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Abstract

This thesis studies vision based localization methods for unmanned ground vehicle

(UGV) to achieve accurate and robust positioning in GPS challenging environments.

Efforts are made from the perspective of topological and metric localization. Due

to the incremental nature, visual odometry belongs to metric localization category.

For a monocular visual odometry system, drift and scale ambiguity are the main

issues that restrict it from extensive applications in autonomous navigation. In this

thesis, a metric localization approach based on the fusion of visual odometry and

road constraints is proposed. The drift and scale ambiguity of monocular visual

odomtry are both considered as measurement uncertainties and incorporated into a

presented Gaussian-Gaussian Cloud model. The geometric shapes of road networks

are considered as constraints to assist with position estimation. Shape matching

method is utilized to evaluate the alignment between historical trajectory from visual

odometry and road shape from digital map.

As a typical topological localization approach, place recognition is playing important

roles in mobile vehicle navigation. Most of the current place recognition methods

are designed for the application in a particular environment (e.g. indoor or urban

environment). In this thesis, a place recognition method which is applicable to

various environments is presented. A modified vocabulary tree with the ability of

merging multiple kinds of features is designed to customize different combination of

features for different environments.

Nanyang Technological University Singapore



iv

The downsides of pure place recognition and road-constrained metric localization

are obvious. Place recognition approach suffers from its discontinuous output, while

road constrained metric localization suffers from the on-road assumption as well as

the tough initialization. To play their respective advantages, a metric-topological

localization approach based on the integration of place recognition, visual odom-

etry and road constraints is proposed. Topological and metric modules run in a

parallel way and a mutual check scheme is utilized to ensure the consistency of the

positioning results.

When information sources from other sensors are available, a proper sensor fusion

technique is required. To this end, a fusion approach is proposed to localize vehicles

by integrating a visual odometry, a low-cost GPS, and a two-dimensional digital road

map in this thesis. The concept of artificial potential field that is widely used for

obstacle avoidance is leveraged to represent measurements and constraints, respec-

tively. Position measurements from visual odometry and low-cost GPS are modelled

with a potential well function, while road constraints from digital map are modelled

with a potential trench function without additional map matching. By searching

for the minimum of the combined potential field, the position can be estimated. All

the approaches developed in this thesis are extensively and successfully verified on

real world datasets.
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Chapter 1

Introduction

1.1 General Overview

In the past decade, with the progress of artificial intelligence, unmanned vehicles

(UVs) are taking a growing role in the development of modern society. As shown

in Fig. 1.1, logistic companies are using robots to do warehouse management and

transportation; more and more car manufactures or even start-ups have launched

their self-driving programs; service robots such as restaurant robot waiter and hotel

room service robot are performing jobs that is dirty, dull or repetitive. Their good

properties such as self-replication ability, upgradable and deep learning capability

make intelligent robots involved in virtually every sector of our economy. Manpower

is released and we human beings are stepping into a new period.

One of the most basic requirement for unmanned vehicle is its self-localization ability.

Whatever a self-driving car, a bomb disposal robot, or even a self-guided vacuum

cleaner, the position has to be obtained during task. Most commonly used methods

for self-localization are sensor-based, which use sensory information to locate the

robot in its environment. Many different sensors have been used, among which the

Global Positioning System (GPS) is the most popular for outdoor environment. GPS
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2 1.1. GENERAL OVERVIEW

Figure 1.1: Application of unmanned vehicles. The three figures from left to right
show logistic robots, driverless car and room service robot.

can provide a good accuracy under ideal condition; however, it can be inaccurate

or unavailable due to obstacles such as skyscrapers and trees. GPS signals can also

be affected by multi-path issues [1], which tend to cause significant errors on robot

localization. 3D sensors like scanning laser range finders are also widely used (e.g.,

the Google car [2]) due to their high accuracy (e.g., 1 mm, phase range finders),

low energy consumption and high reliability in complex environments. However,

such sensors can cost tens of thousands of dollars. Other sensors such as inertial

measurement unit (IMU) [3] have also been used for localization purpose. But they

generally lack the ability of environment perception.

Recent years, navigation based on visual sensors has drawn great attention due to

its low cost and possibility to provide a full 6 degree of freedom (DOF) motion

estimation. Generally, there are two kinds of vision-based localization approaches

according to the continuity of the positioning results. The first category is called

metric localization due to the accumulative nature. Visual odometry (VO) is one

of the most representative approach of metric localization. It estimates the instan-

taneous motion using the input from a camera rigidly attached to the body of the

mobile agent. As the agent moves, the ego-motion is estimated recursively as de-

picted in Fig. 1.2a. Thus, a continuous trajectory can be estimated. However, with

this kind of approach, the small errors of motion estimation accumulate over time

and result in drift on localization. Visual simultaneous localization and mapping

(SLAM) is an improved VO. Instead of estimating ego-motion alone, the map of the

environment is created simultaneously. One important feature of visual SLAM is its

loop closure detection module, which allows to correct accumulated drift after large

loop closures. That is, when a place has been revisited, the accumulated error can

Nanyang Technological University Singapore



1.1. GENERAL OVERVIEW 3

Frame 1

Frame 2 ...

1C

2C

(a) Visual odometry.

?

(b) Place recognition.

Figure 1.2: Representative vision-based metric and topological localization ap-
proach, separately.

be corrected through the position constraints given by visual loop-closure detection.

Hence, the ability of recognizing a pre-visited place or place recognition ability is

critical for visual SLAM.

The second category of vision-based localization is called topological localization,

which refers to the identification of the discrete location of the mobile agent. Instead

of finding the metric position, only a rough position information, such as “I am in

the office”, is given in topological case. As shown in Fig. 1.2b, place recognition can

be interpreted as: given one query image taken at anywhere of the world, find one

or more images in the geo-tagged database depicting the same place. The matching

process between the query image and the database can be considered as an image

retrieval scheme in computer vision field. Since the image database is generated in

discrete way, place recognition belongs to topological category. The main challenge

place recognition faced is no longer the drift issue but how to cope with appearance

variations and perceptual aliasing. In addition to loop closure in SLAM, place

recognition can be very effective in scene understanding and semantic mapping, as

well as map fusion. Incorrect place recognition can cause large errors in a SLAM or

map fusion context, or break down a scene interpretation system, emphasizing the

importance of robust place recognition.
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4 1.2. OBJECTIVES AND CONTRIBUTIONS OF THIS STUDY

1.2 Objectives and Contributions of This Study

In this thesis, we aim to develop robust vision based localization methods for un-

manned ground vehicle in GPS challenging environments. Efforts are made from

the perspective of metric and topological localization. Firstly, a road-constrained

metric localization approach based on VO is proposed. Then a topological local-

ization approach based on place recognition is developed. To play their respective

advantages, an integrated approach which combines topological and metric local-

ization is also explored. Finally, to deal with situations where multiple information

sources are available, a sensor fusion approach is presented to localize vehicles. All

the approaches developed in this study are extensively and successfully verified on

real world datasets.

Specifically, the main contributions of this thesis are as follows:

1. A metric localization approach based on the fusion of VO and road

constraints (Chapter 3).

Studies on monocular VO have been very popular in the past decade, and lo-

calization approaches using one single camera are very desired. Nevertheless,

there are two main challenges: drift and scale ambiguity, restricting monoc-

ular odometry from an extensive application on real autonomous navigation.

