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Abstract

Visual localization is the task of estimating camera pose in a known scene, which
is an essential problem in robotics and computer vision. However, long-term visual
localization is still a challenge due to the environmental appearance changes caused
by lighting and seasons. While experience-based localization methods bridge the
appearance gap by relying on intermediate experiences, they require collecting ex-
periences continuously to capture the incremental appearance changes, and cannot
directly generalize to a new path.

In this thesis, we tackle long-term localization using deep learning methods with-
out relying on intermediate experiences. We first show that we can learn appearance-
invariant sparse visual features using self-supervised learning that can be used in
closed-loop path following across a full range of lighting change while preserving
generalizability. We further explore deep image-to-image translation as a mean of
improving long-term metric localization. We show that by transforming input images
captured from different lighting conditions into a common target domain prior to

feature matching substantially improves upon localization accuracy.
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Chapter 1

Introduction

1.1 Motivation

Long-term visual localization is an essential problem in robotics and computer vision,
but remains challenging due to the drastic environmental appearance changes caused
by lighting and seasons as shown in Figure 1.1.

Visual Teach and Repeat (VT&R) [2] achieves outdoor autonomous navigation by
building a locally consistent visual map using inexpensive visual sensors (i.e., stereo
cameras). Similar to other traditional point-based localization approaches, VT&R
nds correspondences between local features extracted from images by applying hand-
crafted descriptors (e.g., SIFT, SURF, ORB [3{5]), then recovers the full 6-DoF
camera pose. However, such hand-crafted features are not robust under extreme
appearance changes.

To address this, Multi-Experience Localization (MEL) [2, 6] uses intermediate
experiences to handle gradual appearance change of the environment. During a more
challenging repeat, it retrieves the most relevant experiences to bridge the appearance
gap and localize to the initial taught path. However, itis di cult for MEL to deal with

rapid scene changes as it would require a large number of intermediate experiences to



1.2. CONTRIBUTION 2

capture the incremental appearance change. In addition, the collected intermediate
experiences are speci ¢ to each map, and can not be generalized to new areas, which
makes the deployment quite restrictive in real life.

In Chapter 3, we aim to tackle the challenge of long-term localization in outdoor
environments using deep learning techniques, removing the need for intermediate
bridging experiences. In Chapter 3, we rst show that we can train a neural network
to learn visual features in a self-supervised setting, which can be integrated with a
classical pose estimator in the VT&R pipeline. We demonstrated the usefulness of
the learned features during real-time closed-loop path following, and showed that the
learned features can generalize well to new areas across a full range of lighting change.

In Chapter 4 of this thesis, we improve on this work by learning a nonlinear im-
age transformation using neural style transfer, which transforms input images to a
target domain prior to feature matching. We adopt a combination of an image trans-
formation network and a feature-learning network to improve long-term localization
performance. Given night-to-day image pairs, the image transformation network
transforms the night images into day-like conditions prior to feature matching; the
feature network learns to detect keypoint locations with their associated descriptor
values, which can be passed to a classical pose estimator to compute the relative poses.
In this chapter, we examine the e ectiveness of combining style transfer and feature
learning, and show that such a combination substantially improves the localization

accuracy on long-term vision datasets.

1.2 Contribution

The novel contributions of this thesis are organized as follows:

" In Chapter 3, we propose a novel self-supervised feature learning framework

that improves the robustness of visual localization for VT&R, which achieves
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Figure 1.1: Grizzly ground robot  autonomously repeats a taught path with learned
features despite severe lighting changes.

long-term localization while preserving generalizability [7].

" In Chapter 4, we propose an end-to-end di erentiable pipeline that incorporates
an image transformation network and a feature learning network to improve the

localization performance [S].

1.3 Thesis Overview

This thesis is structured as follows; Chapter 2 provides a background discussion of
concepts in sensor models and 3D state estimation that we rely on in the following
chapters of the thesis. In addition, we provide a brief overview of the VT&R pipeline,
as well as the datasets we rely on that were collected using Multi-experience VT&R
in 2017.

