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Abstract

Image-based localization, i.e. estimating the camera pose of an image, is a fundamen-
tal task in many 3D computer vision applications. For instance, visual navigation for
self-driving cars and robots, mixed reality and augmented reality all rely on this es-
sential task. Due to easy availability and richness of information, large-scale 3D point
clouds reconstructed from images via Structure-from-Motion (SfM) techniques have
received broad attention in the area of image-based localization. Therein, the 6-DOF
camera pose can be computed from 2D-3D matches established between a query image
and an SfM point cloud.

During the last decade, to handle large-scale SfM point clouds, many image-based
localization methods have been proposed, in which significant improvements have been
achieved in many aspects. Yet, it remains difficult but meaningful to build a system,
which (i) robustly handles the prohibitively expensive memory consumption brought
by large-scale SfM point clouds, (ii) well resolves the match disambiguation problem,
i.e. distinguishing correct matches from wrong ones, which is even more challenging in
urban scenes or under binary feature representation and (iii) achieves high localization
accuracy so that the system can be safely applied in low false tolerance applications
such as autonomous driving. In this thesis, we propose three methods that tackle these
challenging problems to make a further step towards such an ultimate system.

First of all, we aim to solve the memory consumption problem by means of simpli-
fying a large-scale SfM point cloud to a small but highly informative subset. To this
end, we propose a data-driven SfM point cloud simplification framework, which allows
us to automatically predict a suitable parameter setting by exploiting the intrinsic
visibility information. In addition, we introduce a weight function into the standard
greedy SfM point cloud simplification algorithm, so that more essential 3D points can
be well preserved. We experimentally evaluate the proposed framework on real-world
large-scale datasets, and show the robustness of parameter prediction. The simplified
StM point clouds generated by our framework achieve better localization performance,
which demonstrates the benefit of our framework for image-based localization in de-

vices with limited memory resources.
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Second, we investigate the match disambiguation problem in large-scale StM point
clouds depicting urban environments. Due to feature space density and massive repet-
itive structures, this problem becomes challenging if solely depending on feature ap-
pearances. As such, we present a two-stage outlier filtering framework that leverages
both the visibility and geometry information of SfM point clouds. We first propose
a visibility-based outlier filter, which is based on the bipartite visibility graph, to fil-
ter outliers on a coarse level. By deriving a data-driven geometrical constraint for
urban environments, we present a geometry-based outlier filter to generate a set of
fine-grained matches. The proposed framework only relies on the intrinsic informa-
tion of an SfM point cloud. It is thus widely applicable to be embedded into existing
image-based localization approaches. Our framework is able to handle matches of very
large outlier ratio and outperforms state-of-the-art image-based localization methods
in terms of effectiveness.

Last, we aim to build a general-purpose image-based localization system that si-
multaneously solves the memory consumption, match disambiguation and localization
accuracy problems. We adopt a binary feature representation and propose a corre-
sponding match disambiguation method by adequately utilizing the intrinsic feature,
visibility and geometry information. The core idea is that we divide the challenging
disambiguation task into two different tasks before deriving an auxiliary camera pose
for final disambiguation. One task focuses on preserving potentially correct matches,
while another focuses on obtaining high quality matches to facilitate subsequent more
powerful disambiguation. Moreover, our system improves the localization accuracy by
introducing a quality-aware spatial reconfiguration method and a principal focal length
enhanced pose estimation method. Our experimental study confirms that the proposed
system achieves superior localization accuracy using significantly smaller memory re-

sources comparing with state-of-the-art methods.
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Chapter 1

Introduction

During the past decades, the world has witnessed tremendous advancements of digital
camera sensors, making them low cost and robust channels to capture visual reality.
Consequently, the vast majority of personal devices, e.g. mobile phones, drones and
autonomous vehicles, are equipped with camera sensors to interact with underlying
environments. The widespread usage of camera sensors results in that the number of
existing images grows with incredible speed. As a result, computer vision algorithms
and methods, which can understand the image data and thereby provide practical
applications, are urgently needed. In both academia and industry, computer vision
researchers are still working consistently to develop powerful systems that make use of
images to make our daily life more productive and convenient. For example, Google
Street View enables users to virtually visit many cities by interactive panorama im-
ages. Digital preservation techniques turn historical monuments, e.g. Dunhuang Mo-
gao Grottoes, into digitalized models that are more resistant to physical damage. Style
transfer techniques are able to apply a new artistic style to an image while preserving
its original content.

Among all computer vision tasks, 3D vision remains a long-term active topic, which
involves 3D scene reconstruction from images, 3D scene understanding with images,
etc. Given multiple images depicting a scene from different views, one can build a
point cloud via Structure-from-Motion (SfM) techniques. For the past two decades,
StM techniques have made a great stride in both efficiency and robustness. Examples
are Bundler [SSS06] and COLMAP [SF16], which make it possible to reconstruct a

large-scale SfM point cloud from Internet image collections in a short amount of time.
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SfM Point Cloud
(stored offline)
\/_ -
Feature | | Match | ,| RANSAC-based Camera _’{ Camera Pose: [Rit]

Matching Disambiguation Pose Estimation

Query Image
R a—

FIGURE 1.1: A general pipeline of image-based localization using SfM point clouds.

The easy availability of such large-scale SfM point clouds subsequently unleashes possi-
bilities in various modern computer vision applications. For example, in the context of
autonomous driving, cars can be localized in a 3D environment using mounted camera
sensors to facilitate subsequent tasks such as path planning. For the task of augmented
and virtual reality, mobile phone users are able to enjoy an advanced interaction with
the aid of a pre-computed SfM point cloud.

At the core of aforementioned 3D vision applications is a fundamental problem:
how to determine the 6-DOF camera pose, a.k.a position and orientation, of an image
in an SfM point cloud? Such a problem is also referred as the image-based localization’
problem. Pioneering work in localizing an image estimate a rough position by means
of retrieving relevant database images, which encode location priors from the Global
Positioning System (GPS). Obviously, this is insufficient for modern computer vision
tasks such as visual navigation for autonomous vehicles, which require to compute
an accurate camera pose to ensure safety. An SfM point cloud not only provides us
the 3D scene geometry, but also it offers a better feature representation of the scene
than database images. During SfM reconstruction, informative local feature descrip-
tors that contribute to triangulate a point are well preserved. In the meantime, feature
descriptors that appear in uninformative regions, e.g. grass, sky and water, usually are
discarded. As a result, an SfM point cloud allows us to establish 2D-3D matches be-
tween feature descriptors in a query image and feature descriptors attached to points.
Consequently, the camera pose of a query image can be computed from established
2D-3D matches by applying a perspective-n-point (pnp) pose solver with RANSAC
[Fis81]. Fig. 1.1 illustrates a general pipeline of image-based localization.

In this thesis, we mainly focus on image-based localization in large-scale outdoor
settings. Fig. 1.2 shows a typical example of localizing an image in an SfM point cloud
depicting Dubrovnik (a historic city in Croatia) [LSH10]. As a large-scale SfM point

cloud usually contains tens of millions of points and feature descriptors, it becomes

'In the rest of this thesis, unless specified, image-based localization uses an SfM point cloud as
the default 3D scene representation.
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Query Image 3D Structure-from-Motion Point Cloud 6-DOF Camera Pose

FIGURE 1.2: An illustration of image-based localization in a large-scale SfM point
cloud [LSH10] depicting Dubrovnik, a historic city in Croatia.

more and more difficult to build an efficient, effective, robust and accurate image-based
localization system. To this end, there are three main challenging problems that must
be addressed.

Memory Consumption: A large-scale SfM point cloud brings in a memory con-
sumption problem, since too many high-dimensional feature descriptors should be
stored. As a side effect, the feature matching process against a large-scale SfM point
cloud becomes prohibitively time consuming for daily usage. In order to successfully
run image-based localization applications on devices with limited memory resources
(e.g. mobile phones, drones, cars and robots), large-scale SfM point clouds should be
“compressed” in a certain way to break the bottleneck of memory consumption and
efficiency.

A straightforward way to tackle the memory consumption problem is the so-called
SfM point cloud simplification methods, which select a subset of highly informative
points and feature descriptors via the K-Cover theory [Fei98]. The resultant simpli-
fied SfM point cloud is able to maintain a satisfactory localization performance in the
case that the number of points is extremely reduced, e.g. 1% of the original SfM point
cloud. However, existing SfM point cloud simplification methods produce dramati-
cally variations on different datasets using a fixed parameter setting. Hence, there is
a strong need for a fully automatic SfM point cloud simplification method that can
adjust the parameter by exploiting the point cloud data itself.

An alternative way to reduce the memory consumption is to replace high-dimensional
feature descriptors, e.g. SIFT [Low04] stored in an SfM point cloud with compact

binary feature representations. In addition, the fast computation in comparing the
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distance between two binary feature descriptors significantly improves the efficiency
of image-based localization. The dimension reduction of feature descriptors inevitably
results in the loss of discriminative power, making it more and more difficult to dis-
tinguish correct matches simply from feature appearance. Thereby, an image-based
localization method, which can leverage the advantage of binary feature representation

and remedy the brought disadvantage, is needed.

Match Disambiguation: As stated, image-based localization methods typically re-
quire a hypothesis-and-verification strategy in RANSAC to handle wrong matches. In
each RANSAC iteration, the probability of obtaining a valid camera pose hypothe-
sis is approximately ", where n represents the minimal number of matches used in
perspective-n-point pose solvers, and e represents the proportion of correct matches
(a.k.a inlier ratio). In order to find a good solution from matches of very low in-
lier ratio, one may test all possible hypotheses, making the entire localization process
slow. In practice, one can set a certain number of RANSAC iterations or let advanced
RANSAC variations adjust themselves. As such, it is crucial to apply a match disam-
biguation method before RANSAC-based camera pose estimation to efficiently obtain
a set of matches of high inlier ratio.

Typically, Lowe’s ratio test [Low04] based on feature appearance is an appropriate
method for match disambiguation between two images. Yet, the dense feature space
corresponding to a large-scale SfM point cloud makes this ratio test lose its effective-
ness, ¢.e. correct matches tend to be easily rejected. For SfM point clouds depicting
urban environments, the match disambiguation problem becomes more challenging due
to the vast existence of repetitive patterns. Elaborate match disambiguation or outlier
filtering methods shift to exploit the visibility or geometry information, which is more
reliable than Lowe’s ratio test. However, these methods require either heavy additional
geometrical assumptions or vast computation resources, making them unsuitable for

practical image-based localization applications.

Accurate Camera Pose Estimation: Once 2D-3D matches have been well disam-
biguated, the accuracy of camera pose estimation remains a key issue for image-based
localization. A major concern is how to prevent obtain a degenerate camera pose as
the final RANSAC solution so that high localization accuracy can be achieved for tasks
such as autonomous driving. Despite the quality of matches (i.e. number of correct

matches), the spatial distribution of matches is another crucial factor for preventing a
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degenerate solution. Surprisingly, researchers in the area of image-based localization

pay little attention to the degenerate camera pose problem.

1.1 Problem Statement

Problem A—SfM Point Cloud Simplification: First, let us consider using SfM
point cloud simplification methods to handle the prohibitively large memory consump-
tion of a large-scale SfM point cloud. As stated, using a fixed parameter K value in
existing K-Cover based methods to generate a simplified SfM point cloud leads to a
large variation, i.e. inconsistent localization performance, among different datasets.

We may naturally wonder:

Which kind of intrinsic characteristic of an SfM point cloud leads to the variation

in applying K-Cover based SfM point cloud simplification methods?

Consequently, we aim to build a fully automatic SfM point cloud simplification
system, which can predict a reasonable parameter K value for a specified dataset.

Thereby, the following question must be addressed:

How to model the relationship between the parameter K in K-Cover based algo-

rithms and the found intrinsic characteristic of an SfM point cloud?

The standard K-Cover algorithm treats the coverage of the original scene as the
only criteria for the SfM point cloud simplification problem. Yet, existing methods
show that other factors, e.g. feature distinctiveness and visibility probability, are also
important for improving the quality of simplified point clouds. Inspired from existing

methods, we aim to answer:

What is the scenario to consider visibility probability, and how to efficiently inte-

grate it into the K-Cover algorithm?

Problem B—Match Disambiguation: By relaxing the criteria of traditional feature-
wise match disambiguation methods, one has to fully utilize the visibility or geometry
cues to handle the resultant matches with large outlier ratio. As a consequence, mul-
tiple questions arise concerning feature-, visibility-, and geometry-wise match disam-
biguation.

Existing methods typically leverage the same visibility cue that 3D points corre-

sponding to correct 2D-3D matches are frequently co-visible in database images. Based
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on this cue, image voting is performed to find relevant database images. Subsequently,
the matches voting to relevant database images are regarded as potentially correct.
The availability of both feature- and visibility-wise match disambiguation methods

leads to an interesting question:
Are they mutual exclusive in match disambiguation?

In order to overcome the limitations of existing geometry-wise match disambigua-
tion methods, we must answer:
Is there a geometrical proxy, which does not require other sensors except camera?

If so, is it efficient and effective in match disambiguation?

Subproblem B.1—for Urban Environments: In addition, as large-scale SfM
point clouds depicting urban environments are widely used in autonomous driving,

tourist navigation, etc, a special question arises:

Can we derive a data-driven geometrical constraint from SfM point clouds depicting
urban environments? How can this geometrical constraint be applied to disambiguate

matches?

Subproblem B.2—for Binary Feature Representation: In the case that
high-dimensional feature descriptors are replaced by compact binary feature descrip-
tors for reducing memory consumption, relaxing the criteria in feature-wise match
disambiguation makes the quality of resultant matches even worse. Thereby, we aim

to answer:

Under binary feature representation, how can we better measure the feature distinc-
tiveness of a 2D-3D match?

Problem C—Accurate Camera Pose Estimation: Finally, in RANSAC-based
camera pose estimation, we aim to handle the degenerate camera pose problem effi-
ciently. In contrast to existing method that tries to avoid selecting a degenerate camera
pose in the verification stage of RANSAC as the best solution, we seek to make a step

further by answering;:

How can we avoid a degenerate camera pose in both the hypothesis and verification

stage of RANSAC?

As aforementioned, the degenerate camera pose problem is closely related to both

the quality and spatial distribution of matches. Concretely, we also aim to answer:
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How to make the matches better distributed without severely degrading the quality?

1.2 Approaches and Contributions

In this thesis, we propose three works to address challenging problems in large-scale

image-based localization using SfM point clouds.

Data-driven SfM Point Cloud Simplification: To answer Problem A, we pro-
pose a data-driven framework for efficient and effective SfM point cloud simplification
[CLZ"16]? . We derive a parameter prediction model to predict a reasonable parameter
K used in K-Cover based point cloud simplification approaches to meet the require-
ment of the image-based localization problem according to the statistic characteristics
of the original point cloud data. The key idea behind this model is to evaluate the
potential of a point cloud for establishing sufficient 2D-3D feature matches, which is
crucial for the image-based localization task. In addition, we propose a weighted K-
Cover algorithm to simplify an SfM point cloud based on the visibility probability of
each point which can be efficiently extracted from the original point cloud. Specif-
ically, an adaptive exponential weight function is proposed and integrated into the
basic greedy heuristic algorithm to solve the SfM point cloud simplification problem.
The experiment results show that our prediction algorithm achieves a high reliability.
Also, the proposed weighted K-Cover algorithm significantly outperforms the existing

simplification methods in localization performance.

Two-stage Outlier Filtering for Urban Image-based Localization: Second,
we aim to answer Problem B with Subproblem B.1, which is to handle the match
disambiguation problem in large-scale SfM point clouds depicting urban environments.
As such, we introduce a two-stage outlier filtering framework [CCL*19]® that consists
of an improved visibility-based outlier filter and a novel geometry-based outlier fil-
ter. The two-stage framework overcomes the limitations of both outlier filters with

a coarse-to-fine design, and achieves both efficiency and accuracy in disambiguating

2 Wentao Cheng, Weisi Lin, Xinfeng Zhang, Michael Goesele, Ming-Ting Sun, A Data-Driven
Point Cloud Simplification Framework for City-Scale Image-Based Localization. ITEEE Transaction
on Image Processing, 26(1): 262-275, 2016.

3 Wentao Cheng, Kan Chen, Weisi Lin, Michael Goesele, Xinfeng Zhang, Yabin Zhang, A Two-
stage Outlier Filtering Framework for City-Scale Localization using 3D SfM Point Clouds. IEEE
Transaction on Image Processing, 28(10): 4857-4869, 2019.
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matches of very large outlier ratio.

The visibility-based outlier filter, which consists of database image voting, re-
ranking and match augmentation operations, is conducted on the image-level to remove
outliers in a coarse level. A database image voting method is proposed based on the
widely known knowledge that correct matches exhibit a strong co-visibility relation-
ship [LSHF12, SHR"15]. To further improve the filtering performance, we introduce
a re-ranking scheme to eliminate falsely voted database images. Previous methods
[ZSP15, SEKO17, CSC™17] assume that in the initialization step, the relaxed SIFT
ratio test does not reject any correct matches. However, this assumption is untenable
when dealing with the dense feature space of the city-scale SEM point cloud. To this
end, we propose a match augmentation scheme to carefully recover rejected correct
matches with the aid of selected database images. Although the proposed visibility-
based outlier filter is efficient when dealing with extremely large outlier ratio scenarios,
e.g. 99% outliers, the resultant matches may still contain a large number of outliers
due to the limited accuracy of the database image voting procedure.

The second stage is a geometry-based outlier filter based on a novel data-driven
geometrical constraint. Our key observation is that, in a city-scale StM point cloud,
there are many 3D points that can only be observed by nearby cameras due to strong
view occlusions. We denote such 3D points as locally visible points. Based on this
observation, we derive a geometrical constraint to restrict the position of camera that
can observe the locally visible points. Previous geometry-based outlier filters either
heavily rely on additional priors about the vertical direction and approximate height
of a camera relative to an SfM point cloud [ZSP15, SEKO17], or require a set of high
quality matches for statistically pruning outliers [CSCT17]. The derived geometri-
cal constraint in our method does not require any prior knowledge about the camera
model. In addition, this geometrical constraint enables us to efficiently handle poten-
tial low quality matches which are generated by the visibility-based outlier filter in
the first stage. The effectiveness and efficiency of the proposed two-stage framework
and its individual modules are comprehensively analyzed. Based on the extensive ex-
perimental results, the matches generated by our method show a high reliability for

successful large-scale urban image-based localization.

Accurate Image-based Localization under Binary Feature Representation:
Last, we aim to answer Problem B with Subproblem B.2 and Problem C. We

adopt a binary feature representation, which is memory-efficient, as the input to our
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method. Our method [CLCZ19]* therefore aims to well disambiguate matches in a
cascaded manner by sequentially leveraging the intrinsic feature, visibility, and ge-
ometry information in an SfM point cloud. When engaging one type of information,
we use a relaxed criteria to reject matches and retain a match pool that focuses on
preserving correct matches. In the meantime, we use another strict criteria to obtain
high confident matches, which facilitate the subsequent disambiguation.

In feature-wise match disambiguation, we reformulate a traditional match scoring
function [JDS09] with a bilateral Hamming ratio test to better evaluate the distinc-
tiveness of matches. In visibility-wise disambiguation, we explore the point-image re-
lationship to disambiguate matches by retrieving relevant database images. Moreover,
we propose a two-step match selection method by exploring the point-point relation-
ship, which allows us to obtain substantial 2D-3D matches for computing an auxiliary
camera pose. In geometry-wise disambiguation, we apply this auxiliary camera pose
on the retained match pool to reject matches by means of re-projection error.

Our proposed framework can also improve the localization accuracy by handling
degenerate camera pose. The first observation is that, correct matches that appear
in sparse regions, are essential to establish a non-degenerate camera pose hypothesis.
Due to the scarcity of such matches, they are usually neglected during camera pose
estimation. Therefore, we propose a quality-aware spatial reconfiguration method to
increase the possibility of sampling with such matches in RANSAC-based pose esti-
mation. The second observation is that, several top ranked camera pose hypotheses
that have similar and realistic focal length values, are more accurate than the camera
pose hypothesis with the largest number of inliers. Based on this observation, we shift
the focus to find a principal focal length value so that we can obtain a more accurate
camera pose accordingly.

We evaluate our proposed image-based localization framework on several real-world
datasets, a comprehensive comparison with the state-of-the-art methods demonstrates
that the proposed framework can achieve very competitive localization accuracy. In
the meantime, we require less than 20% memory consumption comparing with other
state-of-the-art methods.

The proposed three projects have been published on peer-reviewed journals or
conferences https://scholar.google.com.sg/citations?user=c20V1qUAAAAJ&h]1=
en. The papers about data-driven SfM point cloud simplification [CLS15, CLZ'16]
have been published in 2015 and 2016 respectively. Excluding the self-citations,

‘Wentao Cheng, Weisi Lin, Kan Chen, Xinfeng Zhang, Cascaded Parallel Filtering for Memory-
Efficient Image-Based Localization. International Conference on Computer Vision, 2019.
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these two papers have been cited nine times. In the articles that cite our papers,
the proposed data-driven SfM point cloud simplification method usually is regarded
as a representative work in point cloud simplification and compression. The pa-
pers [CCLT19, CLCZ19] of other two projects have been recently published on IEEE
Transaction on Image Processing and International Conference on Computer Vision
respectively in 2019. Due to the short publishing period, these two papers have
been cited one time. However, the code of [CLCZ19] has been published on https:
//github.com/wentaocheng-cv/cpf_localization. From November 2019 to Febru-
ary 2020, this code repository has received three stars, which demonstrate the exposure

of [CLCZ19] to the research community.

