger in the near field than
far field. This has implications regarding mea-
surement uncertainties, which will be discussed
in the next chapter.

(¢) Temporal matching of the features with the (d) Post-RANSAC feature matches. Note that
previous frame and rendered on the left image. when the majority of matches belong to the
The direction of the feature matches illustrates background, RANSAC is able to remove out-
the motion of the camera. Note the outliers in liers on moving vehicles (top right). However,
this initial round of matching (ground and car if a significant portion of the feature matches
in the back). belong to moving objects, RANSAC can often
fail, since it’s designed to provide the guess that
produces the biggest consensus set. In the next
chapter, we present a technique that can mask
distractions and prevent this from occurring.

Figure 2.3: Examples of feature detection, stereo matching, temporal matching, and
outlier rejection in a standard VO pipeline.
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2.2 Stereo Visual Odometry and Localisation

which finds thousands of candidate corners (see Figure 2.3(a)).

. Stereo Matching: Match features between the left and right images using
scanline matching. Since the images have been rectified, we can search along
each row for associations. This works as follows. For each FAST corner in the
left image, we perform a 1D search in the right image to find the position with
the lowest Sum of Absolute Difference (SAD) score. After we have matched
left-to-right, we have a collection of stereo measurements of the form, z =
[u, vy, d]T', which contains the pixel positions in the left images, along with the
disparity, which is defined as d := u; —u,.. Some example stereo measurements

are shown in Figure 2.3(b).

. Feature Description: Compute descriptors for each interest point, which act
as unique identifiers that are used to find associations from one frame to the
next. Again, there are numerous descriptors to choose from. Examples include
Scale Invariant Feature Transform (SIFT) (Lowe, 2004), Speeded-Up Robust
Features (SURF) (Bay et al., 2008), Binary Robust Independent Elementary
Features (BRIEF) (Calonder et al., 2012), and Oriented FAST and Rotated
BRIEF (ORB) (Rublee et al., 2011), to name a few. We use the BRIEF

descriptor due to its fast matching performance.

. Feature Matching: Match features to previous frame using descriptors to
produce a candidate set of matches. In our system, we also perform sub pixel
refinement using Efficient Second-Order Minimisation (Mei et al., 2008), which
uses SAD as the cost function. An example of temporal matching is shown
in Figure 2.3(c). The initial round of feature matching is used to seed the

patch-based SAD matching.

. Outlier Rejection: Since not all of the candidate matches are inliers, we

require outlier rejection before proceeding with the pose solve. Three-point
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2.2 Stereo Visual Odometry and Localisation

RANSAC is used, which iterates over N trials using the following strategy.
For each trial, one randomly selects three points to construct a transformation
matrix, T, ,, which transforms points from ZW to ﬁc. Note that in our case,
ng would be the previous frame, but in the more general case, this could be a
map reference frame. This candidate transformation is then used to reproject
the points defined in l';w into the image plane, l-;c, according to our stereo

measurement model:

T futzcy
1
z. := h(KT.,p,) = stz (2.68)
Ju'd
where _ )
fu 0 ¢, O
0 f, ¢ O
K := , (2.69)
0 0 0 fub
0O 0 1 0

and {f., f,} are the horizontal and vertical focal lengths, b is the baseline,
{cu, ¢y} are the horiztonal and vertical positions of the optical centre, p,, is
a point defined in l—;w, and the {z,y, 2z} values are components of p.. The
reprojection error is computed for each point and the number of inliers is
recorded. The procedure repeats and the transformation that produces the

largest inlier set is chosen as the initial guess for the pose solve. Outlier

matches are removed from the set (see Figure 2.3(d)).

. Pose Solve: Using the techniques described earlier, we can iteratively solve

a non-linear, least-squares system of the form shown in (2.45), which in this
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2.2 Stereo Visual Odometry and Localisation

case is given by,
(HfR'Hy + A1) 6x = — (H{R ') e, (2.70)

where

Zy — h(Tc,wapgu)
€:= : ,  R:=diag(Ry,...,Ry). (2.71)

Z), — h(Tc,wa pi\;/[)

The Jacobian term, Hy, can be separated into two factors according to the

chain rule:
oh  Oh Op,
OX. Op.Ox.

(2.72)

The first term is easily computed as

fu/z 0 —fux/2?
0 0 —fub/z?

oh
op.

Recalling the point-transformation function (2.56),

Pc = g(Tc,wpw> - Rc,wpw + tghc’ (274)

we note that the second term, dp./0x. = 0g/0x., was already derived in the

previous section. Thus, our stereo model Jacobian is given by the following:

fu)z 0 —fux/2?

oh _ 2 A 2.75
a_Xc - 0 fv/z _fvy/z 1 —P. ( : )
0 0 —fub/z?
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We will refer to this Jacobian later in Chapter 5.

Note that by simply swapping out the “previous frame” with an archived frame
from the map, we can turn the VO pipeline into a localisation system, which is
used in Chapters 3 and 4. In Chapter 5, we will present a new localisation system
that replaces the point-feature front end (i.e., it replaces the feature detection and
description blocks in the pipeline) with a bank of pre-trained, place-specific classi-
fiers. This approach does not simply apply the same rigid procedure to all incoming

images, but rather, is specifically tuned to the vehicle’s current location (see Figure

2.2(b)).

2.3 Summary

This chapter began with a theoretical discussion surrounding the estimation tools
used in the remainder of this thesis. The estimation problem was initially presented
in a Bayesian framework and we showed how to extend this interpretation to a non-
linear least-squares problem. The nonlinear optimisation, robust cost function, and
state parameterisation were then discussed, which are all important topics that will
be mentioned in the chapters to come. We then introduced a core vision technique
called Visual Odometry (VO), which will be referenced throughout the thesis and
will be used as the baseline for comparison in Chapter 5.

As discussed in the introduction, the problem being addressed in this thesis is
how to cope with visual change for long-term, persistent localisation. We identified a
number of sources of visual change, including: (i) dynamic objects (i.e., distractions),
(ii) illumination changes, (iii) weather, and (iv) seasonal change. The next chapter
will examine the problem of navigating in heavily cluttered environments and will
discuss why this is challenging and how we can combat these problems by leveraging

knowledge of prior 3D structure.
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Chapter 3

Distraction Suppression

3.1 Introduction

For vision-based navigation systems, operating in highly dynamic environments is a
challenging problem as extreme scene motion can degrade standard outlier rejection
schemes and result in erroneous motion estimates. In this chapter, we present an
approach to the problem of pose estimation in heavily cluttered urban environments
by leveraging knowledge of prior 3D structure for distraction suppression in images.
In other words, given prior knowledge of how the world “should look”, our system is
able to focus its attention on just the static parts of the scene for motion estimation,
even in situations where most of the image is completely obscured by dynamic
objects (see Figure 3.1 for an example).

Although one may approach this problem with a trained detector and tracking
system (e.g., Horbert et al. (2011); Ess et al. (2010); Leibe et al. (2008)), we note that
these techniques require a great deal of time to train, are challenging to implement,
and require knowledge of all of the various distraction classes. In contrast, we present
a straightforward and effective approach that exploits prior 3D structure to generate
background-likelihood images, which effectively mask ephemeral objects of any type.

Offline, we use a 3D object detection technique to produce segmented background
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3.1 Introduction

(a) Image taken in central London during the
Olympics, where large parts of the scene are
occupied by dynamic objects, which can dis-
tract and impede egomotion estimation. We
present two techniques that leverage knowl-
edge of prior structure to enable robust pose
estimation, even in cases where most of the
scene is moving.

(b) Using knowledge of prior 3D structure,
we can generate probability masks that in-
dicate which regions in the image are likely
to belong to the static background (white).
These masks are used in our front-end visual

odometry pipeline to improve pose estima-
tion in the presence of significant scene mo-
tion.

Figure 3.1: This chapter presents a technique to exploit knowledge of prior 3D
structure to enable accurate pose estimation in heavily cluttered, highly dynamic
environments. Having driven a route at least once, we are able to leverage prior
information to suppress distracting objects in the image and focus on just the static
parts of the scene, which is represented as a background-likelihood image (see 3.1(b)).
This background-likelihood image is used to mask ephemeral objects, thereby en-
abling accurate feature matching, even in situations where most of the scene is
moving.

priors, but online we do not require any object detectors since we are just comparing
observed structure with predicted structure.

Thus, we are not specifically interested in object detection per se, but rather,
scene relevance—what should we be focusing on in the scene, given that we have
prior knowledge of its structure and simply wish to localise and perform egomotion
estimation. As will be shown later, egomotion estimation is critical to our localisa-
tion system as it fills in the gaps between localisation estimates and also predicts
the vehicle’s location in the map. This chapter will present results on kilometres

of data collected in busy urban environments, demonstrating how these techniques

can improve the robustness of VO.
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3.2 Related Work

In the area of road-vehicle navigation, leveraging prior surveys to improve motion
estimation is a common approach. Numerous techniques exist for both vision and
laser and include: (i) combining vision with aerial images (Napier et al., 2010; Pink
and Stiller, 2010), synthetic overhead images (Napier and Newman, 2012), or prior
visual experiences (Churchill and Newman, 2012), (ii) combining 2D laser rangefind-
ers with 2D priors (Bosse and Zlot, 2008) (iii) combining 2D laser rangefinders with
3D priors (Baldwin and Newman, 2012), (iv) combining 3D laser rangefinders with
3D priors (Levinson et al., 2010), and (v) combining vision with 3D priors (Stewart
and Newman, 2012). This work considers the latter case of using vision sensors
in conjunction with a prior 3D survey generated from a laser scanner. The goal
is to identify areas in an image that have a high likelihood of belonging to the
static background, even if 90% of the image is obscured by dynamic objects. These
background-likelihood scores are used in the front-end VO system to mask features
detected on ephemeral objects and thus, improve outlier rejection in the VO system.

The methods described in this chapter rely on the idea of background subtrac-
tion, which have traditionally been applied to static camera systems for surveillance
operations (Haritaoglu et al., 2000; Wren et al., 1997). The typical approach is to
learn a statistical model of the background (e.g., Mixture of Gaussians (MoG) for
each pixel in the image) and compare current views with the background model
to identify large discrepancies. Over time, the background models are adapted to
account for both immediate and long-term temporal changes of the environment
(see Piccardi (2004) for a review of the various statistical models that have been
used). Connected-component analysis is often used to cluster these outlying pixels
for tracking.

Salas and Tomatsi (2011) presented an object detection and tracking system
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using a Kinect sensor. They considered a static indoor setup and assumed they
had an uncluttered background model a priori. They incorporated two levels of
detection: one based on a MoG background subtraction technique using the 3D
prior, and the other based on a HOG detector in appearance space. Kaestner et al.
(2010) presented a MoG background subtraction method for 3D laser data taken
from a stationary platform. They learn both the statistical background model along
with the model parameters online. Li et al. (2008) presented a detection method for
a camera surveillance system that used a 3D model of the environment to improve
their search strategy. Their method worked by performing the object search within
the 3D grid and rectifying sub-images to account for perspective distortion.

The above mentioned methods were designed for static camera and/or laser
setups and are therefore not applicable to mobile platforms. Various techniques for
moving systems have been proposed, such as estimating a planar homography and
applying the standard statistical techniques for foreground/background detection
(Ren et al., 2003; Hayman and olof Eklundh, 2003); however, these methods are
only valid under rotational motion. Plane-parallax constrains were introduced to
compensate for rotational and translational motions (Yuan et al., 2007; Irani and
Anandan, 1998), but assume that a dominant 3D plane is present. Sheikh et al.
(2009) offer a different solution that estimates a background trajectory based on a
rank constraint for a sequence of tracked point trajectories. However, these methods
have only demonstrated results under modest displacements and not in outdoor
settings with fast-moving vehicles in cluttered environments. Additionally, these
methods do not combine two different sensing modalities, which is one of the novel
aspects of our work.

Segmenting the scene based on motion cues is another common approach. The
various strategies for motion segmentation include clustering dense point trajectories

based on optical flow (Namdev et al., 2012; Narayanan Sundaram and Brox, 2011),
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dense scene flow (Alcantarilla et al., 2012; Wedel et al., 2011), sparse scene flow (Lenz
et al., 2011), or geometric consistency and scale (Muller et al., 2008). However, these
methods could potentially breakdown in situations where the dominant motion in
the scene is generated from dynamic objects that were initially at rest.

Taneja et al. (2011) presented an offline monocular-based background subtrac-
tion technique for detecting and updating changes in a prior 3D model. Their
method uses prior structure to reproject pixels from the current camera frame into
a collection of neighbouring frames to identify geometric inconsistencies. The prob-
lem is then formulated as the minimisation of a Gibbs energy function to find the
optimal labelling of their voxelised prior (i.e., changed or unchanged). Similar to
this work, we use prior 3D structure to identify regions of change in camera images,
but take two very different approaches that attempt to account for uncertainties
resulting from localisation errors. Furthermore, we demonstrate how to generate

background-likelihood images and integrate them into a VO pipeline.

3.3 System Overview

Our system operates with the requirement that the workspace must be pre-mapped
by a survey vehicle equipped with 3D laser sensors, cameras, and an Inertial Naviga-
tion System (INS). More specifically, we assume that preprocessed 3D point-clouds
and stereo imagery of the environment will be available (see Figure 3.2). Further-
more, we assume that these point clouds are free of most ephemeral objects.

At a high-level, our system works as follows. At runtime, we match live stereo im-
ages against prior visual experiences (i.e., visually distinct image sequences). Since
each prior visual experience has an associated 3D point-cloud, we are able to syn-
thesise depth images from estimated camera poses in this 3D prior. These synthetic

depth images are then used to compare the current structure of the scene (given
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3.3 System Overview

Figure 3.2: A laser-generated 3D point cloud in central London. This data was
collected with a mobile sensing suite mounted on a commercial vehicle, equipped
with a stereo camera, planar laser rangefinder, and INS. At runtime our system
uses the stereo input to compare the observed structure of the world with the prior
structure to identify ephemeral objects.

by our live imagery) with the static structure of scene (given by the prior) to iden-
tify large discrepancies. This provides us with a clean segmentation of the image
into foreground and background elements, without the need for an object detection
system.

This chapter presents two vision-based techniques for a moving platform that
exploit prior 3D structure from a laser-generated point cloud to create distraction
masks, or background-likelithood images, which provide pixel-wise likelihood scores
for belonging to the background. These likelihood images are used in the front-end
of the VO pipeline to reject candidate features on ephemeral objects and improve
pose estimation, which is of great importance for autonomous vehicles operating in
urban environments. Figure 3.3 shows where this sits in the VO pipeline introduced
in Section 2.2.

The proceeding sections will describe in more detail how the system generates

synthetic camera views from the 3D scene prior, how this information is used to
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Figure 3.3: Illustration of where distraction suppression fits within the VO pipeline
introduced in Section 2.2. The distraction suppression module uses a 3D scene prior
and a localisation estimate to produce a distraction mask, which is used in the
feature detection step to prune features detected on ephemeral objects. Note that
the “localiser” depends on the VO pose for motion prediction.

generate background-likelihood images, and how these likelihood scores are incor-

porated in our VO pipeline.

3.3.1 3D Sceneprior

The 3D sceneprior is constructed offline using the output of the VO for motion
estimation. The laser measurements come in as scanlines with range and reflectance
values at fixed angular positions. Using the camera-to-laser calibration allows us
to express the i point at time #;, in the camera frame, which we represent as pi.
We can then interpolate between the two closest transformations from the VO pose
chain, {T¢ ., Ton}, with ¢, <t <, to compute the pose of the laser expressed in
the base frame of the map: pj) = To xpL..

Note that we store all of the points in a global reference frame for convenience,
but at runtime, transform points in a local window around the estimated camera
position, making this a completely relative approach. Figure 3.4 illustrates this
point. As our VO is subject to drift, the position estimates in a global frame will be
incorrect. However, since we are only interested in making observations and acting

locally, we need not concern ourselves with constructing a globally consistent map.
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3.3 System Overview

Figure 3.4: Our map representation. The top left figure represents the route driven
in a globally consistent frame. The top right figure represents the output of our VO,
which is prone to significant drift as a function of distance traveled. For the task of
localisation, we do not need to create a globally consistent map, since we are only
concerned with local observations within this map. Thus, by transforming a local
window of points around the vehicle’s position, we can construct locally consistent
maps that can be used for navigation (bottom two images).
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3.3 System Overview

After constructing the scene prior, we use the 3D detection method of Wang
et al. (2012) to detect cyclists, pedestrians, and vehicles, which are removed from
the point cloud. Their technique solves the binary classification task of foreground
vs. background first and then uses an unsupervised graph-based clustering technique

to segment the point cloud into multiple entities.

3.3.2 Generating Synthetic Camera Views

During operation, our vision-based localisation system provides an estimate of the
pose of the vehicle from the map frame, l;'m, to the camera frame, Z;C denoted by
the transformation matrix, T, ,,. Using this estimated pose, we reproject all of the
points from the 3D scene prior into the camera frame, producing a synthetic depth
image (see Figure 3.5). For reasons of efficiency, we restrict the size of the 3D scene
prior by using a sliding window about the estimated camera position'. Thus, for
every point in the map frame, p’ , we transform the point into the camera frame

according to the point-transformation equation:

Pe = &(TemPm) = RenPm + 6. (3.1)

As we are interested in the depth of a given pixel, z;, we take the last component of

our transformed point:

2 = {0 0 1} p. = {o 0 1}g(Tc,mpin), (3.2)

-

-~

=:2(Te,mPiy,)

where we have defined our depth-extraction function, z (T.,,p’,), for convenience.