In Chapter 3, we train a deep neural network to learn sparse visual features in a
self-supervised manner. The learned features are fed into the classical pose estimator
to estimate the relative pose between two input images. We apply the learned features

in the VT&R pipeline to perform closed-loop long-term metric localization across a
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full range of lighting change.

In Chapter 4, we learn a deep image transformation that performs domain adap-
tation to the input images. Given night-to-day image pairs, the image transformation
network transforms the night images into day-like conditions that are explicitly opti-
mized for keypoint matching. In this chapter, we further investigate if it is better to
learn features, image transformations, or both.

Finally, Chapter 5 summarizes the conclusions and novel contributions of the the-

sis, and discuss some work that could be done in the future for further improvements.



Chapter 2

Background

This section presents some common topics related to di erent chapters of the thesis.
We start by discussing selected topics of the sensor model and three-dimensional
geometry that are relevant to our work. In addition, we give a high-level overview of

VT&R pipeline and details on the datasets we use to train networks.

2.1 Camera Model

We present the camera sensor model as de ned in Chapter 6Sthte Estimation for

Robotics[9].

2.1.1 Monocular Camera Model

We start with discussing the basic frontal projection model for a monocular perspec-
tive camera. Given the coordinates of a 3D poinfp =[xy z]', in the sensor frame,
we can project it into its corresponding image frame coordinates, = [u v]'. The

perspective camera modek : R®! R?, is de ned as follows:
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2 3 23
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whereP is the projection matrix that removes the bottom row from the homogenous
point representation, andK is the intrinsic parameter matrix of the camera contain-
ing the focal length, expressed in units of horizontal pixeld,,, and vertical pixels,
fy, and the coordinates of the optical centreq;; c,).

However, the forward measurement model for a monocular camera is not invertible

due to the missing depth informationz.

2.1.2 Stereo Camera Model

In order to recover depth informationz of the point in the 3D space, we de ne a stereo
camera model that combines observations from two perspective cameras, where the
two cameras are rigidly connected by a known and xed transform. For our purposes,
we use a left stereo camera model, which means that the sensor fr@m@, coincides
with the sensor frame of the left camer_al,: .

We can de ne the forward measurement model for a stereo camerp; R®! R*
that maps a point, P, in the sensor fram(?,F s, With coordinates,P =[xy z]", to

stereo image coordinate®? =[u, v U, vr]T:

2 3 2 3 23
U fu 0 ¢ 0 X
Vi 0 fy, o 0 1qY 1

q= =9(p) = > =M CT—D? (2.2)
Uy fu 0 ¢ fub z P
Vv, 0 fy, ¢ 0 1
I z }
M

wherec™ =[0 0 0 1]. We assume that both cameras have the same intrinsic proper-
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Figure 2.1: Stereo Camera Model Con guration . The cameras are separated by
the baseline,b, along the x-axis. This gure is taken from [9].

ties.
In order to recover the coordinates of the pointP , we invert the stereo camera

model, which maps the stereo image coordinates to a homogeneous point:

2 3 2 3
X §(u| Cu)
y 1 2vioa)
p= =g (@=8a" (2.3)
4 (t‘j)fu
1 1

We perform stereo matching to the disparityd = u, u;.

2.2 Pose Estimation

The following material is based on Chapter 8 oftate Estimation for Robotics[9].
Rotations in three dimensions can be represented as elements of the special orthogonal

group, which is de ned as the set of 3 3 rotation matrices as follows:
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SO@3)=fC2R*3CCT=1;detC =1g: (2.4)

Poses are represented using the special Euclidean group by combining a three-dimensional
rotation C with a three-dimensional translationr , which is de ned as the set of 4 4

transformation matrices as follows:

8 2 3
>

2 C r . 2
SE@) = T=9  £2R4C2S0@)r 2R : (2.5)
> T >
: 0" 1 ;
Given two sets of 3D point measurements, we need to solve a point-cloud alignment
problem to nd the relative transform in Chapter 3 and 4 of this thesis.
Assume that we have two frames, one attached to a map franfte,,, and one to
the live robot camera, F ;. For both of these frames, we hav& measurements of
a set of landmark points,P;, given in the respective frames, namely?™ and rlpi',
wherei =1 M. The goal is to nd the rotation matrix, C,,, and translation, r™,

that will align the two sets of points. We de ne:

yi=r8™ p=rP o r=r" C=Cn; (2.6)
1N 1N X

y= = Wy pP= =  Wp; W= W (2.7)
Wia Wiz i=1

wherew; are scalar weights for each point. We de ne the error term for each point

as:

e=yi C(i r); (2.8)
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We minimize the following cost function:
1 M . X .
J(C;r)= > Wiee =g wilyi C(pi 1)) (vi C(pi r1)); (2.9)
i=1 i=1

subject to C 2 SO(3).

The next step is to make a change of variable for the translation,

d=r+C'y p; (2.10)

such that we can rewrite the cost function as

X
JCid= 3 Wi Y) Ch R Y) Cl )+ dTd; (24)

i=1

where the rst term of the cost only depends orC, and the second cost term only
depends ond. Thus, the second term can be minimized by settind = 0 as it only
depends ond:

r=p Cly (2.12)

We minimize the rst term of the cost with respect toC in order to nd the rotation

by multiplying out parts of the cost term,

(vi y) Ci pP)'(yi y) C(pi p)=
i Y y) 2 y)'Cm p)+(pi p)'(pi P);

(2.13)

where only the middle term depends o€ . We sum the middle term over all points

to get
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1 X . 1 X .
— W (i y)C(pi p) == wtr C(pi p)Yi VY)
w i=1 w i=1 |
IS 2.14
=t Co w(p Py y) (2.14)
i=1
=tr(CW T);
where
1 X T.
w =W wi(yi  y)(pi p): (2.15)
i=1
We de ne a new cost function that we can minimize with respect t&,
J(C; ;)= tr(CWT)+tr( (CCT 1)+ (detC 1); (2.16)

where and are Lagrange multipliers, and the associated terms are added to ensure
that C 2 SO(3) (i.e., that CC T = 1 and det(C) = 1). Finally, we nd the derivative

of the cost,

Q@J_ W +2 C+ detCC "= W +LC; (2.17)
@J T
= = CC 1; 2.18
G (2.18)
@J
Z'-detC 1 2.19
G (2.19)

whereL =2 + 1. If we set the rst equation equal to zero, we get

LC = W: (2.20)
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At this point, we perform a SVD on the matrix W to nd C:

W = UDV T; (2.21)
whereU andV are square, orthogonal matrices, anD = diag(d;; d;; d3) is a diagonal
matrix of singular values,d;, d, dsz 0. If a unique solution forC exists, it is:

C=USVT; (2.22)

where S = diag(1;1;det U ;det V). The necessary and su cient conditions for this

unique global solution to exist are:
1. detW > O; or
2. detW < 0Oandd; d,>dsz> 0;or
3. rank W =2:

After estimating the rotation, C\lm, we can get the estimated translation:
AM =p  Cim; (2.23)

and combine everything in the transformation matrix,
2 3
-ﬁm = gélm élm r\m% .
or 1

(2.24)

2.3 Visual Teach & Repeat

VT&R is an accurate vision-based metric route-following algorithm developed for
navigating in unstructured outdoor environments [2]. The overall work ow of the

VT&R system is illustrated at a high level in Figure 2.2.
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Figure 2.2: VT&R high-level overview . During the teach phase, image capture
and feature extraction is followed by VO for pose estimation. The map stores vertices
with 3D landmarks and the relative poses between vertices. During the repeat phase,
the localization block computes a relative pose that provides the o set to the path
relative the taught path, which is needed for path following.

In the teach phase, a user drives the robot manually to teach a path, while the
system builds a local relative pose map that stores 3D landmarks that are triangulated
from the extracted visual features. During the repeat phase, visual odometry and
localization are combined to estimate the pose change of the robot relative to the

visual map.

2.3.1 Single-Experience Localization

The overview of Single-Experience Localization is shown in Figure 2.3.