1.3 Thesis Organization

The rest of this thesis is organized as follows. Chapter 2 gives a survey about foun-
dations and works that are related to image-based localization. Chapter 3 presents
the data-driven SfM point cloud simplification framework. Chapter 4 presents the
two-stage outlier filtering framework for urban image-based localization. Chapter 5
presents the accurate image-based localization framework under binary feature repre-
sentation. Chapter 6 gives a conclusion to the aforementioned works and introduces

potential research topics for future.


https://github.com/wentaocheng-cv/cpf_localization
https://github.com/wentaocheng-cv/cpf_localization

Chapter 2

Foundations and Literature Review

The foundations of image-based localization include several key concepts in computer
vision. For instance, camera model, 3D reconstruction using Structure-from-Motion
techniques, image feature description, feature matching and match disambiguation,
camera pose solvers and RANSAC strategies all are involved in image-based localiza-
tion. From Section 2.1 to Section 2.6, we provide a brief survey about the foundations
of this thesis. Subsequently, we present a detailed review about recent image-based
localization methods using image databases, SfM point clouds from Section 2.7 to
Section 2.8.

2.1 Camera Model

In SfM point clouds, the positions of 3D points are measured in the world coordinate
system. Meanwhile, each camera that takes query images has a local camera coordinate
system. Let R € R33 and t € R3 be the rotation matrix and translation vector
respectively. A world point Xy, can be transformed into camera coordinates X¢ as

following;:
Xo =R Xy +t=[R|t] - Xy, (2.1)

where Xy = (e Xw, J)T is the homogeneous representation of Xy, with a non-zero
scale factor o.
To model the mathematical relationship between a 3D point and its projection on

image plane, we adopt the standard pinhole camera model [HZ03]. Let C € R?® be

11
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the center of projection. The projection of a 3D point X on an image plane can be
computed as the intersection of the image plane and the line through X and C. The

internal camera calibration matrix K is defined as following:

f s D
K=1(0 aof p.|, (2.2)
0 0 1

where f and s denotes the focal length and skew parameter respectively. The pixel
is a square when the aspect ratio a = 1. The offset from the origin of local camera
coordinate system is represented by (px,py)T. Typically, we can adopt a reduced

version of the internal camera calibration matrix as following:
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Having obtained both the internal and external camera parameters, the image
coordinates by projecting a 3D world point to an image plane can be computed as

following;:
x=K- [R[t] - Xy =P Xy, (2.4)

where P € R3** denotes the projection matrix of the camera model. The position of

camera center C in the world coordinate system can be defined as C = —R™Tt.

2.2 Structure-from-Motion Reconstruction

In this thesis, we leverage the point cloud reconstructed via Structure-from-Motion
(SfM) techniques as the 3D scene representation. Thereby, it is necessary to briefly
describe the process of SfM reconstruction to better understand the data structure
inside an SfM point cloud. Typical SfM techniques mainly involve three steps. First,
pairwise image feature matching is performed so that the relative motion of database
image pairs can be obtained. Second, the absolute camera poses of database images
and positions of 3D points are recovered in a global coordinate system. Third, the
estimated parameters are refined by non-linear bundle adjustment methods.

Incremental SfM techniques have been widely used in real-world applications due
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to high efficiency. The entire reconstruction process starts with estimating the global
camera poses from an image pair. Other images are subsequently added into recon-
struction in an iterative manner. The basic algorithms in incremental SfM methods
have been well studied in [Pol99]. Over recent years, several open source incremental
SfM techniques [SSS06, Wul3, SF16] have been published. Snavely et al. improve the
robustness of standard incremental SfM reconstruction pipeline by initializing with
an image pair, which have sufficient number of matches and a wide baseline [SSS06].
Wu et al. introduce a preemptive feature matching strategy [Wul3| that significantly
speedups the reconstruction process. Schonberger et al. propose the COLMAP method
by refining the next view selection and other key steps in incremental SfM reconstruc-
tion [SF16]. In contrary, global SfM techniques simultaneously compute the absolute
camera poses for all database images. A common strategy of global SfM is to esti-
mate the global rotations first and then find a consistent embedding of translations
[HTDL13]. The global rotation problem can be solved efficient in least square fashion
[MPO7]. Subsequently, recent works mainly focus on deriving robust algorithms for
the optimization of translations [JCT13, WS14, CT15].

2.3 Image Features

Global features, e.g. Histogram Oriented Gradients (HOG) [DT05], describe an image
by utilizing pixel-wise information. During the past decade, deep learning techniques
have significantly improved the powerfulness of global features in image classifica-
tion [KSH12], image recognition [HZRS16, SZ14] and semantic segmentation [LSD15].
Meanwhile, local features that describe an image in a sparse way unleash the possibil-
ity of many computer vision tasks. Extracting a local feature generally contains two
key components: a detector that identifies interest regions with high repeatability, and
a subsequent descriptor that characterizes the interest regions.

In modern SfM reconstruction methods [SSS06, SF16], a key step is to detect and
describe the local appearance information of an image using sparse feature descriptors.
Thereby the geometrical relationship between image pairs can be established with fea-
ture matches. In image-based localization task, a typical pipeline [SLK11] also usually
starts with local feature extraction. In the following, we will briefly discuss recent
works about local feature extraction.

As a pioneer in interest region detection, Harris et al. propose the Harris detector
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that finds corners and infer features from an image [HST88]. Based on the Harris
detector, Shi et al. introduce a more robust corner detector by an eigenvalue-based
score function [ST93]. To make feature invariant to scale and orientation, Lowe et
al. leverage a difference-of-Gaussian function that identifies highly reliable interest
regions or points [Low04]. The corresponding SIFT (Scale Invariant Feature Trans-
form) descriptor by measuring local image gradients has proven to be insensitive to
various geometrical and photometric transformations. Due to the robustness of SIFT
feature descriptor, the majority of image-based localization approaches use it to de-
scribe the visual information of an image. In this thesis, we also choose to extract the
SIFT feature descriptors from a given query image for image-based localization. Bay
et al. propose a feature detector that is very fast while in the meantime exhibits high
repeatability [BTVGO06]. The proposed SURF (Speeded-Up Robust Features) feature
detect blob-like structures at pixels that correspond to the largest determinant. Rosten
et al. show that matching learning can significantly improve the efficiency of corner
detectors [RD06], which work well in real-time tracking applications. They employ a
machine learning algorithm to fast determine whether a pixel is a corner or not.

After finding interest regions using feature detectors, one should use an appropri-
ate feature descriptor to summarize the information. Still, the most prevailing feature
descriptor is SIFT [Low04]. Ke et al. introduce PCA-SIFT that is more compact than
standard SIFT representation by applying Principal Components Analysis (PCA) to
image patches [KST04]. Based on the SIFT descriptor, Mikolajczyk et al. propose the
gradient location and orientation histogram (GLOH) by changing to compute SIFT
descriptors for a log-polar location [MS05]. To make dense feature matching efficient,
Tola et al. propose DAISY descriptor that uses a circularly symmetrical weighting
kernel [TLF10]. Alternatively, The BRIEF descriptor speeds up the construction and
matching of descriptors by using a small number of intensity difference tests [CLOT12].
Rublee et al. propose ORB descriptor [RRKB11] that consists of an orientated FAST
and rotated BRIEF descriptor. For a more detailed review about local feature detec-
tors, please refer to [TMT08]. In addition, Mikolajczyk et al. evaluate the robustness
of different local feature descriptors in [MS05].
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2.4 Feature Matching

2.4.1 Nearest Neighbor Search

In order to compute the camera pose of a query image, 2D-3D matches should be
established. As aforementioned, the matches can be found by matching between fea-
ture descriptors in a query image and an SfM point cloud. To perform exact nearest
neighbor search in feature space, a simple way is to brute force search in either a
query image or an SfM point cloud. However, the efficiency of exact nearest neighbor
search significantly decreases when facing high-dimensional data such as SIFT. Based
on the famous kd-tree structure [FBF76|, Arya et al. propose the BBD-tree (balanced
box-decomposition tree) that works well for approximate nearest neighbor search in
high-dimensional feature space [AMNT94]. For very large image datasets, Nister et
al. introduce an vocabulary tree that quantizes local visual descriptors using the hi-
erarchical k-means algorithm [NS06]. Muja demonstrate that the randomized kd-tree
algorithm is very effective for approximate nearest neighbor search in high-dimensional
feature space [ML14]. In addition, they propose a priority search k-means algorithm
that clusters data by leveraging the full distance across all dimensions. Finally, they re-
lease the open-source FLANN (fast library for approximate nearest neighbors) library

to the computer vision community:.

2.4.2 Match Disambiguation

In image-based localization tasks, the best match for a descriptor from a query image
usually is found by searching its nearest neighbor among the descriptors in an SfM
point cloud. Ideally, using at most six correct 2D-3D matches can compute the camera
pose of a query image [HZ03|. However, there is no guarantee that every descriptor
from a query image can establish a correct 2D-3D match, since it may appear in a
region that is not reconstructed in the SfM point cloud. Though RANSAC [Fis81] in
the later camera pose estimation step can handle wrong matches by a hypothesis-and-
verification strategy, it will easily fail when given a set of highly contaminated matches.
Thus, a simple and effective match disambiguation method, which preliminarily dis-
card wrong matches before RANSAC-based camera pose estimation, is needed. The

SIFT ratio test [Low04] has been widely used in many computer vision applications
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for match disambiguation. It only preserves a match if the ratio between the dis-
tance to the nearest and second nearest neighbor is below a certain threshold. The
motivation behind the SIFT ratio test is that the distance of a correct match needs
to be significantly closer than the closest wrong match to achieve reliable matching.
While the distance of a wrong match will likely be similar with other wrong matches
due to the high dimensionality of the feature space. When performing feature match-
ing between two images, the SIFT ratio test is effective by discarding most wrong
matches while discarding very few correct matches. However, as the feature space of
a large-scale SfM point cloud usually is much denser than an image, the ratio test
becomes unreliable since it discards many correct matches. To effectively handle the
intense feature ambiguity in image-based localization, recent works shift to exploit
the visibility or geometry information in an SfM point cloud. For example, Li et al.
propose a RANSAC sampling strategy [LSHF12]| by prioritizing hypotheses in which
points are frequently co-visible. In Section 2.8.2, we will introduce alternative match

disambiguation methods in detail.

2.5 Camera Pose Estimation

As the final step of image-based localization, camera pose estimation aims to estimate
the 6-DOF camera pose, a.k.a. [R|t], from 2D-3D matches between 3D world points
and corresponding pixel observations in a query image. In this section, we first discuss
minimal pose solvers that require minimal number of correct matches. Robust meth-
ods that handle noisy input matches by RANSAC will also be discussed.

Assuming that the camera calibration is fully unknown, this requires camera pose
estimation methods to compute both the internal and external camera parameters
K- [R|t] a.k.a. the projection matrix P. In order to obtain the projection matrix,
the Direct Linear Transform (DLT) algorithm rewrites an ordinary system of linear
equations as a matrix equation [HZ03]. Since P has 11 degrees of freedom due to
the scale uncertainty, using six 2D-3D matches is sufficient to compute the projection
matrix.

In a practical scenario, a common assumption of the pinhole camera model is that
the principal point is the image center and there is no skew effect. Consequently, the
focal length remains the only unknown parameter of the camera calibration. Consid-

ering the unknown rotation and translation of camera, there are overall seven degrees
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of freedom to be solved. Bujnak et al. propose a P4Pf method that requires four
2D-3D matches to obtain the focal length and external camera parameters [BKPOS].
They propose to use either hidden variable or Grobner basis based methods to solve
the problem of multiple polynomial equations. For fisheye lenses, there exist a heavy
radial distortion effect that influences the accuracy of camera pose estimation. Joseph-
son et al. propose a minimal pose solver that requires only four 2D-3D matches to solve
radial distortion, focal length and camera pose [JB09]. Similarly, Bujnak introduce a
more efficient pose solver to solve the camera pose estimation problem under radial
distortion [BKP11]. The speedup mainly comes from separately handling non-planar
and planar scenes.

In the case that the internal camera calibration is fully known, using three 2D-3D
matches (P3P) is sufficient to obtain the camera pose. Fischler et al. introduce the
P3P problem, together with the RANSAC strategy, to modern computer vision re-
search [Fis81]. Three correct 2D-3D matches are the minimal information to solve the
P3P problem. Consequently, there maybe at most four solutions for world points in
front of camera center. Additional information, e.g. additional matches, thus is re-
quired to disambiguate these four solutions. A detailed evaluation of different algebraic
methods solving the P3P problem are discussed in [HLON94]. During the past two
decades, many P3P methods with superior efficiency and robustness have be proposed.
Gao et al. use both algebraic and geometrical approaches to solve the P3P problem
[GHTCO03]. They also provide a complete solution classification for the P3P equation
system. In contrast to the above methods that derive intermediate point positions in
the local camera frame, Kneip et al. propose a novel parameterization framework that

directly computes the aligning transformation in a singe stage [KSS11].

2.6 RANSAC

In the previous section, we have discussed how to compute the camera pose assuming
that the 2D-3D matches used are correct. In practice the 2D-3D matches established
by approximate nearest neighbor search usually contain a significant number of wrong
matches. Regarding robust camera pose estimation using noisy matches, the RAN-
dom SAmple Consensus (RANSAC) algorithm [Fis81] is arguably the most prevalent
strategy. RANSAC is a non-deterministic method that can efficiently provides a good

solution with a certain probability. In each iteration, RANSAC randomly selects a
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minimal subset from all 2D-3D matches to compute a camera pose hypothesis using
the aforementioned pose solvers. Then each match is verified by evaluating the consis-
tency with the camera pose hypothesis. Typically, a match can be regarded as an inlier
if the re-projection error is below a defined threshold. The camera pose hypothesis
supported by the largest number of inliers is finally selected as the best solution.

Let I be the number of correct matches (inliers) among all M 2D-3D matches.
Suppose a minimal subset of s matches are required to obtain a camera pose hypothe-
sis. Therefore, the probability that RANSAC samples s inliers and computes a correct

camera pose hypothesis is

s—1 . s
P B I— < I s 925
correct-sample — H M _] = M =0, ( : )
j=0

where o denotes the inlier ratio. Consequently, the probability that RANSAC fails to

obtain at least one correct camera pose hypothesis in £ iterations is
n=(1-o%k (2.6)
Therefore, RANSAC needs to run at least

logn
[ P 2.
Loga—as)J * 27

to ensure that a correct camera pose is found with probability 1 — n. Based on Eq.
2.7, we can notice that the efficiency of RANSAC strongly relies on the inlier ratio and
the minimal number of matches required by pose solvers.

During the past two decades, many RANSAC variants have been proposed. The
standard RANSAC requires to evaluate all tentative matches in the hypothesis verifi-
cation stage. To improve the efficiency of hypothesis evaluation, Chum et al. propose
a Randomized RANSAC (R-RANSAC) algorithm that evaluate only a very small frac-
tion of matches with high confidence [CM02]. Based on R-RANSAC, an optimal hy-
pothesis verification method using sequential probability ratio test (SPRT) is proposed
[CMO08]. This method also does not require to know the fraction of outliers in advance,
making it more robust to handle practical cases. Unlike the standard RANSAC that
treats all matches equally, Chum et al. propose the Progressive Sample Consensus
(PROSAC) algorithm [CMO05], in which high confidence matches defined by a similar-

ity metric function are prioritized in the model hypothesis stage. The computational
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savings are mainly results from the observation that matches with high similarity are

more likely to be inliers.

2.7 Localization using Image Databases

A large-scale scene is usually represented by a database of images before powerful
Structure-from-Motion algorithms [SSS06, Wul3, SF16] were proposed. In this case,
image-based localization is also referred as the location recognition problem. Given a
database of street-view images with geotags, Zhang et al. propose a coarse-to-fine lo-
calization system [ZK06] that relies on the SIFT feature descriptor. Relevant database
images are firstly retrieved by wide-baseline matching and voting. The final position
of the query image is then refined by view interpolation techniques between top two
relevant database images. However, when facing a large-scale database, this method
becomes computationally expensive due to brute force retrieval. To guess where an
image was taken on the earth, Hays et al. collect over six millions geotagged images
and propose the IM2GPS method in which relevant database images are ranked based
on an unified image descriptor [HE08]. Weyand et al. train a convolutional neural
network (CNN) [SLJ*15] using geotagged images, which are quantized into small spa-
tial cells [WKP16]. In addition, they extend the CNN model with a long short-term
memory (LSTM) method to exploit the temporal coherence in a group of images.

In the past two decades, the computer vision community has witnessed tremen-
dous advancement in image retrieval [SZ03, NS06, PCIT07] systems using local feature
descriptors. Based on these image retrieval systems, many image-based localization
methods have been proposed by leveraging the location priors such as GPS data.
Schindler et al. show that training an visual vocabulary with informative features,
which frequently appear in specific locations but rarely appear in other locations, sig-
nificantly improves the localization performance [SBS07]. Similarly, Knoop et al. use
geotags in an image database to detect and remove confusing features that depict un-
informative objects such as trees and grass [KSP10]. They remove spatially clustered
features that frequently match to the database images far away from the underly-
ing database image. In order to facilitate city-scale localization, two image datasets
[AKTS10, CBK*11] containing more than one million images are carefully constructed
and released. Avrithis et al. collect nearly one million geo-tagged images depicting

22 European cities from Internet. A hierarchical clustering method [AKTS10], which
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sequentially applies geographical and visual clustering, is proposed to construct a scene
map for efficient indexing. The San Francisco dataset constructed by [CBK*11] con-
tains 1.7 millions of street-view database images with ground truth labels and geotags.
The facade-aligned and view-aligned scene representation are fused to increase the lo-
calization performance. In addition, they show that histogram equalized and upright
feature descriptors are beneficial to the localization problem. Zamir et al. propose
to first perform detailed feature matching so that each query descriptor can find its
nearest neighbor. The established matched are then pruned by leveraging the geotags
attached to database images [ZS10]. Sattler et al. handle the geometric burst prob-
lem [JDS09] in both image and place level [SHSP16], in which the place is defined by

clustering database images from geotags.

2.8 Localization using SfM Point Clouds

Given an SfM point cloud, 2D-3D matches should first be established between the
feature descriptors in a query image and SfM point cloud. The 6-DOF camera pose
can then be computed using the found 2D-3D matches. In this section, we survey
existing image-based localization approaches that rely on 3D scenes represented by
SfM point clouds. Different schemes in feature matching, feature representations, and

match disambiguations will be discussed.

2.8.1 SfM Point Cloud Simplification

In the case that a 3D point cloud is reconstructed by SfM techniques, the 6-DOF
camera pose for a query image can be computed. In order to enable large-scale image-
based localization on devices with limited memory storage, e.g. smartphones or drones,
it is crucial to reduce the size of SfM point clouds. Havlena et al. [HHS13] propose
to compute a minimum connected dominating set from database images and use the
subset of images to reconstruct a compact SfM point cloud. A more straightforward
way is to directly simplify an SfM point cloud. The SfM point cloud simplification
problem can be treated as a K-Cover problem [LLSH10]. Li et al. propose a greedy
heuristic algorithm to iteratively select points that are visible for a maximum number
of uncovered database images [LSH10]. Ensuring that each database image observes at

least K points inherently ensures that a random query image from the underlying scene
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is likely to obtain sufficient 2D-3D matches for camera pose estimation. Park et al.
[PWNT13] solve the point cloud simplification problem using mixed-integer quadratic
programming techniques. 3D points with high visibility are encouraged by a weight
term, while the points that are frequently co-visible in the same image are penalized.
Cao et al. [CS14] further combine the feature distinctiveness into a greedy heuristic
algorithm to improve the accuracy of feature matching with the simplified point cloud.
In addition, they introduce a probabilistic model which regards point-image relation

as a random event.

2.8.2 Match Disambiguation Techniques

There can be more than tens of millions of feature descriptors in a large-scale SfM point
cloud. In order to accelerate the feature matching step, Li et al. employ a prioritized
3D-to-2D matching strategy in which 3D points observed by large number of database
images are considered first [LSH10]. Based on a compact visual vocabulary, Sattler
et al. propose a fast feature matching algorithm by prioritizing visual words with few
quantized descriptors [SLK11]. Choudhary et al. explore the bipartite visibility graph
in an SfM point cloud to guide the feature matching process [CN12]. After finding a
confident seed match, 3D points that are frequently co-visible with the 3D point of the
seed match are prioritized due to high possibilities to be observed in the underlying
query image. Instead of using the visibility graph, Sattler et al. prioritize points that
lie close in 3D space to a point of highly confident match [SLK12]. Typically, the above
methods terminate the feature matching step if sufficient number of matches are es-
tablished. Though significantly improving the computational efficiency, these methods
still rely on a strict SIFT ratio test to disambiguate matches, which may easily rejects
correct matches in large-scale scenario.

Recent works [LSHF12, ZSP15, SHR*15, CSC*17] attempt to relax the SIFT ratio
test in order to preserve more correct matches. To deal with the resultant matches
of very large outlier ratio, Li et al. integrate the co-visibility priors into RANSAC to
avoid computation on samples in which points are impossible to be observed in one
image [LSHF12]. To deal with very large-scale image-based localization, i.e. the San
Francisco dataset [LSHF12], Sattler et al. use an vocabulary containing 16 millions of
visual words to perform implicit feature matching [SHR*15]. The visibility relationship
among 3D points are utilized to find relevant database images, thereby disambiguating

matches in image-level. The geometrical cues, either intrinsic or additional, are also
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explored in match disambiguation [ZSP15, CSC*17, SEKO17]|. Svéarm et al. assume
that the camera’s vertical direction and approximate height relative to the SfM point
cloud were known in advance. Based on this assumption, they propose an outlier fil-
ter by formulating a 2D registration problem. Concretely, matches are rejected based
on the maximum number of geometrically consistent candidates [SEKO17]. Similarly,
Zeisl et al. [ZSP15] use the same camera model assumption and derive a linear camera
pose voting algorithm. To improve the efficiency of camera pose voting, they pre-filter
obvious wrong matches using local feature constraints such as scale and orientation.
Camposeco et al. [CSCT17] introduce a novel pose solver using intrinsic angle con-
straints of SfM point clouds. The camera position can be quickly estimated using two
matches with this pose solver. However, all camera position hypotheses should be
computed, i.e. 108 camera position hypotheses for 10* matches, to remove outliers. In
addition, the final outlier filter requires a set of high quality matches to statistically

remove outliers.