Inspired by the concept of cloud, a new Gaussian-Gaussian Cloud model is

proposed to give a unified representation of the measurement randomness and

scale ambiguity in monocular VO. In this model, a collection of cloud drops is

generated. Both the drift and scale ambiguity are considered and represented

simultaneously in each cloud drop. To reduce the measurement uncertainties

of any drop in Gaussian-Gaussian Cloud, road constraints from the geomet-

ric shapes of road network from the open source map—OpenStreetMap are

utilized. The map is firstly converted to a template edge map and a shape

matching step is then implemented to assign probability of each cloud drop,

Nanyang Technological University Singapore



1.2. OBJECTIVES AND CONTRIBUTIONS OF THIS STUDY 5

indicating what degree the drop accords with road constraints. A parameter

estimation scheme is used to narrow down the scale ambiguity of monocu-

lar VO while resampling cloud drops. Evaluations on the KITTI benchmark

dataset and our self-collected dataset have demonstrated the stability and

accuracy of the proposed approach.

2. A topological localization approach based on place recognition (Chap-

ter 4).

Place recognition has been intensively studied in the context of robot vision

and bag-of-word (BOW) based approach gains its popularity for its efficiency

and robustness. No matter what kind of place recognition system, an appropri-

ate appearance representation method should be chosen. Many image features

have been examined in the past for place recognition purpose. However, there

is no such feature that outperforms others in all environments. Each feature

has its own advantage, thus, they should be carefully chosen depending on the

contexts and environments. In this thesis, the author proposes a place recog-

nition method which is applicable to various environments. The core of this

method is a modified vocabulary tree that has the ability of merging multiple

kinds of features. With this design, users can customize different combination

of features for different environments. Note that “modified” here is relative to

traditional BOW vocabulary tree. The system has been tested in real-time on

real-world datasets and the experiment results demonstrate the advantage of

our system compared with existing approaches.

3. A metric-topological localization approach based on the integration

of place recognition, VO and road constraints (Chapter 5).

Visual odometry, road constrained methods and place recognition are all pop-

ular approaches to localize a mobile vehicle from three different perspectives.

Separate implementation of these methods may cause the localization system

vulnerable due to the drift issue and local pose estimation of VO, the on-road

assumption and tough initialization of road constrained methods, and the dis-
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6 1.2. OBJECTIVES AND CONTRIBUTIONS OF THIS STUDY

continuous output of place recognition. In order to give full play to their ad-

vantages, an integrated localization strategy is presented in this study, where

the metric information from VO measurement as well as digital map, and the

topological information from place recognition are incorporated. Place recog-

nition assists initialization process and provides topological place estimation

at all times. Gaussian-Gaussian Distribution is used for VO raw measurement

representation such that the errors of odometry is appropriately modelled. By

comparing similarities between the digital map and odometry trajectories, we

then use road constrained approach to correct odometry estimation. Finally,

a mutual check gives a criterion for judging whether metric and topological

results are sufficiently consistent. Experiment results show that the integrated

system outperforms subsystems with mean localization error at 2.9 meters on

our self-collected dataset with off-road scenarios.

4. A metric localization approach based on the fusion of VO, low-cost

GPS and digital map (Chapter 6).

In the previous studies, we focus on the development of vision-based local-

ization without the participation of other sensors. When other information

sources are available, a proper sensor fusion technique is desired. To this

end, we present a fusion approach to localize vehicles by integrating a VO, a

low-cost GPS, and a two-dimensional digital road map. Distinguished from

conventional sensor fusion methods, two types of potential functions (i.e. po-

tential wells and potential trenches) are proposed to represent measurements

and constraints, respectively. By choosing different potential functions accord-

ing to data properties, data from various sensors can be integrated with intu-

itive understanding, while no extra map matching is required. The minimum

of the fused potential is regarded as final position estimation. Experiments

under realistic conditions have been conducted to validate the satisfactory po-

sitioning accuracy and robustness compared to pure VO and map matching

methods.
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1.3. OUTLINE OF THIS THESIS 7

1.3 Outline of This Thesis

The remainder of this thesis is organized as follows:

Chapter 2 gives an extensive survey of visual based localization methods. The

main approaches published in the last ten yeas with regard to our common thread

are reviewed.

Chapter 3 details the metric localization approach which is based on the fusion

of VO and road constraints. The goal of this approach is to globally localize a

mobile vehicle equipped with a single camera and a freely available digital map.

Gaussian-Gaussian Cloud model which gives a unified representation of the mea-

surement randomness and scale ambiguity in monocular VO is interpreted. Shape

matching process which incorporates road constraints from the geometric shapes of

road network into the localization framework is explicated. Evaluation details on

the KITTI benchmark dataset and our self-collected dataset are given.

Chapter 4 elaborates the proposed place recognition method which is applicable to

various environments. The reasons why such a place recognition method is desired

are explained first. Then the framework for combining point and line features is

introduced. Finally, the experiments conducted on real-world datasets are presented.

Chapter 5 explains the metric-topological localization approach which is based on

the integration of place recognition, VO and digital map. Topological localization

based on place recognition and metric localization based on VO and digital map

are presented. Their pros and cons are discussed. The strategy which integrates

topological and metric localization is introduced. Evaluation details on our self-

collected dataset are given.

Chapter 6 introduces the metric localization approach based on the fusion of VO,

low-cost GPS and digital map. The concept of potentials is explained first. Then

the two types of potential functions (i.e. potential wells and potential trenches)
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which are used to represent measurements from VO as well as low-cost GPS and

constraints from digital map are introduced. Experiment results under realistic

conditions are given.

Chapter 7 summaries this thesis. The contributions of this work together with the

expected future work are provided.
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Chapter 2

Technical Background and

Literature Review

As a replacement or enhancement of GPS, vision-based positioning problem has a

long history and many solutions have been developed. Among these solutions, visual

odometry, visual SLAM and place recognition based approaches are the majority.

Approaches which combine vision-based positioning and other information sources

account for most of the remaining. In this chapter, an extensive survey of the related

technology and literature is provided. The main approaches published in the last

ten yeas with regard to vision-based localization method are reviewed.

The remaining part of the chapter proceeds as below. In Section 2.1, we explain

how visual odometry problem is formulated and discuss the related work according

to the sensor configuration. The problem of visual SLAM is introduced in Section

2.2 and the corresponding literatures are given. Section 2.3 describes map-assisted

localization approaches, where online maps are utilized to assist vehicle localization.

Place recognition problem and the related works are depicted in Section 2.4. Section

2.5 concludes the chapter.
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Figure 2.1: An illustration of visual odometry positioning. The absolute camera
pose Ck with respect to the initial coordinate frame C0 is computed from the con-
catenation of instantaneous transformations Tk,k−1 between the adjacent cameras,
which are computed from visual features.

2.1 Visual Odometry

Fig. 2.1 depicts how the camera pose is computed in visual odometry problem. C0

is the pose of initial coordinate frame. Ik−1 and Ik are the images of consecutive

frames with camera pose Ck−1 and Ck respectively. The relationship between Ck−1

and Ck can be expressed as [4]:

Ck = Ck−1Tk,k−1, (2.1)

where Tk,k−1 ∈ R4×4 is the rigid body transformation matrix between time instant

k and k − 1. Tk,k−1 can be further expressed as:

Tk,k−1 =

Rk,k−1 tk,k−1

0T 1

 , (2.2)

where Rk,k−1 ∈ SO(3) and tk,k−1 ∈ R3 denote the rotation and translation parts of

Tk,k−1, respectively.
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Feature Extraction
Feature Matching

& Tracking

Frame k-1

Frame k

Instantaneous 

Motion Estimation 

Bundle Adjustment

Propagate Poses

Move to frame k+1

Figure 2.2: The pipeline of visual odometry system.

The purpose of visual odometry is nothing but computing Tk,k−1 ∈ R4×4 at every

time step k as accurate as possible. Then the current camera pose is computed by

concatenating all of the instantaneous transformations. The set of all the camera

poses C0:k = {C0,C1, ...,Ck} forms the camera’s trajectory. Since the estimated

instantaneous transformation Tk,k−1 can not be completely accurate; small errors

from Tk,k−1 accumulate over time, which causes a drift of the estimated camera

pose. The drift issue is one of the biggest challenge faced by visual odometry.