Teach Phase

During the teach phase, the user manually drives the robot to teach a new path,
where a relative local map of the path is created and stored as a pose graph. When

the stereo camera captures a new stereo image, the individual images are recti ed
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and converted to grayscale. Next, we obtain the depth values by performing stereo
matching on the extracted SURF keypoints. Then, the keypoints are triangulated to
generate the associated 3D landmarks. The VO pipeline recalls landmarks associated
with the closest vertex in the map and uses nearest-neighbour matching of descriptors
for data association between these and the newly detected landmarks.

After data association, Random Sample Consensus (RANSAC) [10] is applied to
the matched landmarks to reject outliers, where the resulting inliers are passed to the
pose estimator. The relative pose between the live frame and the map is found by
minimizing the sum of squared map landmark reprojection errors after transforming
and projecting the landmarks into the image plane. The errors are weighted with
uncertainty from the live landmark measurements. Whenever the estimated relative
pose between the live frame and the map exceeds a certain distance threshold, or the
number of matched feature inliers drops below a certain threshold, a new vertex is

added to the pose graph.

Repeat Phase

In the repeat phase, the robot autonomously repeats the taught path while localizing
against the built visual map. The task is to perform metric localization on the robot
with respect to the map. During path following, VO and localization are run in a
predictor/corrector fashion. This means that VO is used to propagate the estimated
pose forward as the robot moves, and localization corrects the pose estimate using
sensor measurements.

Live images are captured with the stereo camera, then recti ed and converted
to grayscale. After SURF features are extracted, the keypoints are triangulated to
nd 3D landmarks, and are matched to existing landmarks in the pose graph. Given
the last known closest vertex in the graph and the pose estimate from VO, we can

nd the current closest vertex in the graph. Let this vertex have reference frame
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| F m. Next, VT&R extracts a local submap by relaxing a window of vertices centred
at the closest vertex. The landmarks from all the vertices in the window are then
transformed to the fram?F m. Let the frame of live robot b!aF . Feature matching is
performed between the landmarks _le | anq_ F m using nearest neighbour matching
of the descriptors. As in the case of VO, RANSAC is used for outlier rejection, and
the pose, T\, is found using the reprojection error of map landmarks transformed
into the image plane. Additionally, the pose propagated forward with VO is used as a
prior for the pose estimation. Hence, we can see the estimated pose from localization
as a correction to the pose predicted by VO. If localization fails, VT&R relies on the
pose propagated by VO. Path following fails if localization has not recovered after 20
metres of driving.
The estimated SE(3) relative o set to the mapped path is projected into SE(2).

With knowledge of the projected 2D pose, the 2D reference path, and the target ve-

locity, the path tracker carries out path following using Model Predictive Control [11].

2.3.2 Multi-Experience Localization

When relying on classical handcrafted features such as SURF [4], feature matching
tends to fail once appearance change between the live images and the map images be-
come too large. Multi-Experience Localization tackles drastic appearance change by
using intermediate experiences to bridge the appearance gap as shown in Figure 2.4.
The data for each repeat run is added to the pose graph map to build a spatio-
temporal pose graph (SPTG), where the temporal edges record the relative trans-
forms between vertices on the teach run (i.e., privileged run), and the spatial edges
represent the relative pose transforms between vertices from each repeat runs with
the teach run. These poses are obtained with localization during repeats. Finally, the
temporal relative transformations between adjacent vertices that are obtained with

VO are also recorded for each experience.
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Figure 2.3: Single-experience localization . The user teaches a path by manually
driving the robot and build a local visual map. The path is repeated autonomously
during the repeat phase by directly localizing against the visual map.

During MEL, we assume that the robot has been repeating a path as the environ-
ment gradually changes and storing the data from each experience. When localizing
across signi cant environmental change, VT&R selects a subset of the stored ex-
periences that are most relevant (i.e., similar to the current conditions) to localize.
However, the downside of MEL is the fact that experiences must be collected contin-
ually as the environment changes. Moreover, MEL can not easily generalize to a new
path as it would require collecting and storing a new set of intermediate experiences

to capture environmental changes.