Due to the sparsity and sub-pixel values of the reprojections in the image, we

!Through experimentation, we found that a window of 40 m was sufficient to capture enough
detail in the fair field.
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3.3 System Overview

(a) Camera image of the scene for reference. (b) 3D scene prior coloured with laser re-
flectance values.

(c) Reprojected laser-intensity image at the es- (d) Reprojected depth image, where lighter
timated camera pose in the prior. colours represent larger depths.

Figure 3.5: Hlustration of generating a synthetic depth image. Using the estimated
camera pose in the point cloud, all points within a local window are reprojected
into the image plane. As these reprojections fall within sub-pixel values, bilinear
interpolation is performed with neighbouring points, provided they are within a
closeness threshold.

perform bilinear interpolation and then apply a median filter for smoothing. We
only perform interpolations on pixels that are within a specified threshold of their

reprojected neighbours.

3.3.3 Disparity-Based Distraction Suppression

As the vehicle to be localised has a stereo camera, we can, online, perform dense

stereo to generate a live disparity image (Geiger et al., 2010). Using the background
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3.3 System Overview

depth image from 3.3.2, we can also generate a synthetic disparity image containing
only the background by using the relationship between depth and disparity. Recall

that our stereo equation is given by the following:

U T futzcy
1
Z, — v | = ; Y fv + z Cy | - (33)
d fud

The third element of our stereo equation relates disparity to depth:

d="2, (3.4)

where {f, b} are the intrinsic focal length and baseline. Thus, provided that the esti-
mate of the camera pose used to generate the synthetic prior is reasonably accurate
(e.g., sub meters in translation), any discrepancies between the real and synthetic
disparity images represent ephemeral objects in the live stream (see Figures 3.6(a),
3.6(b), and 3.6(c)).

Although it is tempting to simply take the difference between the disparity im-
ages, there are two problems with this approach. Firstly, we note that calibration
and localisation errors can lead to large disagreements in the foreground because of
the inverse relationship between depth and disparity (i.e., noise on smaller depth
values will produce large noise in disparity; see Figure 3.6(d)). Secondly, disparity
differences for distant objects will naturally be smaller, meaning that we need some
way of amplifying these weaker signals. By accounting for the uncertainties in gen-
erating the synthetic depth images, it turns out, that we are able to address both
of these issues.

We therefore take a probabilistic approach and weight the disparity differences

by their associated measurement uncertainties. For every pixel, ¢, in the image,
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3.3 System Overview

(a) Camera image for reference. (b) Stereo disparity image us- (¢) Synthetic disparity image
ing the method of Geiger et al. generated from the 3D scene
Geiger et al. (2010). prior.

(d) Disparity difference image (e) Uncertainty-weighted dis- (f) Background-likelihood im-
(i.e., the absolute value of the parity difference image. Note age, where black represents a
difference between 3.6(b) and that the signals in the near likelihood of 0 and white repre-
3.6(c)). field that are present in Figure sents a likelihood of 1. This im-
3.6(d) are significantly down age is used to weight the feature
weighted when taking the un- detection scores in the front-
certainty into account. end of our VO pipeline.

Figure 3.6: Generating a disparity-based background-likelihood image. Beginning
at the top, 3.6(b) shows the true disparity image captured from a live video stream,
while 3.6(c) shows the synthetic disparity image generated by using the 3D scene
prior (see Figure 3.5). Since this scene prior is absent of dynamic objects, there is
a clear visual dissimilarity between the true and synthetic disparity images. Taking
the difference of these images and weighting by the uncertainties resulting from
localisation errors, we obtain a clean segmentation of the foreground and background
elements 3.6(e), allowing us to create a background-likelihood image 3.6(f) to be used
in our VO pipeline.

we define a disparity measurement from the dense-stereo, df, and synthetic depth

image, d;, as follows:

dé = dS+o0ds, od; ~ N(0,0%), (3.5)
fb

di = - 5x ~ N(0,P,), 3.6

! z (T(6x)T.,npi,) * ( ) (36)
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where 0d is normally distributed pixel noise with standard deviation O'ig. Recall
from Section 2.1.3 that we cannot write X + 0x if the orientation is expressed as a
rotation matrix. Thus, we model noise on the current estimate, T.,,, as a delta
transformation matrix, T(6x), such that T.,, = T(6x)T.,. Dropping the pixel

subscript for convenience, we now define a disparity difference measurement as,

- - fb [0z°
=d°—d°~d°—d°+6d°+ —|— )0 .
€d ﬁ{—/—i_ + (z)2 \ ox X, (3.7)
€4 :?(%d
where z* := 2(T.,.p’,), & = fb/z%, and we have performed a first-order Taylor

series expansion on the inverse depth term. The associated measurement noise is

given by the following,
ol = E(besde]) (3.8)
. (fb)? [0z dz\"
adc+(23)4 I P, ) (3.9)

Note that the Jacobian, 0z°/0x, represents the change in depth that occurs given

small perturbations of the vehicle’s pose. At present, we have no efficient means of
computing this quantity as numerical techniques are too slow. As such, we use the

following approximation. To begin, let us define,

2o (2 e (%) 310

which provides an estimate of the depth change at a particular pixel location, given

the localisation uncertainty. Figure 3.7(a) shows an example image where Z, has
been numerically computed for each pixel location. Examining this image, it be-
comes clear that the regions with the most uncertainty occur at large depths (due

to the oblique angle between the plane and the optical axis), as well as non-smooth
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(a) Representative Jacobian image given by (b) An average depth-Jacobian image pro-
Equation (3.10) (i.e., evaluating 0z°/9x for duced by averaging over 500 depth-Jacobian
each pixel). Camera image provided for ref- images.

erence.

Figure 3.7: An illustration of a representative depth-Jacobian image 3.7(a) and the
average depth-Jacobian image 3.7(b). Light colours represent larger sensitivities to
pose changes.

surfaces (e.g., trees). To approximate this Jacobian, we precomputed an average
depth-Jacobian image by averaging over 500 images from a separate dataset. This
depth-Jacobian image is shown in Figure 3.7(b). It should be noted that this ap-
proximation works well because we are operating in urban environments, where the
structure of the scene remains relatively constant. Denoting this approximation as

A

Z., we have

2 . 2 (fb)* 5
O'Gd NO‘dc‘{—WZx, (311)

allowing us to define our Mahalanobis distance as,

8= \/€3/202,. (3.12)

In Chapter 6 we revisit the Jacobian approximation (3.10) and introduce a different
approximation that is more suitable for realtime operation and is not based on
averaging.

Figure 3.6(e) shows the result of applying our measurement uncertainty to obtain
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the uncertainty-weighted disparity difference. The effect is that errors in the near
field are down-weighted, which naturally brings out differences with objects that are
farther away (i.e., the weaker signals for distant objects appear stronger since the

foreground noise is reduced). The background-likelihood image is then obtained by

1. Thresholding the uncertainty-weighted disparity (i.e., set é; > 74 = 74 for all

pixels).

2. Using a max-filter to amplify the disparity disagreements. This helps reduce
fluctuations in the mask by enforcing that a pixel takes on the max value in

its local neighbourhood.

3. Scaling the image between [0, 1] and taking the complement (see Figure 3.6(f)).

3.3.4 Flow-Based Distraction Suppression

This section presents an alternative method for generating a background-likelihood
image, which relies on optical flow instead of dense stereo, making it applicable
to monocular-based systems. To create a synthetic optical flow image at time %,
the synthetic depth image and camera image at t;_; are used to create a coloured
point cloud. The motion estimate between times t;_; and %, is applied and the
coloured point cloud is reprojected into the estimated camera pose at time ¢, to
create a synthetic camera image? (see Figure 3.8). Regions without any data (i.e.,
pixel locations where the nearest reprojected point is beyond a certain distance) are
filled in with the intensity values from the true camera image. This is necessary in
order to ensure that we can create a full image without missing data, otherwise the
optical flow algorithm will produce an extremely noisy result. After reprojecting the

coloured point cloud and filling in missing regions, we apply bilinear interpolation,

2Note that we use VO for the motion estimate in our experiments, but wheel odometry could
be used instead to make it a truly monocular system.
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(a) Camera image of the scene for reference. (b) Synthetic camera image generated by re-
Note that all vehicles in this scene are in mo-  projecting the coloured point cloud into the
tion. image plane. Large residuals with the true

camera image (see left) are highlighted in red.

Figure 3.8: Illustrating the generation of a synthetic camera image based on prior
3D structure. The motion estimate between time t;_; and ¢; is applied and the
coloured points are reprojected into the current camera frame. In this example,
the camera hardly moved between frames, meaning that most points reprojected
in roughly the same place in the image. However, as the vehicle on the right was
actually in motion, there is a large discrepancy between the synthetic camera image
and the true image.

followed by a Gaussian low-pass filter to smooth the image.

Once we have generated a synthetic intensity image at time ¢, we use the method
of Liu (2009) to compute the expected optical flow (i.e., between the true image at
ty—1 and the synthetic image at t;) and the true optical flow (i.e., between the
true image at ty_, and the true image at t;). See Figure 3.9(b) and 3.9(c) for an

example. We define the true optical flow measurement, f¢, and synthetic optical

flow measurement, f*, for pixel i as,

fEo= fF+af, 8¢~ N(0,0%), (3.13)

o= 1 (Z° (T(6x)Templ,)) ox ~ N(0,P,). (3.14)

In a similar fashion as before, and dropping the subscript, we define a difference
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(a) Camera image for reference. (b) True optical flow. (¢) Synthetic optical flow using
the 3D prior.

(d) Optical flow difference. (e) Depth-weighted  optical (f) Background-likelihood im-
flow difference. age.

Figure 3.9: Generating a flow-based background-likelihood image. Beginning at the
top, 3.9(b) shows the true optical flow from a live video stream, while 3.9(c) shows
the synthetic optical flow generated by using the 3D scene prior (see Figure 3.8).
Since this scene prior is absent of dynamic objects, there is a clear visual dissimilarity
between the true and synthetic flow fields. Taking the difference of these images and
weighting by the synthetic depth, we obtain a clean segmentation of the foreground
and background elements 3.9(e), allowing us to create a background-likelihood image
3.9(f) to be used in our VO pipeline.

measurement and its associated uncertainty as,

- - afs (0z°
e = fo—fimf—flrSf— a”; (8){) 0x, (3.15)
=&y N —~ 2
=:dey

Ofs\? [ 0z° 0\ "
2= 0% — P (=) . 3.16
Tes of +(8zs> <8x> (8x> (3.16)
Unfortunately, this derivation introduces another Jacobian term, 0f°/0z°, which
represents changes in optical flow due to changes in depth. This Jacobian term is

far from smooth and we have no clear means of computing it at present; it involves

reprojecting coloured points, interpolating a grayscale image, and running it through
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an optical flow algorithm that computes local spatial and temporal derivatives. We
therefore adopt an alternative solution based on the intuition that scaling 2D flow
fields by their associated depth approximates the 3D velocity (Taludker et al., 2003).
In our case, we scale the difference between the expected and observed flow by the

expected depth to amplify large differences:

€ =es2’. (3.17)

Although this approach is slightly more crude in that we are not explicitly accounting
for uncertainties in the flow difference, we found this to work well in practice. Figures
3.9(e) shows the depth-weighted flow difference and Figure 3.9(f) shows the resulting
background-likelihood image, which is formed in the same manner as described
earlier. The next subsection will discuss how we use these background-likelihood

images in our front-end VO pipeline.

3.3.5 Feature Score Reweighting

Recall from Section 2.2, for feature extraction in our VO front-end, we use the FAST
corner detector (Rosten et al., 2005) with a low threshold to obtain thousands of
candidate features. As it would be intractable to perform feature matching on all of
these candidates, our system takes the top N features, ranked by their corner score,
s;. In order to ensure that the features are well distributed spatially, the image is
partitioned into a number of quadrants and the desired number of features, N, is
divided equally among each quadrant.

The background-likelihood images are then used to re-weight each corner score

by looking up the closest likelihood weight, b;, and re-weighting according to the
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following

0 if bl < Tp

b;s; otherwise.

where 7, is a threshold for the minimum required likelihood.

3.4 Experiments and Results

We present experimental results from two different urban areas in the UK: Wood-
stock and London. The Woodstock datasets were collected with our Bowler Wildcat
mobile platform, equipped with a Bumblebee 2 stereo camera, a SICK LMS-151,
and an Oxford Technical Solutions (OxTS) RT-3042 INS for groundtruth (see Figure
3.11(a)). Our London dataset was gathered with a self-contained, vehicle-mounted
mobile sensing suite, equipped with a Bumblebee 2 stereo camera, a SICK LMS-151,
and a Trimble R8 GPS for groundtruth (see Figure 3.11(b)). The 3D priors were
generated from the SICK lasers with VO for pose estimation; however, we wish to
stress that the 3D prior could have been generated with a more sophisticated lidar
sensor, such as the Velodyne. In addition, we use the 3D object detection and clas-
sification method of Wang et al. (2012) to postprocess our prior maps and remove
most of the dynamic objects in the scene, which include pedestrians, vehicles, and
cyclists.

To localise against the scene prior, we used the stereo localisation system de-
scribed in Section 2.2. Lastly, Table 3.1 provides the system parameters used in
these experiments, corresponding to the notation introduced in the previous sec-

tion.
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(a) Woodstock dataset collection (b) London dataset collection route (approx. 10km).
route (approx. 2km).

Figure 3.10: Dataset collection routes.

=

Planar Laser
Rangefinder

(a) The Bowler Wildcat platform, equipped with a wide (b) Our mobile sensing suite that
array of sensors, including stereo cameras, monocular was mounted to a commercial
camera, 2D and 3D laser rangefinders and an INS. In vehicle and driven around cen-
our experiments, only the forward facing stereo camera, tral London for data acquisition.

2D laser, and INS were used. Equipped with various sensors,
only the stereo camera, planar

laser rangefinder, and GPS were
used in our experiments.

Figure 3.11: Our Bowler Wildcat dataset platform (left) and a mobile sensing suite
(right). The Wildcat was used for dataset collection around Woodstock (see Figure
3.10(a)) and the mobile sensing suite was use for our dataset collection around
London (see Figure 3.10(b)).

Table 3.1: System Parameters

Parameter Description Value
o2 Stereo disparity noise covariance [pixels’] 0.052
Td Mahalanobis distance threshold for disparity-based method 1
Tf Depth-adjusted error threshold for flow-based method 20
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Figure 3.12: Relative frame-to-frame error (according to INS) of our standard VO
system vs. the two distraction-suppression methods (Woodstock results). Spikes
indicate differences in the frame-to-frame estimate when compared with INS. Note
that we are, on average, always outperforming our baseline system and that both
distraction-suppression techniques perform comparably. Representative cases where
we outperform the baseline are shown in Figure 3.13.

3.4.1 Visual Odometry

The goal of this section is to illustrate the improvements to our VO system by in-
corporating background-likelihood images, as described in Section 3.3.5. We present
results from Woodstock and central London during the Olympics (see Figure 3.10

for an illustration of the routes driven).

3.4.1.1 Woodstock

Two separate datasets were collected from the Begbroke Science Park to the town
of Woodstock. A subset of the busiest sections of these datasets were processed,
totalling approximately 2km. As our localisation system would sometimes fail, we
only present results on sections with a successful localisation, which is approximately
1.5 km.

To compute localisation error, we measure the difference between the estimated

frame-to-frame pose changes and the INS measured pose change. This is a more
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appropriate measure than looking at cumulative errors since a orientation error in
one frame can skew the results for the rest of the trajectory. Denoting the true frame-
to-frame translation as p; and the estimated as p., we define a frame-to-frame error

measure as,

Eayz = [ lpelly = lloelly 1 (3.19)

We computed this error measure for three implementations: (i) our standard VO
system using RANSAC, (ii) our disparity-based method with RANSAC, and (iii)
our flow-based method with RANSAC. To reiterate, the method presented in this
chapter provides an extra step of outlier rejection before proceeding with RANSAC,
which is why we still require RANSAC in our pipeline. The goal is to illustrate the
improvements in VO by incorporating these likelihood images for feature reweigh-
ing. Figure 3.12 shows the error percentages for our disparity-based and flow-based
distraction suppression techniques against our standard VO system, where we see a
noticeable improvement in accuracy.

A number of representative cases where our methods outperform the baseline
are shown in Figure 3.13 and occur when there are many strong candidate feature
matches on moving vehicles. Although one may argue that motion segmentations
systems could potentially resolve some of these issues, we note that there are several
cases where most of the scene was initially static but began moving (e.g., pulling up
to traffic stopped at a red light). The strength of our technique is that regardless of
how much of the image is obscured, we are able to focus our attention on just the

portions of the image that belong to the static background.

3.4.1.2 London

For our London datasets, we collected three 10 km loops around several landmarks

sites, such as the Houses of Parliament, Trafalgar Square, and St. Paul’s Cathedral.

95



3.5 Summary

For these experiments, signal-strength issues resulted in poor GPS measurements,
which are not accurate enough to groundruth our motion estimates. We note that
this is in fact a common problem in urban environments, strengthening the case that
improving the robustness of relative motion estimation is a vital pursuit. Owing to
this lack of groundtruth, we present qualitative evidence of our algorithms working

in situations with extreme scene motion® (see Figure 3.14).

3.5 Summary

This chapter presented a technique to suppress the influence of dynamic objects on
our vision system, which allows for robust egomotion estimation in heavily cluttered
environments. This is an important competency to have for any vision-based system
that aims at operating outdoors in urban environments.

Referring back to our earlier discussion on sources of visual change, we next
address the problem of how to cope with illumination changes throughout the day.
More specifically, the next chapter will examine the problem of navigating in shad-

owy regions, which can drastically change the appearance of the scene.