In 2004, the first complete visual odometry system, which operates in real time

was proposed by David Nister [5]. In their system, a point feature tracker scheme

is designed to deal with feature correspondences between consecutive frames, and

after which, a robust motion estimation step is implemented to compute motion from

visual input alone. Inspired by this work, more and more attentions [6], [7], [8] are

given to visual odometry and the modern structure of visual odometry as illustrated

in Fig. 2.2 begins to take shape. Visual odometry has played very important roles in

many kinds of mobile robotic systems, such as ground vehicles [9], unmanned aerial

vehicles [10] and underwater autonomous vehicles [11]. But the most well known

application must be the Mars exploration program [12], where visual odometry is

developed to assist Mars Exploration Rovers (MER) to get their position and the

good positioning results demonstrate the capability of visual odometry.

From the perspective of sensor configurations, visual odometry can be classified
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into three categories, namely monocular visual odometry, stereo visual odometry

and RGB-D visual odometry. For monocular visual odometry, only one camera is

used, which makes monocular odometry very flexible and cost-effective. But its

disadvantages are equally notable. The motions estimated are up to an unknown

scale [13] due to the unawareness of depth. Efforts need to be made to obtain this

unknown scale. For stereo visual odometry, a calibrated stereo rig which provides the

geometry constraints is used. Compared with monocular ones, the scale ambiguity

does not exist any more and it is more widely used due to its good applicability. But

stereo rig usually costs much and occupies a larger space. Besides, the calibration

process is cumbersome and it is difficult to get an accurate and durable calibration

[14]. For RGB-D case, one Microsoft Kinect or the Asus Xtion camera which has

the depth sensing capability is used. It has the advantages of both stereo and

monocular approaches. However, it can be used indoors only thanks to its limited

ranging distance [15]. All the three approaches have their own characteristics, but

they all aim at providing precise localization with low consumption. The two-part

tutorial series [4], [16] published in 2011 and 2012 give a very detailed survey on the

progress of visual odometry. In the following sections, we mainly focus on works

published after that.

2.1.1 Monocular Visual Odometry

Since only one camera is involved in monocular vision systems, no camera’s cali-

bration or synchronization is required. Moreover, monocular camera covers a wider

filed of view than stereo one. It has great potentials on robot navigation and au-

tonomous driving. But monocular approaches suffer from the scale ambiguity of the

translational estimation. To make monocular algorithms applicable to localization

purpose, several solutions have been proposed.

The most straight forward approach is to combine information from IMU, GPS or

wheel encoders [17], [18], which can provide scale reference, with vision system. The
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Figure 2.3: Camera configuration of ground plane aided scale correction approach.
h and θ denote the camera height above the ground and the pitch angle, receptively.

authors of [18] propose a depth enhanced monocular odometry, where depth infor-

mation provided by RGB-D camera or lidar is associated with cameras. Features

whose depth determined by triangulation using the previously estimated motion

of the camera are added to the point cloud to tackle the sparsity issue of depth

information. Frame to frame motion estimates are refined by bundle adjustment.

Even though this approach was proposed in 2014, they are still one of the best ap-

proaches in the ranking of KITTI visual odometry benchmark 1. The combination

of vision and other sensors is a viable option which of course will increase the cost

and complexity of the system.

Another popular method to estimate the metric scale is assuming that the camera is

moving at a known and fixed height over a plane ground [19], [20], [21]. The result

of this kind of method relies heavily on the accuracy of ground plane detection.

Fig. 2.3 illustrates how the camera is mounted on the vehicle. h is the pre-measured

height from camera centre to ground plane; θ is the non-zero pitch angle; p is a

point on the ground plane, with coordinate (x, y, z) in camera coordinate system.

For each p,

h∗ = y cos θ + z sin θ, (2.3)

1http://www.cvlibs.net/datasets/kitti/eval_odometry.php
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14 2.1. VISUAL ODOMETRY

where h∗ is the estimated camera height. The metric scale can be retrieved as:

s =
h∗

h
. (2.4)

Based on this idea, authors of [20] develop a monocular system which is capa-

ble of correcting scale drift. In their system, multiple information sources such as

sparse features and dense stereo between consecutive frames are used to determine

the ground plane. In order to improve the stability in homograph decomposition,

authors of [21] propose to separate motion parameters in the homograph H from

structure parameters of the ground plane. An online self-supervised approach is

proposed in [22], where a ground surface classier is designed. Appearance informa-

tion such as ground colors is used to learn the classier and each pixel on the image

is assigned with ground probability.

Some other researchers propose to use objects with known size to give the absolute

scale of monocular results [23]. Nevertheless, it is quite tough to ensure that the

object appears and be detected in all frames. When extra information sources are

not available, authors of [24], [25], [26] presented an alternative approach, where the

translation norm between the first two cameras is configured to 1 and the following

camera poses are estimated with respect to the first two poses. An initialization

process is always involved in these frameworks. The real motion of the whole system

can be retrieved once the metric transformation between the first two frames is

figured out.

2.1.2 Stereo Visual Odometry

Compared with monocular vision systems, stereo ones have additional spatial con-

straints which provide 3D sensing capability. The estimated motion as well as the

3D structure of the scene is at the real scale. Localization can be well achieved

without the assistance of other sensors in unknown environments [27]. 3D point
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cloud generated from disparity image can be incorporated into scene understanding

or object avoidance threads [28]. Though it is more troublesome to configure multi

cameras, stereo vision systems are still the most widely used solution in real appli-

cation. Maximizing the benefits of binocular is one of the effort directions of current

works. Here, we review the related ones according to the structure as illustrated in

Fig. 2.2.

Feature extraction is the very first and time consuming step, which includes feature

detection and description. Very detailed comparisons between different detectors

and descriptors are given in [16]. In nature scenes, features usually locate on salient

objects, which generates over-centralized feature distribution. To overcome this, a

bucketing approach is leveraged in [11], [29], where the input images are divided

into n buckets and each bucket has no less than m features. As a result, at least

n ∗ m features are distributed evenly across each input image. In order to deal

with inaccurate image rectification, a reweighting scheme is employed in [30], where

lower weights are given to features that are far way from image centre. For real

time application, robust and computation cost-efficient descriptors are very desired.

Authors of [31] present a visual odometry method that uses a newly designed de-

scriptor to achieve good feature matching. Binary features such as ORB are getting

wider usage [32] due to their faster speed in both computation and matching. A

parallel process of left and right frames also increases feature extraction speed.

Feature matching step is responsible for finding the corresponding features between

left and right, as well as previous and current images. Feature descriptor distances

(e.g. Euclidean and Hamming distance) are commonly used to determine the feature

similarity [33]. Mutual best matching check scheme [16] is a trick to ensure that

the correspondences are the best in both left to right and right to left orders. In

some implementations, the feature matching process forms a loop [29], which goes

as: given current and previous image pairs, for each feature ulk detected in current

left image, try to find the corresponding feature urk in the current right image first; if

urk is found, try to find the corresponding feature urk−1 in the previous right image; if
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urk−1 is found, try to find the corresponding feature ulk−1 in the previous left image;

once the four correspondences are found, they will be fed into motion estimation

step, otherwise they will be abandoned. By using this loop, both left to right and

previous to current consistencies are kept. Instead of only using consecutive frames,

authors of [34] propose a novel stereo visual odometry approach which uses the

whole history of the tracked points to compute the motion of the camera and very

impressive results are achieved.