2.8.3 Localization under Binary Feature Representation

Comparing with SfM point cloud simplification methods, using a compact feature rep-
resentation offers an orthogonal way to reduce the memory consumption. Feng et al.
replace the high-dimensional SIFT feature descriptor with a binary feature descriptor
(BRISK [LCS11]) to compress the SfM point cloud [FFW16]. In order to efficiently
index binary feature descriptors, they propose a supervised random tree construction
method by exploiting the visibility graph. Tran et al. [TLTD*19] map the SIFT
feature descriptor to a short binary vector using a hash function of iterative quanti-
zation [GLGP13]. A corresponding cascade search pipeline is presented in which the
dimension of searching vector is adjusted for speeding up the feature matching process.
Even though both methods provide superior efficiency and compactness, the reported
localization performances are worse than other methods using high-dimensional SIFT
feature descriptors. Liu et al. [LLD17] convert the SIFT feature descriptor to a short
binary signature via Hamming Embedding [JDSO08| in visual words. Unlike previ-
ous methods that perform match disambiguation on individual match, they propose a
ranking algorithm by globally exploiting the visibility information in a Markov random
field. The top ranked matches are finally disambiguated by traditional SIFT ratio test
to obtain one-to-one 2D-3D match for camera pose estimation. The experimental re-

sults show that the global ranking algorithm is beneficial to preserve correct matches
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and to achieve satisfactory localization accuracy. However, high-dimensional SIFT
feature descriptors still need to be stored, making the memory consumption problem

unsolved.

2.8.4 Learning-based Localization

Recent advancement in deep learning techniques has made it possible to process gen-
eral 3D point clouds for reconstruction [YFST18], semantic reasoning [SJST18], and
learning discriminative 3D descriptors [DBI18]. In the context of image-based local-
ization, deep learning techniques have been leveraged either in a specific stage or to
replace the full localization pipeline in a end-to-end manner.

Unlike traditional hand-crafted local feature descriptors (e.g. SIFT), learning-based
feature representations are shown to be more robust under extreme illumination or ge-
ometry changes. Schonberger et al. present a generative descriptor learning method
by understanding both 3D geometry and semantic information of a scene [SPGS18].
The learned 3D feature representation on 3D semantic voxel volumes is able to han-
dle localization under large viewpoint changes. In traditional hand-crafted feature
extraction methods, the feature detector only considers a small area around interest
points. This makes feature extraction unreliable under extreme illumination changes.
In contrary, Dusmanu et al. propose a trainable convolutional neural network (CNN)
that simultaneously detect and describe in relatively large image regions [DRPT19].
These learning-based feature descriptors can easily be integrated into the image-based
localization methods and frameworks proposed in this thesis.

Deep learning has also been explored for match disambiguation. Brachmann et
al. propose DSAC which includes two differentiable schemes so that the hypothesis-
and-verification strategy in RANSAC becomes trainable in deep learning architectures
[BKNT17]. DSAC is designed specifically for 2D-3D matches, making it suitable as a
counterpart of RANSAC in image-based localization tasks. Yet, its performance does
not significantly outperform RANSAC. Yi et al. train an end-to-end neural network
that disambiguates each match separately while embedding global information in the
meantime [YTFO'18]. Since this neural network relies on a differentiable way to com-
pute the essential matrix for image pairs, it is difficult to be generalized for camera
pose estimation in image-based localization.

Deep learning can also be used to train an end-to-end image-based localization
pipeline [KGC15, WHLT17, KC*17]. In such methods, features in a query image
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usually are densely extracted by very deep neural networks (e.g. VGG [SZ14] or
ResNet [HZRS16]). Based on the dense image representation, existing methods use
deep learning to directly regress a 6-DOF camera pose from an image. Kendall et
al. propose a loss function that combines the position and orientation errors. The
training data is automatically acquired from SfM point clouds. Walch et al. improve
the performance of camera pose regression by integrating Long-Short Term Memory
(LSTM) units with CNN [WHLT"17]. To better model the scene with CNN, Kendall
et al. propose several novel loss functions based on re-projection error and scene ge-
ometry [KC*17]. However, these learning-based approaches are still less accurate than

traditional image-based localization approaches.

2.8.5 Summary

My research mainly falls into the category of image-based localization using SfM point
clouds. Though tremendous progress has been made by previous works, there still exist
many problems to make image-based localization more effective, robust and accurate.

In the area of SfM point cloud simplification, previous works [LSH10, PWN*13,
CS14] based on the K-Cover algorithm suffer from a common problem: due to inherent
differences among datasets, it is difficult to use the same parameter setting to generate
a simplified SfM point cloud with an acceptable localization performance. As such, to
improve the robustness of SfM point cloud simplification methods, an approach that
is able to predict the key parameter K for different datasets is needed. Regardless
of the sources and algorithms for reconstructing the SfM point clouds, an invariant
requirement for successful image-based localization is that sufficient number of correct
2D-3D matches should be established. The main idea of my research for SfM point
cloud simplification is to build a model between the parameter K and the localization
performance, in which the number of correct matches can serve as an intermediate
proxy. Such a model not only can be used for parameter prediction, but also pro-
vides a data-driven description for the underlying SfM point cloud. In order to make
image-based localization better deployed in devices with limited memory resources,
my research also aims to use the built model to improve the effectiveness of SfM point
cloud simplification.

One popular application of image-based localization is to navigate users in large-
scale urban scenes. The major concern for this application is to disambiguate 2D-3D

matches which may have a large proportion of outliers due to massive descriptors and
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repetitive patterns. Though the state-of-the-art approaches [ZSP15, SEKO17] has been
shown to effectively handle noisy matches, two problems prevent these approaches from
being widely-used. The first problem is that they both heavily rely on an additional
assumption that the vertical direction and approximate height of camera are known in
advance. However, such an assumption requires additional sensors, e.¢. Inertial Mea-
surement Unit, which may not be available especially for historical images. The second
problem is that the match disambiguation process using the additional assumption is
very time consuming, making these approaches impractical. My motivation is based
on a ubiquitous but unused intrinsic knowledge: in SfM point clouds depicting urban
environments, the majority of 3D points can only be observed by nearby cameras due
to strong occlusions. My research goal for urban image-based localization therefore is
to efficiently and effectively leverage the intrinsic knowledge to disambiguate matches
of large outlier ratios.

As an orthogonal strategy of simplification to address the memory consumption
problem of large SfM point clouds, recent image-based localization approaches [TLTD'18,
FFW16] using binary feature descriptors greatly reduce the localization accuracy and
effectiveness. On top of a traditional binary feature representation [JDS08|, my first
research goal is to derive a method that can improve the feature-wise match disam-
biguation. Furthermore, the feature (e.g. visual similarity), visibility (e.g. point-image
relationship), and geometry (e.g. camera pose) information in image-based localiza-
tion leads to two interesting questions: How to unify them so that each can play its
proper role, i.e. use its discriminative power to a tee? When is the appropriate phase
to engage one specific information in a localization pipeline? Consequently, my sec-
ond research goal is to design a solid and complete match disambiguation pipeline
for matches under binary feature representation. The accuracy is also a key issue
for image-based localization especially in autonomous driving applications. As such,
my third research goal is to prevent degenerate pose hypotheses, which may cause

localization drift, from being sampled or selected.



Chapter 3

Data-driven SfM Point Cloud

Simplification

In this chapter, we consider using the SfM point cloud simplification method to address
the memory consumption problem of large-scale SfM point clouds. We present a data-
driven SfM point cloud simplification framework [CLZT16]' by taking it as a weighted
K-Cover problem, which mainly includes two complementary parts. First, an utility-
based parameter determination method is proposed to select a reasonable parameter
K for K-Cover based simplification methods by evaluating the potential of a SftM
point cloud for establishing sufficient 2D-3D feature correspondences. Second, we
formulate the SfM point cloud simplification problem as a weighted K-Cover problem,
and propose an adaptive exponential weight function based on the visibility probability
of 3D points. The rest of this chapter is organized as following. Section 3.1 gives the
preliminary knowledge that is related to our proposed framework. The parameter
prediction approach is given in Section 3.2. Section 3.3 presents the proposed adaptive

exponential weighted scheme. The experimental results are given in Section 3.4.

! Wentao Cheng, Weisi Lin, Xinfeng Zhang, Michael Goesele, Ming-Ting Sun, A Data-Driven
Point Cloud Simplification Framework for City-Scale Image-Based Localization. IEEE Transaction
on Image Processing, 26(1): 262-275, 2016.
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FIGURE 3.1: A bipartite graph representing the relations between 3D points and
images used for reconstruction

3.1 Preliminaries

3.1.1 K-Cover Algorithm

We first give a brief description about the structure of SfM point clouds used in our
work. The SfM point cloud can be reconstructed via a typical structure-from-motion
pipeline [SSS06]. Such a SfM point cloud mainly contains two types of information:
the information of database images and the information of 3D points. The 2D feature
descriptors that are used for triangulating 3D points are also stored in a SfM point
cloud. The relationship between database images and 3D points can be represented as
a bipartite visibility graph G = (Z, P, &), where nodes are Z of size m and P of size n,
each I; € Z represents a database image and P; € P represents a 3D point. An edge
E; ; € & exists if the 3D point FP; is visible in database image I;. Fig. 3.1 illustrates
an example of the bipartite visibility graph.

Based on the bipartite visibility graph, the K-Cover algorithm [LSH10] can be
adopted for SfM point cloud simplification. The K-Cover algorithm query images and
database images in a scene have a similar spatial distribution. Based on this assump-
tion, Li et al. formulate the simplification problem as selecting a minimum subset of
3D points so that each database image can find at least K 2D-3D correspondences
with the subset (each database image is covered at least K times) [LSH10]. Formally,

the K-Cover algorithm can be represented as following:

minimize X7 5;

, S; €{0,1} j=1,..n, (3.1)
subject to
EyzlEiij Z K i= 1, ., m.
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FIGURE 3.2: The proposed SfM point cloud simplification framework. H represents
the largest number of correspondence that a query image from a random view in
the underlying scene can robustly establish with respect to a SfM point cloud. K
represents the parameter used in K-Cover based SfM point cloud simplification
approaches. R represents the performance ratio provided by users.

where S; is a binary variable which equals to 1 when a 3D point P; is selected, otherwise
0. If point P; is visible in image I;, E;; = 1, otherwise E;; = 0.

The K-Cover problem is proven to be a combinatorial NP-hard problem [Fei98].
Alternatively, one can use a greedy heuristic method to find an approximate solution.
In each iteration, the greedy heuristic method will select the 3D point that is visible
in the largest number of uncovered database images. Here “uncovered” means that
the corresponding database image has observed less than K 3D points with respect to
the simplified SfM point cloud. Formally, the 3D point which has the largest visibility

value kc(P;) will be selected in each iteration. kc(P;) can be computed as following:

kc(P;) = argmax Z E;;. (3.2)
JEP\Y LeT\Y

where X represents the points that have already been selected, and ) is the set of

database images which have been covered at least K times in the current iteration.
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3.1.2 Overview

Fig. 3.2 illustrates the proposed SfM point cloud simplification framework. Given an
original SfM point cloud, a set of seed StM point clouds are generated by running the
K-Cover algorithm using very small K values. In practice, this procedure requires a
small amount of time. For each seed SfM point cloud, we use the Poisson Binomial
Distribution to estimate its largest number of 2D-3D correspondences that a query
image from random view can robustly establish, which is denoted as H. Based on
a key observation that p, which is used to compute H, increases linearly with K,
we obtain a model of K and H. With such a model, a threshold can be estimated
to determine the compactness of a SfM point cloud and when to invoke the adaptive
exponential weighted K-Cover approach. We run an image-based localization approach
on a training dataset to obtain another model between H and performance ratio R.
By combining these two models, the parameter K can be fast predicted for a provided
performance ratio R. In the following sections, we will describe the proposed SfM

point cloud simplification framework in detail.

3.2 Predicting Parameter K

3.2.1 Motivation

Previous works based on the K-Cover algorithm all require users to manually choose
a K value, either for obtaining a very compact SfM point cloud or for getting an
acceptable localization performance using the simplified SfM point cloud. In practice,
these two goals are hard to be achieved simultaneously with a manually chosen K. To
get a simplified SfM point cloud with both acceptable localization performance and
minimal number of points, the users have to test several simplified SfM point clouds
generated by using multiple K values. However, due to different characteristics in
various datasets, e.g. the density and spatial distribution of database images, using
the same K value may result in large localization performance variations on different
datasets. To evaluate the localization performance variations, we use the performance

ratio R as the measurement, which can be represented as

R=2- (3.3)
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TABLE 3.1: An example to illustrate that using the same K achieves significantly
different localization performance ratios on different datasets.

K 20 30 50

Dubrovnik | 69.42% | 85.14% | 93.74%
Rome 88.72% | 92.60% | 95.70%
Aachen 9.46% | 26.50% | 53.62%

where SP represents the localization performance using simplified SfM point clouds,
and OP stands for the localization performance using original SfM point clouds. To
measure the localization performance, we adopt an evaluation protocol widely-used
in previous image-based localization approaches [LSH10, LSHF12, SLK11, CSC*17,
SEKO17, LLD17]. With the same query image set, the localization performance is mea-
sured as the number of successfully localized images whose estimated camera poses are
supported by at least 12 inliers. Table 3.1 shows the performance ratio comparison on
three datasets using the same localization method [SLK12]|. For example, by setting
K = 30, we obtain a 85.14% performance ratio on the Dubrovnik dataset, 92.60% on
the Rome dataset and 26.50% on the Aachen dataset. A question naturally arises: Is
it possible to predict the parameter K used in K-Cover based approaches for a given
performance ratio?

In order to bridge the performance ratio R and the parameter K, we use an interme-
diate variable H which represents the largest number of correct 2D-3D correspondences
that a query image from random view can robustly establish. If the value of H of a
StM point cloud increases, the possibility that a query image in the underlying scene
can be successfully localized should also increase. Based on this fact, we propose to
build the first model between R and H. The K-Cover based approaches rely on a
common assumption that the spatial distribution of the query images is similar with
the database images. However, ensuring that each database image covers at least K
points does not guarantee that a random query image can also robustly establish at
least K correct 2D-3D correspondences. Therefore, we propose to build the second
model between K and H by taking the intrinsic characteristics of SfM point clouds

into consideration.
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3.2.2 Single Point Visibility Probability
3.2.2.1 Standard Definition

We first define V' (P;) as the visibility probability of point P;. The visibility probability
measures the chance that a point is visible from a random view in the underlying scene.
Assuming that 3D SfM point clouds are geometrically dense to describe the scene, a

single point’s visibility probability can be approximated by the following:
(3.4)

where d(P;) is the degree of point P; in the bipartite graph G, and m is the number

of all database images used for reconstructing SfM point clouds.

3.2.2.2 Density Estimation Based on Graph

Assuming that the database images are densely distributed, ¢(P;) is suitable to ap-
proximate the true visibility probability of 3D points. In real cases it is, however,
possible that the dataset does not meet this assumption. To accurately compute a
point’s true visibility probability, the density of a StM point cloud should also be con-
sidered. A straightforward way to estimate the density of a SfM point cloud is to
count how many database images or points fall into one cubic meter on average. But
not all SfM point clouds are of meaningful geometrical setting, making it difficult to
compare among different datasets. In this work, we propose to handle the density es-
timation problem using an image overlapping graph. Considering a certain number of
database images, if they have a denser geometrical distribution as shown in Fig. 3.3A,
the overlapping areas between them will be larger than database images have a sparser
geometrical distribution as shown in Fig. 3.3B. If we construct a graph to measure the
overlap between database images, such a graph will be denser when database images
are denser geometrically.

We construct an image overlapping graph O based on the bipartite graph G. Each
node in O represents a database image. Therefore, the number of nodes in O is the
same as m defined in Section 3.1. For two database images a and b, if they both
observe the same 3D point, we link them in the graph O. In addition, edges with
less geometrical consistency should be removed from the image overlapping graph. To

N(a,b)

this end, we only preserve edges with either ~Nay 0.1 or ]%?bl)’) > (.1, where N(a,b)
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v

Density =1 B Density = 1/3

(A) Dense Case (B) Sparse Case

FicUre 3.3: An illustration of different geometrical densities using the same
database images (a) when images have a dense geometrical distribution. The graph
density is 1 in this example, (b) when images have a sparse geometrical distribution.
The graph density is 1/3 in this example.

is the number of 3D points observed in both database image a and b, and N(a) and
N (b) are the number of 3D points observed in database image a and b respectively.
To measure the density of O, we use the standard density estimation method in graph

theory [Scol2]. The graph density can be computed as following:

2e

D= m, (3.5)
where e is the number of edges in graph O, and m is the number of nodes in graph
O. The visibility probability V' (P;) measures the chance that point P; is visible from
a random view in the underlying scene. ¢(F;) can be regarded as an appropriate
interpretation of V'(P;) only if the corresponding SfM point cloud is dense. Suppose a
scene is sparsely reconstructed from a small amount of database images, the number
of database images in which a single 3D point is visible will account for a large portion
of the overall database images. As additional database images are added, it is possible
that one added database image only contributes to triangulate a small amount of
points. For other points i.e. P; that are not visible in this added database image,
d(P;) remains unchanged while the number of the overall database images m increases.
¢(P;) will become smaller on average with the increase in the density of a SfM point
cloud. Since the graph density of O has a positive correlation with the density of the

point cloud, we define a nonlinear weight function f(D) to down-weight ¢(P;) in a low
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FIGURE 3.4: An example of evaluating a simplified SfM point cloud using the
Poisson Binomial distribution. The simplified SfM point cloud is generated with
K = 30 using the basic K-Cover algorithm on the Rome dataset. Based on the
evaluation, a random query image in the underlying scene is able to establish v =
59.8 2D-3D correspondences with Pr(X > v) = 1 with this point cloud.

graph density case in order to approximate V(P;) as following:
V(P;) = [(D)¢(F;), (3.6)

where f(D) = (1—6.72e213P). We use the original well-reconstructed SfM point cloud
in the Dubrovnik dataset [LSH10], and compute the average visibility probability as the
true visibility probability. Meanwhile, we use the basic K-Cover algorithm to generate
several simplified point clouds, which have lower graph densities compared with the
original SfM point cloud. The constants in the above equation therefore are obtained
using nonlinear fitting. For a SfM point cloud merged from multiple individual models,
the density of the whole SfM point cloud can be computed as a weighted average
density of all individual point clouds based on the number of database images in each

individual model.

3.2.3 Evaluate as Poisson Binomial Distribution

Let P be a SM point cloud of size 7, and V(F;) be the visibility probability of each
3D point. The correlation between 3D points is usually adopted to guide the feature
matching [SLK12, CN12|. For example, if a potentially correct 2D-3D match is estab-
lished, the neighboring 3D points can be prioritized. However, the visibility probability

is based on the relationship between 3D points and a random view. In addition, in



34 3.2. Predicting Parameter K

our work, we use the standard feature matching scheme in which each 3D point is in-
dependently matched with the query descriptors. Therefore, we assume that for each
point the visibility probability is independent with the existence of other points, we

define X;,7 =1,...,7 be a series of random Bernoulli trial as
X; ~ Bernoulli(V(P})),j =1,...,T (3.7)

where V(P;) = Pr(X; = 1) is the success probability that 3D point P; is visible in
a random view. The Poisson Binomial random variable X is defined as the sum of

independent and non-identical trials:
X=> X, (3.8)

Thus the probability that v points are visible in a random view is

=S IIvE) [[a-vE) (3.9)

A€F, jeA JEA:

where F, is the set of all subsets of v integers which can be selected from {1,2,3, ..., 7}.
Suppose A is one set in F.,, and A, is the complement of A. The cumulative distribution

function (cdf) of the Poisson Binomial distribution is

Pr(X <) = Z S IIvey) [Ta-ve)). (3.10)

I=0 AcF, jcA JEAC

Thus the probability that more than v points are visible in a random view is

P(X>7—1—ZZHV ) [Ja-v®)). (3.11)

=0 A€l jeA JEAC

Based on the central limit theorem [AG80], the Poisson Binomial distribution can be
regarded as the normal approximation (NA) [Honl1l]. The NA method approximates
the CDF of a Poisson Binomial distribution by

v+ 0.5 —p
g

PT(XS")/) %(I)( ),")/:1,...,7' (3'12)

Y4+ 0.5 —pu
o

Pr(X >~)~1-—9( ),y =1,.T (3.13)
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where the expectation can be represented as
-
p=B(X) = V(P (3.14)
j=1
and the standard deviation is
. 1/2
1/2
o = [Var(X)]'? =3 V(P)(1 = V(D)) (3.15)

Jj=1
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Algorithm 1: Predicting Parameter K

Require: Original SfM point cloud P. Provided performance ratio R,

1: run K-Cover on a training dataset, the results can be used as training data to

obtain a model between H and R
predict H, for R,
generate seed point clouds using a set of very small K
build the model between K and H
predict K, for H,
return predicted parameter K,

3.2.4 Efficient Prediction

Fig. 3.4 shows an example of evaluating a simplified SfM point cloud on the Rome
dataset. Pr(X > 7) = 1 means that a query image from a random view in the
underlying scene can robustly establish v 2D-3D correspondences with respect to the

simplified SfM point cloud. Concretely, H can be computed as following:

H = argmax (Pr(X >~v) =1). (3.16)
2l

Traditionally, computing H for a simplified SfM point cloud required to run specific
K-cover based simplification approaches. However, this could be time consuming
when the used parameter K is large. We propose an efficient evaluation method
based on a key observation that p in Eq. 3.13 increases linearly with K as shown
in Fig. 3.5. In addition, since V(P;) < 1 in large-scale datasets, we find that using
o = (p)'/? to replace Eq. 3.15 does not affect the evaluation in practice. In order
to derive the linear model parameters between K and p, we first generate several
seed SfM point clouds using a set of small K values and then fit them with a linear
model. Thus given a parameter K, u and H can be fast computed without running
simplification approaches. It is difficult to model the relationship between potential
correspondences number H and performance ratio R, since the final performance ratio
may also depends on the reliability of feature matching approaches. In this work,
we make a relaxation that most of possible 2D-3D correspondences can be found by
powerful feature matching methods such as ANN [AMNT98] and FLANN [ML09],
and the camera pose can be robustly estimated with found correspondences. Without
losing generality, we use the localization results on the Dubrovnik dataset using the

basic K-Cover algorithm as the training data to obtain a model between H and R.
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3.3 Adaptive Exponential Weighted K-Cover

3.3.1 Analysis

We begin by analyzing the greedy heuristic selection process of the K-Cover algorithm.
For better illustration we generally divide the whole process into two phases as follow-
ing:

—~Early phase: when most database images have not yet been covered at least K
times.