3Video results of these techniques can be viewed at http://www.youtube.com/watch?v=
7ie9fNvceDC4. Note that the minor fluctuations in the distraction masks are due to the noise
in the dense stereo algorithm.
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Standard VO System VO with Disp. Method VO with Flow Method Disp. Likelihood Image Flow Likelihood Image

Figure 3.13: Results from our Woodstock dataset. The top two rows showcase examples where we drove behind a vehicle that
was initially at rest, but then began to move. As the vehicle makes up a large portion of the image and has distinctive features,
our baseline system matched features on the vehicle across subsequent frames, leading to an erroneous motion estimate. In
contrast, our distraction suppression systems ignored this vehicle and produce an accurate estimate. The last row shows a
situation where RANSAC yielded a poor initial guess and the baseline system converged to an inaccurate estimate. Once again,
this was not an issue with our distraction suppression methods, which can easily distinguish the foreground and background
objects.
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Figure 3.14: Results from our London dataset. The top row illustrates an example of a large bus obscuring the image and
very slowly approaching as our vehicle began to move. Our baseline system tracked features on the bus instead of the road
surface, leading to an incorrect motion estimate. We wish to stress that even though most of this image is obscured by
foreground objects, our distraction suppression techniques are able to focus on the static parts of the scene, resulting in more
robust estimates. The bottom two rows illustrate other examples of our baseline system (i.e., without distraction suppression)
incorrectly tracking features on moving vehicles and producing erroneous estimates.
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Chapter 4

Illumination Invariance

4.1 Introduction

As stated in Section 2.1, at a high level, the localisation task can be divided into
two main components: (i) the visual front-end responsible for matching features
from the live view to the map, and (ii) the estimation back-end responsible for
computing the pose of the vehicle. While the matching problem is simply stated,
its execution remains extremely challenging when faced with appearance changes

caused by varying environmental conditions.

In this chapter, we examine the effects of lighting changes caused by the Sun. The
primary challenge presented by lighting changes are the shadows they cast, which
can obscure features in the environment and create new ones from the silhouettes,
making it difficult to match features from a sunny day to a cloudy day (see Figure
5.1). To address this problem, we leverage recent work in the computer vision field
for transforming RGB-coloured images into an illumination-invariant colour space
(Ratnasingam and McGinnity, 2012). The ability to determine the colour of objects
irrespective of an external illumination source is known as colour constancy (Ebner,
2007).

We present an approach that runs two localisation threads in parallel, one using
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4.1 Introduction

Live Stream Visual Memor Live Stream
Y lllumination Invariant

Figure 4.1: We present an approach to localisation that runs two localisers in
parallel—one using images in RGB colour space and the other using images in an
illumination-invariant colour space. This allows us to cope with areas that exhibit
a significant amount of lighting variation. The top left image sequence represents
the live video stream in RGB colour space, the right image sequence represents
the live video stream in an illumination-invariant colour space, and the middle se-
quence represents the images in our visual memory, which include both the RGB
and illumination-invariant space. In our technique, if one of the localisers fails, we
switch to the other.

the original RGB images and the other using the illumination-invariant images.
The system switches between the two estimates depending on the quality of the
respective estimates. We demonstrate on over 10 km of data that this remarkably
simple addition to the standard vision pipeline can result in significant improvements
in areas that exhibit a great deal of lighting variation. In later chapters, after

introducing place-dependent feature detectors for localisation, we will fold in this

illumination-invariant colour space and analyse the combined system performance.
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4.2 Related Work

4.2 Related Work

Shadows, insufficient lighting, and changing lighting conditions have been studied
in a variety of fields with different goals in mind. In this work we draw on the
optics community who have paid careful attention in modelling the image formation
process, considering properties of the illuminant, the camera, and the scene. Of par-
ticular relevance to this work, the optics literature shows how full colour images can
be mapped to an illumination-invariant space. Finlayson et al. (2006, 2004) present
a method that learns the illumination-invariant mapping by analysing images under
different lighting conditions (e.g., the ground in sun and shade). Ratnasingam and
McGinnity (2012); Ratnasingam and Collins (2010) instead use known properties of
the camera to produce the invariant image.

In the computer vision community, the detection and removal of shadows has
been performed using learnt classifiers. Guo et al. (2011) use a graph-cut framework
involving image patches to remove shadows from natural scenes. Zhu et al. (2010)
are able to classify shadows in greyscale images using boosting and conditional
random fields. Kwatra et al. (2012) use an information theoretic method—a hybrid
of the classifier and physics based approaches—to remove shadows in aerial imagery.
While the results are effective, the process is relatively slow for typical image sizes.

Within the robotics community, the issues of lighting in different problems have
been tackled in a variety of ways. The SeqSLAM (Milford and Wyeth, 2012) algo-
rithm is able to achieve successful topological localisation despite extreme variations
in lighting. The approach exploits the fact that sufficiently long sequences of im-
ages are distinctive enough for localisation, and they are able to localise at night
against a daytime map. Corke et al. (2013) apply Finlayson’s invariant image to the
problem of single-image localisation to deal with the issue of shadows. They show

that the transformed images of a location were more similar than the original colour
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images and therefore localisation performance improved. Maddern and Vidas (2012)
show that place recognition can be improved over a day-night cycle by using both
a standard and thermal camera; however this required specialist hardware. Mc-
Manus et al. (2012) improve the robustness of their visual teach and repeat system
to lighting issues by using a lidar-based sensor, which is lighting invariant. While the
sensor produces good results, it has a range of issues including cost, fragility, power
requirements, frame-rate (2Hz) and availability. The experience-based navigation
system by Churchill and Newman (2012) attempts to solve the lighting problem by
capturing the different visual modes of an environment with different experiences.
However this was found to break down when lighting effects cause new visual pat-
terns on every visit to a location, such as shadows cast by foliage. In this work
we look to leverage the invariant image transform proposed by Ratnasingam and
McGinnity (2012) to improve metric localisation performance and robustness in the

face of strong and changing shadows.

4.3 System Overview

A robust localisation system should be able to answer the following questions at
all times: “where should I look (spatially in the image)” and “what should I look
for (appearance in the image)?” We address both of these questions in coming
sections and then present our approach to combining lighting-invariant images with

our baseline system.

4.3.1 Knowing Where To Look

In an effort to improve robustness in matching a live view with a survey view, we
take an active searching approach similar to Davison et al. (2007), which predicts

how the measurements in the survey frame should reproject in the live frame. In
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Figure 4.2: TIllustration of our feature prediction approach. Using the latest VO
output from the live image stream, we can predict where features in the live frame
should reproject in the survey keyframe. This allows us to restrict the search space
for candidate feature matches, which has two benefits: (i) improves efficiency, and
(ii) reduces spurious matches that result from global matching in descriptor space.

Davison’s work, they were limited to predicting the motion using a constant-velocity
motion assumption. In our localisation system, however, we have access to the VO
output from the live image stream. This allows us to accurately predict how we have
moved relative to our survey and therefore inform where we expect to find stored
features in the live view. This in turn can be used to define a search region in the
live view (see Figure 4.2).

More specifically, consider a landmark defined in the map frame, p/ . Using
the previous localisation estimate at time t;_;, denoted by Tj;_;,,, and the most
recent relative transformation from the VO, Ty ;_1, we can predict the location of
the vehicle at the current time, t;, according to 'i‘km = Tj x—1Tk—1,m- This allows us
to use our stereo sensor model from Section 2.2, y; = h(T.p’,), to compute the

predicted location of the j'h landmark in the current camera frame. By using this

63



4.3 System Overview

active search approach, we are able to better predict our search regions and thus,
reduce the likelihood of bad data associations.

In addition to feature prediction, it is also worth noting that the motion pre-
diction is useful for estimating the closest keyframe in the map, which allows us to
cache the relevant subset of landmarks for localisation.

The next step, which is the key contribution of this chapter, is to identify what to
look for within each of these regions. Standard methods would attempt patch-based
matching or descriptor-based matching on the raw images. However, this approach
is obviously inadequate under extreme lighting changes. In the next section, we will
show how a simple image transformation can help improve localisation in areas with

significant lighting variation.

4.3.2 Knowing What To Look For Whatever the Lighting

Given a search region for a potential match, our baseline system finds the sub-
pixel location that minimises the score between the reference patch from the survey
and the live image. However, as illustrated in Figure 5.1, this approach can fail
when the appearance change is too significant. To remedy this problem, we wish to
inform our system about the illuminate-free appearance of the scene, which requires

a transformation from the standard RGB colour space.

4.3.2.1 Mapping to an Illumination-Invariant Chromacity Space

Ratnasingam and McGinnity (2012) presented a method for mapping three image
sensor responses (e.g., RGB colour space) to an illumination-invariant chromacity
space, Z. We begin by presenting the derivation and assumptions used in generat-
ing this illumination-invariant colour space, following the derivation presented by
Ratnasingam and Collins (2010).

Figure 4.3 shows an illustration of the setup. The first assumption made is that
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Figure 4.3: Simplified model of camera image responses under the assumption of a
black-body radiator. In this setup, [ is the intensity of the external iluminant, F,
is the spectral power distribution of the illumination, which is only a function of
temperature and is given by Planck’s equation. S is the surface reflectance of the
object being radiated, @ is the direction of the light, 77 is the surface normal of the
object and F'is the spectral sensitivity of each image sensor. Image credit: Maddern
et al. (2014a).

the external illuminant, the sun in this case, is a black body radiator. This means
that the emitted radiation is only a function of temperature and is given by Planck’s

law. Referring to the figure, we define the following quantities:
I - the intensity of the external illuminant

E(X) - spectral power distribution of the illuminant, which is a function of

temperature

a”® - direction of the light source imaging a point x on the surface
n* - surface normal of the surface at some point x

S(A)* - surface reflectance function

F(\) - spectral sensitivity of each image sensor
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The response on each image sensor is then given by the following equation:
RV = &“-ﬁxI/S(A)xE()\)F()\)dA i ={R,G, B}, (4.1)

which follows a Lambertian reflectance model where the reflectance does not depend
on the viewpoint of the camera. We now introduce a second assumption, which is
that the spectral sensitivities of each image sensor, F'(\;), are infinitely narrow. In
other words, modelling the spectral sensitivity as a Dirac delta centred at the peak
spectral response for each sensor, F; = §();), we arrive at the following, were we

have dropped the superscripts, {x, E'} for convenience:

Taking the logarithm results in a linear combination of three components: (i) one
dealing with scene geometry and intensity, (ii) a surface reflectance component, and

(iii) an illuminant spectrum component:
log(R;) = log(a - 1il) + log(S;) + log(E;). (4.3)
The next simplification is to use Wein’s approximation of a Planckian source, which

gives us an expression for the spectral power distribution, E;, leaving us with

he

log(R;) = log(a - iil) + log(2hc*\;°S;) — T
BLA;

(4.4)

where h is Planck’s constant, ¢ is the speed of light, kg is Boltzmans constant, and
T is temperature of the black body source.
Now we take a brief moment to consider what our goal is. We wish to use

the colour information from each channel (4.4) and find a way of removing the
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4.3 System Overview

temperature and scene geometry dependence. If we can do this, then we have a
representation that is independent of scene geometry and the external illuminant,
and only dependent on the material.

Consider the following linear combination of the responses in each colour channel:

7 = log(Rg) — alog(Rr) — flog(Rg) (4.5)
= (1—a—p) (@Al +log(2hc?)) + (4.6)
log(A\;°Sg) — alog(A\5°Sgr) — log(A5°Sg) — (4.7)

hc 1 « 15}
- (E L E) | (43)

If we impose the following constraints

1 Q 15}

we can eliminate the geometry term and the external illuminate term as seen below:
T =log(\z’Sa) — alog(A;"Sr) — log(A\5°SB). (4.10)

Thus, we have arrived at an illumination-invariant transformation, which can be

applied on a pixel-wise basis and is simply given by
T =log(R¢g) — alog(Rg) — flog(Rp), (4.11)

where {R;} are the colour responses in each channel, {c, 8} are channel coefficients
given by (4.9), and {\g, A¢, Ap} are the peak sensitivity wavelengths for each image
sensor, which can be gathered from the sensor data sheet.

It is worth taking a moment to reflect on the fact that (4.11) involves just one

line of Matlab code and is simply a weighted, linear combination of the logs of each

67
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Figure 4.4: Example images taken around our Begbroke Science Park test site, with
the raw RGB image shown on top, and the corresponding lighting invariant version
shown below. Note how the image transformation is able to significantly reduce the
impact of the shadows.

colour channel. This image transform comes with little-to-no cost, but provides
a useful colour space for localisation in shadowy regions (see Figure 4.4 for some
examples). Note, however, that this transformation adds noise, which is particularly
prominent in the foreground on the road. The significance of this will be discussed

in more detail in the next section.

4.3.2.2 Combined Localisation System

Transforming the live image stream using (4.11) can be performed on a per-pixel
basis, and is therefore inexpensive, allowing us to run this thread alongside the
baseline system. Our strategy for the combined system is quite simple. We run both
VO streams in parallel and when we are able to localise using the raw images (i.e.,
the baseline system), we take that estimate, otherwise, we switch to the lighting-
invariant estimate. The reason we default to the baseline system is highlighted in
Figure 4.5, which shows a representative velocity profile both with and without using
the illumination-invariant image transform. There are two main differences that can

be observed. The first is that the illumination-invariant estimates are noisier, which
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Figure 4.5: Representative velocity estimates for a loop around our Begbroke Science
Park. Note how the estimates using the lighting invariant images are noisier and
appear to have a slight bias when compared to groundtruth.

is likely due to the noise added by the pixel-wise transform. The second and more
interesting difference is that there appears to be a slight bias in illumination-invariant
estimates. We believe that this is a function of the feature distribution that results
when using the illumination-invariant images. It appears that a lot of the high-
frequency noise in the near field is amplified, meaning that fewer near-field features
are detected. As a result, the feature distribution appears to be strongly biased
towards the upper region, typically representing distant features (see Figure 4.6).
As there exists a known bias in stereo (Sibley, 2007) (with a strong relationship to
range), we believe this is the most likely explanation. Thus, owing to the increased
noise and slight bias, fusing the estimates seemed suboptimal. Instead, we switch
between the two systems, with the policy of defaulting to the baseline system when

possible. A block-flow diagram of our system is provided in Figure 4.7.
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Figure 4.6: Frame-to-frame VO matches for two locations using the RGB and
illumination-invariant colour space. Each column is of the same place for compar-
ison. Feature matches are shown from the left to the right camera. Note that the
illumination-invariant VO matches are typically located near the top of the image
on distance features. This feature distribution is likely to contribute to the velocity
bias observed in Figure 4.5 due to the well-known range bias in the stereo model
(Sibley, 2007).

4.4 Experiments and Results

In this section, we present a series of localisation results both with and without the
use of lighting-invariant imagery. We collected 15 visual surveys around the Beg-
broke Science Park with the focus on capturing more challenging lighting conditions
(see Figure 5.9 for a figure of the route). In Figure 4.9 we show some examples of
the extreme visual variation encountered along parts of the route. To clarify termi-
nology, the system that does not use invariant imagery (RGB only) is the baseline
system, the system that uses invariant imagery only is the invariant system, and the
system that combines them is the combined system. We used the same data gath-
ering platform as outlined in Chapter 3, which includes a Point Grey Bumblebee2
camera, logging 512x384 colour image pairs at 20 Hz.

For each of the 15 datasets, we used an exhaustive leave-one-out approach,

whereby each dataset was taken as the live image stream, and localisation was
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Figure 4.7: Block-flow diagram of our combined localisation approach. Note that
our baseline system does not work on the raw RGB images, but actually transforms
them to monochrome.

Figure 4.8: Our driven route around the Begbroke Science Park. The route is
approximately 650 m in length.
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Figure 4.9: Sample images gathered under a shadowy area in our Begbroke datasets.
These areas prove to be very challenging for our baseline system due to the extreme
variations in lighting.

performed against the remaining 14 datasets in turn.

Table 4.1 presents the percentage coverage using each of the 15 datasets as the
live run. We define percentage coverage as the number of successfully localised
frames versus the total number of frames, averaged over the 14 datasets compared
against. We found that our INS system was not reliable for groundtruthing due
to significant GPS drift (on the order of meters). Instead, we took the approach of
Churchill and Newman (2012), which uses the localisation chain to predict the frame-
to-frame motion and compares that with the VO estimate. If the two estimates
disagree by a certain threshold then it is classified as a localisation failure. In other
words, we only accept localisation estimates that are consistent with the motion of

the vehicle (see Figure 4.10).
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Table 4.1: Coverage results comparing our combined system versus the baseline
system. Coverage is defined as the number of successfully localised frames as a
fraction of the total number of captured frames, averaging over 14 training datasets
per test dataset. Dataset numbers with low coverage results (e.g., 1 and 12) represent
runs that are the most visually dissimilar to the others (e.g., the bottom left and
bottom right images in Figure 4.9).

Dataset Number | Baseline System | Combined System
1 79.93% 83.19%
2 92.68% 95.74%
3 91.12% 94.59%
4 95.81% 96.65%
bt 94.19% 95.80%
6 93.64% 95.74%
7 95.64% 98.30%
8 96.29% 97.60%
9 94.75% 97.30%
10 93.90% 95.61%
11 83.47% 89.35%
12 95.88% 97.54%
13 91.87% 95.01%
14 86.58% 89.55%
15 97.33% 98.53%
Average 92.17% 94.68%

In all cases the invariant system provides improvement to the baseline system,
meaning the combined system always out-performs the baseline. An important
result here is that our baseline system already performs well despite the difficult
conditions. However, in the context of long-term autonomy for robotics, robustness
is key, so any increase in reliability is important. We will show shortly that with
the combined system we achieve significantly shorter distances travelling open loop
during localisation failures.