The successfully tracked features from feature matching will be fed into motion

estimation step, which is frequently completed through a reprojection error mini-

mization process [16]. The cost function is defined as:

argmin
Tk,k−1

∑
i

||uik − uik−1||2, (2.5)

where uik is the pixel position of ith feature in current frame and uik−1 is the pixel

position of the same feature in previous frame. Gauss-Newton [35] and Levenberg-

Marquardt [36] algorithms are frequently used to solve this non-linear least square

problem.

Due to image noise, inaccurate camera calibration and illumination changes, the

tracked features consist of wrong data associations. The feature points are clustered

into two categories, namely inliers and outliers. An outlier rejection scheme is

required to filter out feature points that are inappropriate for reprojection error

minimization. As a typical model fitting approach in the presence of outliers, random

sample consensus (RANSAC) has been widely used in visual odometry [29]. It works

fine when there are only a small percentage of outliers. But when outliers take

a larger proportion, the required iteration numbers increase exponentially, which

causes great difficulties in real time implementation. Recent years, many variants

of RANSAC have been proposed to overcome the above drawbacks [37].

Another alternative to filter out outliers is non-iterative method [38], [39], which has

Nanyang Technological University Singapore



2.1. VISUAL ODOMETRY 17

Error 

-10 -5 0 5 10

C
o

s
t 

F
u

n
c
ti
o

n

0

2

4

6

8

10

12

(a) Cauchy cost function.

Error 

-10 -5 0 5 10

C
o

s
t 

F
u

n
c
ti
o

n

0

2

4

6

8

10

12

14

(b) Huber cost function.

Figure 2.4: Robust cost functions used in outlier detection.

a significant reduction in computation. By assuming the reprojection errors follow

Gaussian distribution, the effects of outliers are eliminated through a robust cost

function due to their incompatibility with Gaussian distribution. Graphs of some

cost functions (Cauchy and Huber) are depicted in Fig. 2.4. Note that both of the

cost functions are convex. Besides, when the errors are at small values, the cost

functions forms near quadratic; when the errors are larger than a threshold, the

cost functions become linear. Based on the robust cost function, outlier removal

approach which is suited for high-speed scenario is presented in [40]. They find

that simply based on fixed threshold to detect outliers is improper for environments

with large-scale depth. In their work, inliers and outliers are separated with an

iterative alternating scheme. Authors of [41] present a statistic-based outlier removal

technique, which works better when there are large overlaps between consecutive

frames.

With all the remaining inliers, a 6 DOF transformation can be computed by minimiz-

ing the reprejection error between consecutive frames. Nevertheless, without con-

sidering the longer consistency between multiple frames, errors originated from local

minimum or wrong matching propagate. Thus, a local optimization or windowed

bundle adjustment scheme is desired so that additional constraints from neighbour

frames are taken into account [42], [43]. A pre-condition for local minimization is

to find successfully tracked features over more than two frames. Normally, the cost
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function is defined as:

argmin
Ck,Xi

∑
i,k

||uik − π(Xi,Ck)||2, (2.6)

where Xi is the 3D coordinate of the ith landmark; uik is the pixel position of Xi in

current frame; π(Xi,Ck) is a warp function that projects Xi to camera coordinate

according to the reference frame Ck. Both the landmark 3D positions as well as

camera states are optimized through this cost function. The tricks on how to trade

off the computation cost and robustness are discussed in [16].

2.1.3 RGB-D Visual Odometry

RGB-D camera is a sort of low-cost sensor which captures RGB color image together

with a corresponding depth image. Compared with conventional monocular, RGB-

D’s depth sensing ability is its greatest advantage. Compared with stereo, the

depth image obtained from RGB-D is more dense since every pixel is augmented

with depth values. All these strengths make RGB-D sensor an popular option for

robotics applications [44], [45]. Specific to localization purpose, RGB-D sensor has

a great application prospect especially for indoor environment. Recent years, more

and more attentions are being paid to RGB-D visual odometry.

Due to the mixture nature of RGB-D sensors, techniques developed for monocular

and stereo visual odometry can be easily applied on RGB-D odometry. Following

the framework of conventional feature based visual odometry, authors of [46], [47]

present a real-time RGB-D odometry system for unmanned aerial vehicle (UAV). In

their system, special focuses are given to the analysis of depth uncertainty. In [48],

iterative closest point (ICP) is leveraged to assist RANSAC to find the best align-

ment between frames and constraints from ICP are incorporated into sparse bundle

adjustment (BA). Very dense 3D modelling of indoor environments is achieved in

their work.
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Indoor environment tends to be well structured, where high level features (e.g. line

and plane) are easily detected. This is a very good property because point features

are more sensitive to illumination variations than line features, while line features

have more position ambiguities than point features. Besides, it is more difficult

to find point feature correspondences than plane feature correspondences in the

presence of wider displacements between consecutive frames. Thus, a proper com-

bination of point and line features or point and plane features seems to improve

robustness and accuracy of visual odometry. Authors of [49] present a robust RGB-

D odometry framework, in which both point and line features are considered and

reprojection errors from both of them are fused to do motion estimation. Conclu-

sions are made that the motion estimation from the fused approach have a smaller

uncertainty than results from each feature alone. Authors of [50] present a similar

odometry system, where point features are used only when not enough plane corre-

spondences are found. Experimental results demonstrate that plane features have a

better performance in wider baseline situation.

Though odometry systems based on line or plane features utilize more image infor-

mation than systems based on point features, there are still a lot of image pixels

wasted. Additionally, it’s quite difficult to find enough feature correspondences in

low texture scenes. Feature based odometry could become unworkable in such con-

ditions. Finally, detecting and describing features are time consuming, no matter

it’s point or line features. In recent five years, direct methods that do not have the

above drawbacks are getting the second wind [25], [51]. Instead of relying on limited

number of features, direct methods use information from all image pixels or selected

pixels to estimate relative motion. With more image pixels being considered, the

scenes can be reconstructed in a more dense way and complex environments like

low-texture scenes are no-longer challenging. Commonly, a photo-consistency as-

sumption goes as follows: pixels that belong to the same landmark have identical

intensity. Following this assumption, image alignment is achieved through a photo-
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metric error minimization process which can be defined as:

argmin
Tk,k−1

∑
i

||Ik(π(ui,di,Tk,k−1))− Ik−1||2, (2.7)

where Ik and Ik−1 are the current and reference frame, respectively; ui and di are

the pixel position and depth of the ith pixel; π(ui,di,Tk,k−1)) is a warping function

that maps ui to the reference frame Ik−1 through motion Tk,k−1. A detailed expla-

nation on how to form and solve this function is given in [52]. Based on the direct

idea, a dense system that performs motion estimation through the minimization of

both photometric and depth error is developed in [53] and very robust results are

accomplished in low texture scenes. A semi-dense system which combines the effi-

ciency of dense approach with the robustness of feature-based approach is developed

in [25].

2.1.4 The Cloud Model

In a visual odometry based localization system, the modelling of measurement un-

certainties from drift or scale ambiguity plays a major role. Thus, to have a better

positioning performance, it is necessary to discuss measurement uncertainties. Gen-

erally speaking, randomness and fuzziness are the two most widely used terms to

describe measurement uncertainties. To model them, the theory of probability and

fuzzy mathematics have been respectively well explored. However, in many kinds of

measurements, these two uncertainties co-exist and it is hard to distinguish them.

A decade ago, one different notion called cloud model was proposed by a group of

researchers in [54]. Instead of considering randomness and fuzziness separately, this

model provides a unified representation of them. In Chapter 3, we use the concept

of cloud model to assist our positioning. Here, a rough survey about this concept is

given.