—Late phase: when most database images have already been covered at least K
times.

A key observation is that K-Cover will adopt some ”doubtful” selections in specific
phase. As shown in Fig. 3.6A, point A is visible in five database images that have
not yet been covered. Thus in the Early Phase K-Cover will select point A but not
point B since point B is only visible in two uncovered database images. However, in
Fig. 3.6B, even though point C is visible in more database images than point D, there
is only one uncovered database image in the visible list of point C. In the Late Phase
K-Cover will select point D which is visible in two uncovered database images and
point C will be discarded. When experimenting on city-scale datasets, points that are
visible in hundreds of database images may be discarded while points that are visible
in only few database images may be selected instead. However, a 3D point’s visibil-
ity probability is also an important factor that should be considered in image-based
localization tasks since highly visible points will have high probability to be captured
by a random view, or/and they may appear in a region that is more likely to be pho-
tographed, e.g. landmarks.

To recap, the goal of computing a subset is to ensure that the information of origi-
nal SfM point cloud can be preserved as much as possible for image-based localization
tasks. When K is large enough, the cardinality of the subset is also large enough to
describe the scene. However, when facing devices with limited memory resources, a
small K value is needed to locally store the simplified SfM point cloud. In such case,
points with high visibility may not be fully selected to describe important regions, e.g.
landmarks. If we simply select points with the highest visibility probability, the subset
will exhibit an extremely uneven spatial distribution which will significantly decrease
the image-based localization performance. In other words, this simple selection scheme

cannot ensure the coverage of database images. As such, a selection scheme is needed
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FIGURE 3.6: An illustration of different phases in the greedy selection process of
K-Cover algorithm. (a) In the Early Phase K-Cover selects point with high visi-
bility probability. (b) In the Late Phase K-Cover selects point with low visibility
probability.

to balance two key factors: the coverage of database images and the selection of points

with high visibility probability.

3.3.2 Adaptive Exponential Weighted K-Cover

Based on the analysis of the K-Cover algorithm, we propose a weighted K-Cover
algorithm as following;:
whe(Py) = w(V(B}), K)ke(P) (3.17)

where w(V(P;), K) is a weighted term related to the 3D points’ visibility probability
and the parameter K. kc(P;) is the coverage term used in the K-Cover algorithm (see
Eq. 3.2).

Defining a suitable w(V (P;), K) is very important for achieving our goal of bal-
ancing between the coverage of database images and the selection of points with high

visibility probability. In general it should obey the following two rules:

e it should be monotonous with V' (P;) which ensures that points with high visibility

probability are more likely to be chosen.

e it should reflect more emphasis on the selection of points with high visibility

probability in cases with extremely low memory resources.

For the first rule, we propose a weighted term with a constant exponent [CLS15] as
following:
w(V(F), K) = (V(P))"?, (3.18)
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where the constant 1.5 is set empirically. In practice, we find that this setting works
well in maintaining the balance. Other schemes, e.g. linear weighting, can be exploited
in the future.

In order to obey the second rule, the weighted term should take the value of pa-
rameter K into consideration. In general, small K values should be adopt to deal with
extremely low memory resources. However, due to different intrinsic characteristics of
SfM point clouds, it is difficult to set a common threshold for K to determine when to
put more emphasis on points of high visibility probability. To recap, the intermediate
variable H proposed in Section. 3.2 can be used to fairly model among different SfM
point clouds. For devices with limited memory resources, the SfM point cloud should
be intensively simplified, and a relatively small number of potentially correct 2D-3D
correspondences can be robustly established between a query image and the simplified
SfM point cloud. Suppose the threshold of H is set as H*, an adaptive K’ threshold

can be computed using the model between K and H
K' ={K|Hx = H°}. (3.19)

In this work, we empirically set H® to 40. Thus the adaptive exponential weight term

can be described as
1.5

w(V(Py), K) = V()5 (3.20)

3.3.3 Efficient Implementation

The running time of K-Cover algorithm is approximately O(nsv), where n is the
number of points in the original SfM point cloud, s is the size of selected subset and
v is the average number of database images that observe 3D points. Inspired by Cao
et al. [CS14], we also maintain an upper bound for each point so that we can skip
a large portion of points. In Eq. 3.17 the first term w(V (F;), K) is fixed for each
point with Eq. 3.20, and the second term is always less than the number of visible
database images of each point since kc(P;) counts the number of uncovered database
images from the visible image list. Therefore, the upper bound of each point can
be computed as w(V(P;), K)-d(P;). In each iteration, points whose upper bound
are below the current largest coverage will be discarded directly, which significantly
saves the computational cost. Algorithm 1 shows the whole pipeline of the adaptive

exponential weighted K-Cover algorithm.
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Algorithm 2: Adaptive Exponential Weighted K-Cover

Require: Bipartite graph G: nodes are database images Z = {1, I, ...I,,} and 3D
points P = { Py, P, ..., P}

LY+ 0, S« 0

2: Visibility probability V = {V(P,),V(P),...,V(P,)}
3: Set each point unselected U = {uy, ug, ..., u,} = {FALSE}
4: Upper bound x = {x1, X2, -, Xn}

5: while )V # 7 do

6: MAX =0

7. for j=1 to n do

8: if uj = TRUE then

9: if x; > MAX then
10: compute the value of Eq. 3.20
11: end if
12: update M AX

13: end if
14:  end for
15:  if I, are covered more than K times then
16: y=YU{L}
17: end if
18 S=SU{P;}

190 u; =TRUE
20: end while
21: return S

3.4 Experimental Evaluation

In this section, we first introduce the datasets and evaluation criteria used in the
experiments. The proposed parameter prediction method for K-Cover based methods
is evaluated on three real-world datasets. Last, we validate the proposed adaptive
exponential weighted K-Cover algorithm by comparing with state-of-the-art StM point

cloud simplification approaches.

3.4.1 Datasets

Table 4.1 shows the statistics of three widely-used datasets used in our experiments.
The Dubrovnik and Rome datasets are released in [LSH10], in which the database
images are downloaded from Flickr.com. The database images in the Aachen dataset
[SWLK12] are captured by a single DSLR in a deliberate way. The Dubrovnik dataset
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TABLE 3.2: Summarization of three city-scale datasets

Dataset Database Images | 3D Points | Query Images
Dubrovnik 6,044 1,886,884 800
Rome 15,179 4,067,119 1000
Aachen 3,047 1,540,786 369

Dubrovnik Aachen

Rome

FIGURE 3.7: The visualization of SfM point clouds used in our experiments.

contains a full reconstruction that uses all database images and query images. Conse-
quently, the camera poses of query images in the full reconstruction can be regarded as
ground truth for comparison. As such, we mainly evaluate the localization accuracy on
the Dubrovnik dataset. The SfM point cloud in the Rome dataset consists of several
individual landmarks, e.g. the Trevi Fountain, the Colosseum, the Pantheon, etc, in
Rome. The query images in the Aachen dataset are taken by a mobile phone over
two years. This long-term capture makes image-based localization more challenging

on this dataset. The corresponding SfM point clouds are visualized in Fig. 3.7.
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3.4.2 FEvaluation Criteria

3.4.2.1 Prediction Accuracy

Given a performance ratio, we first predict the parameter K and use this K to generate
a simplified SfM point cloud. The prediction accuracy is measured by the error between
provided performance ratio and real performance ratio using the resultant simplified

StM point cloud.

3.4.2.2 Simplification Performance

In order to evaluate the proposed adaptive exponential weighted K-Cover algorithm,
we focus on the localization results using simplified SfM point clouds. The localization
results can be evaluated using following measures:

—Localization Performance: we report the number of images that can be success-
fully registered by simplified SfM point clouds. We follow the evaluation protocol used
in previous methods [LSH10, SLK11] that a query image can be regarded as success-
fully registered if the best camera pose estimated by perspective-n-point algorithms +
RANSAC has at least 12 inliers. To evaluate the efficiency, we also report the average
computational cost to register or reject one query image. In addition, the inlier ratios
are also computed to measure the robustness of localization results.

—Localization Accuracy: The Dubrovnik dataset is the only dataset with mean-
ingful geometry measured in meter in the experiments. To evaluate the localization
accuracy, we compute the errors between the estimated camera poses and the ground
truth in this dataset.

—Computational Cost: we report the average running time of each SfM point cloud
simplification approach to compare their computational efficiency.

To the best of our knowledge, the state-of-the-art SfM point cloud simplification
methods are based on the K-Cover algorithm. Therefore, we mainly compare our
method with the following two K-Cover based approaches:

~KC. The basic K-Cover algorithm proposed in [LSH10].

—PKC. The probabilistic K-Cover proposed in [CS14]. The proposed weighted K-
Cover algorithm using Eq. 3.18 is denoted as WKC, and the adaptive exponential
weighted K-Cover using Eq. 3.20 is denoted as AEWKC.
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3.4.3 Evaluation of Predicting K

Table 3.3 and Table 3.4 report the prediction results on existing K-Cover based SfM
point cloud simplification approaches. For each approach, we pick ten K that can get a
meaningful performance ratio, e.g. above 50%. The real performance ratio results are
obtained by running image-based localization approaches on each simplified SfM point
cloud for ten times. For each K, we report the potential correspondences number H,
the predicted performance ratio, the real performance ratio and the error between the
predicted and the real performance ratio. Note that the prediction experiment is not
conducted on the Dubrovnik dataset with KC since it is used for training the model
between H and R.

Table 3.3 shows the prediction results with the KC method. In general, our pa-
rameter prediction method is accurate. In particular, the prediction becomes more
accurate when the predicted performance ratio is high, e.g. above 80%. For exam-
ple, if users require a simplified SfM point cloud with 91.85% performance ratio of
the Rome dataset, our prediction method can generate a point cloud that has 92.21%
localization performance in practice. In the case that the error between the predicted
performance ratio and the real performance ratio can be as high as more than 20%,
the corresponding H is usually small which means that a query image may not get
sufficient correspondences with respect to the simplified SfM point cloud for robust
camera pose estimation. Insufficient correspondences increase the uncertainty of the
camera pose estimation process. Insufficient correspondences also cause many local-
ization results to lie near the inlier threshold. However, in practical scenarios, the
common case is that users prefer to provide a high predicted performance ratio R to
obtain an acceptable localization performance with the simplified SfM point cloud. In
such cases, the proposed proposed prediction approach can achieve satisfactory results.
Table 3.3 reports the prediction results with the AEWKC approach. The prediction
achieves the highest accuracy on the Dubrovnik dataset. The accuracy on the other
two datasets is generally below 5% when the predicted ratio is larger than 70%. Table
3.4 reports the prediction results on the PKC approach and the proposed WKC ap-
proach. The prediction is still accurate especially when users need a high performance

ratio.
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TABLE 3.3: The experimental results of predicting K with KC and our proposed
AEWKC method (%). Note that the prediction experiment is not conducted on the
Dubrovnik dataset with KC since it is used for training the model between H and

R
KC AEWKC
Dubrovnik Dataset Dubrovnik Dataset
K H | Predicted R | Real R | Error | K H | Predicted R | Real R | Error
15 - - - - 15 | 31.5 83.30 68.08 | 15.22
20 - - - - 20 | 38.3 87.57 83.48 4.09
25 - - - - 25 | 45.2 90.11 86.71 3.40
30 - - - - 30 | 52.3 91.71 90.40 1.31
35 - - - - 35 | 59.4 92.73 91.25 1.48
40 - - - - 40 | 66.6 93.42 91.95 1.47
45 - - - - 45 | 73.8 93.90 93.08 0.82
50 - - - - 50 | 81.1 94.24 93.84 0.40
55 - - - - 55 | 86.4 94.42 94.59 0.17
60 - - - - 60 | 95.8 94.67 95.35 0.68
Rome Dataset Rome Dataset
K H | Predicted R | Real R | Error || K H | Predicted R | Real R | Error
10 | 15.6 57.37 72.40 | 15.03 || 10 | 35.7 86.21 79.85 6.36
12 | 19.5 66.61 78.32 | 11.71 || 12 | 39.9 88.28 83.17 | 5.11
14 | 23.5 74.01 82.15 8.14 14 | 44.2 89.82 86.03 3.79
15 | 25.6 77.07 84.27 7.20 15 | 46.4 90.44 87.21 3.23
18 | 31.8 83.55 87.27 | 3.72 18 | 52.9 91.82 88.69 3.13
20 | 35.9 86.32 88.72 2.40 20 | 57.2 92.46 89.70 2.76
22 | 40.2 88.40 89.48 1.08 22 | 61.6 93.04 90.50 2.54
25 | 46.6 90.49 91.10 0.61 25 | 68.3 93.55 91.78 1.77
28 | 53.1 91.85 92.21 0.36 28 | 75.0 93.96 92.45 1.51
30 | 57.5 92.50 92.60 0.10 30 | 79.5 94.17 93.17 1.00
Aachen Dataset Aachen Dataset
K H | Predicted R | Real R | Error || K H | Predicted R | Real R | Error
60 | 7.9 37.99 62.14 | 24.15 | 60 | 17.6 62.34 74.13 | 11.79
90 | 14.7 55.01 74.20 | 19.19 || 90 | 24.8 75.97 78.17 | 2.20
120 | 22.0 71.49 79.17 7.68 || 120 | 32.3 83.94 83.91 0.03
140 | 26.9 78.72 82.64 3.92 || 140 | 374 87.13 86.21 0.92
180 | 37.2 87.03 86.43 0.60 || 180 | 47.7 90.76 89.37 1.39
200 | 42.4 89.23 88.32 0.91 || 200 | 52.9 91.82 89.91 1.91
240 | 53.0 91.84 90.53 1.31 || 240 | 63.5 93.16 90.76 2.40
260 | 58.4 92.62 91.48 1.14 || 260 | 68.8 93.58 91.48 2.10
300 | 69.2 93.61 92.74 0.87 || 300 | 79.6 94.18 92.93 1.25
320 | 74.7 93.94 92.87 1.07 || 320 | 85.0 94.38 93.85 0.53
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TABLE 3.4: The experimental results of predicting K with PKC and WKC method
(%).

PKC WKC
Dubrovnik Dataset Dubrovnik Dataset
K H | Predicted R | Real R | Error | K H Predicted R | Real R | Error
15 | 15.0 55.80 53.01 2.79 15 | 26.2 77.86 71.60 6.26
20 | 21.7 70.95 67.86 3.09 20 | 34.3 85.35 81.22 4.13
25 | 28.6 80.62 79.87 | 0.75 25 | 42.7 89.34 86.79 2.55
30 | 35.6 86.15 85.03 1.12 30 | 51.2 91.51 90.06 1.45
35 | 42.8 89.37 88.74 0.63 35 | 59.8 92.78 91.62 1.16
40 | 50.1 91.30 90.57 | 0.73 40 | 68.5 93.56 92.26 1.30
45 | 57.5 92.50 91.62 0.88 45 | 77.3 94.07 93.45 0.62
50 | 65.0 93.29 92.45 0.84 50 | 86.1 94.41 94.50 0.09
55 | 72.5 93.82 93.72 0.10 55 | 95.1 94.66 94.97 | 0.31
60 | 80.1 94.20 94.42 0.22 60 | 104.0 94.83 95.50 0.67
Rome Dataset Rome Dataset
K H | Predicted R | Real R | Error || K H Predicted R | Real R | Error
10 | 15.6 57.37 73.36 | 15.99 || 10 | 28.4 80.41 78.66 1.75
12 | 19.7 67.04 79.06 | 12.02 || 12 | 33.9 85.08 82.64 2.44
14 | 23.8 74.48 81.88 7.40 14 | 394 88.07 84.02 4.05
15 | 25.9 77.47 84.32 6.85 15 | 42.2 89.16 84.40 4.76
18 | 32.3 83.94 87.10 3.16 18 | 50.7 91.42 88.10 3.32
20 | 36.6 86.71 88.69 1.98 20 | 56.5 92.37 89.70 2.67
22 | 41.0 88.72 89.37 | 0.65 22 | 62.3 93.04 90.80 2.24
25 | 47.6 90.74 90.75 0.01 25 | 71.0 93.73 91.61 2.12
28 | 4.3 92.05 91.96 0.09 28 | 79.9 94.19 92.28 1.91
30 | b8.8 92.66 92.76 0.10 30 | 85.8 94.40 92.91 1.49
Aachen Dataset Aachen Dataset
K H | Predicted R | Real R | Error || K H Predicted R | Real R | Error
60 | 8.2 38.59 63.91 | 25.32 | 60 | 12.7 49.65 68.77 | 19.12
90 | 154 56.85 75.27 | 18.42 | 90 | 20.7 69.09 79.18 | 10.12
120 | 23.1 73.20 79.81 6.61 || 120 | 29.0 81.03 83.60 2.57
140 | 28.4 80.41 82.67 2.26 || 140 | 34.7 85.60 85.80 0.20
180 | 39.2 87.98 88.14 0.16 | 180 | 46.4 90.44 89.27 1.17
200 | 44.7 89.97 88.68 1.29 || 200 | 52.3 91.71 89.91 1.80
240 | 56.0 92.30 91.17 1.13 || 240 | 64.3 93.23 90.85 2.38
260 | 61.6 92.97 91.29 1.68 || 260 | 70.4 93.69 92.11 1.58
300 | 73.1 93.86 92.05 1.81 || 300 | 82.7 94.30 93.69 0.61
320 | 78.9 94.15 93.53 0.62 || 320 | 88.9 94.50 94.00 0.50

3.4.4 Evaluation of Adaptive Exponential Weighted K-Cover

In order to fairly compare with other SfM point cloud simplification methods, we keep

the same number of points with other methods. For WKC and AEWKC, we use the
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same parameter K with KC, and terminate WKC and AEWKC until the same number
of points are selected as KC. However, PKC generally needs a smaller K to initialize the
simplification, we follow the choice in [CS14] to use approximate 0.6/ and terminate
PKC until it selects the same number of points as KC. For each dataset, we start
with a K value that provides a reasonable localization performance, e.g. > 60%. The
subsequent nine K values are set with different intervals for a complete comparison

with a wide range of localization performance.

3.4.4.1 Localization Performance

Table 3.5 shows the localization results on all three datasets. Since we focus on improv-
ing the localization performance in limited environment, we report results when using
small K. As can be seen from Table 3.5, WKC and AEWKC outperform other meth-
ods in most cases. For example, on the Dubrovnik dataset AEWKC achieves 82.96%
localization performance with K = 20 compared to 68.99% using KC and 67.44% us-
ing PKC. The sizes of the simplified point clouds are extremely compact compared
with original point cloud. Take the Dubrovnik dataset as example, AEWKC uses only
0.91% of the original point cloud to achieve 89.83% localization performance. Table
3.6 gives the comparison on the Rome dataset. WKC and AEWKC still outperform
the other two methods in all cases. The advantage is lower compared to the results
on the Dubrovnik dataset. On the Aachen dataset, a larger portion of the points are
needed. 3.45% of points are needed to achieve 72.08% localization performance, which
is 83.91% of the performance using the original point cloud. There are two reasons why
the improvement of PKC over KC is not as significant as in [CS14]. First, PKC involves
a trade-off which sacrifices the coverage of the database images and obtains a more
discriminative SIFT feature space. The registration algorithm used in [CS14] utilizes
a kd-tree structure and the SIFT features in a query image are directly matched with
the SIFT features in the point cloud. However, the registration algorithm [SLK12]
in our work adopts a bag-of-word model on the SIFT feature space, and the SIFT
features in a query image are matched with the visual words first. The registration
algorithm in our work thus has less workload which rely on computing the Euclidean
distance between two SIFT features than the registration algorithm in [CS14]. The
gain brought by the discrimination of the feature space with the registration algorithm
in our work is thus less than that with the registration algorithm in [CS14]. Second, to

generate a point cloud of the same number of points with the baseline KC approach,
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FIGURE 3.8: The average inlier ratio comparison

PKC usually terminates earlier leaving some database images uncovered. In addition,
PKC contains two stages in which the first stage generates an initial point subset with
an extra parameter. In our work, we set this parameter to approximately 0.6 K as rec-
ommended in [CS14]. This parameter setting based on empirical studies will aggravate
the effect that PKC sometimes may terminate too early and reduces its effectiveness.
Given a relatively large K, we notice that the WKC approach sometimes outperforms
the proposed AEWKC approach. The advantage is generally below 0.5%. Concerning
that in most cases AEWKC outperforms WKC with a large advantage, we believe that
the AEWKC approach is the most effective one.