Figure 4.11 shows the localisation performance of one live run versus one other
dataset. In this figure, coloured points indicate a successful localisation for the
specified system, while an absence of data represents a localisation failure. For this

particular run, we see that the baseline system failed to localise over a 90 m section.
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Figure 4.10: Illustration of how to measure the quality of localisation estimates
by comparing with the motion estimate from VO. The white triangles represent
kefyrames in the map and the black triangles represent the live poses. We can
estimate the frame-to-frame motion from the localisation estimates by computing
T, . , = T, . Tmgme T which represents the motion of the camera from
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Figure 4.11: One vs. One localisation result. The localisation performance of the
three systems (i.e., the baseline, the illumination invariant system, and combined).
Points indicate successful localisation. Between 190m and 280m the invariant
thread is able to localise where the baseline thread cannot. By taking the union
of the two our combined system is more robust. Note that the region between 190 m
and 280m is the canopied region shown in Figure 4.9.
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Figure 4.12: One vs. All localisation results. The localisation characteristics of a
single dataset (used as the live image stream) compared against the remaining 14
datasets. Each row corresponds to one of the 14 datasets, and the x-axis shows
distance travelled. Blue indicates when only the baseline system localised, yellow
indicates when only the invariant system localised, green is when both the baseline
and invariant successfully localised, and black areas indicate localisation failures
of both systems. By incorporating the invariant system we are able to localise
successfully over a larger area. Note that the region between 190 m and 280 m is the
canopied region shown in Figure 4.9.
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Successful localisation under the trees. Data Failed localisation under the trees. No success-
associations shown in green. ful matches.

Failed localisation near a car park. No success- Successful localisation near a car park. Data
ful matches. associations shown in green.

Failed localisation under the trees. No success- Failed localisation under the trees. No success-
ful matches. ful matches.

Figure 4.13: Examples where the lighting-invariant system helped (top row), where
the RGB system helped (middle row), and where both failed (bottom row). As can
be seen, the image transform adds artefacts, which can sometimes result in fewer
matches. However, the benefit of running this system becomes clear when looking
at regions with high visual variability caused by external illuminates.
However, because we have the invariant system running in parallel, which was able
to localise in this area, the combined system is able to localise for almost all of the
route. Figure 4.13 shows representative cases where the invariant localisation thread
was successful while the baseline was not, and vice versa. The areas of failure for
the baseline were typically around the 200 m mark under a canopied region, which
resulted in significant shadowing from one dataset to the next (see Figure 4.9).
Figure 4.12 shows the performance of a single dataset used as the live image

stream versus all 14 remaining datasets (along the y-axis). It is a graphical repre-

sentation of one of the rows in Table 4.1. In this plot, yellow indicates regions where
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Figure 4.14: Given a localisation failure, this plot shows how far the system is likely
to travel before re-acquiring a localisation, i.e. how long it will have to travel using
dead reckoning alone. In other words, this is P(dropout = X), where X is distance
traveled. We see that the combined system is likely to travel significantly shorter
distances compared to the baseline after a localisation failure.

only the invariant system could successfully localise. Here we see there is a region
between 200-300 m along the route where the baseline thread repeatedly struggles,
due to the challenging lighting variation (see Figure 4.9). It should also be noted
that the invariant thread does not always contribute. The blue regions in Figure

4.12 indicates areas where only the baseline thread was successful. By taking the

union of the two threads we have improved the robustness of our system.

4.4.1 An Alternative Metric for Performance

We refer the reader to Figure 4.14, which is the key result of this chapter and
introduces a metric that will be used throughout the remainder of this thesis. Given
that this is a localisation system, the primary concern is exposure to extended

periods of time or travel in which we fail to localise. During these periods we must
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fall back to dead reckoning from Visual Odometry—however good that is we are
still effectively running “open loop”.

Figure 4.14 shows that the system we propose here, which leverages illumination-
invariant colour spaces, a dual-processing pipeline, and a carefully informed search
policy for feature associations, produces a performance far superior to the baseline
system. For example, the likelihood of the system travelling blind for up to 100 m
is close to 40% with the baseline system, whereas with the combined system, the
likelihood is just 5%.

Figure 4.14 presents a new perspective on how to judge the performance of a
localisation system and allows us to ask some interesting questions. For instance,
what is more desirable: a system that fails to localise frequently, but only over
short distances, or a system that fails infrequently, but does so over long distances?
The answer is obvious. For a localisation system, we would prefer the one that fails
frequently with short distance intervals between the failures. As this is an important

property for a localisation system, we use this metric in the subsequent sections.

4.5 Summary

This chapter showed how an illumination-invariant colour space can be incorporated
into a visual localisation pipeline to significantly improve robustness in shadow-
stricken environments. We presented an in-depth experimental analysis on our com-
bined system and introduced a performance metric that considers distance traveled
in between localisation failures. This is an important property that we wish to
consider for our localisation systems.

However, up to this point, we are still restricting ourselves to the somewhat
myopic view that the way we should approach visual localisation is to use the same

rigid front-end procedure used in VO. That is to say, we still try to run our out-
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4.5 Summary

of-the-box interest point detector/descriptor and expect to match scenes that could
have very different appearances. Although we have presented a technique for coping
with illumination changes during the day, this does not address more long-term
issues, such as different weather and seasons.

To accomplish this, we require a different approach. We shall move beyond
the traditional pipeline presented in Section 2.2 and explore what is possible if we
leverage prior visual surveys to learn what is unique in the environment. This will

be the focus of the next chapter.
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Chapter 5

Scene Signatures

5.1 Introduction

This chapter presents the core contribution of the thesis—the idea of learning
place-dependent feature detectors for long-term, persistent metric localisation. For
decades the standard approach to vision-based localisation has been to use a point-
feature-based approach, whereby salient image regions are both detected and de-
scribed in a compact manner to enable efficient point correspondences across differ-
ent images. Typically, these feature detectors and descriptors are rigid procedures
that are applied to all images over all places without any consideration of prior or
domain knowledge. This concept of just blindly applying an off-the-shelf feature
detector to perform complex vision tasks is what is being challenged, as there are
at least two major problems with this approach.

Firstly, matching point features for metric pose estimation typically fails un-
der extreme appearance changes, such as different lighting conditions and weather
conditions (Furgale and Barfoot, 2010; McManus, 2010; Churchill and Newman,
2012). The previous chapter presented an attempt at addressing the issue of light-
ing changes by using an illumination-invariant image transform (McManus et al.,

2014a; Maddern et al., 2014a). However, these techniques are not suited to dealing
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V|sual Memory  Live Run Visual Memory

Live Run

Figure 5.1: An illustration of our scene-signature approach for localisation. The
left column represents a visual memory and the right column represents various
live runs where we have successfully localised against the memory. Despite this
challenging image sequence, we are able to match larger, distinctive elements across
varying weather and lighting conditions to produce rough, metric pose estimates.
Our point-feature-based system was unable to localise under such conditions.
with gross appearance changes from night-to-day or summer-to-winter. Although
Valgren and Lilienthal (2010) showed topological localisation across seasons was
possible with point features, metric localisation was never examined and the exper-
iments were conducted on a very limited set of images. Milford and Wyeth (2012)
showed that matching sequences of images can enable vast robustness for localis-
ing across drastic appearance conditions, but similarly, this work only considerd
topological localisation.

The second and perhaps most significant issue with the standard feature-based
approach is that it is somewhat naive for the task of localising against a known map.
As we operate with the requirement that an autonomous vehicle can only navigate

in pre-mapped location, we have at our disposal a collection of datasets representing

varying appearances of the scene. The goal then becomes to leverage this prior data
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LiveRun -----
Visual Memory -----

image for data
association

‘j

Classifiers trained on
patches per place

Figure 5.2: Offline, we learn scene signatures in the form of SVM classifiers, where
each classifier is associated with a particular place, mr,. At run-time, we use the
bank of pre-trained classifiers associated with the nearest place, m,, to perform data
association and then localisation. By using larger, distinctive visual elements, we
are able to localise in regions with extreme appearance change, where the point-
feature-based counterpart fails.

and learn what is unique and important at a given place, such as unique window
facades, tree silhouettes, signs, buildings, etc.

This section presents an unsupervised method to learn a bank, or set, of place-
dependent classifiers, {c;},, that fire on unique visual elements specific to a particular
place, 7,. As the vehicle progresses through its environment, it can retrieve the clas-
sifiers, {¢; },, relevant to its location, 7,, and use them to identify known structure in
the live image feed. These broad level features, called scene signatures, are used to
create a “weak localiser” of sufficient accuracy to provide coarse local, metric infor-
mation about the vehicle’s pose, even when faced with scenes that appear drastically
different (see Figure 5.1).

Immediately one should ask, “for what tasks is such precision adequate?” Ul-

timately, we envision a hierarchical system in which at the top level we have very

crude topological localiser which outputs the gross location of the vehicle. This
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output drives the localiser described in this work which takes a topological hint and
returns a metric position accurate in orientation but with perhaps tens of centime-
ters in translational error. We assert that for autonomous road-vehicle navigation
and control, we only need a coarse metric estimate of the vehicle’s pose, after which,
lower level lane following and/or curb detection algorithms can be applied to refine
the estimate for a vehicle controller. Again, this is a shift from the traditional meth-
ods that try and obtain centimeter-level accuracy. For a road vehicle with on-board
obstacle avoidance and lane following software, we assume that global localisation
accuracy to the half metre is sufficient.

At a high level, the steps involved in our localisation system work as follows:

1. Initialisation in the map (e.g., place recognition system).

2. Use dead reckoning (e.g., VO or wheel odometry) to predict what place, 7,
the vehicle is close to and load the bank of spatially-indexed SVM classifiers,

{ci}p, associated with that place.

3. Use each SVM classifier to search for associations in the live image within a
local window in image space. In other words, there is a mask for each feature

which limits the area in which to match. !

4. Use optimised landmark positions associated with each scene signature to solve

for the optimal transformation estimate against the map.

An illustration of our system is shown in Figure 5.2.

5.2 Related Work

Recently, there has been a number of attempts to shift away from the traditional

approach of blindly applying an out-of-the-box point-feature detectors/descriptors

LA typical number of scene signatures per place would be 40-50.
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for egomotion estimation and localisation. Richardson and Olson (2013) present a
method for learning an optimal feature detector for VO tasks. Their method searches
the space of convolution filters to find the detector that minimises reprojection error.
Although this method is aimed at improving standard detection methods for an
application specific task, it still focused on using point features, which works well
for VO, but not for localisation (e.g., matching a sunny day against a rainy day).

Lategahn et al. (2013) present a method for learning an optimal whole-image
descriptor for place recognition. They use a genetic optimisation approach to find
the optimal combination of fundamental feature blocks to construct their optimal
descriptor. However, as with other methods, such as SeqSLAM (Milford and Wyeth,
2012), this can only inform the system of the topological position of the vehicle; it
does not provide a metric estimate, which is important for us as we are interested
in controlling a vehicle.

Rublee et al. (2011) developed a new feature called ORB, which builds upon the
FAST detector (Rosten and Drummond, 2006) and the BRIEF descriptor (Calon-
der et al., 2012). They use a greedy learning algorithm for de-correlating BRIEF
features under rotational invariance. However, as this is still based on low-level
structure, data association remains hard under extreme appearance change. von
Hundelshausen and Sukthankar (2012) present a noteworthy descriptor that goes
beyond point features and instead constructs a network of nodes and directed edges,
where each edge is a descriptor in the network, referred to as a “d-token”. However,
because these descriptors directly sample pixel intensities, this would not be suitable
for the types of extreme appearance changes we are considering (see Figure 5.1).

Ultimately, we are concerned with the problem of long-term, robust localisation
in outdoor environments, which experience a great deal of appearance changes (e.g.,
time of day and/or time of year). One approach to this problem would be a sys-

tem like Experience-Based Navigation (Churchill and Newman, 2012), which works
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as follows. As a vehicle continuously revisits the same environment it catalogues
distinct image sequences for future traverses (these are referred to as visual experi-
ences). Whilst revisiting the same place, the system will attempt to localise against
these archived visual experiences and if unsuccessful due to significant appearance
changes, the system will save the live video stream as a new distinct experience.
Although this is a feasible approach, we offer an alternative that tries to learn what
elements in the environment are stable across all appearances. In this way, local-
isation is not done against numerous experiences, but rather just a collection of
distinctive scene elements.

Note that this approach is very different from the localisation and mapping
systems of Davison et al. (2007); Davison and Murray (2002), which use image
patches as their landmarks. These methods still rely on interest-point detection
to find the patches and they use small patches (e.g., 11 x 11 pixels in size). By
construction, scene signatures are large distinctive elements in the scene that can
be matched across extreme appearance changes.

Several researchers have investigated the idea of semantic localisation, which
shares a similar viewpoint that higher-level information is useful for localisation.
Atanasov et al. (2014) present a system that uses Random Finite Sets (RFS) to
represent semantic information from their object detector, which allows them to
account for missed detections, false positives, and perform data association. They
show how the RFS observation model is equivalent to a matrix permanent compu-
tation, which makes the filtering problem tractable. Renato F. Salas-Moreno and
Davison (2013) present SLAM++; an object oriented approach to SLAM that uses
3D models of common indoor objects, such as chairs and tables, to perform real-
time, full 6-Degree of Freedom (DOF) SLAM. Ko et al. (2013); Yi et al. (2009)
present an approach for semantic mapping, active localisation, and local navigation

and planning. Their system abstracts spatial relationships and actions to higher
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level concepts (e.g., object is near or distant). Anati et al. (2012) side stepped the
problem of data association by using the dense heat maps produced by the object
detectors and incorporate a per-pixel likelihood score for observing a particular class.
They incorporated these soft detections using a particle filter and demonstrated the
system working in a large indoor environment. Bao and Savarese (2011) introduced
the concept of Semantic Structure from Motion (SfM), which attempts to find the
optimal maximum-likelihood estimate of camera poses, objects, and points. They
show that in addition to outperforming a point-feature-based SfM system, they can
also improve object detection due to extra geometric information when compared to
detecting objects in images alone. Castle et al. (2007) developed a hybrid monocular
SLAM system that combined traditional sparse features with known planar objects.

Although all of these aforementioned approaches shared the view that matching
low-level structure isn’t always the best approach for localisation, they introduce
the challenging problem of scene understanding. As we will show, it is not neces-
sarily the case that a visual element must have semantic meaning to be valuable for
localisation. For instance, our algorithm is able to find unique rectangular strips
that encompass various structures, such as a building, road, and vegetation. This
on it’s own is not a singular class, but simply a unique visual strip associated with
that place. We are therefore not limited to a predefined set of classes, but instead
let the algorithm find what is unique in a given place.

With regards to learning unique visual elements, Doersch et al. (2012) presented
a method for extracting geo-distinctive image patches from a collection of images
of London and Paris. Their method was able to find mid-level image patches of
windows, balconies, and street signs which clearly distinguished the Parisian streets
from the London streets. The method is, in principle, straightforward and relies on
a large amount of data and an iterative, discriminative training scheme similar to

Singh et al. (2012). We adopt similar machinery and use an iterative discriminative
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training scheme, but have far less training data and frame the problem differently in
order to find locally distinctive (i.e., in image space) mid-level patches that can be
associated across different appearances. We are interested in finding discriminative
features that occur frequently in the same local region in the image, but infrequently

in the rest of the image.

5.3 System Overview

5.3.1 Offline Learning

There are two steps in the learning phase. The first step involves training SVM
classifiers to find a set of candidate scene signatures through an unsupervised, iter-
ative, training technique similar to Doersch et al. (2012); Singh et al. (2012), which
is designed to find groups of features that occur frequently in an area of interest,
but infrequently everywhere else. The second step performs landmark refinement
to find optimal landmark locations for each scene signatures (i.e., optimal in that
the landmark location minimises reprojection error over a window of frames). The
output of these two processes yield a bank of motion-consistent classifiers, {c;},, for

each place, m,.

5.3.1.1 Training Algorithm

Our training data consist of a collection of images at approximately the same location
and viewpoint under a variety of appearances (see Figure 5.3). We collected these
data using a vehicle equipped with an INS system, and defined places as physical
locations spaced 10 m apart along the driven route according to INS. The important
aspect of the training data is that the viewpoint is as similar as possible. Ideally, we
would like the viewpoints to be identical, but this is not possible due to inaccuracies

in the INS and because the driven routes vary from one dataset to the next.
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Figure 5.3: Illustration of the first stage of our training algorithm. The training data
consist of images of the same place under varying appearance conditions. These
images are partitioned into 3 groups, such that each group has as much visual
variability as possible. Then, we sample a set of shapes from each image, represented
in this figure by coloured rectangles. The steps proceed as follows. Take a shape
(e.g., red), compute HOG descriptors (Dalal and Triggs, 2005) for each red shape in
all images in partition 1. These will be the positive set. Sample the image around
that shape and compute HOG descriptors (shown on the right column). These will
be the negative set. Train a linear SVM classifier and use this classifier on partition
2, which acts as a validation set. Take the top K firings in partition 2 and use
these as positives to retrain the SVM. The new SVM, which was trained on just
the subset of positives in partition 2 and its respective negative samples, is then
applied to partition 3 in the same fashion. The validation set becomes the training
set and the process repeats, wrapping around to the first partition again. If the top
K firings in each respective partition remain unchanged, then we have converged to
a discriminative feature. If we have not converged within 3 iterations, we terminate
the process and reject the classifier as a candidate scene signature.
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Referring to Figure 5.3, the reader will see three shapes drawn on every image
(i.e., the red, blue, and green rectangles). The goal is to find out which set of
patches represent “stable” visual elements. By “stable,” we mean that if we trained
a classifier to detect these types of patches, we would expect the classifier to find
the same visual elements in a validation set, regardless of appearance conditions.
In other words, we want a classifier that will always fire on the same set of trees,
for example, in the same physical place, regardless of time of day, time of year, or
weather (i.e., we want stability across all appearances). It is important to note that
not all patches represent stable visual elements. For example, one can imagine that
a classifier trained to detect the green rectangle may fire anywhere along the curb
(i.e., this is not a locally distinctive feature as the surrounding region looks similar
in appearance). However, the other two shapes (i.e., the red and the blue shape)
would likely serve as good patches from which to train, because the underlying visual
element appears very distinctive. In the red patch, we see a building with a window.
This appears nowhere else locally and can be associated across all the images. The
blue patch is a unique strip that transitions vertically from the ground to a wedge
of brick wall to a bush. We might expect this to be very distinctive as well.