The cloud model was first proposed by Li et al [54],[55] for concept conversion
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between qualitative and quantitative ones. In the Gaussian cloud model discussed

in [54], three numerical characteristics (expected value, entropy and hyper entropy)

are defined to describe a qualitative concept. By incorporating randomness and

fuzziness into unified consideration, the cloud model is able to represent concepts

with uncertainty, where each cloud drop contribute to the concept with a particular

“degree of contribution”.

The cloud model has shown promising results in modelling uncertainty. Particularly,

it has been successfully implemented in situation prediction [56], path planning [57]

and stochastic optimization [58]. Although the Gaussian cloud model is the most-

studied cloud model as its universality, different types of clouds can be created

according to different probability distributions, such as uniform cloud, power law

cloud, trapezium cloud etc. The appropriate choice of cloud model is based on accu-

rate comprehension of the physical process that describes the designated problem.

2.2 Visual SLAM

The drift issue has been preventing visual odometry from being used in long range

navigation. Although the error accumulation can be reduced by local optimization,

it could never be completely eliminated. Theoretically, local optimization can be ex-

tended to global. However considering computation cost, it is difficult to implement

global optimization in real time application. Furthermore, the goal of visual odome-

try is to incrementally localize itself without generating the map of the surrounding

environment. Nevertheless, understanding the environment and scene reconstruc-

tion are also critical for robot navigation. In order to achieve more robust and

accurate motion estimation as well as map generation, a visual SLAM system is

desired.

As the name says, SLAM system estimates the robot pose and generates the map of

the environment features while moving through the unknown environment. Com-
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pared with odometry, SLAM carries one additional mapping thread, which con-

structs and updates the map incrementally. The two threads (i.e. localization and

mapping) go simultaneously and complement each other as: the estimated robot

poses are exploited to improve landmark positions in the map while the estimated

landmarks are exploited to improve robot poses. Based on sensor configurations,

different kind of SLAMs such as WiFi-SLAM [59], laser SLAM [60] and visual SLAM

have been developed and their applications cover most of the filed of robot naviga-

tion [61].

Visual SLAM has a long history. Early visual SLAM systems are originated from

conventional SLAM, where sequential filtering is used [62]. Given robot control

signals and feature measurements, by assuming that the state-space estimation and

measurements follow Gaussian distribution, a probability framework is formulated

to deal with errors from different sources (e.g. motion model and observation model).

And the joint probability distribution of all the states are modelled with a Bayesian

filter. To approximate the solution of Bayesian filter, Kalman Filter (KF) [63]

and its variants [64], [65] are frequently used. Tricks such as Taylor Expansion

are developed for non-linear estimation. Non-parametric approaches (e.g. Particle

Filter) are developed for non-linear and non-Gaussian filtering. At each iteration,

two steps, prediction and measurement update are concatenated to determine the

state and covariance values. The main drawback of filtering approach is that the

computation cost increases significantly as more and more states and features are

involved in the map.

Current visual SLAM takes SLAM as graph optimization process based on bun-

dle adjustment and loop closing technique. Local bundle adjustment discussed in

Eqn. (2.6) that optimizes the structure and motion is the core of a visual SLAM

framework. Double window and multi window optimization which are well-suited

for different environments are also explored [66]. Instead of taking all the frames

and all the features into account, the concept of “keyframe” is commonly used to

maintain the sparsity of graph. A frame is selected as keyframe only if the overlap
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between current frame and previous keyframe is lower than a threshold [67]. The

connections between all the nodes of the graph are decreased dramatically compared

with filtering approach. Real time implementation is no longer too difficult [24], [68].

A very detailed comparison study on filtering and optimization approach has been

given in [69].

Loop closure detection scheme that handles the cases when the robot revisits a

historical position, is another important feature in current visual SLAM framework.

Successful loop closure detections (especially large scale loop closing) help the graph

to keep the overall consistency and correct drifts. Loop closing is becoming the third

thread apart from localization and mapping in current visual SLAM frameworks [32].

Nevertheless, loop closures do not necessarily exist in practical driving conditions.

Even when loops do exist, the corrected motion is still a delayed result for the route

before loop closure. Thus, loop closing method is not appropriate for applications

where instantaneous decisions are desired, such as driverless car.

2.3 Map-assisted Localization

Pure odometry or SLAM based localization system could not possibly give a global

position estimation without an accurate initial global location. Besides, the drift

issue makes odometry an unreliable solution. Thus, other useful information sources

are desired to complete the global localization goal.

With the development of Geographic Information System (GIS), information in dig-

ital maps can be utilized to assist localization. Generally, the information in digital

maps can be divided into two categories: topological information and geometric

information. Topological information is represented with a graph with nodes and

edges, where nodes denote intersections or landmarks, and edges denote drivable

roads. Google Street View image database inherently provides a topological map

consists of landmark images, and it has been used for urban localization [70], [71],
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[72]. In [73], map feature data is transformed to images of map features; thus the

position of the vehicle can be obtained without landmark database.

Distinguished from topological information, geometric information in digital map

considers metric distance and geometric shape of drivable roads. Based on the as-

sumption that vehicles are always on a drivable road, the distance and geometric

shape of roads can be regarded as constraints that correct and compensate mea-

surement from other sensors such as odometry, GPS and inertial navigation system

(INS). In [74], road constraints are expressed by curve models including but not

limited to straight roads, arc roads and polynomial roads. Map matching, as one of

the road constrained localization approaches, achieves error correction by matching

coordinates measured by other sensors into a digital map [75], [76]. As point-by-

point matching does not consider historical trajectory of the vehicle, sequential map

matching has been proposed to decrease failure rate. In [77], several points are

matched at once by incorporating the map matching problem into a hidden Markov

model. Recently, shape matching is implemented for road constrained localization

[72]. The shape matching algorithms calculate the distance between a query edge

image and the template edge image, which are generated from vehicle’s possible

trajectories and road constraints, respectively. The query image with the smallest

distance (or the maximum similarity) will be selected such that the road constraints

are considered.

2.4 Place Recognition

Vision-based place recognition problems can be considered as that, given a query

image captured at a particular place, return images that depict the same place from

the geo-tagged database. In order to perform place recognition, it is necessary to

describe the acquired images with a robust, efficient and discriminative descriptor.

Thus, the performance of place recognition relies heavily on the descriptor used for
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describing different scenes. In this section, we classify place recognition approaches

according to the description method employed as: approaches based on hand-crafted

descriptors and approaches based on learned descriptors. A graphical description of

this classification is shown in Fig. 2.5.

Definition of hand-crafted and learned features:

1. Hand-crafted features: human designed features such as SIFT [78] and SURF

[79]. They capture a certain visual property of an image, either globally for

the entire image or locally for a given group of pixels.

2. Learned features: deep learning features such as CNN-based features. They

learn statistical structure or correlation of an image using deep architectures.

Place Recognition 
Approaches

Hand-crafted 
Descriptors

Learned 
Descriptors

Figure 2.5: Taxonomy for classifying vision-based place recognition approaches ac-
cording to their image representation method.

2.4.1 Methods Based on Hand-crafted Features

A lot of hand-crafted features have been used to represent an image in the past

decades. Most current visual place recognition approaches use point features ex-

tracted from corners, blobs and patches to represent a scene and bag-of-word (BOW)

based approach, which is first developed for object and image retrieval [80], gains

its popularity for its efficiency and robustness. There are usually three steps to

represent an image with bag of visual words. In the pre-processing stage, local in-

variant descriptors are extracted from each image in the database and quantized
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into a pre-computed vocabulary of visual words. Using the trained vocabulary, each

database image is then represented by a sparse (weighted) frequency histogram of

visual words, which can be stored in an efficient inverted file indexing structure.