Fig. 3.8 shows the average inlier ratios of the point clouds using four simplification

methods. In almost all the cases, AEWKC has the highest inlier ratio which indicates



48 3.4. Experimental Evaluation

TABLE 3.5: Localization performance comparison

(A) Dubrovnik dataset
K | #points | %points | KC(%) | PKC(%) | WKC(%) | AEWKC(%)

12 2808 0.31 40.43 40.53 09.82 67.65
15 7571 0.40 51.79 592.68 71.15 76.10
18 9391 0.50 61.98 62.56 78.06 80.44
20 | 10615 0.56 68.99 67.44 80.71 82.96
22 | 1189%4 0.63 72.25 73.75 83.22 84.20
25 | 13877 0.74 78.78 79.37 86.25 86.20
28 | 15895 0.84 82.50 83.25 88.43 89.06
30 | 17147 0.91 84.61 84.50 89.50 89.83
32 | 18700 1.00 86.54 86.74 90.00 89.75
35 | 20807 1.10 88.01 88.19 91.05 90.68

(B) Rome dataset

K | #points | %points | KC(%) | PKC(%) | WKC(%) | AEWKC(%)

6 5109 0.13 45.61 46.05 61.78 67.66
8 7053 0.17 63.22 64.43 72.82 74.69
10 9117 0.22 72.03 72.99 78.27 79.45
12 | 11216 0.28 77.93 78.66 82.23 82.75
15 | 14598 0.36 83.83 83.90 83.98 86.78
18 | 18071 0.44 86.84 86.66 87.66 88.25
20 | 20426 0.50 88.28 88.25 89.12 89.24
22 | 22828 0.56 89.04 88.92 90.35 90.05
25 | 26560 0.65 90.65 90.30 91.15 91.33
28 | 30367 0.75 91.75 91.52 91.82 91.99

() Aachen dataset

K | #points | %points | KC(%) | PKC(%) | WKC(%) | AEWKC(%)
50 19487 1.26 46.07 46.31 55.28 60.43
60 24036 1.56 53.38 54.90 59.62 63.68
70 28693 1.86 58.53 56.36 62.87 65.58
80 33445 2.17 63.14 63.68 65.85 67.20
90 38290 2.49 64.22 64.66 68.83 67.15
100 | 43186 2.80 67.20 64.55 68.29 69.10
110 | 48141 3.12 67.20 66.80 71.00 71.17
120 | 53220 3.45 68.02 68.56 72.08 72.08
130 | 58394 3.79 70.00 70.00 72.95 73.14
140 | 63613 4.13 71.05 71.07 73.71 74.07

the camera poses estimated with point clouds simplified by AEWKC are the most
robust. Fig. 3.9 and Fig. 3.10 report the average registration time to localize a query

image and the average rejection time to reject a query image. The registration and
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FIGURE 3.9: The average registration time comparison (in seconds)

rejection time mainly contain two parts: the time for establishing correspondences and
the time for RANSAC. Fig. 3.9A shows that WKC and AEWKC need less time to reg-
ister a query image on the Dubrovnik dataset. Even though WKC and AEWKC spend
more time on establishing correspondences, the high quality correspondences signifi-
cantly reduce the time for RANSAC. As shown in Fig. 3.9B, WKC and AEWKC have
a higher registration time on the Rome dataset because the main computation bud-
get is spent on establishing correspondences. Fig. 3.9C shows that four approaches’
registration times are comparable on the Aachen dataset. We notice that AEWKC
and WKC need slightly more time to reject an image. The reason is that point clouds
simplified using AEWKC and WKC can establish more 2D-3D correspondences with
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a query image, which make the feature matching process longer.

3.4.4.2 Localization Accuracy

Fig. 3.11 shows the average localization error on the Dubrovnik dataset. WKC and
AEWKC not only register more query images than other two methods, but they also
have smaller localization errors. For example, the average median localization error
of AEWKC is 3.77 meter compared to the ground truth. As reported in [SLK12], the
median localization error using the original point cloud is 1.40 meter. Considering the

fact that we use less than 1% of points, the localization error is still acceptable.
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TABLE 3.6: The computational cost comparison (unit:seconds)
(A) Dubrovnik dataset
K 12 15 18 20 22 25 28 30 32 35
KC 22.2 | 290 | 35.6 | 40.0 | 45.8 | 53.2 | 60.4 | 65.8 | 71.2 | 79.2
PKC 104.4 | 157.8 | 209.0 | 239.2 | 257.8 | 299.2 | 349.2 | 369.4 | 392.4 | 439.8
WKC 23.8 | 306 | 37.6 | 422 | 474 | 55.0 | 61.8 | 676 | 72.8 | 80.8
AEWKC | 238 | 30.8 | 374 | 422 | 474 | 55.2 | 62.0 | 68.0 | 73.0 | 80.8
(B) Rome dataset
K 6 8 10 12 15 18 20 22 25 28
KC 40.8 | 56.0 | 72.2 | 90.2 | 117.0 | 144.6 | 163.2 | 182.6 | 212.2 | 244.0
PKC 227.0 | 284.4 | 402.0 | 517.2 | 672.8 | 834.0 | 961.8 | 1092.2 | 1312.4 | 1471.2
WKC 42.2 | 572 | 73.2 | 91.2 | 1184 | 147.6 | 165.0 | 185.0 | 2154 | 246.0
AEWKC | 42.2 | 576 | 74.0 | 91.4 | 1184 | 147.8 | 165.0 | 185.4 | 215.0 | 246.4
(¢) Aachen dataset
K 50 60 70 80 90 100 110 120 130 140
KC 60.4 | 75.6 | 90.0 | 105.8 | 122.8 | 138.6 | 155.4 | 172.6 | 191.4 | 209.0
PKC 330.2 | 412.8 | 491.4 | 582.4 | 667.8 | 758.0 | 864.2 | 937.2 | 967.4 | 1061.2
WKC 62.2 | 776 | 91.2 | 107.6 | 124.6 | 140.4 | 157.0 | 175.0 | 193.6 | 212.0
AEWKC | 62.0 | 776 | 91.8 | 108.2 | 124.6 | 141.2 | 157.4 | 175.0 | 194.0 | 211.8

3.4.4.3 Computational Cost

Our proposed method mainly contains two components: the parameter prediction
method and the adaptive exponential weighted K-Cover algorithm (AEWKC). For

the parameter prediction method, most of the computation are spent on the offline

stage for building the model between R and H. In the online stage, our method is
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time-efficient since very small K values are adopt to generate the seed point clouds.
Table 3.6 shows the comparison of the computational cost of the AEWKC algorithm
and other state-of-the-art approaches. Every experiment was repeated 5 times and we
reported the average running time. The proposed AEWKC and WKC approach utilize
each 3D point’s visibility which can be efficiently extracted from the original point
cloud. Thus these two methods both have a negligible computational overhead against
the KC approach. The PKC approach takes a point cloud’s SIFT feature space into
consideration and causes a large computational overhead to compute the Euclidean
distance between 128 dimensional SIF'T features. We use the PKC code provided by
the authors. In general, the computational cost of PKC is five times higher than the

cost of other four approaches.

3.5 Summary

In this chapter, we investigate in using simplification techniques to reduce the pro-
hibitive memory consumption of large-scale StM point clouds. Based on the K-Cover
algorithm, we propose an SfM point cloud simplification framework that contains two
key components. The first component is a prediction method to obtain an appropriate
parameter setting in a data-driven manner. The second component is an adaptive
weighted scheme which can be easily integrated into the greedy heuristic K-Cover al-
gorithm. The experimental results on benchmark datasets demonstrate that: due to
reliable parameter prediction, our proposed framework makes SfM point cloud simpli-
fication applicable to point clouds of different characteristics. In addition, the simpli-
fied SfM point cloud generated by our framework exhibits superior localization per-
formance compared with state-of-the-art methods. The framework proposed in this
chapter opens the door for large-scale image-based localization applications to be run

on devices with limited memory resources.



Chapter 4

Two-stage Outlier Filtering for

Urban Image-based Localization

In this chapter, we aim to handle the match disambiguation problem in urban image-
based localization. The reasons causing this problem challenging are twofold. First, the
dense feature space of a large-scale SfM point cloud makes correct matches difficult to
be distinguished based on feature appearance. Second, urban environments typically
contain massive repetitive structures. The existence of many nearly identical feature
descriptors thereby severely reduce the distinctiveness of correct matches. To this end,
we propose a two-stage outlier filtering framework [CCL*19]' that has the following

contributions:

e A two-stage outlier filtering framework is proposed that simultaneously leverages
the merits of the visibility and the geometry intrinsics of an SfM point cloud
for urban image-based localization. The proposed framework removes outliers
in a coarse-to-fine manner by sequentially applying the designed visibility and

geometry based outlier filters.

e We propose a visibility-based outlier filter, which utilizes the bipartite relation-
ship between database images and 3D points in an SfM point cloud. Through

database image re-ranking and match augmentation, the visibility-based outlier

! Wentao Cheng, Kan Chen, Weisi Lin, Michael Goesele, Xinfeng Zhang, Yabin Zhang, A Two-
stage Outlier Filtering Framework for City-Scale Localization using 3D SfM Point Clouds. IEEE
Transaction on Image Processing, 28(10): 4857-4869, 2019
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filter is able to preserve more correct matches without severely degrading the

filtering quality.

e We derive a novel data-driven geometrical constraint for locally wvisible points,
which are widespread in SfM point clouds depicting urban environments. Based
on this constraint, we propose a geometry-based outlier filter in which matches
with locally visible points and non-locally visible points are separately evaluated
with a hybrid scheme. Comparing with the classic re-projection error measure-
ment, the derived geometrical constraint exhibits a superior efficiency in handling

matches with large outlier ratio.

e The effectiveness and efficiency of the proposed two-stage framework and its
individual modules are comprehensively analyzed. Based on the extensive ex-
perimental results, the matches generated by our method show a high reliability

for successful large-scale urban image-based localization.

The rest of this chapter is organized as follows: Section 4.1 gives an overview of
the proposed two-stage outlier filtering framework. Section 4.2 presents the proposed
visibility-based outlier filter as the first stage. Section 4.3 presents the proposed
geometry-based outlier filter as the second stage. Section 4.4 shows comprehensive

experimental results on two read-world large-scale datasets.

4.1 Proposed Framework

Fig. 4.1 illustrates the complete localization pipeline with the proposed two-stage out-
lier filtering framework. The pipeline starts with a 1-to-N feature matching procedure
[ZSP15] between a query image and a pre-computed SfM point cloud to obtain a set
of 2D-3D matches M. In the beginning of the visibility-based outlier filter, we use
a relaxed SIFT ratio test as an initialization step to leverage its power of rejecting
unreliable matches. By casting votes to database images using the initialized matches
M and the bipartite visibility graph, the probability that a database image contains
correct matches can be measured by its corresponding weighted votes. After database
image re-ranking, wrong matches can be filtered using the top rank database images.
Moreover, correct matches can also be augmented using the top rank database images.

With the matches M, obtained by the visibility-based outlier filter in the first stage, a
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FIGURE 4.1: The localization pipeline with the proposed two-stage outlier filtering
framework (in bold font).

subsequent geometry-based outlier filter is applied as the second stage. Locally visible
points are classified and a novel geometrical constraint is derived based on locally visi-
ble points. The outliers can be further removed by integrating the derived geometrical
constraint into a RANSAC-based pose estimation method. The final 6-DOF cam-
era pose can be computed using the matches M, generated from the geometry-based

outlier filter.
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4.2 Visibility-based Outlier Filter

The pipeline of the proposed visibility-based outlier filter is illustrated in Fig. 4.2. In

the following, we will describe the proposed visibility-based outlier filter in detail.

® @

Accepted 2D-3D matches 3D points

*0 40 ¢
¢0 0060

Rejected 2D-3D matches Database images

@ Top database images @ Eliminate single voted
database images

Query ima ‘

0 o0

+
Augmented 2D-3D match

e

r
E GPS-based re-
! ranking if available

FIGURE 4.2: The pipeline of the proposed visibility-based outlier filter. 1: initial-
ization with a relaxed ratio test (Section 4.2.1). 2: database image voting with the
bipartite visibility graph (Section 4.2.2). 3: re-ranking by eliminating single voted
database images (Section 4.2.3). In addition, the ranking can be optionally refined
if GPS data is available. 4: outlier filtering and match augmentation (Section 4.2.4).

4.2.1 Initialization

In an SfM point cloud, each 3D point is associated with a set of 2D feature descrip-
tors such as SIFT feature descriptors [Low04]. 2D-3D matches can be established by
searching nearest neighbors in an SfM point cloud for each query feature descriptor.
Let M be a set of initial 2D-3D matches established between a query image and an
StM point cloud. The visibility-based outlier filter starts with rejecting matches based
on feature appearance. The SIFT ratio test is a widely utilized method to reject unreli-
able matches [Low04, SLK12, ZSP15, SEKO17, CSC*17]: let p'** and p?"? be the first

and second nearest neighbors in an SfM point cloud for a query feature ¢q. A match is
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considered to be reliable if it satisfies the ratio test: ||¢ — p15t||2/Hq - pz"d”2 < 7. The
threshold 7 is usually set as 0.8 when matching between two images. However, due
to the high density of feature space in a city-scale StM point cloud, a correct match
will often fail the SIFT ratio test and be rejected. In order to preserve more correct
matches while rejecting wrong matches as much as possible, a relaxed SIFT ratio test
should be applied. The relaxation can be done by either increasing the threshold of
the SIFT ratio test or using an adaptive threshold [ZSP15]. Let M/ be the matches
that are accepted by the relaxed SIFT ratio test. In practice, M contains much fewer
ambiguous matches than the original matches M. We therefore use M ¢ instead of M

for the following database image voting procedure.

4.2.2 Database Image Voting

After obtaining the matches My with a relaxed SIFT ratio test, we aim to remove
outliers by utilizing the visibility intrinsics of an SfM point cloud. In an SfM point
cloud, the relationship between 3D points and database images can be modelled as a
bipartite visibility graph G = (P, D, £). Each node p € P represents a 3D point in the
StM point cloud, and each node d € D represents a database image which is used to
reconstruct the SfM point cloud. An edge (p,d) € & exists if the 3D point p is visible
in the database image d.

Leveraging the bipartite graph G, each 2D-3D match (¢,p) € My can cast a vote
to the database images that observe p. Thus, the votes for a database image d can be

computed as follows:

V(d)={(q,p) | (p,d) € E,(q,p) € My}. (4.1)

Ideally, a correct 2D-3D match (g,p) means that the query feature ¢ should depict
the same location as the 3D point p. Due to the continuity of geometry space, correct
matches should be frequently co-visible. The co-visibility of correct matches makes the
corresponding database images receiving high votes. Meanwhile, the weak co-visibility
among wrong matches makes them randomly casted to irrelevant database images. In
a city-scale dataset which contains a large number of database images, the votes that
each database image can receive with wrong matches should be much smaller than the
votes from correct matches. However, a database image that observes more 3D points

is inherently more likely to receive votes from wrong matches. In order to avoid bias



58 4.2. Visibility-based Outlier Filter

towards database images with more visible 3D points, the original vote |V(d)| should
be weighted by the number of 3D points that are seen by the database image d. Let
F(d) = {p| (p,d) € E} be the 3D points observed by the database image d. The
weighted votes W(d) of the database image d can be calculated as follows:
V()|

W(d) = m (4.2)
In real-world scenes, there are various kinds of repetitive patterns, e.g. doors or win-
dows, in a local region. It is possible that a query feature may establish multiple locally
ambiguous 2D-3D matches in repetitive patterns. The locally ambiguous matches will
falsely increase the weighted votes of the corresponding database images especially
when the votes contain few correct matches. Unfortunately, the relaxed SIFT ratio
test used in the initialization cannot entirely remove such locally ambiguous matches.
In order to reduce the influence of the locally ambiguous matches in the database im-
age voting procedure, we use an approach similar to Sattler et al. [SHR15] to enforce
that a query feature casts one unique vote to the same database image. Consider-
ing a query feature ¢ that establishes local ambiguous matches to the database image
d as {(¢,p) | (p,d) € £}, we randomly choose one match from the locally ambiguous
matches for casting vote to make sure that V(¢',p") € V (d) \ (¢,p) : ¢ # ¢

4.2.3 Database Image Re-ranking

A database image with more weighted votes indicates that the corresponding matches
are more likely to be correct. Thus the outlier filtering problem can be formulated
as solving an image retrieval problem. Given a query image, the database images are
ranked according to the corresponding weighted votes. Among the top rank database
images, special attention should be paid on those, which receive only one single vote
from the established matches. In a city-scale dataset, it is common that some database
images can only see a small number of 3D points due to low image resolution or
viewpoint uniqueness. For such database images, a single vote could produce a large
weighted vote value and a top rank. To recap, our core idea is based on the fact that
correct matches are frequently co-visible and thereby vote to the same database image.
Since the single vote does not exhibit any co-visibility feature, we first eliminate all
database images with |V(d)| < 1 from the database image list. The top K database

images DX are selected for outlier filtering. In addition, for the datasets with additional
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prior information such as GPS data, we can use the available data to further refine
the ranking of database images. The Euclidean distance between the query image and
each database image can be estimated using the associated GPS tags. We only select
the top K database images whose FEuclidean distances to the query image are below
a threshold. In this work, we set this threshold as 300 meters as suggested by Zeisl et
al. [ZSP15]. To avoid misunderstanding, all distances mentioned below are Euclidean

distances.

4.2.4 QOutlier Filter and Match Augmentation

In previous approaches [LSHF12, ZSP15, CSC*17], an inappropriate assumption is
that the matches rejected by the relaxed SIFT ratio test are all wrong matches. Here,
we point out that even though wrong matches take up the majority of the rejected
matches by the relaxed SIFT ratio test, a portion of correct matches are mistakenly
rejected. It is meaningful and beneficial to recover correct matches back to further
improve the quality of the matches. After retrieving the top rank database images
DK a match in M, which casts a vote to one of the database image in DX, can be

safely selected into M,, as follows:
M, = {(q,p) | (¢,p) € My, (p,d) € EANd € D*}. (4.3)

Moreover, for a match in M\ M ; which also casts a vote to one of the database image
in DX it can be recovered as long as the associated query feature has not been found
in M,, yet. Therefore, for each match in (¢, p') € M\ My, we iteratively select it into
M, ifV(q,p) € M, : ¢ # ¢'. Note that the recovered matches from M \ M are not

involved in the previous database image voting procedure.

4.3 Geometry-based outlier filter

Having obtained the matches M, using the visibility-based outlier filter in the first
stage, we now propose to further filter wrong matches using geometrical considerations.
Our key observation is that visual occlusion is a common phenomenon in a city-scale

StM point cloud. Therefore, there are a large number of locally visible points, which
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FIGURE 4.3: An illustration of a locally visible point in the San Francisco dataset
[LSHF12]. A locally visible point (red) is observed by nearby cameras (orange) of
the database images.

are only observed by database images whose camera positions lie nearby. Fig. 4.3 illus-
trates a typical example of a locally visible point. The restriction of cameras observing
locally visible points enables us to derive a novel geometrical constraint that is simply
based on the camera position. Different from traditional re-projection error measure-
ment, the proposed geometrical constraint can serve as a more robust inlier evaluation
measurement in RANSAC-based pose estimation, especially under large outlier ratio
scenario. In this section, we will describe the proposed geometrical constraint and its

application in detail.

4.3.1 A Data-driven Geometrical Constraint

In order to efficiently classify the locally visible points, we leverage the bipartite visi-
bility graph G. Let Z (p) be the set of database images which observe the 3D point p

as follows:
Z(p)={d]|(p.d)€&}. (4.4)
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Suppose Z(p) is of size n, a 3D point p can be regarded as a locally visible point if the
distance between p and the camera position of each database image in Z (p) is below

a defined distance threshold 7,0, as follows:
vci : ch _pH2 S 71locala (45)

where c¢; represents the camera position of the i"® database image in Z(p).

For each locally visible point in an SfM point cloud, we derive a geometrical con-
straint to restrict the position of a hypothetical camera, which can observe the locally
visible point. We define a sphere of radius r around the locally visible point to repre-
sent the region that a hypothetical camera may appear. The radius should be smaller
than the distance defined in Eq. 4.5 to ensure the locality. In addition, an adaptive
radius can be defined based on the average camera-to-point distance from a locally
visible point p to the camera position of each database image in Z(p). The average

camera-to-point distance is calculated using the equation:

dist(p) = >icallei = plly) (4.6)
n
where c¢; represents the camera position of the i'* database image in Z(p). For cases
when the average camera-to-point distance is much smaller than the local distance
threshold Tjoe in Eq. 4.5, we define an adaptive radius as r = adist(p). Therefore,
the radius of the sphere is 7 = min(adist(p), Tjocar)- In this work, we empirically set
a=4.

In addition, we apply the angle constraint [JDS08, ZSP15, SHR*15] based on the
view direction since the SIF'T feature descriptor is variant to a significant viewpoint
change. For each database image that can observe the locally wvisible point p, we
compute the viewing direction as a normalized vector pointing from the camera position
¢; to p. For a camera that observes p, the angle between the current viewing direction
and the viewing direction from one of the database images should be smaller than an
angle threshold A. Therefore the final derived geometrical constraint Coonstraint(cy, p)

can be defined as follows:

Hch — pH2 < min(OzdiSt(p)?T’local)

Jde; - K(cﬁ, cﬁ) <A, (4.7

Constraint(cp,p) = {

where ¢; represents the camera position of the i’ database image in Z(p). The derived

geometrical constraint is illustrated in Fig. 4.4.
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FIGURE 4.4: The derived geometrical constraint for a locally visible point p. For
each camera position of the database image which observes p, we define a cone with
height r and angle A\. A hypothetical camera ¢, which observes p should lie inside
at least one of the defined cones.

4.3.2 The Outlier Filter

In order to apply the derived geometrical constraint to filter outliers, a hypothetical
camera position needs to be established. Assuming that the camera’s internal calibra-
tion matrix K € R33 of a query image is known in advance, we utilize a P3P pose
solver [KSS11] to establish a hypothetical camera pose P = K [R]|t] € R3*4, where
R represents the rotation matrix and t is the translation vector. The hypothetical
camera position can be computed as ¢ = —Rt. Given the matches M, generated
after the visibility-based outlier filter, our goal is to find the camera position that is
most likely to observe the 3D points associated with correct matches in M,,. To this
end, we adopt a standard RANSAC scheme [Fis81] to verify multiple camera position
hypotheses. In each RANSAC iteration, the matches corresponding to locally visible
points are regarded as inliers if they satisfy the geometrical constraint in Eq. 4.7. The
matches corresponding to non-locally visible points are evaluated using the traditional

re-projection error measurement as follows:

lg —Ppll, <. (4.8)
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FIGURE 4.5: The distribution of camera positions in the geometry-based outlier filter
for a query image that depicts a local scene. The camera positions with P3P samples
(0 or 1 inlier) distributed throughout the whole SfM point cloud. It looks like many
of these are clearly wrong, e.g. in the ocean. The distribution shows that a P3P
sample with 2 inliers, which is much easier to be obtained than a P3P sample with
3 inliers under large outlier ratio scenarios, can provide us an approximate camera
position to apply the proposed geometrical constraint. The data was generated by
randomly sampling 10° trials using the image in Fig. 4.3.