The question is, how do we determine which shapes serve as a basis for a stable
classifier? We could train a classifier for each candidate set of shapes (e.g., the
red, blue, and green) and then use the classifier on a hold-out set to see where the
detections fire relative to the groundtruth location. However, this is unappealing
as we would have to define a closeness threshold in image space to label a positive
detection. Additionally, it fails to take into account that not all of the positive
patches are informative. For instance, in Figure 5.3, we can see that some of the blue
patches encompass textureless, black regions in the image and would not be helpful
to use as positive examples. Thus, we seek an unsupervised training technique that

can accomplish the following two tasks: (i) it must be able to identity what types
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of patches represent “stable” elements (e.g., red, blue, or green?), and (ii) it must
be able to select a discriminative subset of the positives for training (e.g., ignore
the textureless blue patches). Fortunately, we can use an iterative training scheme
similar to Doersch et al. (2012); Singh et al. (2012) to accomplish this task.

The basic idea is as follows. Consider separating the images in Figure 5.3 into
three partitions as shown?, and training an SVM classifier on the red patches, which,
initially, are all labeled as positives, with the negatives being sampled around the
local region®. After training this classifier, we apply it to the red rectangles in the
second partition. We then rank each red rectangle in the second partition according
to its score and train a new SVM using the top K detections®*. The new classifier
which was trained on just the subset of positives in partition 2 and its respective
negative samples, is then applied to partition 3 in the same fashion. The top K
firings from the validation set become the new positive examples from which to
retrain. This new SVM would then be applied back to the first partition and the
cycle would continue until convergence criteria are met. The convergence criteria
require that the top K firings in each respective partition do not change, as this
implies that we have found a subset of discriminative patches. Note that this is a
very conservative approach, as it would select only the most representative examples
of the visual element we seek to classify. However, we gladly trade recall for higher
precision in this context, as we are concerned with limiting the number of mis-
associations for pose estimation. If the convergence criteria are not met within
three iterations®, we reject the candidate classifier as representing a “stable” visual
element. Pseudocode for the training is provided in algorithms 1 and 2.

For our implementation, we used a fixed set of 296 predefined shapes for ev-

2As was done in Doersch et al. (2012).

3Somewhat similar to Torralba et al. (2007).

4We set K =5 as done in Doersch et al. (2012).

SWe chose three as was done in Doersch et al. (2012). Note that Singh et al. (2012) came to a
similar conclusion that only 4-5 iterations are necessary.
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Algorithm 1 Scene Signatures Training Algorithm

1:

@

10:
11:
12:
13:

function {C'} =FINDSCENESIGNATURES({Z}) > Collection of view-point
aligned images of the same place.

{S} = GenShapes() > Produce a collection of different rectangular shapes.
for VS, € {S} do
for VZI; € {Z} do

| {P,N} < ExtractPatches(S;,Z;) > Extract positive and negative
patches and add to set.
end for

[C, has_converged] = DolterativeTraining(P, ) > Perform iterative
training to generate a classifier.
if has_converged then

| {0} <=C > If converged, add to the set
end if
end for
return {C'} > The final set of classifiers.

end function

Algorithm 2 Iterative Training Algorithm

10:

12:

14:

16:

function C' =DOITERATIVETRAINING (P, N )> P are positive, N are negative.
P={P}, N={N;} > Divide P and NV into equal sized disjoint sets.
while not max_iterations & not has_converged do
for : = 1 : numel do

C < SVMTrain(P;, N;) > Train classifier on current partition.

Pit1new < DetectTop(C, Pit1, M) > Detect and take top M. Also
note that we need to wrap to i=1 when we reach the end.

‘ ‘ ‘ if Pitinew = Piy1 then > A success is when the cluster

memberships do not change.

| success[i]=1
else
| success[i]=0
end if
Pit1 = Pitinew > Set the new positives.
end for
has_converged = (sum(success) == numel) > We have converged if the
cluster memberships for each partition did not change.
end while
return [C, has_converged)] > The final classifier.

end function
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ery image. This pattern was generated by taking various permutations of square
groupings over a grid on the image. From this fixed template of shapes, the training
algorithm selects the subset using the process described above. It would be ideal
to use a larger set of shapes; however, this increases the training times, since the
procedure is performed on every shape.

Note that, at present, we only use appearance information and do not try and
estimate depth from the monocular sequences. It is not immediately obvious if this
would help as the depth estimates would be difficult to capture for distance objects
and there are many patches with homogenous texture (e.g., the road). Nonetheless,
adding depth information into the feature vector is an interesting addition that will
be examined in the future.

It is also worth mentioning that if the images are not well aligned, fewer scene
signatures will be detected since the iterative training procedure will not converge.
Due to inaccuracies in the INS, this was observed in places where the vehicle executed
a sharp turn (e.g., a 90 degree turn). As a result, the system would typically fail to
localise during turns, in which case, we would integrate the odometry to continue
to provide a pose estimate.

The next stage in this process looks at the stability of the classifiers over a local
window of images and optimises a motion-consistent landmark location for each

scene signature.

5.3.1.2 Landmark Refinement

The final step serves two purposes: (i) to eliminate bad candidate classifiers and (ii)
compute a landmark position for each scene signature to enable metric localisation.
Consider one of the images in Figure 5.3.1.1 and imagine taking a window of

images forward and backward in time from the initial training image to test the
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classifier on each image in the window®

. As the vehicle moves smoothly over this
image sequence, one would expect the feature detections to move smoothly over time
as well. Figure 5.4 illustrates this process. We use 2-point RANSAC to compute a
line of best fit for the temporal z-y locations and reject any candidate classifiers if
the ratio of inliers is less than half of the samples. If the inlier set is over half, we
take this set of feature detections to perform landmark adjustment.

In our original work (McManus et al., 2014a), we estimated the landmark position
by performing left-to-right stereo matching. However, as these features represent
large patches in the image, template matching to obtain a single point estimate is
not very sensible due parallax effects. Instead, we first discretely sample a number
of possible depths, {z;},, from 0-100m with a resolution of 1m and compute the
total reprojection error over the window for each depth. We then take the best
depth and perform a non-linear refinement around this initial guess.

Assuming that we have odometry along with the training data, such as wheel
odometry or VO, we can use the known incremental transformations, {T1, ..., Ty r-1},
between each image to reproject the landmark, p]i, defined in £, into each frame

5P

in the window, fﬂ, according to our monocular camera model:

i i i 1| f“ +zcy i i i
y; ==h(T;,p,) +v; = > +v;, Vi~ N0, R}) (5.1)
Y fot+ 2 ¢y
where y§~ = [u,U]T in the j image, T;, is the transformation from fﬂ, to f>j,

p; is the homogenous form of p;, and R; is the noise covariance term. Note the
similarities with the stereo model introduced in Section 2.2. We have simply omitted
the disparity term.

Our objective function is then just an uncertainty-weighted squared difference

In our experiments, the window was taken to be the distance between places, which is 10 m.
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Temporal x-y pixel locations for the red and blue detections over the
window of images shown below. As the vehicle moves smoothly through
the scene, we expect the detections to vary smoothly as well (i.e., we
do not expect the detections to jump from one side of the image to the
other) . We use 2-point RANSAC to fit a line to the temporo-spatial
data to asses the quality of the classifier. If more than half detections
are outliers, the classifier is rejected. Otherwise, the inlier set are used
for landmark refinement.

Landmark refinement using the inlier set of detections. In this exam-
ple, the green candidate would likely not pass the smoothness check
and would be culled.

Figure 5.4: Each candidate classifier generated by the training scheme described
in Section 5.3.1.1 is subjected to a round of temporal checks during the landmark
refinement stage. A window of frames is taken around each place and the classifier
is fired on all frames in order to compute statistics on the stability of the classifier.
Inlier detections are then used for landmark refinement.
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between the observed location, y;'-, (given by the classifier) and the predicted location,

h(Tmp;), given by our reprojection function:

M

i 1 i i\\1 (pi\— i i
J(Pp) 2 (Yj - h(Tj,ppp» (Rj) ! (Yj - h(ijpp)) ) (5-2)
§=0
1 iV R-1 i
where
y% h<T0,pp;;>
ye=1|""|, h(p)):= Tl R=diag(R),Ri,... Ry (5.4)
_sz— _h(TM,pp;)_

Using the techniques described in Section 2.1.2, we perturb our design variable

about some operating point to linearise the system:

T
i - —j Jh i
6pl> R (y—h(pp) - aépﬁp)- (5.5)

—7 i —7q ah
J(p, +op') = (y—h(pp) ~ aop

Taking the derivative of J(-) with respect to the perturbation, setting it to zero and

solving the system yields the set of normal equations:
(HJR'Hy) op’ = —H,R' (y —h(p))), (5.6)

where,

. Jh - fu/z 0 —fuI/ZQ

Hp = —l =
P} 0 fo)z —fy/2®

(5.7)

LM is used for the iterative optimisation.
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To summarise, after finding a coarse initial guess from our discrete sampling we
solve the above nonlinear least-squares problem using LM. This landmark position
is then stored with the scene signature and used for pose estimation online. The end
result of this procedure is a set of motion consistent scene signatures, {c;},, defined
for each place, m,. Example scene signatures can be seen in Figure 5.5.

It is worth commenting on the fact that we use a monocular camera model
and not a stereo camera model as was done in our original work (McManus et al.,
2014b). The reason for doing this is because in our original implementation, we
did not optimise for the landmark position offline, and simply used left-to-right
stereo matching to produce the landmark position. By optimising over a window,
we are ensuring that the landmarks are motion consistent and engineering them to
be better for localisation. This also has the added attraction that it can be done
with a monocular camera and wheel odometry instead of stereo. However, for our
experiments, we still use a stereo camera for VO, but perform the localisation using

just the left camera.

5.3.2 Omnline Localisation

For the task of localisation, it is assumed that the vehicle is seeded with its initial
pose by some external source such as GPS. The goal then becomes loading the bank
of classifiers from the closest place and attempting to localise against that place. As
the vehicle integrates its motion along the way, the system tracks where in the topo-
metric map the vehicle is in order to cache the appropriate bank of classifiers. Note
that this is not answering the kidnapped robot problem. This system is performing
position tracking in its map and loading a set of scene signatures associated with the
closest place. The system does not try to match within a window since the places

are spaced apart by 10m.
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Iace B Place C

Figure 5.5: Example scene signatures learned by our algorithm. Image sets from the
same place with varying appearances (represented by run-times in this figure) are
used offline to learn these distinctive scene signatures. SVM classifiers are trained
for each cluster of scene signatures and can be used at run-time on the live image
stream to perform data association, followed by metric pose estimation. Note that
the shapes vary in size and dimension and tend to pick up things like changes in
structures, as these are very distinctive (e.g., from road, to grass, to building, to

sky).
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5.3.2.1 Weak Localisers

13

This section introduces the notion of a “weak localiser”. As the scene signatures
represent large image patches that are mostly located in the far field, the transla-
tional estimates from the nonlinear solve are not very accurate. Additionally, since
the distribution of depths within a patch can have a large deviation and could be
non symmetric (e.g., consider the case where a patch encompasses road, building,
and sky) using a single value to define the depth may not accurately represent the
3D position of the feature. As a result, we use a strong motion prior from VO to
bound the solution in translation.

At runtime, we load the bank of classifiers, {c;},, associated with the closest place
7, and use them on the live image at time ¢; to produce a set of measurements,
yi. As each classifier in the map has an associated landmark position, p;, we can

use our camera model (5.1) to predict the location of a landmark in the live frame,

according to the transformation matrix, T} ,:
Yi = h(Tuup)) + Vi, Vi ~ N(0,Ry). (5.8)

As stated earlier, we use a strong motion prior to predict the transformation,
Tk,p. Including the prior estimate, Tk,p, the final least-squares system we seek to

optimise is given by the following:

T
1] a(Ty,Trh) P! 0 a(Ty, T,;)
J(Tey) = 5 ph PRRES (5.9)
Y — h(Tk:,pa pp) 0 Ril Y — h(Tk,ppp)
where
yi P,
vei=1| |, ppi=1] |, R:=dagR),....,R), (5.10)
yi! p,’
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and q(-) is a function that takes two SE(3) transformation matrices and computes
a 6 x 1 error vector. Recalling from Section 2.1.3, the orientation parameterisation

is the rotation vector, ¢. Thus, in our case, the orientation error is given by

" = Ry,R{,—1 (5.11)

— 6= (Ry,R], - 1)V. (5.12)

Thus, q(+) is simply defined as

p,k _ 2pk
tk _tk

q(TwT,;;) = (5.13)

N 2
(Re,R, 1)

where (-)Y is the inverse-cross operator (Barfoot and Furgale, 2014). The final

linearised system of equations takes the following form:

-1 -1 -1
T A el £ P A I
0 R!'| |H; 0 R |yx— h(Ty.,pp)
(5.14)

where Qy := dq/0x. and Hy := 0h/0x,, which can be computed using the techniques

from Section 2.1. The first Jacobian is simply

*= 9%, Op. Ox 1
¢ Pe OXe 0  fu/lz —foy/??

—pﬁ} (5.15)

Where we have made use of (5.7) and (2.66). The second Jacobian, Qy, is a bit

more involved. Consider the translation and rotational error terms:

k  pk
€ trans = t" —t (5.16)

~ \%
erot = (ResRE, 1) (5.17)
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Performing a first-order linearisation gives us:

_ oey, ¢ _ N
€ trans T (%) ox ~ F+ ot — " (5.18)
de _ v
oo+ (5 ) ox & (400 RRE 1) 619

Subtracting off the nominal solutions leaves us with

Oe
(%) 0x = ot (5.20)
oe t _ ~ \Y
( o )(53( — (0¢"Re,RT,) (5.21)
Immediately we see that
Oe ot Oe
k,trans sx= 1 0 k — ktrans — 11 0 (5‘22)
Ox Ox

0

For the rotational term, by assumption, the product of thflz’p should represent a
small rotation. Thus, we approximate this as Rk,pli;-gp ~ 1+ 4”". From this, we

arrive at the following:

(aeg;ot) ox o~ (6¢" (1+6y"))Y (5.23)
= (0@" + 6" 59")Y (5.24)

~0
= ¢ (5.25)

— (aeg’;()t) - [0 1} (5.26)

Thus, we have that the total Jacobian for the prior term is simply given by the
identity; i.e., Q, = 0q/0x. = 1.

For outlier rejection, we use a similar technique as described in Chapter 4, which
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Figure 5.6: Block-flow diagram of our asynchronous localisation pipeline. In sepa-
rate threads, the detection block and solver perform the scene-signature localisation
as described in Section 5.3.2.1. The high-level localiser integrates the odometry mea-
surements in between localisation updates and also performs posegraph relaxation
to smooth the output.

is to predict where the feature in the map will reproject into the image plane. If the
difference between the observed and predicted reprojections is beyond a threshold,
then the feature match is labeled an outlier and culled. As was outlined in Section
2.1.2, we also incorporate a Huber cost function and perform LM for the nonlin-

ear optimisation. Appendix B contains a summary of all the camera models and

Jacobians derived up to this point.

5.3.2.2 Localisation Pipeline

To obtain realtime operation, an asynchronous pipeline design was used in order to
fuse lower frequency localisation updates (~ 5 Hz) with high frequency VO measure-
ments (~ 20Hz). The pipeline is illustrated in Figure 5.6. The major processing

blocks are described below.

e Detector: This block performs the HOG detection using a bank of classifiers,
{c}p, for the current place. Currently, OpenCV’s OpenCL GPU HOG is being
used for the detection. Depending on the graphics card and the number of
models being used, this block runs anywhere from 2-5Hz. Note that the

detector block receives knowledge of 7, from the localiser block.
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VO Pose >

Localisation

Active Region ‘===

Figure 5.7: Ilustration of our runtime localisation approach. Localisation updates
occur at 2-5Hz, while Visual Odometry updates occur at 15-20 Hz. After we re-
ceive a localisation update, we perform posegraph relaxation over a sliding window,
indicated by the active region in green.

e Solver: This block performs the estimation detailed in Section 5.3.2.1 and also
requires knowledge of the current place, m,, to load the associated landmarks
for the pose solve. This block runs very fast but is limited by the rate at
which the detections are given, and thus, runs at roughly the same rate as

the detection block. Again, knowledge of the closest place is provided by the

localiser.

e Localiser: This is the high-level localiser that outputs vehicle pose relative
to current place, m,. The localiser block listens for high-rate odometry mea-
surements that are used to predict the vehicle’s pose in between the low-rate
localisation updates. As the localisation updates occur slower, we run a sliding-

window posegraph relaxation technique.