At the query stage, the visual words are firstly extracted from the query image. A

short-list of top ranked candidate image in the database is obtained based on the

similarity (e.g. cosine similarity, Euclidean and Manhattan distance) between the

query and database image BOW vectors. This representation has the good property

of easy to work with and a certain robustness to appearance variations caused by

illumination changes, lateral shift and dynamic objects.

Based on BOW technique, a localization system called Fast Appearance-Based Map-

ping (FAB-MAP) is introduced in [81] and SIFT feature is used. To handle problem-

atic situations such as perceptual aliasing, a probabilistic model which can enhance

the temporal and spatial consistency of query images is employed. The relevant

image with respect to a query scene can be retrieved quickly according to the scores

computed from an inverted index scheme. The loop-closure detection results in 70

km and 1000 km trajectories show its effectiveness and robustness. This working

principle has become very popular ever since it was introduced.

Similar to visual odometry, feature extraction is also the most time consuming step

for a place recognition system. Specific to SIFT feature based FAB-MAP system,

computation cost on feature extraction step is around ten times more expensive

than the rest of the pipeline. Thus, more computation efficient descriptors are

desired for real time loop closure detection. In [82], [83], place recognition framework

based on a hierarchical visual bag-of-word model is presented and the combination

of very fast image detector–FAST [84] and binary descriptor–BRIEF [85] is used.

Since binary descriptors are usually not as robust as non-binary descriptors (e.g.

SIFT and SURF) with respect to scale and rotation changes, the performance of

binary descriptors on place recognition is questioned. Nevertheless, according to the

experiments conducted on real dataset, this feature combination is robust enough

for loop closure detection; even for complex situations where mobile vehicle makes
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in-plane motion. The second novelty of this framework is the usage of a hierarchical

bag of words model together with a direct and standard inverse index scheme, which

makes the proposed faster than current approaches. The hierarchical bag of words

model exploits hierarchically clustered visual words to pre-define a vocabulary tree

[86] which speeds up the searching process than non-hierarchical ones. The standard

inverse index is implemented for fast retrieval of images having common visual

words with a given one; while the direct index is employed to efficiently obtain

point correspondences between images. Due to its real-time performance, place

recognizer built on this framework has been used as the loop closing thread in the

state-of-art monocular SLAM-ORB-SLAM system [32].

Apart from point features, other popular types of features such as line features have

been used for place recognition. Compared with point features, line features carry

more structural information since each of them is spanned over a 2D space instead of

a single point. Moreover, they are more robust to appearance variations caused by

illumination changes, viewing direction changes and occlusions. In [87], the authors

propose a place recognition approach using line features and demonstrated better

performance than using point features in well structured environments.

On the other end of the spectrum, successful results have also been obtained by us-

ing some global feature descriptors which can model the spatial structure and shape

of a scene. Compared to point and line features discussed earlier, global descriptors

carry the most structure information even though they usually lack the ability to

cope with rotation and scale changes. One example is the work of SeqSLAM [88].

Given a query image, it is firstly down-sampled and a single vector describing this

scene is constructed. Instead of only using this image, sequences around this im-

age are considered to find the best matching location. Experiments on large scale

dataset show its effectiveness even under extreme environment changes. A holistic

descriptor vector-Illumination Robust Descriptor (DIRD), which is well-suited for

place recognition is proposed in [89]. The authors firstly introduce a fitness function

to evaluate a given descriptor in the case of place recognition using holistic features
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under varying illumination conditions. And then the illumination robust descriptor

is trained and evaluated on an independent test set.

2.4.2 Methods Based on Deep Learned Features

In recent years, Convolutional Neural Networks (CNNs) have been explored and

great successes have been achieved. Due to the high level performance, CNN-based

methods have been utilized extensively in almost every branch of computer vision.

The most active application for CNN must be object detection. Different architec-

tures are used in [90], [91] to get state of the art object detection performance. In

[92], [93], CNN models are trained and evaluated on image classification and re-

markable results are achieved. The authors of [94], [95] use deep learning method

for image retrieval and experiment results show that CNN features outperform clas-

sical hand-crafted features. High level performance on semantic segmentation, scene

understanding and pose estimation are also achieved by using deep learning method

[96], [97].

Since place recognition is essentially a task of image retrieval. It’s reasonable to

expect CNN-based approach can be applied in place recognition or loop closure

detection. As we know, a very large amount of training data is required to train a

CNN model (usually with millions of parameters). Hence, how to get a “generic”

training data is an issue that urgently needs to be addressed.

Current CNN architecture consists of many layers, including convolution layers,

sub-sampling (pooling) layers and fully-connected layers. Given an input image,

nonlinear transformations are performed through these layers. And from each layer,

one whole image descriptor can be extracted. It is worthy to note that descrip-

tors from different layers have different properties. The high layers tend to encode

more semantically meaningful features such as buildings in typical neighbourhood

scenes, while lower layers tend to capture low-level image features such as window
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corners or roof edges. At the same time, the dimensions of the descriptors vary

with the layer depth. In image classification application, the descriptors from final

layer are commonly used to encode the contents of the image in a probability dis-

tribution form. However, in place recognition application, high degree of robustness

(to illumination, view point changes and dynamic objects), as well as high degree

of distinctiveness (to similar scenes) is required. Topmost layer is not necessarily

the best option. Hence, find which layer is the most appropriate for visual place

recognition is another issue to be resolved.

Of course , there are other issues, like can the model trained for image classification

be used for place recognition and is a model trained for urban area place recognition

generic enough for sub-urban area place recognition?

In recent five years, place recognition frameworks based on CNN models have been

explored and most of them are aimed at solving the above discussed issues. In [98],

a pre-trained CNN network called Overfeat, which was originally proposed for the

ImageNet Large Scale Visual Recognition Challenge 2013 [92] has been used to learn

CNN features. In order to enforce the spatial and temporal consistency of the test

images, a spatial and sequential filter is utilized. Loop closures in challenge datasets

are detected using these powerful features. Comprehensive comparison experiments

between CNN learned features from different layers and conventional features are

conducted. From their experiment results, the authors conclude that a supervised

deep CNN model trained for other task like image classification, can be used for place

recognition. At the meanwhile, different layers appear to be suitable for different

scenarios of place recognition. For relatively static, similar viewpoint datasets, the

middle layers are optimal. But when viewpoint variance becomes significant, higher

layers perform better. Similar explorations are also conducted in [99]. One difference

should be noticed that, a CNN model trained from a scene-centric dataset called

Places [100] with over 2.5 million images of 205 scene categories has been used

to learn CNN features. Relative detailed comparisons between CNN features and

hand-crafted features are made. The authors concluded that CNN-based image
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descriptors perform similarly to hand-crafted descriptors in environments without

illumination change, but outperform hand-crafted descriptors significantly when the

environment undergoes obvious illumination changes.

The above studies prove that CNN-based image descriptors can be used for place

recognition purpose and perform even better in challenging environments. However,

there are still some issues need to be addressed. The CNN models used to learn

CNN descriptors in the above cases are not trained specifically for place recognition

task. So one would ask whether the performance can be further improved by using

CNN models trained on place recognition dataset. Another problem is automatic

layer selection. While similar conclusions are obtained that different layers perform

differently for place representation, it is still unclear how to automatically select the

best layer for a specific place recognition task. So challenges and opportunities still

exist for further research in this area.

2.5 Conclusions

This chapter has presented the relevant background of vision based localization and

gives an extensive survey. The principles of vision-based localization approaches

which include visual odometry, visual SLAM and place recognition are introduced.