2.4 UTIAS Datasets

In this thesis, we make use of two publicly available outdoor datasets that were
collected at the University of Toronto Institute of Aerospace Studies (UTIAS) back in

2017. The data were gathered during autonomous path following with the Clearpath
Grizzly robot using multi-experience VT&R, which uses a Bumblebee XB3 stereo

camera with 24 cm baseline and 16 Hz frame rate as the sensor. The robot has two
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Figure 2.4: Multi-experience localization relies on intermediate experiences to
localize a live frame against the mapped teach run by bridging the large appearance

gap.

forward-facing and two backward-facing LED lights that can be used while driving in
low-light environments. The VT&R data are stored in a pose graph structure, where
the sensor data are stored as vertices and relative poses as edges in a spatio-temporal

pose graph. In this section, we provide details on each dataset.

2.4.1 UTIAS In-the-Dark

The data in the UTIAS In-The-Dark dataset is collected using multi-experience
VT&R across all lighting conditions over a 31-hour window. The total path is ap-
proximately 250 metres long and was collected around the Mars Dome building. The
dataset contains 39 experiences with a total of 72,666 stereo image pairs. The number
of stereo image pairs for each experience varies between 862 and 4042.

This dataset contains a full range of lighting, including challenging conditions
such as strong sun ares during sunrise and sunset, long shadows, and driving with

headlights after dark. The aerial view of the path is shown in Figure 2.6a.
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Figure 2.5: The Clearpath Grizzly Robot with a forward facing Bumblebee XB3
stereo camera and LED headlights.

2.4.2 UTIAS Multiseason

The UTIAS Multiseason dataset consists of 136 total runs of the path, which were
collected over 17 weeks in 2017, capturing changes in lighting as well as in weather.
The total path is approximately 165 metres, and is mainly o -road in an unstructured
environment with no permanent structures and dense vegetation. The dataset con-
sists of experiences collected with varying snow accumulation, snow melting, muddy

conditions, and green grass. The overhead view of the path is shown in Figure 2.6b



(@) UTIAS-In-the-Dark training paths.

(b) UTIAS-Multiseason training paths.

Figure 2.6: Training paths of the two UTIAS datasets

18



Chapter 3

Self-Supervised Feature Learning

for Long-Term Localization

3.1 Introduction

Due to recent developments in the eld of deep learning, many recent works use neural
networks to directly predict relative poses [12{14] or absolute poses [15] from images
for localization. Instead of directly learning poses from images, deep-learned interest-
point detectors and descriptors [16{25] have gained popularity since they produce
more accurate results than direct pose regression when combined with a classical
pose estimator. In addition, Gridseth and Barfoot [16] have proven the e ectiveness of
deep-learned features in the VT&R framework under di erent illumination conditions.
However, these feature learning networks typically require training with accurate
image correspondences that are extracted from known scene geometry or ground-

truth camera poses. Although some methods simplify the problem by collecting data

using a stationary camera [18], applying known homographic adaptation [19, 23, 24],
or rendering synthetic training data [19, 22], the generalizability on unseen data is
limited.

19
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In this chapter, we propose a novel self-supervised feature learning framework for
long-term visual localization that does not require any ground-truth labels while pre-
serving reasonable generalizability on unseen data. We identify that one of the main
challenges is to nd accurate whole-image correspondences in unstructured outdoor
environment without ground-truth data. Since the ultimate goal is to learn features
in a self-supervised manner, we do not want to presuppose the existence of local fea-
tures. Especially, we want to avoid using deep-learned features that are pretrained
on other labeled datasets with known image correspondences. Hence, we adopt a
sequence-based visual place recognition algorithm (i.e., SeqSLAM [26]) that works
directly with whole-image descriptors to generate coarse image alignment, which can
be used for sampling training image pairs for feature learning pipeline. Our overall
pipeline consists of two stages: place recognition and feature learning. During the
rst stage, we generate training samples by performing sequence-based visual place
recognition on data collected under di erent seasons and lighting conditions. Dur-
ing the second stage, we train a feature learning network using the sampled training
stereo image pairs from the previous stage to predict keypoints with associated de-
scriptors and scores in an Expectation-Maximization loop without any ground-truth
pose supervision. Lastly, we integrate the learned features in the VT&R framework
for closed-loop localization.