The posegraph relaxation technique takes into account the following constraints:
(1) relative constraints from the VO, (ii) localisation constraints from the solver, and
(iii) a prior constraint on the initial pose in the window. When localisation updates
are not available, the system simply integrates the VO for an estimate (see Figure
5.7 for an illustration). For a derivation of the error terms and Jacobians involved

in this posegraph relaxation, please see Appendix C.
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Figure 5.8: Using the two nearest keyframes in the map, we define a local plane and
project the estimated vehicle pose onto this plane. This augmented pose solution is
then used in the next localisation cycle. This trick proved to work well in preventing
drift in the z-direction. We also adjusted the roll and pitch to lay within the plane.

5.3.2.3 Projecting to SE(2)

The map, VO poses, localisation solver, and posegraph relaxation all operate in
SE(3). However, we found the following “trick” proved useful in improving the
localisation performance by preventing significant z-drift.

Since the vehicle is driving on a road, we know that at any point in time it is
reasonable to approximate the local vicinity as a plane. If we take the pose estimate
in the map, we can project the pose down onto a local plane defined by the two
closest keyframes. This is illustrated in Figure 5.8. Essentially, we allow for the full
6 DOF pose, but then snap the solution down to SE(2). Again, this turned out to

be a helpful trick to prevent slow drift in the z-direction.

5.4 Experiments and Results

In this section we present two experiments. The first experiment analyses the match-
ing performance of the scene signatures across extreme lighting and weather condi-
tions (i.e., we focus purely on the front-end of the system). The second experiment
looks at the performance of the complete end-to-end localisation system on kilo-

metres of data collected from the Begbroke Science Park and central Oxford (see
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Figure 5.9). Before proceeding with the experimental results, we first discuss the

training and setup of the experiments.

~<fng

Begbroke route (approx. 650m). Oxford route (approx. 8km).

Figure 5.9: Dataset routes used in our localisation experiments. Note that for the
Oxford route (right image), we only report errors relative to each segment indicated
with white arrows. This was a consequence of not having enough training data
due to poor GPS measurements (recall that the training images are gathered from
GPS-tagged surveys).

5.4.1 Training and Setup

For Begbroke, we used 36 runs of a 650 m loop (see Figure 5.9), with places defined
every 10m along the respective routes according to our INS system. We note how-
ever, that places can be defined by other means, either manually or by using place
recognition techniques. The only important factor is that the training images for a
particular place have roughly the same viewpoint.

We trained our system with 31 datasets, which included images taken under
different lighting and weather conditions. For our test data, we used 5 separate

datasets with a wide range of visual variability, which included a sunny day run, an
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Map image: clear and Test image: clear and Test image: clear; evening.
sunny; noon. sunny; morning.

Test  image: rainy; Test image: clear and Test image: foggy and
evening. snowy; morning. SNOWY; noon.

Figure 5.10: Example test images used in our Begbroke localisation experiments.
These were chosen due to their large visual variability.

evening run, a rainy evening run, a snowy run, and a snowy and foggy run (example
images are shown in Figure 5.10). After training the scene signatures, we picked
one reference run from the training data, which will be denoted as “the map,” and
is the reference we localise against.

Similar to the Begbroke datasets, for Oxford, we defined places every 10 m along
the 8 km route shown in Figure 5.9. Unfortunately, as our INS system is not reliable
in urban environments, we were not able to automatically generate training data
for certain sections of the route. We therefore only trained places on the 6 seg-
ments illustrated in the figure, which amounts to approximately 5.5km. We used
15 datasets for training and 3 for testing. Example images of the map and live
runs is shown in Figure 5.11. Again, we wish to stress the selection of the live runs
was hand-chosen to be the most challenging datasets for localisation, owing to their
extreme differences in appearance from the map.

The learning phase took approximately 120 minutes per place, but were run as 5
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Map image: clear and Test image: dark, Test image: sunny Test image: clear and
sunny; noon. night. with shadows. sunny; noon.

Figure 5.11: Example test images used in our Oxford localisation experiments.
These were chosen due to their large visual variability.

separate processes, reducing the effective training time to 24 minutes. As each place
is represented by a collection of SVM classifiers, the memory footprint is quite low

at approximately 5 MB per place.

5.4.2 Feature Matching Experiments

The purpose of this section is to contrast the matching performance of the scene
signatures against our point-feature system, in the absence of any geometric checks
or motion-consistency checks that take place in the localisation pipeline. In other
words, we wish to isolate the front-end of the system to see what matching potential
is possible across extreme lighting and weather conditions.

For each INS-defined place in our training data, we took the corresponding
groundtruth location of each test image so that the viewpoints of all images for
every place are as similar as possible. By ensuring that the viewpoints of the test
images and map image are well aligned, we can define a successful match as one in
which the feature locations in both the live image and map image are in approxi-
mately the same location in image space. In other words, if we have a feature defined
in the map image, y? , we would expect that the corresponding measurement in the
live frame, y{ , would be close in image space: ||y?, —y{ |2 < 6, since we know that the
transformation between the live and map frame is close to identity, by construction.

In the following experiments, we defined 6 = 15 pixels. The same criteria applied
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to our point-feature system.

5.4.2.1 Begbroke

Figure 5.12 shows the number of feature matches per place around Begbroke for
both our scene signatures and the point-feature system. As expected, we see that
we are able to achieve correspondences across all appearance conditions with the
scene signatures, but not with point features. In particular, point features fail to
find enough matches for foggy and evening runs, due to motion blur, lack of texture,
and environmental changes (e.g., snow on the road and buildings).

Figure 5.13 shows heat maps of the locations in the image where matches are
most likely to occur. To generate these heat maps, we simply added a count of +1 to
each pixel contained within one of the matched shapes and averaged over the five test
images for each place. Thus, we can compute an average distribution in image space
for each place, as well as an average over the entire dataset. As expected, most of
the matches occur in the far field, where we typically see distinctive structure, such
as buildings and trees. As will be shown shortly, the Oxford datasets present much
more interesting structure in the heat maps, since there are more distinctive man-

made objects in the environment, like traffic lights, stop signs, and road markings.

5.4.2.2 Oxford

Figure 5.14 show the feature matches for the Oxford datasets using scene signatures
and point features. It should be reiterated that not all the live runs followed the
same trajectory as the map, so matches are only shown against the segments in
common with the map (see Figure 5.9).

Once again, the results show that using scene signatures is much more robust
and we are able to match against all datasets for all places, while the point-feature

approach fails over a number of places, especially for the nighttime dataset. This
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—=—Rainy, evening
—=—Clear and sunny, noon
Clear, evening b
—=Clear and snowy, morning
Foggy and snowy, noon
== Average

(o2}
o

Number of Matches
N
o

N
o

Place Number

—=—Rainy, evening

—=—Clear and sunny, noon
Clear, evening

—=—Clear and snowy, morning
Foggy and snowy, noon

-== Average

o
=

Number of Matches
AN
=

N
=
=1
>E

=5

0 10 20 30 40
Place Number

Figure 5.12: Feature matches for each place in our Begbroke dataset using scene
signatures (top) and point features (bottom). Places were defined as 10 m segments
along the reference trajectory shown in Figure 5.9. In this experiment, we used
groundtruth aligned images at each place and performed feature matching against
the map image for each respective live run. The results show that using scene
signatures, we are able to match under all appearance conditions; not the case for
the point-feature counterpart, which fails for the evening and foggy runs.
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(right). (right).

Map image (left) and feature distribution Map image (left) and feature distribution
(right). (right).

Map image (left) and feature distribution Average map image (left) and average feature
(right). distribution (right).

Figure 5.13: Sample feature distributions per place, represented by heat maps. Each
pair of images has the map image at a particular place (left) and the average heat
map at that place (right), which was computed by adding a count of +1 for each
pixel within a detection box and averaging over all detections. The bottom right
figure shows the average place and average heat map over the entire dataset. Note
that most of the detections are made on the upper half of the image, which is where
we typically see distant buildings, trees, and distinctive structure.
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Figure 5.14: Feature matches for each place in our Oxford dataset using scene
signatures (top) and our point features (bottom). Note that gaps in the data do not
represent failures, they are simply regions where a live run did not intersect with the
map. Failures are when the feature counts are at zero. Places were defined as 10 m
segments along the reference trajectory shown in Figure 5.9. In this experiment,
we used groundtruth aligned images at each place and performed feature matching
against the map image for each respective live run. The results show that using
scene signatures, we are able to match under all appearance conditions, which is not
the case for the point-feature counterpart, which fails for the nighttime run (the flat
cyan line for the point feature approach).
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Map image (
(right). (right).

(right). (right).

Map image (left) and feature distribution Average map image (left) and average feature
(right). distribution (right).

Figure 5.15: Sample feature distributions per place, represented by heat maps. Each
pair of images has the map image at a particular place (left) and the average heat
map at that place (right), which was computed by adding a count of +1 for each
pixel within a detection box and averaging over all detections. The bottom right
figure shows the average place and average heat map over the entire dataset. These
heat maps show more interesting structure than the Begbroke datasets, as we see
density around traffic lights and road markings. This is the reason the average heat
map has a bias towards the left side of the image.
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was the most challenging dataset as there is extreme motion blur and very little

detail in the images.

5.4.3 Localisation Experiments

In this section, we compare our weak-localiser approach to a point-feature-based
system for the task of localisation. The goal of these experiments is to show that we
can use scene signatures and a weak localiser to produce metric estimates even with
some of the most challenging appearance changes. In order to ensure repeatable
results, the processing was done offline to control the rate of localisation updates.
We gave the the system the opportunity to localise on every 4th image, which is

equivalent to saying the localiser ran at 5 Hz for a 20 Hz camera feed.

5.4.3.1 Begbroke

As our vehicle controller is only concerned with lateral and heading errors, we focus
on these two metrics for assessing localisation performance. Figures 5.16, 5.17, 5.18,
5.19, 5.20 each show the following four plots for the 5 live runs: (i) lateral estimates,
(ii) heading estimates, and (iii) speed estimates, and (iv) number of feature matches.
The plots also show areas were our system was able to localise, represented by
vertical red strips. Although these may appear sparse throughout the plots, recall
that our system localises at a rate of about 5 Hz and integrates odometry in between
the updates. Thus, there are typically gaps between each localisation update, but
these are typically over small distances where the dead reckoning is quite accurate.
Some sample images of the feature matches have also been provided to give a more
visual interoperation of the system’s performance (see Figure 5.23).

A localisation failure was defined as travelling blind on odometry for more than
20m (i.e., 2 segments in our case). If a failure occurred, we would reset the system

using the INS. This criteria applied to both systems. Also note that simply seeding
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each respective system with the correct location in the map does not guarantee a
successful localisation, as the appearance may still be too different, which was the
case with the point-feature system in most runs.

As will become evident from the results, using the INS for groundtruth is not
appropriate due to significant drift from one dataset to the next, as well as jumps
that occur during the run. In order to aid the reader, it important to note that
the “ideal” plot would be close to zero lateral and heading errors from the reference
trajectory since we drove the same physical path (approximately). Thus, the reader
should look at all plots with the expectation that the best system would have close
to zero lateral/heading error. Additionally, as the number of figures can be over-
whelming at first glance, summary plots of the performance are provided at the end
of this section.

There are a number of interesting results from these plots. Firstly, one can see
the scene-signature system works as well, if not better than our INS system and
somewhat comparable to the point-feature system when it is working. As expected,
the point-feature system was unable to localise in most of the cases where the ap-
pearance changes were drastic. Secondly, we see that there are two runs where the
scene-signature system struggled: 5.17, 5.18. This is most likely due to a lower
number of feature matches during those runs and, more significantly, poor dead
reckoning. Referring to the VO outputs for each run (Figures 5.17 and 5.18), we see
that the two runs where the system struggled correspond to the two runs where the
VO output was very noisy. Since the localisation system depends heavily on a strong
motion prior, the runs where the motion priors were noisy most likely corresponded
to suboptimal localisation estimates. To test this hypothesis, we swapped the VO
output with the INS incremental transformations. These plots are shown in Figure
5.21 and Figure 5.22 and confirm the hypothesis. Although the average number

of feature matches during those runs were lower due to the extreme appearance
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Figure 5.16: Localisation results for the sunny afternoon run (Begbroke). The scene-
signature system (red) performed comparably with the point-feature system (green)
and outperformed the INS (blue), which drifted quite significantly from one dataset
to the next. The top two plots represent the key error terms fed into our vehicle

controller.
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Figure 5.17: Localisation results for the clear, evening run (Begbroke). The scene-
signature system experienced greater lateral deviations in this run due to the noisy
VO output (third subfigure from the top). Note that when the VO was substituted
for the INS relative poses, the accuracy significantly improved (shown later in Figure
5.21).
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Figure 5.18: Localisation results for the rainy, evening run (Begbroke). Similar to
the other evening run, the VO output was very noisy and as a result, the localisation
performance suffered. However, when the VO was substituted fro the INS relative
poses, we observed a significant improvement in accuracy (shown later in Figure
5.22). We did, however, outperform the point-feature system (green), which was
unable to cope with such extreme appearance changes.
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Figure 5.19: Localisation results for the a clear, snowy run (Begbroke). As the VO
output was quite good for this run, even with significant appearance differences to
the map, the scene-signature system (red) was able to successfully localise, whereas
the point-feature system failed over most of the run (green).
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Figure 5.20: Localisation results for the misty, snow run (Begbroke). Another ex-
ample where the scene-signature system (red) was able to localise over the entire
run despite significant appearance differences, while the point-feature system failed

(green).
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Figure 5.21: Localisation results for the clear, evening run using the INS for dead
reckoning (Begbroke). By replacing the noisy VO relative poses for this run with
the smoother INS measurements, we see that the scene-signature system is able to
localise with a comparable accuracy to both systems. Again, this is due to the fact
that the system relies on a strong motion prior for localisation, so if this motion
prior is noisy, the estimates will suffer.
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Figure 5.22: Localisation results for the rainy, evening run using the INS for dead
reckoning (Begbroke). Another example where accurate dead reckoning improved

the system’s localisation performance despite drastic differences in appearance. The
point-feature system was unable to cope and failed over a majority of the run.
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Sunny visual memory and a clear, evening run. Sunny visual memory and a clear, evening run.

Sunny visual memory and a misty, snow run.  Sunny visual memory and a misty, snow run.

Figure 5.23: Scene signature feature matches for all Begbroke runs. Each row repre-
sents a particular dataset. Top row is the sunny run, the second row is the evening
run, the third row is the rainy evening run, the fourth row is the snow run, and the
last row is the misty run. The left image in each pair of images is from the sunny
visual memory and the right image is the live run.
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changes between the map image and the live run, we see that it was the poor dead
reckoning estimates that contributed to the significant error.

This highlights the importance of accurate egomotion estimation for the task
of localisation, which was the goal with distraction suppression in Chapter 3. In
the next chapter, we will show how distraction suppression can improve localisation

estimates in urban environments.

5.4.3.2 Oxford

Figures 5.24, 5.26, and 5.27 show the lateral errors, heading errors, velocity profile,
and number of feature matches for the three Oxford runs, which included a nighttime
run, a sunny and shadowy run, and a clear sunny run. To reiterate, as each live run
took a different path from the reference route, or because there were areas where
we did not have training data, errors are only reported on the segments indicated
in Figure 5.9.

The scene-signature system struggled during the nighttime run (Figure 5.24)
because of the extreme lack of any texture or detail in the images (some sample
feature matches are shown in Figure 5.28). This resulted in poor VO estimates and
noisy feature matches. As a result, the system drifts in a number of locations, as
indicated in the plots. Figure 5.25 shows the localisation results using the INS for
a pose source instead of the VO. However, as the INS is quite noisy for this run,
no improvement was observed. We wish to stress that the point-feature system was
unable to work under these conditions, further demonstrating the robustness of the
scene-signature approach.

The shadowy daytime run (Figure 5.26) went well, producing estimates commen-
surate to the point-feature system and better than the INS. As mentioned earlier,
the point-feature system works well when the appearance conditions are similar,

meaning that it serves as better groundtruth for the like-against-like runs, owing
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to the unreliability of the INS. The clear daytime run (Figure 5.27) shows similar
performance again to the point-feature system. As before, we provide some sample

images of the feature matches during each run, which is provided in Figure 5.28.

5.5 Summary

Borrowing from Chapter 4, Figure 5.29 provide a nice summary of the performance
over all datasets and show the likelihood of traveling on dead reckoning for our ap-
proach and the point-feature approach. It is clear that although the proposed system
may not be as accurate as a point-feature system in all cases, it is significantly more
robust to motion blur, lighting changes, and weather conditions. Additionally, for
like-against-like runs (e.g., sunny live run against sunny visual memory), the results
indicate the scene-signature approach does perform comparably to the point-feature
system. For other runs involving drastic appearance changes, the point-feature
system simply failed, whereas the scene-signature approach showed comparable per-
formance to the INS.