The match corresponding to a non-locally visible point can be regarded as an inlier
if the re-projection error is below the pixel threshold v. Using the above hybrid in-
lier evaluation scheme, the camera model P* with the largest number of inliers is
returned. The inliers of P* therefore are selected as M, for the final pose estimation.
The geometry-based outlier filter is summarized in Algorithm. 3.

By incorporating the derived geometrical constraint for locally visible points, our
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Algorithm 3: The Geometry-based Outlier Filter
Require: M,, matches selected by the visibility-based outlier filter; M, C M,,
matches corresponding to the set of locally visible points L.
Require: The camera internal matrix K; re-projection error threshold v; maximum
RANSAC iterations [ter.
1: Inlier, gz < 0
2: for j = 0;5 < Iter do
3:  Randomly sample three matches from M,

4:  Compute the rotation matrix R and the translation vector t using P3P solver
5. Obtain the projection matrix P = K [R|t] and the camera center ¢ = —Rt

6: Inliers I} = Re-projection (M, \ M., P,~)

7. Inliers Iy = Constraint(c,p),p € L

8. if |I| > Inlier,,,, then

9: P* « P, Inlier o, < ||

10:  end if

11: g+ 7+1

12: end for

13: return The inliers of P* as M,

geometry-based outlier filter is efficient in handling matches with large outlier ratio
for two reasons. Firstly, traditional inlier evaluation method based on re-projection
error requires an accurate 6-DOF camera pose. While in the proposed geometry-based
outlier filter, the inlier evaluation for matches corresponding to locally visible points is
relaxed since it only requires an approximate 3-DOF camera position. Secondly, for
a query image that depicts a local scene, a P3P sample with three inliers is able to
produce a theoretically correct camera position which lies nearby locally visible points
corresponding to inliers. Inspired from Camposeco et al. [CSCT17], we observe that a
P3P sample with only two inliers is able to produce an approximate camera position
which lies nearby the theoretically correct camera positions. Fig. 4.5 shows an exam-
ple of the camera position distribution with a query image that depicts a local scene.
This relaxation on the number of inliers in a P3P sample significantly increases the
probability of finding an approximate camera position to apply the derived geometrical
constraint.

Suppose the inlier ratio of established 2D-3D matches is e, the probability of ob-
taining a P3P sample with two inliers (P3P-2i) can be computed as €. The traditional
re-projection error measurement requires an accurate 6-DOF camera projection ma-
trix, which is computed by a P3P sample with three inliers (P3P-3i). The probability
of obtaining a P3P-3i sample can be computed as £2. Considering a large outlier ratio

case, e.g. € < 0.1, the probability of obtaining a P3P-2i sample is much larger than
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obtaining a P3P-3i sample by a factor of 1/e. Therefore, the proposed geometrical
constraint for locally visible points is more robust under large outlier ratio scenario

comparing with traditional re-projection error measurement.

4.4 Experiments

We evaluate the proposed two-stage outlier filtering framework on two popular real-
world datasets: the San Francisco dataset [CBKT11, LSHF12] and the Dubrovnik
dataset [LSH10]. Table 4.1 summarizes the statistics of the datasets used in our ex-
periments. The San Francisco dataset consists of 1.06 million street-view database im-
ages for image retrieval tasks. For 3D structure-based localization, we use the publicly
available SF-0 SfM point cloud [LSHF12], which is built from 610k database images in
the San Francisco dataset. The query images have a different spatial distribution com-
pared to the database images, making feature matching in the San Francisco dataset
difficult. In addition, each database image is associated with a precise GPS coordinate.
The query images also are associated with GPS coordinates, in which some are not
very precise. As far as we know, the San Francisco dataset is the most challenging
dataset for 3D structure-based localization so far. Therefore, we mainly focus on eval-
uating our approach on this dataset. The Dubrovnik dataset has been widely studied
by [LSH10, SLK11, SLK12, LSHF12] and almost all query images can be localized.
Similar to recent works [ZSP15, CSCT17], we mainly focus on evaluating the pose
accuracy on the Dubrovnik dataset. For a comprehensive comparison, we include the

state-of-the-art approaches from three categories as follows:
e 3D structure-based approaches: Active search [SLK12], Co-occurrence [LSHE12],
KVD [SEKO17], CPV [ZSP15], Hyperpoints [SHR*15] and Toroidal [CSCT17].

e Hybrid localization approaches which combine 2D image-based and 3D structure-
based approaches: DenseVLAD + SfM [STS*17].

e Learning-based localization approach: PoseNet with novel geometrical loss func-
tions (GLF'), abbreviated as PoseNet (GLF) [KC*17].
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TABLE 4.1: The statistics of the datasets used in our experiments.

Dataset Database images | 3D points | Query images
San Francisco (SF-0) 610k 30.34M 803
Dubrovnik 6k 1.89M 800

4.4.1 Evaluation on San Francisco Dataset

4.4.1.1 Implementation Details

In the feature matching step, we use the FLANN library [ML14] for approximate
nearest neighbor searching between a query image and the SF-0 SfM point cloud.
For fair comparison, we follow the 1-to-N matching strategy used in existing works
[ZSP15, SEKO17]. For each query feature, at most 3 matches will be established.
In the initialization, a match is verified with a variable search threshold, which is
defined as 0.7 times the squared distance to the nearest neighbor in the query image
itself. In the proposed visibility-based outlier filter, we empirically select the top
200 database images and perform the match augmentation scheme with the selected
database images. In the proposed geometry-based outlier filter, we empirically set the
distance threshold Tj,cq; = 50 meters and the angle threshold A = 60°. Note that we
used the same parameter setting in both the San Francisco dataset and the Dubrovnik
dataset. We run a maximum of 1000 RANSAC iterations in the geometry-based outlier
filter.

4.4.1.2 Evaluation Criteria

In the San Francisco dataset, all database images and query images are annotated
with the ground truth building IDs. A query image is considered to be successfully
localized if the final inliers are registered to the ground truth building IDs. We use the
improved version of ground truth annotations reported by Arandjelovié et al. [AZ14].
Note that there are 66 query images whose ground building IDs are missing in the
SF-0 point cloud. We use the same evaluation criteria as customary used in previous
work [CBK*11, LSHF12, ZSP15, SHR"15] that the performance is evaluated as the

recall rate under 95% precision.
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FIGURE 4.6: The experimental results of our method on the San Francisco dataset.

TABLE 4.2: The average match statistics of successfully localized query images in
different stages of VF+GF in the San Francisco dataset.

Matches M M, M, Final Inliers
Stage Input | +VF | +VF+GF | +VF+GF+P3P
#Matches 4528 287 92 40
#Matches_correctIDs | 76 102 84 38
%Matches_correctIDs | 1.8% | 30.4% 87.8% 90.2%

4.4.1.3 Overall Evaluation

Our method includes two major modules: the proposed visibility-based filter, abbre-
viated as VF and the proposed geometry-based filter, abbreviated as GF. In order to

separately evaluate the impact of each module, we conduct several experiments on the

San Francisco dataset with the following settings:

VF: only use the visibility-based outlier filter.

GF: only use the geometry-based outlier filter.

VF-+GF': use the visibility-based outlier filter and the subsequent geometry-based
outlier filter.

VF+GF+GPS: use the visibility-based filter and the subsequent geometry-based

filter. Incorporate the GPS data in the visibility-based filter as described in
Section 4.2.3.
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TABLE 4.3: The comparison of our method with the state-of-the-art works on the
San Francisco dataset. All the listed recall rates are measured at a 95% precision
rate. The Vertical and Height assumptions mean that the camera’s vertical direction
with respect to the underlying SfM point cloud and the camera’s approximate height
are known in advance.

Method Geometrical Assumptions - /E({)eéalilSRasf ] [?PS
KVD [SEKO17] Vertical+Height 68.0 -
CPV+P3P [ZSP15] Vertical4+Height 67.5 74.2
CPV [ZSP15] Vertical+Height 68.7 73.7
Co-occurrence [LSHF12] - 54.2 -
Hyperpoints [SHR15] - 61.9 -
Our method - 69.6 78.1

After obtaining the set of matches using the above experimental settings, we
use P3P-RANSAC [KSS11] to compute the final 6-DOF camera pose. Fig. 4.6 re-
ports the experimental results using the above settings. For each setting, multiple
recall@precision results are generated by varying the inlier threshold to determine
whether a query image is successfully localized. We notice that GF achieves the worst
performance among all settings. The reason is that the original matches are very
noisy, i.e. below 1% inlier ratio. RANSAC used in GF requires too many iterations
to find a reliable solution with such extremely noisy matches. The significant gain of
VF+GF over VF indicates that the matches generated from VF may still contain a
large number of outliers, which GF can remove efficiently. With VF+GF, we achieve
a 69.6% recall at 95% precision. By incorporating the provided GPS data, the rele-
vance between then selected top rank database images and the query image has been
significantly improved. VF+GF+GPS can provide us a 78.1% recall at 95% precision.

In Table 4.2, we report the average match statistics of successfully localized query
images using our full prior-free pipeline VF+GF. Since it is difficult to determine the
number of inliers in the original matches with extremely large outlier ratios, we use the
number of matches which are registered to the correct building IDs as an approximate
upper bound of inliers. The ratio of the matches with correct building IDs among the
whole matches can be used to evaluate the quality of the matches. The matches M
after the initialization step have a very large outlier ratio, which make the pose estima-
tion difficult. After applying VF, the quality of matches is significantly improved from
a 1.8% ratio to 30.4% ratio. With the matching augmentation procedure in VF, the
number of matches with correct building IDs increases from 76 to 102. However, for

some query images the matches still contain a large number of wrong matches, which
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FIGURE 4.7: The exemplary query images and the corresponding estimated 6-DOF
camera poses in the SF-0 SfM point cloud for the San Francisco dataset.

make VF obtain a lower recall rate compared with VF+GF. Due to the relaxation
in both hypothesis and verification phase of RANSAC, GF is able to efficiently han-
dle the matches with large outlier ratio, which are generated by VF. After VF+GF,
the matches with correct building IDs are well preserved and the ratio significantly
increases from 30.4% to 87.8%.

4.4.1.4 Comparison with state-of-the-art

Table 4.3 reports the comparison between our method and the state-of-the-art ap-

proaches. The performance is evaluated by the recall at 95% precision, which was
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also used by related works [CBK™*11, LSHF12, ZSP15, SHR*15]. Our method outper-
forms state-of-the-art 3D Structure-based methods in scenarios without and with GPS.
Without additional assumptions about the camera’s vertical direction and approximate
height relative to the StM point cloud, our method (GF+VF) achieves a 69.6% recall at
95% precision. By incorporating the GPS data, the recall at 95% precision increases
to 78.1%. The localization performance achieved by our method (VF+GF) proves
that the visibility intrinsics and geometry intrinsics in a city-scale SfM point cloud are
not mutually exclusive and can be combined to remove outliers. Comparing with the
2D image-based approaches [AZ14, TSPO13, SHSP16], our method is able to provide
a 6-DOF camera pose for a query image, as illustrated by Fig. 4.7. The Burstness
[SHSP16] approach, which is 2D image-based, achieves a 72.4% recall at 95% precision.
Note that in the Burstness approach [SHSP16], they leverage the original 1.06 million
database images while the SF-0 SfM point cloud used in our method only contains the
information of 610k database images. In addition, the GPS data of database images

are leveraged for clustering locations.

4.4.1.5 Ablation Study of VF

To evaluate the impact of each individual component of the visibility-based outlier
filter (VF), we conduct an ablation study on the San Francisco dataset with different
VF schemes. Fig. 4.8 presents the experimental results of the re-ranking scheme in
Section 4.2.3 and the match augmentation scheme in Section 4.2.4. We can notice
that the re-ranking scheme improves the performance significantly. This improvement
indicates that the top rank database images after re-ranking are more relevant to the
query image, and are more likely to contain correct matches. The improvement of
the recall rate proves that the match augmentation method is able to recover correct
matches back that were previously removed. However, there is a drop of precision rate
in the high precision regime (> 95%). We found that the majority of the additional
falsely localized query images caused by the match augmentation scheme are due to
missing building ID annotations as shown in Fig. 4.9. The falsely localized query
images with missing building IDs are registered to other locations with nearly identical
appearances. In such cases, the 2D-3D matches recovered by the match augmentation
step still have high reliability to ensure the consistency between the 2D query features

and the features associated with the matched 3D points.
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FIGURE 4.8: The performance comparison to evaluate the re-ranking scheme in
Section 4.2.3 and the matching augmentation scheme in Section 4.2.4.

|y

GT Building ID: 727027372 (missing)

FIGURE 4.9: First row: the query images whose ground truth building ID annota-
tions exist in the SF-0 SfM point cloud, the bounding box shows the corresponding
pier marks of different building IDs. Second row: the falsely localized query images
caused by the matching augmentation scheme. Their ground truth building ID an-
notations are missing in the SF-0 SfM point cloud. They are falsely registered to
the same building IDs as images in the first row due to nearly identical appearance.

4.4.1.6 Ablation Study of GF

To evaluate the impact of each individual component of the geometry-based outlier
filter (GF), we conduct an ablation study on the San Francisco dataset by varying the
distance threshold Tj,., of the derived geometrical constraint in Eq. 4.7. Fig. 4.10
shows the experimental results using different T},.,; settings. All points are classified

as locally visible points with Tj,..; = oo. We can notice that this setting significantly
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FIGURE 4.11: The ablation study of the proposed geometry-based outlier filter (GF)

on the San Francisco dataset using different angle thresholds A in both with GPS
and without GPS scenarios.

decreases the localization performance. The main reason is that for non-locally vis-
wble points which can be seen by distant cameras, applying the derived geometrical
constraint will result in that many wrong matches can easily satisfy the hybrid inlier
evaluation measurement. The resultant matches with 7j,.,; = oo usually have a large
outlier ratio, which make P3P-RANSAC difficult to obtain a reliable solution.
Looking at Fig. 4.10, it is necessary to define an appropriate distance threshold
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TABLE 4.4: The statistics of locally visible points with different distance thresholds
Tiocal in the San Francisco and Dubrovnik dataset.

The San Francisco Dataset
Tiocal 25 50 100 00
#Locally visible points | 16.68M | 24.60M | 28.21M | 30.34M
%Locally visible points | 55% 81% 93% 100%
The Dubrovnik Dataset
Tiocal 25 50 100 %)
#Locally visible points | 0.27M | 0.87M | 1.24M | 1.89M
%Locally visible points | 14% 46% 66% 100%

Tocar to ensure that the derived geometrical constraint is accurate for evaluating inliers
with respect to locally visible points. To achieve this goal, we evaluate three distance
thresholds. The statistics of locally visible points in the San Francisco dataset is shown
in Table 4.4. We can notice that by setting Tj,cqr = 50m, 81% of 3D points are clas-
sified as locally wvisible points, which is compliant with the characteristics of the San
Francisco dataset since most of the database images depict street-view scenes. As can
be seen in Fig. 4.10A, by setting Tj,cq; = 50m or Tj,eq; = 100m, our method achieves a
significantly gain in both recall and precision comparing with 7;,.,; = oo. This proves
the benefit of the hybrid inlier evaluation measurement in GF. By setting Tjocq; = 25m,
the localization performance is worse than Tj,..; = 50m or T}, = 100m. The reason
is that under such setting, several points that should be locally visible points are clas-
sified as non-locally visible points instead, thereby need the classic re-projection error
measurement. Comparing with the inlier evaluation measurement using the derived
geometrical constraint, the efficiency of classic re-projection error measurement relies
more heavily on the quality of matches.

We also evaluate different 7)., settings when incorporating the GPS data in VF
as shown in Fig. 4.10B. The matches generated by VF usually have a larger inlier
ratio than without GPS scenario. Therefore, the difference of performance among
Tiocar = 25,50, 100 is smaller than the cases without GPS. Applying the derived geo-
metrical constraint to all points with 7j,.,; = oo still achieves the worst localization
performance. We also evaluate the impact of the angle constraint in GF by varying
the angle threshold A as shown in Fig. 4.11A and Fig. 4.11B. There is a noticeable
performance drop when A = 30°, which indicates that this threshold is too strict and
may reject correct matches. From the ablation study, we can notice that the derived
geometrical constraint based on the distances between the camera positions and the

locally visible points plays a major role in the geometry-based outlier filter.
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FIGURE 4.12: The localization performances using different 1-to-N matching
schemes.

4.4.1.7 Scalability and Efficiency

To evaluate the scalability of our method, we conduct a experiment by varying the
number of nearest neighbors in the 1-to-N matching scheme as shown in Fig. 4.12. As
can be seen, finding only one nearest neighbor per query feature achieves the lowest
recall due to insufficient correct matches. Among all the cases, N = 2 or N = 3
achieve the best performance, since these seem to provide a good balance between
preserving correct matches and rejecting wrong matches. In general, our method shows
its effectiveness in dealing with the very large outlier ratio scenario with multiple 1-to-
N matching schemes. With 1-to-3 matching scheme, the computational time for the

two-stage outlier filter (VF+GF) is close to 0.1 second.

4.4.2 FEvaluation on Dubrovnik Dataset

In order to fairly compare with existing works, we adopt two feature matching schemes

on the Dubrovnik dataset as follows:

e Scheme 1: the 1-to-3 matching scheme which is used in CPV [ZSP15]. Each
query feature can find at most three nearest neighbors in the SftM point cloud.
An adaptive distance threshold which is defined by 0.7 times the squared distance
to the nearest neighbor in the underlying query image is set to reject ambiguous

matches.
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TABLE 4.5: The comparison of registered query images between our method and
the state-of-the-art works on the Dubrovnik dataset.
Query Image Statistics
Method #Images | e < 18.3 | e > 400
P3P-RANSAC 628 596 11
Active search [SLK12] 796 704 9
KVD [SEKO17] 798 771 3
CPV [ZSP15] 798 725 2
CPV+P3P [ZSP15] 796 744 7
CPV+P3P+BA [ZSP15] 794 749 13
Toroidal [CSCT17] 800 739 8
DenseVLAD + SfM [STS*17] - - -
PoseNet (GLF) [KCT17] - - -
Our method (Scheme 1) 794 745 4
Our method (Scheme 2) 797 749 3
TABLE 4.6: The localization accuracy, robustness and efficiency comparison be-
tween our method and the state-of-the-art works on the Dubrovnik dataset. V4+H
means that the corresponding method relies on the prior information about camera’s
vertical direction and approximate height.
Localization Error e [m Assumption | Timels
Method 15t Quarter | Median 3”d[Q]uarter .
P3P-RANSAC 1.30 5.46 8.28 - 11.8
Active search [SLK12] 0.4 1.40 5.30 - 0.25
KVD [SEKO17] - 0.56 - V+H 5.06
CPV [ZSP15] 0.75 1.69 4.82 V+H 3.78
CPV+P3P [ZSP15] 0.19 0.56 2.09 V+H -
CPV+P3P+BA [ZSP15] 0.18 0.47 1.73 V+H -
Toroidal [CSC*17] 0.22 1.07 2.99 - 9.7
DenseVLAD + SfM [STS*17] 0.30 1.00 5.10 - ~200
PoseNet (GLF) [KCT17] - 7.9 - - 0.005
Our method (Scheme 1) 0.29 0.69 2.15 - 2.6
Our method (Scheme 2) 0.28 0.70 2.10 - 1.4

e Scheme 2: each query feature can only find at most one nearest neighbor in the

SfM point cloud, a squared distance ratio is set as 0.9 in the SIFT ratio test to
reject ambiguous matches. This matching is the same with KVD [SEKO17] and

Torodial [CSCT17].

We use the same evaluation criteria as [SLK12, ZSP15, SEKO17, CSC*17] to eval-

uate the localization result: a query image is successfully localized if the best camera

pose returned by RANSAC has more than 11 inliers. The re-projection error threshold
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Localization error = 2.46m Localization error = 0.24m

Localization error = 0.92m

FIGURE 4.13: The exemplary query images with corresponding estimated 6-DOF
camera poses and localization errors of the Dubrovnik dataset.

is set as 6 pixels. The pose accuracy can be measured with the ground truth 6-DOF
camera poses provided by Li et al. [LSH10]. In the Dubrovnik dataset, we select the
top 20 database images in the first stage to apply the visibility-based outlier filter.
Table 4.5 shows the localization performance of our method and other related works
on the Dubrovnik dataset. Under Scheme 2, we achieve a slightly better performance
considering the number of successfully localized images comparing with Scheme 1.
This indicates that the matches established with Scheme 2 contain sufficient correct
matches in the Dubrovnik dataset for an accurate pose estimation. As shown in Table
4.6, comparing with other methods that do not need any additional geometrical priors
[SLK12, CSCT17, STST17, KCT17], we achieve the state-of-the-art performance on the
median and 3¢ quarter pose accuracy, and a comparable performance on the 1% quar-

ter pose accuracy comparing with the Toroidal approach [CSCT17]. Comparing with
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FIGURE 4.14: The computational time of our method with Scheme 1 and Scheme
2 on the Dubronik dataset (also reported in Table 4.6).

the methods [ZSP15, SEKO17] that rely on the assumption of the camera’s vertical
direction and approximate height, we are able to achieve competitive results. Fig. 4.13
shows the exemplary estimated 6-DOF camera poses in the Dubrovnik dataset using
our method. In addition, our method has the third lowest computational time among
all existing methods. The Active search [SLK12] method is efficient by establishing
at most 100 2D-3D matches for each query image, which in the meantime reduces the
pose accuracy. Fig. 4.14 gives the details of our method’s computational time. As can
be seen, the feature matching step occupies the majority of the computational time.
The proposed visiblity-based outlier filter (VF) and the geometry-based outlier filter

(GF) can be efficiently executed in less than half a second.