The content in this chapter is published in IEEE Robotics and Automation Letters

2023 [7], and was presented at ICRA 2023.

3.2 Related Work

Traditionally, hand-crafted features have been commonly used for visual localiza-
tion [3{5], but su er from low repeatability on images under dramatic appearance

changes [27]. Experience-based visual navigation systems [6,28,29] attempt to bridge
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Figure 3.1: Overall pipeline . The dataset consists of multiple sequences (i.e., experi-
ences) of image data organized by their collection times. During the place-recognition
stage, we directly match neighbouring experiences using a place-recognition al-
gorithm, and nd indirect image correspondences by constructing an experience-
association graph. We sample image pairs using the predicted image correspondences
for the subsequent feature-learning stage. During the E-step of feature learning, the
network predicts keypoints from the source and target images, which can be used to
compute the relative transform. During the M-step, we use the estimated relative
transform as a supervisory signal to optimize the network weights.

signi cant appearance changes by storing multiple appearances of the same location
(i.e., experiences) and choosing the most relevant experiences for feature matching
during online operation. However, experience-based methods have multiple down-
sides; These methods require storing a growing number of experiences to capture
continuous environmental change, and can not generalize well to unseen environment.

Inspired by recent deep learning advances, there has been a wide range of deep-
learning-based approaches for pose estimation to address the de ciencies of hand-
crafted features while removing the reliance on intermediate experiences. Some
methods tackle camera localization by training a CNN that directly learns relative
poses [12{14] or absolute poses [15] from images. However, learning pose directly
from image data can struggle with accuracy [30] as it is not trivial to encode the 3D
scene geometry in a CNN model.

Other works focus on only learning the visual features or descriptors [1, 16{25],
which can be integrated with a classical pose estimator for localization. For instance,

Gridseth and Barfoot [16] and Sun et al. [24] have proven the e ectiveness of deep-
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learned features against illumination changes by integrating with the VT&R pipeline
for long-term visual localization. However, training networks for visual localization
generally requires accurate image correspondences extracted from ground-truth cam-
era poses or known scene geometry. Although Kasper et al. [25] proposed an unsu-
pervised transform consistency loss to train features, it still requires GPS to generate
training image pairs, ensuring that the query and reference images have su cient
visual overlap. Alternatively, Verdie et al. [18] use a stationary camera with a xed
transform to the world frame to observe the same scene under di erent illumination
conditions, whereas other methods obtain image correspondences from either using
synthetically rendered data [19, 22] or applying known transformations (e.g., colour
shift, homographic transform) to real-world images [19, 23, 24]. However, these ap-
proaches either limit the diversity of the training data, or struggle with sim2real
domain gap, which greatly limits the generalizability of the learned model on unseen
data.

In this chapter, we propose to nd image correspondences using a visual place-
recognition algorithm without any ground-truth labels. We will discuss some relevant
place-recognition approaches in the rest of the section. Since our goal is to sample
training data for feature learning in a self-supervised manner, we restrict our discus-
sion to hand-crafted algorithms that do not involve any learning or human annota-
tions.

Lowry et al. [31] provide a thorough overview of existing methods for place
recognition. Traditional bag-of-words-based FAB-MAP2 [32] shows good perfor-
mance, but tends to fail in the presence of dramatic appearance changes [33] due
to the limited repeatability of local hand-crafted keypoints [3,4] in changing environ-
ments [27]. In order to improve the performance of place recognition under appearance
changes, various approaches have been developed to exploit the sequential nature of

the data [26, 29, 34]. SeqSLAM [26] is one of the most recognized sequence-based
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algorithms that achieves signi cant performance improvements over FAB-MAP2 un-
der appearance changes. SeqSLAM nds image correspondences by constructing a
pairwise similarity matrix between the local query image sequence and a database
image sequence without the need for keypoint extraction. Hansen et al. [35] further
improve the overall exibility of the sequence alignment procedure by using a hidden
Markov model (HMM) to formulate a graph-based sequence search method in the
similarity matrix. In order to match image sequences under severe seasonal changes
more e ciently, Naseer et al. [36] formulate sequence matching as a minimum cost
ow problem in an o ine data-association graph. Vysotska et al. [37] extended this
idea to build a data-association graph online using a pretrained CNN for feature ex-
traction, and later proposed a hashing-based relocalization strategy [38] to improve
data association for exible trajectories. Additionally, Neubert et al. [39] detect simi-
larities within the database to avoid unnecessary image matching between query and
database images.