Besides, localization methods using digital maps are depicted. The main approaches

published in the last ten yeas with regard to our common thread are reviewed. As

typical metric localization approaches, visual odometry and visual SLAM are play-

ing increasing important roles in mobile vehicle navigation. The common drawback

for them is the positioning drift after long range navigation. And decreasing the ac-

cumulated error is one of the directions of current efforts. Distinguished from visual

odometry and visual SLAM, place recognition belongs to topological category due

to its discrete nature. Although, tremendous success have been made, reliable place

recognition is still a tough problem, especially in large-scale outdoor environments.
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Appearance variation, repetitive structure, perceptual aliasing, scene dynamics and

etc. are the open challenges. The common thread of the following chapters is to

develop robust and efficient vision-based localization techniques that can cope these

challenges for unmanned vehicles.
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Chapter 3

Road Constrained Monocular

Visual Localization Using

Gaussian-Gaussian Cloud Model

3.1 Introduction

In recent years, vision-based navigation has drawn significant attention due to their

low cost and possibility to provide a full 6 DOF motion estimation. Visual odometry,

as the most representative method, is the process of estimating the ego-motion of

the camera. It has been used for mobile robot localization thanks to their constantly

improving performance. However, with this kind of approach, the small errors of

motion estimation accumulate as the vehicle moves. This issue has prevented visual

odometry from being implemented in long range navigation. Compared with stereo

visual odometry (SVO), monocular visual odometry (MVO) is more popular on

small scale robots due to its lower cost and higher performance with short baseline.

Nevertheless, it is challenging to estimate the vehicle’s true position using MVO due

to the scale ambiguity issue.
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To tackle the above-mentioned drift issue of VO, current efforts are mainly focusing

on incorporating VO into a Simultaneous Localization And Mapping (SLAM) sys-

tem [32]. A loop closing thread is usually implemented to detect loops and address

accumulated drifts in these methods. Translational and rotational drifts as well as

scale drifts in MVO can be reduced by pose graph optimization when loop closing

happens. While good performance can be achieved, the requirement of driving in

loops limits the usage of this kind of method in real driving conditions. To obtain

the metric scale of MVO, other sensors like IMU [17] or objects with known size [101]

are usually utilized to provide extra information about the absolute scale. Another

popular method is assuming that the camera is moving at a known and fixed height

over the ground [20]. However, the result of this kind of method is largely based on

the accuracy of the ground plane detection.

Both drift and scale ambiguity are part of measurement uncertainties. Thus, in

order to reduce drift and scale ambiguity in MVO, it is necessary to discuss mea-

surement uncertainties. Generally speaking, randomness and fuzziness are the two

most widely used terms to describe measurement uncertainties. Probability theory

and fuzzy mathematics have been respectively utilized to model them. However,

in many kinds of measurements, these two uncertainties co-exist and it is hard to

distinguish them. A group of researchers proposed a so-called “cloud model” in [54].

Instead of considering randomness and fuzziness separately, this model provides a

unified representation. Inspired by this, a Gaussian-Gaussian Cloud (GGC) model

is proposed in this chapter. The drift and scale ambiguity of MVO are both con-

sidered as measurement uncertainties and are incorporated into the presented GGC

model.

Benefited from the development of digital maps, map-assisted positioning has pro-

vided new ideas for mobile vehicle localization [72], [102]. Particularly, the geometric

shape of road network is fixed and often unique in a certain region. By assuming

a vehicle moves on a drivable road, its historical trajectory would correspond to a

route on the map. Then, finding the route whose shape best aligns the historical
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trajectory on the map will give constraints to limit the vehicle’s possible position;

thus localization accuracy could be increased.

In this chapter, we present a framework which aims at globally localizing a mo-

bile vehicle equipped with one single camera and a freely available OpenStreetMap

(OSM). “Cloud drops” are generated according to MVO measurement based on

GGC model. Road constraints are incorporated into the localization framework to

filter out cloud drops which are inconsistent with the digital map. With the integra-

tion of road constraints, the autonomous vehicle can be localized in a more efficient

and accurate way. The main contributions of this chapter are as follows:

1. Cloud model is used to describe the uncertainty of raw measurement of vi-

sual odometry. Specifically, Gaussian-Gaussian Cloud is firstly proposed to

represent scale ambiguity and measurement randomness in monocular visual

odometry.

2. Road constraints from the geometric shapes of road network are utilized to

reduce measurement uncertainties.

3. A parameter estimation scheme is presented to further narrow down scale

ambiguity while resampling cloud drops.

4. Comprehensive evaluations with practical data have been conducted to verify

the effectiveness of the proposed localization framework.

The remaining part of the chapter proceeds as below. The problem we are trying to

resolve is formulated in Section 3.2. The concept of Gaussian-Gaussian Cloud and

their characteristics are depicted in Section 3.3. Section 3.4 describes the localiza-

tion framework, where the details of all the steps are emphasized. In Section 3.5,

experiments on KITTI benchmark and our own dataset are implemented and the

results are discussed. Section 3.6 concludes the chapter.
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3.2 Problem Formulation

The autonomous vehicle equipped with visual odometry takes images with a rigidly-

attached camera system at each discrete time instant k [16]. By feature detection,

feature matching, motion estimation and local optimization, the visual odometry

outputs a rigid body raw transformation matrix between time instant k and k − 1

for every k:

Traw
k,k−1 =

Rraw
k,k−1 traw

k,k−1

0T 1

 , (3.1)

where Rraw
k,k−1 ∈ SO(3) and traw

k,k−1 ∈ R3 denote the rotation and translation parts of

Traw
k,k−1, respectively.

Given the raw transformation matrix, the raw camera pose Craw
k =

[
Rraw
k |traw

k

]
can

be computed by the raw measurement equation

Craw
k = Craw

k−1T
raw
k,k−1. (3.2)

For SVO, the above estimated translation traw
k,k−1 is at the true scale. However, for

the monocular case, due to the purely projective nature of a single camera, the

motion can only be estimated up to an unknown scale. Moreover, scale drift exists

in monocular odometry, which means the absolute scale varies as the camera moves.

Thus, the true camera pose Ck =
[
Rk|tk

]
at every time instant can be represented

by a more generalized scaled measurement equation

Ck = Ck−1(sk ⊗Traw
k,k−1), (3.3)

where the scaled transformation matrix sk ⊗Traw
k,k−1 is defined as

sk ⊗Traw
k,k−1 =

Rraw
k,k−1 sk ◦ traw

k,k−1

0T 1

 , (3.4)
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in which ◦ denotes the Hadamard product (or the Schur product); sk is the scaling

vector at time instant k with compatible dimensions. The above scaled measurement

equation can be applied to both MVO and SVO. For ideal SVO, Eqn. (3.3) can be

specified by setting sk as 1 = [1, 1, 1]T .

By defining tk,k−1 = sk ◦ traw
k,k−1, Eqn. (3.4) can be written as

sk ⊗Traw
k,k−1 =

Rraw
k,k−1 tk,k−1

0T 1

 , (3.5)

which can be incorporated into Eqn. (3.2). As in most localization problems, the

translation vector tk is more concerning compared to the rotation matrix Rk, this

chapter focuses on measurement uncertainties representation with regard to tk,k−1.

Then, the localization problem can be formulated as follows:

Problem. Given the initial camera pose C0 and the raw transformation matrix

Traw
k,k−1 obtained from VO, estimate the scaled camera pose Ck at each time k with

the least possible measurement error ek, which is defined as ek = ||tk,k−1 − t̄k,k−1||,

where t̄k,k−1 denotes the true translation vector at time instant k.

The error of tk,k−1 comes from mainly two sources: error of traw
k,k−1 and error of

sk. The error of traw
k,k−1 comes from measurement randomness, which can be properly

modelled by conventional probability theory (e.g. Gaussian probability assumption).

However, it is difficult to describe the error of sk in a similar way since there is no

prior knowledge of sk and MVO does not provide any measurement of it. Thus the

scale ambiguity exists.