It should be emphasised that the conclusion of these results is not that point
features are bad. On the contrary, they work very well for a number of tasks, such
as VO. It is simply for the task of metric localisation admits significant appearance
change that they struggle, which is to be expected by their very design. Point-
feature systems attempt to match low-level primitives, which can look completely
different from winter to summer. In contrast, scene signatures are designed to find
mid-level patches that represent distinctive visual elements that can be associated

across a range of appeararnces.
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Figure 5.24: Localisation results for the night run through segments 1-4 (Oxford).
The localisation performance for this run was poor due to extremely low-light con-
ditions and the lack of texture in the images. However, we note that the estimates
seem commensurate with the INS and that the point-feature system failed on this
run.
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Figure 5.25: Localisation results for the night run through segments 1-4 using the
INS (Oxford). Unfortunately, we found that swapping out the VO with the INS
offered no improvement in performance as the INS drifted quite substantially during
this run. Additionally, the number of feature matches was quite low owing to the
severe, low-light conditions.
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Figure 5.26: Localisation results for a sunny, shadowy run through segments 1-
4 (Oxford). The scene-signature system performed well on this run, with one dip
around the 600 m mark, which corresponded to a localisation drift during a turn. The
rest of the run followed the point-feature estimate closely, which is more trustworthy
as groundtruth than the INS in these runs, since the conditions were similar.
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Figure 5.27: Localisation results for a sunny run through segments 1-6 (Oxford).
This was a longer run and again, we see that the scene-signature system performs
as well, if not better than the INS, and commensurate in a number of locations with
the point-feature system, which performs well because the appearance conditions
are similar.
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AR NN

Sunny visual memory and a sunny live run. Sunny visual memory and a sunny live run.

Sunny visual memory and a sunny live run. Sunny visual memory and a sunny live run.

Figure 5.28: Scene signature feature matches for all Oxford runs.
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Figure 5.29: This figure shows the likelihood of driving using only dead reckoning
(i.e., the likelihood of traveling a certain distance while failing to localise). This
metric provides a measure of how bad things can go when the system fails. As can
be seen, the likelihood of traveling blind on odometry is significantly less using scene
signatures than point features.
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Chapter 6

Combined System

Before proceeding, it is worth reviewing the techniques and results that have been
presented up to this point.

First, we looked at how 3D priors can be leveraged to produce distraction masks,
which are useful for ignoring ephemeral objects that could degrade the performance
of VO. This is important for localisation tasks because the frame-to-frame VO
estimates are used for motion prediction, which can either be fused in the final
output, or at the very least, used to predict the closest keyframe in the map.

Next, we examined the fragility of a point-feature-based system in environments
with illumination changes and offered a simple, yet remarkably effective solution that
uses a model of a black-body radiator to reduce the effects of shadows for robust
localisation. We also introduced an important performance metric for a localisation
system, which considers the distance traveled in between localisation failures. This
is an important property because it means that even if a localiser fails infrequently,
we should still be concerned with what happens during that failure. As was shown,
incorporating an illumination-invariant stream into our pipeline significantly reduced
the likelihood of traveling on odometry over large distances.

Although this offered an improvement to dealing with shadows, it did not address

more long-term appearance changes caused by different seasons or weather condi-
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Figure 6.1: Illustration of the localisation pipeline combining two scene-signature lo-
calisers: one trained in an RGB colour space and the other trained in an illumination-
invariant colour space. Note how the live image stream is fed into the VO block
to provide odometry for both localisers and is also transformed to an illumination-
invariant colour space for the second localiser. As was done in Chapter 4, we OR
the output, with a default policy of choosing the RGB stream when available.
tions. For this, we introduced a technique that leverages image priors to learn place-
dependent feature detectors that can identify distinctive, visual elements, which can
be associated across extreme appearance differences. It was shown that this tech-
nique on average outperformed our INS system in terms of lateral/heading error
accuracy and was more robust than our point-feature system.

In this Chapter, we draw upon previous work and analyse system performance

when we combine each element (i.e., illumination invariance and distraction sup-

pression) into our localisation framework.
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Figure 6.2: Probability of travelling on open-loop odometry with/without an
illumination-invariant colour space.

6.1 Illumination Invariance

In Chapter 4, we presented an illumination-invariant image transformation (4.11):

7 =log(Rg) — alog(Rgr) — Blog(Rp), (6.1)

where {R;} are the colour responses in each channel, {a, §} are channel coefficients,
and {\g, A\g, A} are the peak sensitivity wavelengths for each image sensor. This
was a relatively inexpensive, pixel-wise image transform that provided significant
improvements for our point-feature-based system. We now explore what would hap-
pen if we trained scene signatures in an illumination-invariant colour space instead
of an RGB colour space. Similar to Chapter 4, we can then combine a parallel

localisation output in a switching framework (see Figure 6.1).
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For the sake of brevity, we omit the lateral/heading error plots from this section
and focus on the metric introduced in Chapter 4 as this provides a nice summary
of the data. The lateral/heading error plots can be seen in Appendix D and E for
the interested reader. Figure 6.2 shows the results for the combined system (RGB
+ illumination invariance) versus the baseline (RGB). The results show a marginal
improvement for the Begbroke datasets, but very little difference in the Oxford
datasets. The most likely reason we only see a marginal improvement is that by
construction, we trained the scene signatures to learn distinctive patches across a
variety of appearance conditions. Thus, it is not an entirely surprising result that
the illumination-invariant space offers only a slight benefit in conjunction with the
RGB space.

Figure 6.3 shows some of the cases where the combined system succeeded and
the baseline system failed. Note that a localisation failure does not necessarily mean
that the number of matches was below the minimum required for a pose solve, but
could also result when the iterative solve fails to converge within a set number
of iterations due to outliers. It is interesting to note how noisy the illumination-
invariant images are for the night runs. This is because the predominant external
illuminates (e.g., street lights) cannot be modelled as black-body radiators, thus
invalidating the technique’s primary assumption. Maddern et al. (2014b) report
similar findings at night using the same illumination-invariant colour space.

Although we see an improvement in terms of a reduction in distance traveled on
odometry, this reduction is very small (on the order of a meter or two). Additionally,
the localisation estimates from the illumination-invariant stream are very noisy and
would not be very useful in practice (see Figures 6.4, and 6.5 for representative
examples). These reasons seem to suggest that training scene signatures on an
illumination-invariant colour space is not warranted, since the estimates are very

noisy and provide little benefit.
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Figure 6.3: Frames where our illumination-invariant system was able to localise and
our RGB system failed to localise. Each row contains the illumination-invariant and
RGB counterpart, where the left image in each pair is the map and the right image
in each pair is the live run. Localisation failures are flagged as either an insufficient
number of matches or if the pose solve fails to converge within a set number of
iterations. Note how the illumination-invariant transform adds a significant amount
of noise to the images taken at night (top two rows). This is because the black-
body assumption is violated at night, as street lights and car lights do not obey this
law. Despite additional localised frames, we found overall that the combined system
offered very little improvement over the baseline.
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Figure 6.4: Localisation results for a sunny run through segments 1-6 (Oxford) using
an illumination-invariant colour space. Note how noisy the estimates are and the
low number of matches when compared to the RGB counterpart shown in Chapter
5.
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Localisation results for the misty, snow run (Begbroke) using an

illumination-invariant colour space. Note how noisy the estimates are and the low
number of matches when compared to the RGB counterpart shown in Chapter 5.
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Figure 6.6: Combining distraction suppression with scene signatures. The distrac-
tion suppression module loads 3D point clouds from disk and uses an estimated pose
to compute the distraction masks, which are then fed into the VO block. The frame-
to-frame motion estimate is then fed into the scene-signature localiser as discussed
in Chapter 5.

6.2 Distraction Suppression

As illustrated from the results in the previous chapter, accurate dead reckoning
is important to constrain the translational component of the estimate. Earlier,
in Chapter 3 we introduced a technique for generating distraction masks for robust
egomotion estimation. In this section we incoporate distraction suppression into our
pipeline and analyse the performance of the combined system. Figure 6.6 illustrates
how this pipeline works. Distraction suppression sits at the front and uses the
previous pose estimate and previous motion estimate to predict the future pose of
the vehicle in order to generate a distraction mask. Since distraction suppression
receives the pose from the previous timestep, Tj_1 ,,,, Wwe use the previous frame-to-
frame VO measurement as the prediction for the current time (i.e., assume Tk,k,l A
T;—1 -2 to compute Tkm = Tkk_lTk_l,m). This constant-velocity motion model
has its limitations, which will be discussed later. Using odometry or an Inertial
Measurement Unit (IMU) could help by providing an accurate realtime prediction
of the pose; however, in this work we restrict ourselves to using a single monocular

camera. The output of this process yields a distraction mask, which is then fed
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Reference Image. New Synthetic Image. Old Synthetic Image.

Reference Image New Synthetic Image Old Synthetic Image

Figure 6.7: Comparison of synthetic images generated using the image-interpolation
method described in Chapter 3 versus the new depth-buffered approach. Although
the new approach results in a sparser image in the near field, it is significantly faster
and allows for 5-10 Hz operation. Additionally, it more accurate in depth since the
points are depth ordered. Looking at the interpolated images (far right column),
one can see mixed pixel values from the interpolation of the nearest neighbours.
into the VO block in order to mask features extracted on ephemeral objects. The
frame-to-frame motion estimate is then output into the localiser.

As the system described in Chapter 3 did not run in realtime and was imple-
mented in Matlab, some modifications have been made to port it to C+-+. Instead
of performing interpolation in image space to generate the synthetic images, we now
reproject the sparse points into the image with depth buffering. Not only is this
faster, but it correctly captures the depth of each reprojected point, which was not
the case in the original implementation. The only downside is that there are gaps in
the image owing to the fact that we do not use a mesh. However, as can be seen in
Figure 6.7, the resulting synthetic images look very similar and due to the filtering

that is applied to the final distraction mask, the gaps become less noticeable.

The other change required for faster operation has to do with the Jacobian term
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Map image: clear and Test image: dark, Test image: sunny Test image: clear and
sunny; noon. night. with shadows. sunny; noon.

Figure 6.8: Example test images used in our Oxford localisation experiments. These
were chosen due to their large visual variability.

introduced in Section 3.3.3:

() (5)'

which represented the change in depth at a particular pixel location given the local-

isation uncertainty, P,. Originally, we had computed an averaged depth-Jacobian
image from a separate training set to approximate this Jacobian. Although this
worked well, it is limiting in the sense that it is a static image that does not change
based on scene geometry. Experimenting with different approaches, we borrowed
the technique used for the optical flow differencing, which was to scale the difference
by the associated depth. This provides the behaviour we desired, which is to down-
weight errors in the near-field relative to the far-field. At present, the system runs
at 5 Hz, with the main bottleneck being the stereo matching. In future work, we
wish to run the stereo matching and depth buffering on a GPU for faster operation.

Recall that the localisation updates occur at approximately 5Hz as well, but
since odometry can be used in between localisation updates, the system can still
report pose estimates at frame rate. However, to produce repeatable results that are
independent of graphics card performance, the results are generated offline assuming
the the localisation updates occur at 5 Hz and that the masks are provided at 5 Hz.

As the Begbroke datasets did not have any dynamic objects, we focus on the
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 —

Measured Disparity Predicted Disparity Distraction Mask Live VO

Figure 6.9: Images taken from the nighttime run in Oxford. Each row contains: (i)
the measured disparity, (ii) the predicted disparity using the 3D scene prior, (iii)
the depth-weighted distraction mask, and (iv) the VO output with active features
shown as green squares. As is evident, the measured disparity images are completely
erroneous for this dataset owing to the lack of sufficient texture. As a result, the
distraction mask restricts the allowable search region for the VO system, which
results in poor motion estimates.

Oxford datasets in this section. For clarity, we include Figure 6.8 again, which

shows a representative map image and live image used in these experiments.

6.2.0.3 Nighttime Run

For the nighttime dataset, distraction suppression made the system, on average,
worse that the baseline because the stereo matching was unable to cope with com-
pletely textureless regions. As a result, the distraction masks encompassed nearly
the entire image, leading to erroneous motion estimates. Figure 6.9 show exam-
ples of the synthetic disparity image, the live disparity image, and the resulting

distraction masks. Figure 6.10 show the lateral errors with and without distraction
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Figure 6.10: Lateral localisation results for the Oxford night run with/without dis-
traction suppression. Including distraction suppression in this run resulted in poorer
performance when compared with the baseline system. This is because the stereo
matching technique suffered in the low-light conditions, resulting in large discrep-
ancies with the predicted disparity images.

suppression for a comparison. For all plots on all of the estimation errors the reader
is referred to Appendix F.

The nighttime run proved to be the most challenging of all the datasets (including
Begbroke) because of a lack of illumination and texture throughout most of the run.
This was even observed in the last chapter with the scene signature results. Most
matches were very noisy as there was not enough detail in the images to match

against. The streets were poorly lit and with the longer exposure times, the only

visible sections encountered significant motion blur.

6.2.0.4 Shadow Run

For the live run with shadows, our results indicated that distraction suppression
was able to improve localisation in a number of areas and suffered in some other

areas. Figure 6.11 provides a side-by-side comparison of the lateral error profiles
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with some key locations labeled for clarity. There were many instances were the
pose estimates were improved when passing oncoming traffic, which, as shown in
Chapter 3, can degrade the quality of VO. Since our scene-signature localiser relies
on a strong motion prior, this resulted in more accurate lateral estimates according
to both groundtruth and the point-feature-based system, which we note works well
when matching scenes of similar appearance. When passing oncoming traffic, the
VO solution tends to be gently “tugged” towards the direction of traffic if enough
outlier feature matches are accepted, which was the case in the labeled regions.
Unfortunately, there were not any examples of where most of the image was obscured
by moving vehicles, which was the case in the London datasets. Nonetheless, we
still observed situations where the techniques improved the pose estimate.

The primary failure mode (shown in case B in the figure) is due to an interesting
feedback loop that naturally arises with the inclusion of distraction suppression.
Referring back to the pipeline diagram in Figure 6.6, we see that the localisation
estimates directly influence the quality of the distraction mask, which in turn, affects
the VO output. Since the localisation system uses a strong motion prior, if the
odometry output is corrupted, the final pose estimate will suffer. This cyclical
pattern means that if the pose estimate begins to drift, the system is likely to

produce erroneous distraction masks and fail to localise.

6.2.0.5 Sunny Run

As with the previous run, we found that there were regions where distraction sup-
pression helped and regions where it did not (see Figure 6.12). As before, the typical
failure mode involved a feedback loop whereby poor pose estimates resulted in poor
VO estimates through the distraction masks, which worsened the pose estimates
further. Typical success cases involved situations where the vehicle drove behind

busses or passed oncoming traffic, which degraded the baseline VO system without
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Figure 6.11: Lateral localisation results for the Oxford shadow run with/without
distraction suppression. Some examples where distraction suppression improved and
worsened the pose estimate have been labeled. For each case, we show the distraction
mask, the frame-to-frame matched VO features indicated with green squares, and
the synthetic reflectance image, which provides a qualitative measure on the quality
of estimate in the map. Note that the localisation estimate for case D is off by
several meters, but we are still able to identity large structural inconsistencies.
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Figure 6.12: Lateral localisation results for the Oxford sunny run with/without
distraction suppression. Some examples were distraction suppression improved and
worsened the pose estimate have been labeled. For each case, we show the distraction
mask, the frame-to-frame matched VO features indicated with green squares, and
the synthetic reflectance image, which provides a qualitative measure on the quality
of estimate in the map.
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6.2 Distraction Suppression

distraction suppression. Figures 6.13 and 6.14 show other representative examples
of when distraction suppression improved/degraded the system’s performance.

One of the interesting failure modes included cases where the system encountered
sudden changes in orientation, which is not accurately accounted for with a constant-
velocity motion model. Figure 6.15 shows an example where the vehicle went over
a bump and pitched upwards suddenly. Since the estimated pose in the 3D scene
prior did not predict this pitch, the predicted disparity disagreed quite significantly
in the near field, leading to an erroneous distraction mask.

Thus, we have observed both positive and negative results with the inclusion
of distraction suppression in the scene-signature localisation pipeline. This is not
entirely surprising since the localisation estimates are accurate to the meter and not
centimetre. As a result, the synthetic disparity images sometimes disagree with the
measured disparity images. However, there were several cases when passing large
vehicles where distraction suppression improved the VO estimates and, in turn, the
localisation estimates. In more cluttered environments, such as central London,

these types of situations would occur more often, as observed in Chapter 3.
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6.2 Distraction Suppression

Distraction Mask. Synthetic Image. VO Features.

Figure 6.13: Some examples where distraction suppression helped improve the lo-
calisation estimates. Each row shows the following images: (i) the distraction mask,
(ii) the synthetic image, and (iii) the features used for VO after applying the mask.
Note that the localisation estimate for the top row is off by several meters, but we
are still able to identity large structural inconsistencies.
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6.2 Distraction Suppression

Distraction Mask. Synthetic Image. VO Features.

Figure 6.14: Some examples where distraction suppression failed. Each row shows
the following images: (i) the distraction mask, (ii) the synthetic image, and (iii) the
features used for VO after applying the mask. In the top two rows, we see examples of
where the localisation estimate drifted substantially to the point where the predicted
structure of the scene significantly disagreed with the observed structure of the scene.
The bottom row represents an interesting case where the vehicle pitched upwards
very suddenly. This pitch was not predicted since we use a constant-velocity motion
model. As a result, the predicted disparity disagreed with the observed disparity
and produced an erroneous mask.
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6.2 Distraction Suppression

Pitch [deg]

Time [s]

Figure 6.15: An example of when the constant-velocity motion assumption was
violated, leading to a poor distraction mask. In this case we see that a sudden pitch
that was not captured by the motion model leads to a large disagreement in the
near-field predicted disparity (middle two images). Pitch and roll errors were the
most significant contributors to large errors in the distraction masks. The far left
and far right images show successful distraction masks since the constant-velocity
motion model proved to be a good approximation to the true motion.
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Chapter 7

Conclusion

This chapter restates the motivation for the thesis and summaries the major ideas,
results, and contributions. It concludes with a discussion on the future directions of

the work, as well as some closing remarks.