For our purposes, we adopt SeqSLAM aided by Visual Odometry (VO) to nd
direct image correspondences between temporally neighbouring experiences, and in-

directly link further experiences by building an o ine experience-association graph.

3.3 Methodology

We propose a two-stage pipeline as shown in Figure 3.1, which includes: 1) place
recognition and 2) self-supervised feature learning. During the place-recognition
stage, we build a locally connected experience-association graph by matching neigh-
bouring experiences with gradual perceptual changes, where we can sample image
pairs from direct or indirect image correspondences between experiences using a
graph-search algorithm. Our fully di erentiable feature-learning pipeline takes a pair

of source and target stereo images generated from the previous stage, and estimates
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Figure 3.2: Direct image correspondences . The black horizontal edges represent
the relative transforms between frames (known from VO). The red vertical edges
represent candidate matches suggested by SeqSLAM. The red solid edges are validated
by VO, whereas the dotted edges are rejected by VO. After the candidate match is
rejected, VO can also potentially nd a new match in the reference sequence that is
closest to the query image, which is represented by a blue edge.

the relative pose, T 2 SE(3), between their corresponding frames. During the

feature-learning stage, we train a neural network in an Expectation-Maximization

loop. In the E-Step, the network predicts sparse local keypoints with associated de-
scriptors and scores for both input images. We nd point correspondences between
the predicted keypoints from the source and target images, which are used in a dif-
ferentiable pose estimator to estimate the relative pose change. In the M-step, we
construct a self-supervised keypoint loss using the estimated relative keypoint loss as

a supervisory signal to optimize the network weights.

3.3.1 Place Recognition

We de ne the set of training dataD = (sp;:::;Suw) as a temporally ordered set oM
experiences, where each experience is de ned as a sequende obnsecutive images

s = (xb; ;XY ). The ultimate goal is to generate direct or indirect image correspon-
dences between any two experiences in the datag®t However, matching images of
the same place under appearance change is a non-trivial task, as the appearance of the
same place is likely to change substantially due to di erent illumination conditions

and seasonal changes. A naive approach is to directly match images between expe-
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riences using proximity provided by Visual Odometry (VO). However, this results in
poor image correspondences for longer routes due to drift errors in VO. Alternatively,
we can exploit the sequential nature of the data and use SeqSLAM [26] to match
di erent image sequences using patch-normalized image representation, but face two

main problems:

a) SeqSLAM is capable of matching experiences with gradual appearance changes

but struggles with signi cant appearance gap.
b) The raw SeqSLAM matching results may contain outliers and discontinuities.

To mitigate these issues, we combine SeqSLAM with VO to improve the direct
matching results, and construct an experience-association graph to extract indirect
image correspondences between experiences. To su ciently limit scope, we make the

following assumptions:

a) All experiences roughly follow the same trajectory with the same starting and

ending positions.

b) All experiences are temporally ordered by their collection times. Nearby expe-
riences are collected within a relatively short time frame, thus having similar

appearances with each other compared to further experiences.

Direct Image Correspondences

According to the second assumption, we assume the temporally neighbouring expe-
riences are collected within a shorter time frame, such that the appearance changes
are small enough for us to nd direct image correspondences using SeqSLAM and
VO. For each query experiencs;, it is directly matched with k previous experiences

fsi «;:5S 10, which are denoted as the reference experiences.
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Figure 3.3: Experience-Association Graph . Each vertex represents an experience,
which is locally connected to 3 previous neighbours. and each edge represents direct
image correspondences. The assigned cost term on each edge re ects the quality of
the match. To compute indirect image correspondences between experience 1 and 6,
the minimum cost path is indicated in black.