4.5 Summary

In this chapter, we study the match disambiguation problem to improve city-scale
urban image-based localization. To this end, we propose a two-stage outlier filtering
framework with a visibility-based outlier filter and a subsequent geometry-based outlier
filter. We propose a novel re-ranking method to improve the relevancy of top ranked
database images, which can serve as a proxy to filter wrong matches. We also present
a match augmentation scheme to recover correct matches lost due to SIFT ratio test.
For urban-like StM point clouds, we propose a novel geometrical constraint to enhance

the geometry-based outlier filter, especially in large outlier ratio scenarios. Comparing
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with recent advanced outlier filtering approaches, our method does not rely on any
geometrical prior from other additional sensors. We experimentally evaluate the pro-
posed framework on two urban SfM datasets including the challenging San Francisco
dataset, and the results show that the proposed framework is a prior-free, efficient and

effective method for urban image-based localization.



Chapter 5

Accurate Image-based Localization
under Binary Feature

Representation

With the previous two chapters, we have shown how to separately handle the memory
consumption (especially in extremely limited resources) and match filtering (espe-
cially in urban environments) problems for large-scale image-based localization. In
this chapter, we make a step further by introducing a general framework [CLCZ19]!
that simultaneously addresses the memory consumption, match disambiguation and
localization accuracy problems. In order to make the image-based localization system
memory-efficient, our framework leverages a binary feature representation via Ham-
ming Embedding [JDS08] on a visual vocabulary. To solve the challenging match
disambiguation problem under binary feature representation, we use a cascade com-
bining three types of match filters to disambiguate matches in a coarse-to-fine fashion.
Meanwhile, the match disambiguation task is separated into two parallel tasks before
deriving an auxiliary camera pose for final filtering. One task focuses on preserving
potentially correct matches, while another focuses on obtaining high quality matches
to facilitate subsequent match filtering. In addition, our framework improves the local-
ization accuracy by a quality-aware spatial reconfiguration method for 2D-3D matches
and a principal focal length selection method for RANSAC. Table 5.1 illustrates the

"Wentao Cheng, Weisi Lin, Kan Chen, Xinfeng Zhang, Cascaded Parallel Filtering for Memory-
Efficient Image-Based Localization. International Conference on Computer Vision, 2019.

79
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Method Feature Type Fea tx:whv]i)sliﬁﬁ?gugelgﬁle Ty Prior-free SR

AS [SLK12] SIFT Strict Yes No Yes No
WPE [LSHF12] SIFT Relaxed Yes No Yes No
CSL [SEKO17] SIFT Relaxed No Yes No* No
CPV [ZSP15] SIFT Relaxed No Yes No* No
HFV [SHR'15] SIFT Strict Yes No Yes In RPE
EGM [LLD17] | SIFT+Binary | Relaxed Yes No Yes No

TC [CSCT17] SIFT Relaxed No Yes Yes No
SMC [TSH'18] SIFT Relaxed No Yes No* No
Ours Binary Relaxed Yes Yes Yes Before RPE

TABLE 5.1: Comparison of our proposed image-based localization framework to
other image-based localization methods. No* means that the vertical direction of
camera is known in advance, and RPE represents RANSAC-based Pose Estimation.
SR represents spatial reconfiguration.

key conceptual differences between our image-based localization framework and state-
of-the-art methods. We test our method on several widely used real-world datasets,
and the experimental results show that we achieve the best localization accuracy with
significantly lower memory requirements. Fig. 5.1 shows the complete pipeline of the
proposed image-based localization framework. From Section 5.1 to Section 5.3, we
describe three types of match disambiguation used in our framework in detail. In Sec-
tion 5.4, we give a comprehensive evaluation and comparison considering effectiveness,

compactness and accuracy.

5.1 Feature-wise Match Disambiguation

We start from feature-wise match disambiguation. Concretely, a feature-wise score
is computed for each match. By setting a relaxed criteria, we reject obviously wrong
matches to retain a feature-wise match pool that preserves potentially correct matches.
Also, we use a strict criteria to obtain a set of feature-wisely confident matches to

facilitate the subsequent visibility-wise match disambiguation.
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FIGURE 5.1: Overview of the pipeline of our proposed image-based localization
framework.

5.1.1 Data Pre-processing

Let P be the 3D points in an SfM model. Each 3D point is associated with a set of
SIFT descriptors. We first train a general visual vocabulary through k-means clus-
tering algorithm. In the offline stage, the descriptors of a 3D point are assigned to
their closest visual words through nearest neighbor search. For efficiency, we follow
[SLK12] by representing the SIFT descriptors of a 3D point as integer mean descriptor
per visual word. Subsequently, each integer mean descriptor is converted into a com-
pact binary signature containing B bits using Hamming embedding [JDS08]. Given a

query image, a set of SIFT descriptors are extracted, denoted as Q. For each descriptor
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q € Q, we first assign it to its closest visual word. With Hamming embedding, we also
obtain the binary signature for descriptor ¢, denoted as s,. For each 3D point p € P,
if one of its associated integer mean descriptors is quantized into the same visual word
with query descriptor ¢, a 2D-3D match can be established as m = {q <> p}. The

Hamming distance of m can be measured as h(sg, s,).

5.1.2 Bilateral Hamming Ratio Test

To evaluate the distinctiveness of the resultant 2D-3D matches, previous works mainly
focus on the SfM model side by using a fixed Hamming distance threshold [SWLK12],
a Gaussian weighting function [JPD*12], or density estimation [AZ14]. Few attentions
have been paid on disambiguating matches on the query image side, where the cor-
responding feature space is easier to distinguish correct matches due to its sparsity.
Inspired from Lowe’s ratio test [Low04] for SIFT feature descriptor, we propose a bi-
lateral Hamming ratio test that operates on both the query image and SfM model.
In order to prevent correct matches from being rejected in this step, we apply a
coarse disambiguation scheme by using a large Hamming distance threshold 7. There-
fore, for a match m = {q <> p}, the set of 3D points that can form a match with
query descriptor g can be defined as P(q) = {p € P|h(sq,sp) < 7}. Similarly, the set
of query descriptors that can form a match with 3D point p can be represented as
A(p) = {q € Q|h(sq, sp) < 7}. Our core idea is that a match should be distinctive if
its corresponding Hamming distance is significantly lower than the average Hamming
distance in P(q) and Q(p). To evaluate a match within the feature space of a query

image, we apply an image side Hamming ratio test as follows:

Zjeg(p) h(sja SP)

) = s QI

(5.1)

where one |Q(p)| in |Q(p)|? is used to compute the average Hamming distance, and
another is to penalize a match whose corresponding 3D point establish too many
matches with different query descriptors. We notice that it is safe to reject a match
when it is ambiguous in the feature space of query image. Therefore, we define a
threshold ¢, and reject matches if their corresponding scores are smaller than .

Similarly, to evaluate the distinctiveness of a match within the feature space of an
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StM model, we apply the model side Hamming ratio test as follows:

, B Zjep(q) h(sq, 85)
) = s s TP@]

(5.2)

Since the term |P(q)| may vary dramatically with using different size of visual vocab-
ularies, here we don’t use it to penalize a match whose corresponding query descriptor
can establish multiple matches with different 3D points. In addition, an SfM model
usually contains orders of magnitude more descriptors than an image. This makes the
model side Hamming ratio test prone to reject correct matches by directly setting a
hard threshold. Therefore, we only apply ¢'(m) as a soft scoring function to evaluate

a match. The final bilateral Hamming ratio test can be defined as follows:

= { p" =

5.1.3 Aggregating Gaussian Weighting Function

In order to strengthen the feature distinctiveness, we propose an adapted version of

Gaussian weighting function [JDS09] as follows:

(%)26_(3)2, 050 <h<T
w(h) =4 4e7°%,  0<h <050 (5.4)

0, otherwise,

where h is the Hamming distance of a match, and o is usually set to one quarter of
the binary feature dimension [AZ14]. By aggregating the Gaussian weighting function,

the score for a match m therefore can be computed as follows:
E(m) =T (m)w(h(m)). (5.5)

Overall, we can retain a feature-wise match pool M = {m|FE(m) > 0}, which focuses
on preserving correct matches. We also obtain a set of Feature-wisely Confident (FC)

matches Mpc = {m|E(m) > a},a > 0.
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5.2 Visibility-wise Match Disambiguation

Given the feature-wise match pool M and Feature-wisely Confident (FC') matches
M e, here we describe how to leverage the visibility information in an SfM model
to further disambiguate matches. In particular, we aim to achieve two purposes at
this stage: 1) to reject wrong matches in M to retain a visibility-wise match pool
that well preserves correct matches, 2) to select a set of high quality matches that are
substantial to derive an auxiliary camera pose for later geometry-wise disambiguation.

The visibility information encoded in an SfM model can be represented as a bipar-
tite visibility graph G = {P,D,E}. Each node p € P represents a 3D point, and each
node d € D represents a database image. An edge (p,d) € & exists if point p is observed
in database image d. Intuitively, correct matches usually cluster in the database images
that are relevant, a.k.a., visual overlap, to a given query image. Thus, the problem of
disambiguating matches can be transferred as a problem of finding relevant database

images.

5.2.1 Voting with FC Matches

Using the visibility graph G, a 2D-3D match m = {q <> p} can cast a vote to each
database image that observes point p. In order to prevent ambiguous matches from
interfering the voting procedure, we only use FC' matches to vote database images.
Inspired from [SHR*15], we also enforce a locally unique voting scheme. Let M%, =
{m = {q < p}|m € Mgc, (p,d) € £} be the FC matches that vote for database image
d. We enforce that a match for database image d can be added to M%, only if its
corresponding query descriptor has not appeared in M%., before. In addition, we only
consider database images that receive at least three votes to ensure high relevancy
to the query image. After accumulating the match scores for a database image, we
add a term frequency weight in order to penalize database images that observe a large
number of 3D points. Let P? = {p|(p,d) € £} be the set of 3D points that are observed

by the database image d, the voting score can be defined as follows:

Zme/\/l%c E(m)

VIPI

A larger voting score inherently indicates that the corresponding database image is

S(d) = (5.6)

more relevant to a given query image, hence more likely to find correct matches. We
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first retrieve top-k ranked database images d(k) with the largest voting scores. For a
match m € M, we select it into the set M4*) if its corresponding 3D point is observed
in at least one of the images in d(k). Note that only visibility information is consid-
ered and we preserve both FC and non-FC matches in M¥*) _ Similarly, we apply
a relaxed criteria by using a larger k; to select another set of matches M%*1) which
may contain more correct matches but also are more noisy than M *) Ak wi]]

serve a visibility-wise match pool and later be disambiguated in Section 5.3.

5.2.2 Two-step Match Selection

Naturally, we can define the matches in M%*) as Visibility-wisely Confident (VC)
matches. Due to the existence of feature-wisely ambiguous matches, VC matches
may contain a large portion of outliers, making them difficult to compute an auxiliary
camera pose. We propose a two-step match selection method to disambiguate VC
matches. In the first step, we select the FC from VC matches as Visibility-wisely and
Feature-wisely Confident (VFC) matches that can be defined as follows:

M“f.(?)c = {m|m € M ™ A E(m) > a}. (5.7)

The VFEFC matches exhibit high confidence to be correct since they not only are ob-
served in top ranked database images, but also are highly distinctive in feature space.
The major difficulty is how to distinguish correct matches from the rest Visibility-wisely
but Not Feature-wisely Confident (VNFC) matches that can be defined as follows:

M pe = MK\ MG (5.8)

During the image voting procedure, we leverage the point-image relationship of the
bipartite visibility graph G. Here we will use the point-point relationship in G to
help us disambiguate the VNFC matches. Intuitively, if a 3D point of one VNFC
match exhibits a strong co-visibility relationship with 3D points of VFC matches in
top ranked database images, it should be regarded as a potentially correct match.
To this end, we engage the second step match selection to infer potentially correct
matches from VNFC matches. For each database image d € d(k), we first count
the number of VFC matches and VNFC matches, which we call wé .. and wi o

respectively. If VFC matches occupy a larger portion compared with VNFC matches
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Algorithm 4: Visibility-wise Match Disambiguation

Require: Matches M with feature-wise match scores E(m), match score threshold «
Require: My, « 0, M) 0, MYk g
. /* explore point-image visibility */
Apply image voting with FC' matches using Eq. 5.6
Retrieve top-k and top-k; ranked database images d(k) and d(k;)
Select all matches in d(k;) as M4*1) for visibility-wise match pool
Select VFC matches Mc‘l/(?)c with d(k)
/* explore point-point visibility */
for All d € d(k) do

Compute the number of VFC matches w

Compute the number VNFC matches wé y o

for All m € M ype do

update the match score E(m) using Eq. 5.9

end for
: end for
. for Allm € M?}?Fc do
if E(m) > o then

MC\I/(?C-I = MC\I/(?C-I U{m}
end if
: end for
: return M“i/(lliic U /\/lc‘l/(fﬂc and Mk

I e T T e T = S = S SO oY
© P P TRy

in one database image, each VNFC match should receive stronger promotion from
VFC matches respectively. Therefore, for an VNFC match visible in database image

d, we increase its match score as follows:

@ ae

2 WYNFC
After updating the scores for VNFC matches in all database images in d(k), the larger
the updated score, the more likely that corresponding VNFC match is correct. Using
the previous match score threshold «, we can select a set of potentially correct matches
from VNFC matches. Since these potentially correct matches are mainly inferred by
exploring the visibility information with VFC matches, we call them VFC-I matches

and they can be defined as follows:
M(‘i/(?c_f = {m|m € M“i/(]}i,pc AN E(m) > a} . (5.10)

Therefore, the matches that we select from M¥*) are the union of VFC and VFC-I

matches. Algorithm 4 illustrates the process of visibility-wise match disambiguation.
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5.3 Geometry-wise Match Disambiguation

In this section, we describe how to use the obtained VFC and VFC-I matches to com-
pute an auxiliary camera pose, which facilitates geometry-wise match disambiguation

in the visibility-wise match pool Mk,

5.3.1 Quality-aware Spatial Reconfiguration

A common way to estimate a camera pose is to use pose solvers inside RANSAC
loops. The quality of input 2D-3D matches to pose solvers, i.e. the inlier ratio, is an
essential factor for a robust and efficient camera pose estimation. It is also important
to ensure that the input matches have a uniform spatial distribution. This becomes
essentially important when the majority of input matches cluster in a highly textured
region as shown in Fig. 5.2. Correct matches, rare but critical, in poorly textured
regions are unlikely to be sampled in RANSAC hypothesis stage. This will significantly
reduce the localization accuracy due to the difficulty of obtaining a non-degenerate pose
hypothesis.

Our goal is to obtain a set of matches that simultaneously has a large inlier ratio
and a uniform spatial distribution by selecting from VFC and VFC-I matches. To this
end, we first divide the query image into 4 x 4 equally-sized bins, denoted as B. The
VFC and VFC-I matches are then quantized into B according to the image coordinates
of their associated 2D query descriptors. To make the spatial distribution of selected
matches more uniform, we apply a spatial reconfiguration method to penalize dense
bins that have a large number of quantized matches and emphasize sparse bins that
have few quantized matches. Let NV, be the number of matches that are quantized into
bin b € B. Let R, be the proportion of matches that can be selected from bin b, the
spatial reconfiguration can be realized by computing R, as follows:

R, = _ VN (5.11)

ZiEB Vi
To achieve an efficient camera pose estimation, we limit that overall at most N matches
can be selected. Accordingly, for each bin b, the match selection quota is Ry /N.
We now start to select the VFC and VFC-1 matches. Starting with the first ranked

database image, we first select the corresponding VFC matches according to each bin’s
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selection quota. After that, if there exist bins that still do not reach the selection
quotas, we then select the VFC-I matches from these bins. Note that the VFEFC-I
matches exhibit inferior quality than the VFC matches because of their confidence in
only visibility. To ensure high quality of selected matches, the VFC matches should
be dominant. Suppose the number of selected VFC matches is Nypeo, we restrict
that at most SNy e, S < 1 VFC-I matches can be selected. We denote the selected
matches after quality-aware spatial reconfiguration as M. The quality-aware spatial

reconfiguration is illustrated in Algorithm 5.

5.3.2 Auxiliary Camera Pose with Principal Focal Length

We then use the selected matches after quality-aware spatial reconfiguration to com-
pute an auxiliary camera pose. Assuming a general scenario when the focal length of
a given query image is unknown, we can adopt a 4-point pose solver (P4P) [BKPO0§]
to estimate the extrinsic calibration and the focal length. In RANSAC-based cam-
era pose estimation, the estimated camera pose usually is the pose hypothesis that is
supported by the largest number of inliers. However, we noticed that this strategy
becomes unreliable when few correct matches exist. In such case, a co-planar degener-
ated sample may result in that the estimated camera will lie far away from the scene
with an unrealistic focal length. To tackle this unreliability problem, we propose a
statistical verification scheme to find a reliable camera pose. Let € be the largest num-
ber of inliers of a pose hypothesis after running a certain number of RANSAC+P4P
loops. We store the top-10 pose hypotheses, whose corresponding inliers are more than
0.7¢. For a successful localization, we notice that most of the top hypotheses have nu-
merically close focal length values. These focal length values, instead of the one with
largest number of inliers, provide us a more stable and reliable camera pose estimation.
Therefore, we propose to select the pose hypothesis whose focal length is the median
value among the top pose hypotheses. We define the selected pose hypothesis A as

an auxiliary camera pose, and its corresponding focal length as principal focal length f.

Disambiguation using Auxiliary Camera Pose. The computed auxiliary camera
pose exhibits sufficient accuracy. Using it to recover potentially correct matches back
can further improve the localization accuracy. We apply the auxiliary camera pose

on the visibility-wise match pool M®**1) to realize the geometry-wise disambiguation.
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Algorithm 5: Quality-aware Spatial Reconfiguration

Require: top-k ranked database images d(k), ./\/l(‘i,(?c, M“i,(?c_ /
Require: 4 x 4 bins B, match set threshold NV, allocation ratio 3, M, < ), number
of selected V F'C matches Ny rc < 0, number of selected V FC — I matches
Nyrc-r <0
/*Bin-based spatial reconfiguration™/
for all b € B do
Compute the proportion R, using Eq. 5.11
Occupied number u, < 0
end for
/*Set all matches unchosen™/
for all m € /\/l“i/(?c U MC‘Z,(?CJ do
Chosen flag ¢, - 0
end for
/*Pick VFC matches first*/
: for all d € d(k) do
for all m € M% . do
if ¢,, = 0 then
14: Obtain the bin index b for m
15: /*Do not exceed the bin quota™/
16: if u, < RyN then
17: Mg M u{m}, e, < 1,
18: NVFC eNVFc—l—l,ubeub—i-l
19: end if
20: end if
21:  end for
22: end for
23: /*Pick VFC-I matches™/
24: for all d € d(k) do
25:  for all m € M -_; do

[ S = S
w2

26: /*Ensure a good match quality™/
27: if ¢, = 0 and NVFC’/NVFCfI < [ then
28: Obtain the bin index b for m

29: /*Do not exceed the bin quota™/
30: if up < RN then

31: M~ M;U{m},c, < 1,

32: Nyro—r < Nypo_r+ 1, up  up + 1
33: end if

34: end if

35:  end for

36: end for

37: return M,
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FIGURE 5.2: The influence of a uniform spatial distribution for matches. Left
top: Original match set with 242 inliers shown in green and 64 outliers shown in
cyan (inlier ratio is 0.79), matches are clustered in mountain area; Left bottom: a
selection from original match set by applying spatial reconfiguration, this selection
has 63 inliers and 31 outliers (inlier ratio is 0.67), matches are more uniformly
distributed over the image; Right: Localization error statistics with these two match
sets by running 1000 camera pose estimation trials. Yellow box: the inside correct
but sparse matches are emphasized in match set 2.

We define a relaxed re-projection error threshold € in case rejecting potentially correct
matches. For a match {q <+ p} € M) et X, and Y, denote the coordinates of ¢
in 2D space and p in 3D space respectively. As such, a match can be selected as a
potentially correct match if the re-projection error is below the defined threshold as
follows:

JAY, — X, ], < 6. (5.12)

Final Camera Pose Estimation. The matches selected by the auxiliary camera
pose exhibit both high quality and high quantity. In addition, we have also obtained a
reliable focal length value f. Based on these, we can directly apply a 3-point pose solver
(P3P) [KSS11], which is much more efficient than 4-point pose solvers, to compute the
final camera pose. The process of match disambiguation using auxiliary camera pose

is illustrated in Algorithm 6.
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Algorithm 6: Disambiguation using Auxiliary Camera Pose

Require: Re-projection error threshold 6, auxiliary camera pose A, Z < ()
Require: M: selected matches after quality—aware spatial reconfiguration
Require: Visibility-wise match pool M@k

1: Run RANSAC + P4P solver with M,
2: Obtain the largest inlier number &,,4,
3: Store the top-10 pose hypotheses with € > 0.7¢,,44
4: Select the pose hypothesis P with median value focal length f
5: for all m € M¥*1) do
6: if [ AY, — X ||, <6 then
7: T+ TU {m}
8 end if
9: end for
10: Run final camera pose estimation using Z
11: return the pose hypothesis with largest number of inliers
TABLE 5.2: Summarization of the datasets used in the experiments.
3D Points Images 6-DOF
Dataset Image Capture (I Sub-models) Datjaase gQuelry Query Poses
Dubrovnik Free Viewpoint 1.89M (1) 6,044 800 SIM
Rome Free Viewpoint 4.07M (69) 15,179 1,000 -
RobotCar Seasons Trajectory 6.77M (49) 20,862 | 11,934 | LIDAR Registered
Aachen Day-Night | Free Viewpoint 1.65M (1) 4,328 922 StM

5.4 Experiments

5.4.1 Datasets and Evaluation Metrics

We evaluate our proposed image-based localization framework on four real-world datasets
as summarized in Table 5.2. The Dubrovnik [LSH10] and Rome [LSH10] datasets
were reconstructed from Internet photos via SfM techniques. The Dubrovnik dataset
depicts a historical city with one single SfM model, while the Rome dataset depicts
several landmarks with 69 unconnected SfM sub-models. For the Dubrovnik and Rome
datasets, we adopt the same evaluation metric used in related works [LSH10, SLK11,
SLK12, ZSP15, SEKO17, CSC*17, LLD17]. A query image is considered as success-
fully registered or localized if the best camera pose after RANSAC has at least 12
inliers. For the Dubrovnik dataset, the ground truth camera poses of query images
were obtained from an SfM model reconstructed from all database and query images.
The localization accuracy on the Dubrovnik dataset can be measured as the distance

between estimated camera center position and the ground truth camera center position
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FIGURE 5.3: Left: the visualization of the RobotCar Seasons dataset [SMT*18].
Right: two zoomed-in visualizations.

of query image.