7.0.1 Summary

The goal of this thesis was to develop techniques to help address the problem of
long-term, vision-based localisation outdoors, using only a single stereo camera and
leveraging laser and appearance priors. More specifically, this thesis examined the
problem of navigating amidst significant visual change, both sudden and gradual.
Coping with extreme appearance changes caused by dynamic objects, external il-
luminates, weather, and seasonal changes is a necessary requirement for any au-
tonomous agent operating outdoors over extended periods of time.

In Chapter 3, we introduced a technique called distraction suppression (McManus
et al., 2013), which leverages 3D scene priors to mask objects that are not part of the
static scene. This is important for relative motion estimation techniques like VO,
as standard outlier rejection schemes will not work when the majority of matched

features belong to moving objects (e.g., a large bus). This technique helps address
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the problem of dealing with moving objects.

In Chapter 4, we presented a simple, yet effective model of black-body illuminates
to account for effects of shadows, which cause issues for point-feature-based systems
(McManus et al., 2014a). It was shown that the performance of combining a parallel
localiser working in an illumination-invariant colour space drastically reduced the
distance traveled in between localisation failures. However, this does not address
the issue of navigation during night when the black-body radiator assumption is not
valid, nor does it address problems associated with different weather and seasons.
Ultimately, we found that for the task of outdoor localisation over long periods, a
different approach to point-features was needed. Using one fixed detection scheme
to find associations of corners or edges did not seem like the way forward.

In Chapter 5 a new approach to metric localisation was presented, which lever-
ages appearance priors to learn place-dependent feature detectors. These feature
detectors are designed to identify distinctive visual elements that can be associated
across extreme lighting and weather conditions (McManus et al., 2014b, 2015). We
used over 100 km of data for training and showed how these place-dependent feature
detectors can be integrated in a standard keyframe-based localisation pipeline for
robust localisation. Our results showed that the scene-signature approach outper-
formed the INS in many situations in terms of accuracy and was considerably more
reliable than the point-feature system.

Chapter 6 was interested in analysing the respective performance differences
resulting from combining illumination invariance and distraction suppression into
the scene-signature pipeline. The results suggest that training scene signatures on
an illumination invariant colour space and combining a parallel localiser as was
done in Chapter 4 provided little to no benefit. This is because, by construction,
illumination-invariant features are learned during the training procedure. Incorpo-

rating distraction suppression into the pipeline offered improvements in some areas
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but led to failures in others due to a feedback loop that would result when poor
pose estimates led to erroneous distraction masks, which worsen the pose estimates
further. This is a natural consequence of the fact that the localiser is only accurate
to within meters and thus, there are some cases where the predicted and measured
structure differ significantly. Nonetheless, there were several cases where distraction

suppression improved the lateral /heading estimates of the localiser.

7.0.2 Future Work

There are a number of future directions for the work presented in this thesis. In

particular, we focus on Chapter 3 and Chapter 5.

e Aiding Object Detection: Distraction suppression is not only a useful tool
for navigation systems, but could also be useful for perception tasks since
it naturally segments the scene into foreground and background elements.
Recall from Chapter 3 that after producing the uncertainty-weighted disparity
difference, €4, and normalising, we defined a background likelihood score as:
p(background) = 1 — €4/€4mas- If we instead just considered the compliment
of this, we obtain the likelihood of a pixel belonging to the foreground, which
would be of significant use for an object detection system as it provides a

strong cue for where to search.

e Distraction Mask Quality Metrics: Incorporating some form of quality
checking seems crucial in order to prevent the failure cycle observed in Chapter
6. This is one of the dangers of the feedback design, since a drifting pose
estimate can lead to suboptimal distraction masks, which can worsen VO and
in turn, affect the localiser further. One approach might be to look at the
uncertainty of the localisation estimate to judge whether or not to accept it

as a valid guess. However, if the estimator is overconfident, the same problem
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may arise. Another approach might be to learn what places in the environment
are unreliable for localisation. For example, if there are certain sections where
historically the vehicle struggled to localise, it might be possible to learn a

place-depedent classifier on lateral and longitudinal estimates.

Extrapolating Distraction Masks: As mentioned in Chapter 3, the bottle-
neck in terms of speed is the stereo matching, which runs at 5-10 Hz. It would
be useful to explore methods of extrapolating in time to produce a predicted
mask based on a sliding window of distraction masks. This would allow the
system to effectively operate at framerate. An optical flow approach would be
useful, but this is an expensive procedure. It is not yet clear how this mask

prediction can be accomplished.

Reducing Scene-Signature Training Times: The training times are cur-
rently quite long at approximately 2 hours per place. Although this happens
offline and could be done on a cluster of high-performance computers, if we
were to scale up the distances to thousands of kilometres, the training times
need to be reduced. Instead of densely sampling the entire image at each place
and retraining when new data are obtained, it may be possible to bootstrap
the sampling process by using the preprocessed heat maps shown in Section
5.4.2, which represent the most likely locations in the image to find scene sig-
natures. Each time the system retrains on more data, the per-place feature
distributions could be updated, which will hopefully improve the sampling for

any future retraining.

Scene Signatures for Place Recognition: Extending the scene-signature
approach to place recognition tasks is another possible direction. Recall that
the training procedure was focused on finding distinctive elements specific to a

particular place. This does not mean that the elements are necessarily distinct

152



from other places. One could imagine extending this training framework to
consider all locations in the map, in order to find features that are unique
across all places. Having a layer that sits above our coarse metric localiser
that could report which place the vehicle is currently close to would be crucial

for when the system becomes lost.

7.0.3 Closing Remarks

The message of this thesis was to show that a one-size-fits-all approach to vision is
not optimal for life-long, persistent navigation. Instead, we wish to look at leveraging
prior knowledge to develop place-specific policies for a given task. This idea is not
exclusive to just localisation, but could extend to many other domains, such as
planning, object detection, sensor selection, etc. By taking this stance, we are more

likely to develop robust systems that will work in real world applications.
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Appendix A

Acronyms

SVM  Support Vector Machine

VO Visual Odometry

SLAM Simultaneous Localization and Mapping
RANSAC Random Sample and Consensus

GPS  Global Positioning System

DARPA Defense Advanced Research Projects Agency
SURF Speeded-Up Robust Features

HOG Histogram of Oriented Gradients

SIFT  Scale Invariant Feature Transform

pdfs probability density functions

pose  position and orientation

LM Levenberg Marquardt

PF Particle Filter
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UKF

KF

EKF

MoG

INS

FAST

BRIEF

ORB

SfM

RFS

DOF

IMU

Unscented Kalman Filter

Kalman Filter

Extended Kalman Filter

Mixture of Gaussians

Inertial Navigation System

Features from Accelerated Segment Test

Binary Robust Independent Elementary Features

Oriented FAST and Rotated BRIEF

Structure from Motion

Random Finite Sets

Degree of Freedom

Inertial Measurement Unit
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Appendix B

Camera Geometry

B.0.4 Stereo Model

Given a point expressed in the camera frame, p., the stereo model, y. := g(p.),

reprojects the point into left and right image planes, according to

Uy x fu + 2 ¢y
1
Y. = h(Tc,wpw) = |v| = ; Yy fv + z ¢y (Bl)
d fub

where {f,, fu} are the horizontal and vertical focal lengths, b is the baseline and

{cy, ¢y} are the horizontal and vertical positions of the optical centre.

B.0.5 Stereo Jacobians

The Jacobian with respect to the point, p., is

fu)z 0 —fux/2?

h
apc = 0 fv/z _fvy/z2 (BQ)
0 0 —fub/2?
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The Jacobian with respect to a perturbation in the state, x., is

fulz 0 —fuw)2?

oh  Oh dp, 2
ox,  op.ox, | O Jolz w1 -

0 0 —f,b/z

A
c

|

B.0.6 Monocular Model

The monocular camera model is given by the following:

Y. = h(Tc,wpc) -

U 1|z futze

v z Y fo+ 2z cy

B.0.7 Monocular Jacobians

Following a similar derivation as above, the Jacobians are

oh _ |fufz O —fur/Z
op: 0 folz —fu/?
oh fu/z 0 —fux/ZQ A
ox - 9 |:1 _pc:|
¢ O f’U/Z _fvy/z
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Appendix C

Posegraph Relaxation

Posegraph relaxation is a method for optimising over a chain of poses subject to a
collection of constraints. These constraints can include relative constraints between
poses in the form of odometry measurements, loop-closure constraints, or localisation
constraints (i.e., a constraint on the position and orientation of a pose relative to

some map). A toy example is presented in Figure C.1.

C.0.8 Problem Definition

There are three types of constraints being considered,
1. Relative constraints (e.g., from visual odometry),
2. Loop-closure constraints (e.g., FABMAP),
3. Localisation constraints (e.g., from experience-based navigation).

Using Figure C.1 as a guide, this section will derive the error terms and Jacobians for
each type of constraint. We formulate this problem slightly differently and instead
of using transformation matrices, we perturb the translation and rotation equations
directly; however, one can easily workout the analogous set of Jacobians for using

transformation matrices.
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Relative
Constraint

T
T /

Constraint

Localisation <l
Constraint

Origin

Figure C.1: Example setup of a pose graph relaxation problem, where red links
represent relative constraints (e.g., from odometry), green links are loop-closure
constraints (e.g., from a place-recognition system), and blue links are localisation
constraints. Note that the optimisation is done in a global frame and at least
one localisation constraint is required in order to anchor the graph to a common
coordinate frame.

C.0.9 Relative Constraints

Defining the pose at time k as x;, := {tg’o, Ry} and time k—1 asxj_; := {tlg_l’o, Roi-1},
a relative constraint between the two poses is defined by a translation and transfor-
mation, uy, := {d}"*", ,_; .}, with an associated inverse covariance Q.ly, (from

odometry for example). The motion model takes the following form,

! = 5 "0+ Roydt! (C.1)

Ror = Rop-1Wr-1k (C.2)

)

The error term for this relative constraint is defined as,

kO (k=10 k—1,k
€. trans| [t — (to T Rop1dy >

Vv
€. rot (RO,k‘I';TC—LkRoT,k—l - 1)

€, =
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The object function is a Mahalanobis distance,
1K
Trel = 5 D el e (C.4)
k

where E,:l = Eng,;llkEuk and E, ; is the Jacobian of the error function with

respect to the odometry noise. As this is a nonlinear equation, we perform a frist-

order Taylor series expansion on the error terms,

K
1 _ _ _
Jrel = = g (& + Ep 0%y, + Epp10%; )" Zk_lm (e + E, 0% + Ep o 10%4_1)
A

\)

(C.5)
where E, ;, and E, ;_; are the Jacobians of the error function with respect to the
state at time k and k — 1. This is the linearised system of equations, for which we
can take the derivative with respect to the perturbed variables and set the derivative
to zero. This leads to the following system (considering just one error term for now):

T T
Eac k—1 5Xk?—1 Ez,kfl

’ 21:1 |:E:v,k—1 Em,k:| == Elzlék (CG)
EL, X}, E7,

We will now turn our attention to the Jacobian terms, which can be derived

using the perturbation technique.

- <k,0
€. trans T 0€; trans ~ ty’ + 5t§_
(f{;—w 4ot + Ropr (140907 ,) (dyy + 5d,H>) (C.7)
é2,1"01: + 5e2,rot ~ Rovk (1 + 5¢2) (1 - 5"‘!’12\—1) ‘il;f—l,k (1 - 5¢2—1> R(j)jk—l -1

(C.8)

Note that for the rotational terms, we have used our approximation given in Section
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(2.1.3), which relates a small rotation matrix to a rotation vector. Subtracting off

the nominal solution from each side and dropping products of small terms gives us,

6ek7trans = 511]5 — 5t’8_1 — Rg,k_15¢£_1dk_1 — R07k_15dk_1

(C.9)
oe

Q,rot = R07k5¢£\i’£—1,kﬁak—l - RO,k‘i’;}F—l,k5¢£—1R0T,k—1 - R07k5¢£—1‘i’£ 1 kRg,k—l
(C.10)

Using the fact that a"b = —b”"a, for any vectors a,b € R3**!, we can rewrite the

translational error term as

5ek’trans = 5‘:]8 — (Stléil + RO,kfld:_lé(ﬁkfl — Ro,kflddkfl (Cll)

Turning to the rotational error term, we use the identity, Ra"R” = (Ra)" for any

rotation matrix, R, and any vector a € R3*! and rewrite the error term as

59271@13 = (Ro,k5¢k)A - (Ro,k—15¢k—1)A - (Ro,k—15¢k—1)A (C.12)
using the inverse cross operator, (-)V, yields
0€; rot = Ro 10 — Rox—10¢1-1 — Ro x0ty_1 (C.13)
Thus, our final set of linearised equations is given by
1 0 5tk -1 RO,kfldz\_l (Stk,1 _R07k71 0 5dk,1
6ek = 3 + _ + 3
0 Rox| |0y 0 —Rpi 01 0 —Roi| [0tr-1
—_— N ~~ - ~~ 7 N——
E; & 0Xp, Eg k1 0Xp—1 Eyk ouy
(C.14)

To summarise, we have taken our state representations of translation/rotation and

derived a linearised set of equations in terms of the perturbations of these state
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variables. Stacking everything together, we arrive at the final system of equations:

E'S'Eéx = —-E"2 e (C.15)
where
_&0_
Yon €
ox = S, oe=| |, (C.16)
Sty ex
00k |
¥t = diag (E} Qo Eun, -, By Qi (EBuk), (C.17)

“E,, 1 0 0

0 -E., 1 0 ..
E = (C.18)

0 ... ... —E,x 1

C.0.10 Loop-closure Constraints

A loop-closure constraint between pose 7 and j is specified by a translation and ro-

tation, {d;’, ;;}, an associated inverse covariance, w !

;i » which represents the level

of certainty in the loop-closure measurement. Referring to the previous subsection,
the reader should recognise that this is in fact just a relative constraint between two
poses. Thus, the Jacobians take the exact same form as illustrated in the previous

section, with the exception of their placement in the stacked Jacobian.
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C.0.11 Localisation Constraints

A localisation constraint is again given as a translation and rotation, my := {d°, Wit
with measurement uncertainty given by M,;l. Note that these are global vectors ex-
pressed in the same base frame as the state. The error term for a localisation

constraint takes the form,

ar0 _ ko
ey == o (C.19)
(WorRG, — 1)

We use the perturbation method as before to derive the Jacobians.

€. trans T 0€; trans ~ ag’o + ody — EIS’O — oty (C.20)

éQ,rot + 5e2,rot ~ li’OJﬁ (1 + 5"7/’19) (1 - 5(152\) Rg,k -1 (C-Ql)

The linearised system of equations is

-1 0 Oty 1 0 od,,

0 —Ry;| [don 0 Toi| |0

El’k 5Xk Em,k Jmk

C.0.12 Combined System

Stacking all of the error terms together, we have the following least-squares system

E'S'Eéx = —E"X'e (C.23)
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where

_5t0_
do €0l

oX = o, e: €loop | - (C.24)
Oty €loc
00k |
Xy 0 0 E .

o= 0 El_olop : E: Eloop (C.25)
L 0 0 El_olc Eloc

C.0.13 Optimisation

Once again we use Levenberg Marquardt (LM) for the nonlinear optimisation. To
reiterate, the LM method works by adding a diagonal matrix A1, where A > 0,
to the coefficient matrix on the left-hand side in Equation (C.23). Depending on
the change in the objective function, this damping parameter is adjusted after each
iteration and adapts the convergence properties of LM to be similar to either gradient
descent or the Gauss-Newton method. By adding this non-zero diagonal matrix, LM
can guard against poorly conditioned Hessian approximations and prevent blow-ups

during the optimisation. The algorithm is shown below.
1. Begin with an initial estimate for the state, X = {fo, Ry, ..., tx, RK}.
2. Begin with an initial damping parameter, A = ).

3. Solve for the optimal step, 0x*, given by

(E"S7T'E + A1) 0x" = —E"=7e(x) (C.26)

4. If |0x*| < threshold, then stop. Else, continue with the next steps.
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5. Update our estimate by applying the optimal step, 0x* = (Jtg, d¢g, . . ., 0t 0% ),

to our previous estimate according to

0 « €°+Rg,ot; (C.27)

Ror + Roi®; (C.28)

for all k =0... K, and where

®; = cos(d¢r)1+4 (1 —cos(dey)) ((;f;g) (§Z£> +sin(d¢y) (gzg) (C.29)

and 0¢; = |0¢;|.

6. If Jnew — J,

previous > 0, A = B\, where 5 > 1. Else, A = n\, where n < 1.

7. Return to Step 3.
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Appendix D

Begbroke Illumination-Invariant

Results

The following figures show the localisation results for Begbroke using the illumination-

invariant colour space presented in Chapter 4.
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Figure D.1: Localisation results for the sunny afternoon run.
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Figure D.2: Localisation results for the clear, evening run.
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Figure D.3: Localisation results for the rainy, evening run.
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Figure D.4: Localisation results for the a clear, snowy run.
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Figure D.5: Localisation results for the misty, snow run.

171



Appendix E

Oxford Illumination-Invariant

Results

The following figures show the localisation results for Oxford using the illumination-

invariant colour space presented in Chapter 4.
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Figure E.1: Localisation results for the night run through segments 1-4 (Oxford).
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Figure E.2: Localisation results for a sunny run through segments 1-4 (Oxford).
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Figure E.3: Localisation results for a sunny run through segments 1-6 (Oxford).
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Appendix F

Oxford Localisation Results with

Distraction Suppression

The following figures show the localisation results for Oxford using distraction sup-

pression, which was introduced in Chapter 3.
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