As shown in Figure 3.8, SeqSLAM constructs a di erence matrix by computing
image-by-image dissimilarity scores between the two sequences using full-image de-
scriptors, then nds raw image matches through the full matching matrix with the
smallest sum of dissimilarity scores. We further validate the matching results using
VO to reject outliers as illustrated in Figure 3.2.

For each image in the query experience, we use the raw SeqSLAM matching re-
sults to suggest a candidate match in the reference experience, then validate the
match using VO. Assuming we have successfully matched and validated the image
pair fop; rog using SeqSLAM and VO, we consider the image pair as the last vali-
dated match m, then proceed to the next image in the query experience,. After
retrieving the candidate matchr, from the reference experience using SeqSLAM, we
use VO to estimate the relative transform between the last validated image and the
current image in the query and reference experiences, nam@lb(l;qO and T, . Since
the last validated image pairm = fq; rog are two images of the same place, we can

approximate the relative transformf,o;qo with an identity matrix |. As a result, the
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relative transform between the query and reference images can be estimated as:

2 3
C 1,01 r 1,01
-frl;ql = -frl;ro-fro;tqodik . -frl;ro-f . :2 e r qg (3.1)

O1;00 01,00 OT 1
The absolute distance betweery and r; can be computed as:
Oy = krrlﬂlkg: (3.2)

We compare the distancel,,.q, with a pre-speci ed threshold valuee to check if the

candidate match is consistent with VO. We discuss two emerging cases as follows:

(@) d,.u € The candidate match suggested by SeqSLAM is validated by VO.
Hence, we update the last validated matchm to be fq;r,g when processing

the next image in the query sequence.

(b) d;,.q, >e. The candidate match suggested by SeqSLAM is rejected by VO. As
a replacement, we retrieve a new imagg from the reference experience such
that the distance betweenr; and g, is minimized. Note that we do not update

the last validated match m in this case.

Since the last validated matchm is frequently updated, we usually only need to
compute VO for a relatively short time frame starting from the last validated match.
Hence, the matching results are less likely to be a ected by VO drift. The detailed

procedure of direct image correspondences is shown in Algorithm 1

Indirect Image Correspondences

According to the second assumption, relatively similar experiences are temporally
closer together, whereas dissimilar experiences are further apart. Hence, we can nd
image correspondences between further experiences indirectly using bridging experi-

ences. After nding direct image correspondences between neighbouring experiences,
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we can build a locally connected graplc = fV;EQ, whereV is a set of vertices
representing all experiences in the dataset, arifl is a set of edges representing direct
image correspondences between the vertices. Each vertex is connectekl poevious
vertices, and Figure 3.3 shows an example whé&n= 3.

We assign a cost term to each edge I to indicate the quality of the match. The
cost term is de ned as the number of frames rejected by VO out of the total number
frames in the source sequence, where a higher cost represents a poorer match and a
lower cost represents a better match. To generate image correspondences between two
experiences that are not directly connected, we can nd the minimum-cost path in
the graph using a graph-search algorithm to indirectly extract image correspondences.

The detailed procedure of indirect image correspondences is shown in Algorithm 2
Algorithm 1: Direct Image Correspondences

Input: Sq» Sr // query run and reference run
Parameters: e // threshold
Output: m // frame matches

Mraw = SeqSLAM(sy, sr) ; /I compute raw matches using SeqSLAM
prevValidatedMatch = [; ro] ;
M = fg;

/I loop through each frame in the query sequence

for g in sy do

/I retrieve the candidate matched frame in the reference experience
using SeqSLAM

ri = Mrawl[g];

dyqr, = getDistFromVO(q, r;, prevValidatedMatch);

if d<e then
/I validate the matched frame using VO

prevValidatedMatch = [g; ri];

else
/I correct the matched reference frame using VO

ri = getClosestFrameFromVQq, r;, prevValidatedMatch) ;
end

M[g] = ri;

end

return M
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