The RobotCar Seasons [SMT* 18] dataset was reconstructed from images that were
captured with cameras mounted on an autonomous vehicle. The RobotCar Seasons
dataset covers a wide range of condition changes, e.g. weather, seasons, day-night,
which make image-based localization on this dataset challenging. The ground truth
camera poses of query images were obtained by aligning all 49 SfM sub-models to
LIDAR point clouds. The visualization of this dataset is shown in Fig. 5.3. The
Aachen Day-Night [SMT 18] dataset is an extension from the original Aachen dataset
[SWLK12] by including carefully checked SfM ground truth poses for query images.
To obtain the ground truth poses for night-time query images, they used hand-labeled
2D-3D matches by manually selecting a day-time query image from a similar view-
point for each night-time query image. Fig. 5.4 shows several exemplary images in the
RobotCar Seasons and Aachen Day-Night datasets. We follow the evaluation metric in
[SMT*18] and report the percentage of query images localized within Um and V° from
ground truth camera poses. To evaluate under different levels of localization accuracy,
we use the three accuracy intervals defined in [SMT*18] as follows: High-precision

(0.25m, 2°), Medium-precision (0.5m,5°) and Coarse-precision (5m, 10°).
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FIGURE 5.4: Exemplary images in the RobotCar Seasons (top three rows) and
Aachen Day-Night (last row) datasets [SMT*18].

5.4.2 Implementation Details

For the Dubrovnik and Rome datasets, we use the same vocabulary containing 10k
visual words trained by [SLK12]. For the RobotCar Seasons and Aachen Day-Night
datasets, we follow [SMT 18] by training a vocabulary containing 10k visual words on
all upright RootSIFT descriptors found in 1000 randomly selected database images in
the reference SfM model. Our proposed method involves several parameters. For all
datasets used in the experiments, we set B = 64, 0 = 16, ¢ = 0.3 and o = 0.8 for the
feature-wise disambiguation step. In the visibility-wise disambiguation step, we set
k = 20. In the geometry-wise disambiguation step, we set N = 100, § = 0.33, 6 = 10
pixels. The Hamming distance threshold 7 in Eq. 5.4 is set to 19 for the Dubrovnik,
Rome and RobotCar Seasons datasets. Since the query images in the Aachen Day-

Night dataset are significantly more textured, we found that setting 7 = 16 is sufficient
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TABLE 5.3: The comparison between our method and state-of-the-art methods on
the Dubrovnik dataset

Error Quartiles [m] | Localized
25% | 50% | 75% images
EGM [LLD17] | 0.24 | 0.70 | 2.67 794
TC [CSCT17] | 0.22 | 1.07 | 2.99 800
AS [SLK12] | 0.40 | 1.40 | 5.30 796
Our method 0.22 | 0.64 | 2.16 794

Method

to establish enough correct 2D-3D matches. In addition, we set k; = 50 for the Aachen
Day-Night dataset and k; = 100 for other datasets. For computing the auxiliary
camera pose and the final camera pose, we run both 1000 RANSAC iterations. For a
fair comparison on the Dubrovnik and Rome datasets, we use a threshold of 4 pixels
for final pose estimation. For a fair comparison on the RobotCar Seasons and Aachen
Day-Night datasets, we use a 3-point pose solver to compute the auxiliary camera pose
and a threshold of 4 pixels for final pose estimation. All experiments were conducted
with a single CPU thread on a PC with an Intel i7-6800K CPU with 3.40 GHz and 32
GB RAM.

5.4.3 Comparison with State-of-the-art

We compare our method with state-of-the-art image-based localization methods such
as EGM [LLD17], AS [SLK12] and TC [CSC™17]. Note that our comparison excludes
CSL [ZSP15], CPV [ZSP15] and SMC [TSHT 18], since their experimental results were
obtained with synthetic data (they extracted the gravity direction from ground truth
camera poses). On the RobotCar Seasons and Aachen Day-Night datasets, we also
compare with two more image retrieval-based methods, namely DenseVLAD [AZ13]
and NetVLAD [AGT™16]. They represent each image with global descriptors and es-
timate the camera pose by retrieving relevant database images.

Table 5.3 shows the comparison on the Dubrovnik dataset. As can be seen, our
method outperforms state-of-the-art methods in localization accuracy. The 50% and
75% quartile errors of our method are significantly lower than other methods. In the
meantime, we maintain a very competitive effectiveness, i.e. the number of success-
fully localized query images. Our method can successfully localize 794 out of 800 query
images on the Dubrovnik dataset. On the Rome dataset, our method can successfully
localize 991 out of 1000 query images.

Table 5.4 shows the percentage of query images localized within three pose accuracy
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TABLE 5.4: The percentage of query images localized within three pose accuracy in-
tervals of our proposed method compared with state-of-the-art localization methods
on the RobotCar Seasons dataset.

All Day All Night
m | 25/05/50 25705 /50
deg 2/5 /10 2/5/10
AS [SLK12] 356 /67.9/904 | 09/21/43

DenseVLAD [AZ13] | 7.7/31.3/91.2 | 1.0 /45 /22.7
NetVLAD [AGT*16] | 6.4 /26.3/91.0 | 0.4/23/16.0
Our method 48.0 / 78.0 / 94.2 | 3.4 / 9.5 / 17.0

intervals of our proposed method compared with state-of-the-art localization methods
on the RobotCar Seasons dataset. Our method significantly outperforms other meth-
ods in both High-precision (0.25m,2°) and Medium-precision (0.5m,5°) regimes. In
High-precision regime, our method can localize 12.4% (= 48.0% - 35.6%) more query
images comparing with AS. Interestingly, our method also outperforms retrieval-based
methods DenseVLAD and NetVLAD in Coarse-precision regime (5m, 10°) in day con-
dition. This indicates that the top ranked database images voted by our method
exhibit strong relevancy to provided query images. Yet, in night condition, when lo-
cal feature matching easily fails, DenseVLAD and NetVLAD can localize more query
images in Coarse-precision regime since they encode the global information for query
images. Table 5.5 reports the comparison on the RobotCar Seasons dataset in different
detailed conditions. Our method consistently achieves the best accuracy in High- and
Medium-precision regimes with large margins. It is worthy to mention that in the
Sun condition many query images are over exposed, making few feature descriptors
found. In such condition, our method significantly outperforms AS in Coarse-precision
regime. This is an interesting result since both our method and AS rely on local fea-
ture descriptors but not global image description. As shown in Table 5.6, our method
outperform other methods in most scenarios on the Aachen Day-Night dataset.

We also investigate the memory consumption required in our method and other
methods. In the following, let IV, be the number of 3D points in an SfM point cloud,
Ny the number of feature descriptors (which is also the number of observing database
images for all 3D points), N,, the number of integer mean descriptors based on the
quantization results on a compact visual vocabulary (N, is smaller than Ng), N,
the number of visual words contained in a visual vocabulary. TC needs to store all
SIFT descriptors associated with 3D points. Overall, it requires the following memory
consumption:

12- N, + (128 +4) - Ny. (5.13)
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TABLE 5.5: The percentage of query images localized within three pose accuracy in-
tervals of our proposed method compared with state-of-the-art localization methods
on the RobotCar Seasons dataset (in different detailed conditions).

m
deg

Overcast Winter (DAY) Sun (DAY) Rain (DAY)
25 705 /5.0 25 705 /5.0 25705 /5.0
2/5/10 2/5/10 2/5/10

AS [SLK12]
DenseVLAD [AZ13]
NetVLAD [AGT+16]

331/ 715/ 93.8
41 /26.7 / 93.3
2.8 /25.9 / 92.6

25.0 / 46.5 / 69.1
5.7/ 16.3 / 80.2
5.7 /16.5 / 86.7

51.3 / 79.8 / 96.9
10.2 / 40.6 / 96.9
9.0 / 35.9 / 96.0

DenseVLAD [AZ13]
NetVLAD [AGT*16]

8.6 / 30.1/90.2
7.0 /252 /918

8.7/36.9 /925
6.2 /228 /826

Our method 43.1 / 78.2 / 93.6 36.1 / 62.8 / 86.7 | 59.6 / 83.1 / 97.9
Snow (DAY) Dawn (DAY) Dusk (DAY)
m 25 /0.5 /5.0 25 /0.5 /5.0 25 /0.5 /5.0
deg 2/5/10 2/5/10 2/5/10
AS [SLK12] 36.4 / 72.2 ] 93.7 36.2 / 68.9 / 89.4 | 44.7 / 74.6 / 95.9

10.2 / 38.8 / 94.2
7.4/29.7 /929

Our method

36.5 / 76.5 / 97.8

2.3 /6.6 /15.3

Our method 54.2 / 84.9 / 95.3 51.1 /78.1 / 92.8 | 56.3 / 83.2 / 95.9
Overcast Summer (DAY) Night (NIGHT) Night-rain (NIGHT)
m 25 /0.5 /50 25 /0.5 /5.0 25 /0.5 /5.0
deg 2 /5 /10 2/5/10 2/5/10
AS [SLK12] 248/ 63.9 / 955 05/1.1/34 1.4 /30 /5.2
DenseVLAD [AZ13] 6.0 /29.8 / 92.0 0.9/34/19.9 1.1/55 /255
NetVLAD [AGT16] 6.5/ 29.6 / 95.2 02/18/155 0.5/ 2.7/ 16.4

4.5 /12.3 / 18.6

TABLE 5.6: The percentage of query images localized within three pose accuracy in-
tervals of our proposed method compared with state-of-the-art localization methods
on the Aachen Day-Night dataset.

Day Night
m 25 /05 /5.0 .25 /0.5 /5.0
deg 2/5/10 2/5/10
AS [SLK12] 57.3 /83.7/96.6 | 19.4 / 30.6 / 43.9
DenseVLAD [AZ13] | 0.0 /0.1/22.8 0.0/20 /143
NetVLAD [AGT*16] 0.0 /0.2 /189 0.0 /20 /122

Our method

76.8 / 88.1 / 95.4

25.5 / 35.7 / 52.0

12 bytes are required to store the position of each 3D point. 128 bytes are required

to store each SIFT feature descriptor. 4 bytes are required to store the corresponding

database image index for each feature descriptor. For each 3D point, AS needs to

store an integer mean (128-bytes) of SIFT descriptors per visual word for a 3D point.

Overall, it requires the following memory consumption:

12-N, +4- Ny + (128 +8) - N, + 128 N,

(5.14)
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TABLE 5.7: The memory consumption (in GB) comparison between our method
and other state-of-the-art methods.

Memory Consumption

Method Dubrovnik | Rome | RobotCar Seasons | Aachen Day-Night
EGM [LSH10] 0.78 1.66 - -

TC [CSCT17] 1.20 - - -

AS [SLK12] 0.75 1.60 2.72 0.76

Our method 0.14 0.30 0.52 0.14

where 8 - V,,, bytes are used to store the indexes of corresponding 3D points and visual
words for integer mean feature descriptors, and 128 - N, bytes are used to store the
compact visual vocabulary. Since EGM needs to store both 8-bytes binary signatures

and integer mean feature descriptors, it requires the following memory consumption:
12-N,+4-Ng+ (128 + 8+ 8) - N,,, + 128 N,,. (5.15)

To store the information of feature descriptors, our method only needs to store a
8-bytes binary signature per visual word for each 3D point. Therefore, the overall

memory consumption required by our method is as following:
12-N,+4-Ng+ (8+8)- N, +128- N,. (5.16)

Table 5.7 shows the comparison of memory consumption. Comparing to other meth-
ods, our method requires significantly lower memory consumption. For example, our
method achieves superior performance but requires only ~ 19% of memory consump-
tion of AS for the RobotCar Seasons dataset. For all datasets used in the experiments,
the average computational time to localize a query image is less than 1 second, which

validates the high efficiency of our method.

5.4.4 Ablation Study

We conduct an ablation study on the Dubrovnik dataset to evaluate the impact of
key components in our method. We first implement a baseline that can disambiguate
matches established from binary signatures. In the baseline implementation, a match is
evaluated by Eq. 5.4. Then, we select all matches from top-20 ranked database images
for computing the auxiliary camera pose, and we select all matches from top-100 ranked

database images to obtain the visibility-wise match pool. We keep other components
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TABLE 5.8: The comparison between our method and a baseline implementation on
the Dubrovnik dataset.

Error quartiles [m] | Localized
25% | 50% | 75% | images
Baseline 0.25 | 0.69 | 2.19 778
Our method | 0.22 | 0.64 | 2.16 794

Setting

TABLE 5.9: The ablation study of quality-aware spatial reconfiguration (QSR) and
principal focal length (PFL).

Setting Error quartiles [m] | Localized
25% | 50% | 75% | images
w/o QSR 0.26 | 0.74 | 2.53 793
w/o PFL 0.31 | 0.80 | 2.70 794
w/ QSR and PFL | 0.22 | 0.64 | 2.16 794

unchanged, and the difference between our method and the baseline implementation
is the bilateral Hamming ratio test in Section 5.1 and the two-step match selection in
Section 5.2. We test with multiple Hamming distance thresholds in Eq. 5.4, and the
baseline implementation achieves the best performance when setting the threshold to
11. Table 5.8 presents the comparison. Our method can successfully localize 16 more
query images than the baseline implementation. This clearly demonstrates that the
bilateral Hamming ratio test and the two-step match selection method are beneficial
to better disambiguate matches.

We also conduct an experiment on the Dubrovnik dataset to investigate the impact
of the quality-aware spatial reconfiguration (QSR) method and the principal focal
length estimation (PFL) in Section 5.3. We first disable QSR and select the same
number of VFC and VFC-I matches as when QSR enabled. Note that the matches in
QSR disabled are selected with the largest match scores. As shown in Table 5.9, QSR
significantly improves the localization accuracy. This indicates that obtaining a set
of uniformly distributed matches before RANSAC-based pose estimation is essential
for accurate image-based localization. To examine the benefit of PFL, we conduct an
experiment with traditional RANSAC scheme when computing the auxiliary camera
pose, i.e. the best camera pose is the one with largest number of inliers. As shown
in Table 5.9, PFL also significantly improves the localization accuracy. This indicates
that the auxiliary camera pose selected with PFL is more robust to apply geometry-

wise match disambiguation.
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5.5 Summary

In this chapter, we adopt the Hamming Embedding method to convert high-dimensional
feature descriptors to binary ones. Though this can largely reduce the memory con-
sumption of SfM models, the match disambiguation problem becomes more challeng-
ing. To break this dilemma, we propose a cascaded parallel filtering method to well
disambiguate 2D-3D matched under binary representation. We first introduce a bilat-
eral Hamming ratio test to better evaluate the feature-wise distinctiveness of matches.
We also improve the visibility-wise match filter by exploring point-point relationship
via a two-step match selection process. Through a quality-aware spatial reconfigu-
ration algorithm, our method can easily generate a set of matches with both high
quality and rational spatial distribution. Last, we propose to select the camera pose
hypothesis using principal focal length value to improve the localization accuracy.
The experiments on several benchmark datasets show that our method achieves a very
competitive localization performance in a memory-efficient manner comparing with
state-of-the-art. Because of high accuracy and compactness, the method proposed in
this chapter unleashes the possibility for image-based localization applications to be

used in the field of autonomous driving.



Chapter 6

Conclusions and Future Work

6.1 Conclusions

Image-based localization (i.e. estimate the 6-DOF camera pose for an image) using
an SfM point cloud is a fundamental problem in many 3D vision tasks. As elaborate
StM algorithms have made large-scale reconstruction efficiently implemented in ma-
chines, there is a need for an image-based localization method to handle the challenges
brought by the resultant large-scale SfM point clouds. In particular, we investigate
three major challenges: memory consumption, match disambiguation and accurate
camera pose estimation.

In Chapter 3, we have presented a novel framework for the SfM point cloud simpli-
fication problem. Based on evaluating the potential of a point cloud for establishing
sufficient feature 2D-3D correspondences, we derive a fast prediction algorithm to
predict the parameter K given an expected localization performance ratio. The de-
rived number of 2D-3D correspondences that a query image has from a random view
can serve a quality measure for an SfM point cloud, since it reflects the information
sufficiency for image-based localization. By analyzing the process of the K-Cover algo-
rithm, we claim that a single 3D point’s visibility probability is an important factor to
preserve the information of original 3D point clouds. An adaptive exponential weight
scheme is proposed for the greedy heuristic selection process, which introduces a neg-
ligible computational overhead.

The experimental study on three benchmarks has confirmed the robustness of our

prediction algorithm with respect to datasets with different attributes. The proposed

100
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parameter prediction method has been shown to achieve less than 5% error in most
cases when the provided performance ratio is above 70%. To the best of our knowl-
edge, our method is the first work that provides parameter prediction for SfM point
cloud simplification methods, which significantly improves their practical usability. In
addition, the proposed adaptive exponential weighted K-Cover algorithm, in a data-
driven manner, has been shown to outperform existing simplification methods in terms
of localization performance.

In Chapter 4, we have considered the challenging match disambiguation problem
in large-scale urban image-based localization scenarios. We have proposed a two-stage
outlier filtering method that consists of an improved visibility-based outlier filter and a
subsequent novel geometry-based outlier filter. In the first stage, we have demonstrated
that through database image re-ranking and match augmentation, the performance of
the visibility-based outlier filter can be significantly boosted. In the second stage, we
have derived a novel data-driven geometrical constraint that is useful in generating
a set of fine-grained matches. The geometrical constraint is motivated from a com-
mon phenomenon in urban environments: there exist many locally visible points that
can only be observed by nearby cameras. Based on this constraint, a hybrid inlier
evaluation measurement has been introduced in the geometry-based outlier filter for
RANSAC-based camera pose estimation.

Comparing with previous outlier filtering approaches, our method is prior-free with-
out requiring additional sensors to acquire the camera vertical direction. In addition,
our method has been shown to effectively and efficiently handle 2D-3D matches of
large outlier ratios, which frequently appear in urban scenes due to massive repetitive
patterns. Consequently, our method has been shown to outperform state-of-the-art on
the challenging San Francisco dataset in terms of urban image-based localization.

Finally, in Chapter 5, we have accounted for the image-based localization prob-
lem under binary feature representation. To handle the severe ambiguity of resultant
matches, we have proposed a complete pipeline that sequentially purifies matches using
feature, visibility and geometry intrinsics. Our novel bilateral hamming ratio test has
been shown to better capture the feature-wise distinctiveness of matches established
under binary feature representation. The proposed two-step match selection based
on the visibility intrinsic has been verified to be suitable for preserving more correct
matches. To improve the localization accuracy, we have introduced a quality-aware
spatial reconfiguration method, which maintains a good balance between the spatial

distribution and quality of matches.
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Comprehensive experiments on four popular real-world datasets have demonstrated
the benefit of our proposed image-based localization pipeline. Our method has been
shown to achieve very competitive localization effectiveness and accuracy in a memory-
efficient manner. The promising results on the RobotCar Seasons and Aachen Day-
Night datasets have implied that our method can well disambiguate 2D-3D matches
even in the challenging cross-season and day-night cases. The ablation study has

verified the usefulness of each key element in our method.

6.2 Future Work

In this section, we propose three further directions for future work.

Hybrid Scene Compression: The availability of both SfM point cloud simplifica-
tion and binary feature representation based methods leads to an interesting problem:
can we adequately fuse these two kinds of methods to further reduce the memory con-
sumption of large-scale SfM point clouds? During the SfM point cloud simplification
process, a recent hybrid scene compression method [CCPS18| preserves the feature
descriptors for the most informative 3D points. Meanwhile, less informative 3D points
are grouped and represented by a common feature descriptor, thereby saving the mem-
ory consumption for storing more 3D points. Inspired from this method, future work
could keep using high-dimensional feature representation for the informative 3D points
so that matches will be reliably established against these points. For 3D points that
are less informative, the binary feature representation could be adopted. As such,
using the same amount of memory resources, more information could be preserved

comparing with using only high-dimensional feature representation.

Long-Term Image-based Localization: In this thesis, we rely on traditional hand-
crafted feature descriptors (e.g. SIFT) for establishing tentative 2D-3D matches. Even
though proven to be robust under moderate geometrical changes, traditional hand-
crafted feature descriptors still are sensitive to strong geometrical and photometric
changes, e.g. illumination, to some extent. This leads to a challenge for long-term im-
age based localization since photometric changes frequently happen due to day-night
and season change. In future work, further improvements could be achieved by using
more powerful feature detection and description methods [YTLF16, DMR18] based on

neural networks. Moreover, it is promising to leverage feature descriptors [LCN16],
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which are more suitable for long-term image-based localization due to training under
various illumination changes. Except local feature descriptors, several global image
representations [AGT*16], which are trained to be more robust under photometric

changes, could also be adopted for future work.

Efficient Multi-sensor Fusion: As other types of sensors, e.g. Inertial measure-
ment unit (IMU) except cameras become more available, future work should consider
efficiently integrate priors from other sensors for image-based localization. Existing
methods [ZSP15, SEKO17, TSH*18] relying on the IMU data bring in a heavy com-
putation overhead due to exhaustively building and evaluating all possible hypothesis.
In this regard, we believe that improving the efficiency of multi-sensor fusion, which
could be achieved by prioritizing highly confident hypotheses using the data from other

types of sensors, is a meaningful topic for image-based localization.
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