Cloud model has been proposed to represent uncertainties by combining randomness

and fuzziness together. In this chapter, the concept of cloud is utilized for VO

measurement representation and the details are explained in the next sections. For

the sake of easy expression, several reasonable assumptions are made as follows:

Assumption 1. In MVO measurement Eqn. (3.3), for every time instant k, ele-
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ments in sk and trawk,k−1 are mutually independent.

Assumption 2. The raw translation vector trawk,k−1 and the scaling vector sk both

obey Gaussian distribution with corresponding expectations and variances.

3.3 Cloud Model for Measurement Uncertainties

As discussed in previous section, the drift and scale factor should be modelled prop-

erly in a monocular odometry localization system. Analysing the distribution of the

scaled translation, we found that it’s no longer a Gaussian and can’t be modelled

with a commonly used parametric distribution. Hence, we turn to other theories.

A decade ago, Li et al [54],[55] proposed a new concept called cloud model for

concept conversion between qualitative and quantitative ones. In this section, the

concept of cloud is firstly explained. Then, a new type of cloud (Gaussian-Gaussian

Cloud, GGC) is defined and its statistical characteristics are discussed. The VO

measurement representation based on GGC is described later. Lastly, we present a

parameter estimation scheme for GGC.

3.3.1 Cloud and Gaussian-Gaussian Cloud

Definition 3.1 (Cloud [54]). Let U be a universal set described by a precise number,

and C be the qualitative concept related to U . If there is a number x ∈ U , which

randomly realizes the concept C, and the certainty degree of x for C, i.e., µ(x) ∈

[0, 1], is a random value with stable tendency:

µ : U → [0, 1] ∀x ∈ U x→ µ(x). (3.6)

Then the distribution of x on U is defined as a cloud C(x), and every x is defined

as a cloud drop. The certainty degree µ also refers as a membership grade.
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Figure 3.1: This figure illustrates a Gaussian cloud generated from 1000 cloud drops
for the concept “distance around 20 km”. x is a distance around 20 km and each x
is a cloud drop; Ex = 20 km, En = 1 km, He = 0.1 km; µ is the certainty degree
of x for the concept “distance around 20 km”.

By incorporating randomness and fuzziness into unified consideration, the cloud

model is able to represent concepts with uncertainty, where each cloud drop con-

tribute to the concept with a particular “degree of contribution”. Since Gaussian is

one of the most important distribution, the authors of [54] further define a Gaus-

sian cloud model based on the above definition. In the Gaussian cloud model, three

numerical characteristics (expected value Ex, entropy En and hyper entropy He)

of the quantitative number x are defined to describe the given qualitative concept

C. Mathematically, if x ∼ N(Ex,En′2), En′ ∼ N(En,He2) and certainty degree of

x for C satisfies µ(x) = exp(− (x−Ex)2

2∗En′2 ), then the distribution of x is called Gaussian

cloud. Fig. 3.1 demonstrates one Gaussian cloud for the concept “distance around

20 km”. As can be seen, a cloud drop is nothing but a random realization of the

qualitative concept. The certainty degree for each cloud drop is a random value with

stable tendency-when the distance x tends to 20 km, the corresponding certainty

degree µ(x) tends to 1 and when x is far away from the concept, it’s certainty degree

degrades.
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Although the Gaussian cloud model is the most-studied cloud model as its uni-

versality, different types of clouds can be created according to different probability

distributions, such as uniform cloud, power law cloud, trapezium cloud etc. The ap-

propriate choice of cloud model is based on accurate comprehension of the physical

process that describes the designated problem. In this work, in order to properly

model uncertainties in VO measurement we define Gaussian-Gaussian Cloud as fol-

lows:

Definition 3.2 (Gaussian-Gaussian Cloud, GGC). Let U be the universe of dis-

course and GGC be a qualitative concept in U . If Y = S ◦ X ∈ U is a random

instantiation of concept GGC, where S and X are random vectors that obey in-

dependent Gaussian distribution N(ES,ΣS) and N(EX,ΣX), respectively, and the

certainty degree of Y belonging to concept GGC satisfies (3.7), where diag(ST ) de-

µ(Y) = exp

{
−1

2

[
diag(ST )−1Y − E (X)

]T
Σ−1
X

[
diag(ST )−1Y − E (X)

]}
(3.7)

notes the diagonal matrix with corresponding diagonal entries from ST , then the

distribution of Y in the universe U is a multivariate Gaussian-Gaussian cloud,

which can be denoted by Y ∼ GGC(ES,ΣS, EX,ΣX).

Remark 1. It is evident that the certainty degree of Y is a random value for any

fixed Y, thus the distribution of Y accords with the cloud model.

Remark 2. Definition 3.2 generalizes the definition in [54] by considering the multi-

dimension of random vectors S and X. Definition 3.2 also generalizes the conven-

tional Gaussian distribution: If ΣS = 0, then S will be a fixed vector, which results

in a multivariate bell-shaped distribution.

Given the parameters of a GGC, cloud drops and their corresponding certainty

degrees can be generated based on Algorithm 1.
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Algorithm 1 GGC Generator

Input: GGC parameters ES,ΣS , EX,ΣX , number of cloud drops N .
Output: Cloud drops and corresponding certainty degrees (yi, µi), i ∈ {1, ..., N}
1: for i← 1 to N do
2: si ← Norm(ES,ΣS) /*generating a Gaussian-distributed random vector si*/
3: xi ← Norm(EX,ΣX) /*generating a Gaussian-distributed random vector xi*/
4: yi = si ◦ xi

5: µi ← exp
[
− 1

2 (xi − EX)
T

Σ−1
X (xi − EX)

]
/*calculating the certainty degree of yi*/

6: end for

3.3.2 Visual Odometry Measurement Representation Based

on Gaussian-Gaussian Cloud

As discussed in previous sections, the concept of cloud can be used to represent

measurement with uncertainties. In this section, we represent VO measurement with

aforementioned GGC. Based on Assumption 2, it is natural to define sk and traw
k,k−1

as random vectors S and X which satisfy S ∼ N(ES,ΣS) and X ∼ N(EX,ΣX)

respectively, where N(E,Σ) denotes Gaussian distribution with expectation E and

covariance matrix Σ. Then, according to Definition 3.2, the scaled measurement

follows tk,k−1 ∼ GGC(ES,ΣS, EX,ΣX).

The GGC generator described in Algorithm 1 can be implemented to generate a

cloud with certain parameters and a given cloud drop number. For each cloud drop

yi, there is a unique certainty degree µ(yi) which indicates the degree that the cloud

drop is able to represent raw measurement. Particularly, µ(yi) = 1 if and only if

xi = EX; µ(yi)→ 0 if and only if |xi − EX| → ∞. In other words, the cloud drop

yi is more representative for raw measurement if µ(yi) is larger.

As the sources of positioning error, both scale ambiguity and measurement random-

ness should be considered when representing visual odometry measurement. By

using the concept of GGC, the two major uncertainties are integrated and repre-

sented in a single model, such that drops can be generated as realistic as possible in

visual odometry. With this model, measurement from both stereo visual odometry

and monocular visual odometry can be properly modelled by combining the drift
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and scale ambiguity in an intuitive way. Specifically, scale ambiguity and measure-

ment randomness are represented with random vectors S and X, respectively. The

influence of parameters on GGC is summarized as follows: ES gives an estimation

for the average scale; ΣS measures the degree of scale ambiguity; EX reflects raw

measurement result; ΣX represents the degree of raw measurement randomness.

Fig. 3.2 demonstrates the influence of parameters on a one-dimensional GGC in a

visualized way.

3.3.3 Statistical Analysis for Gaussian-Gaussian Cloud

We now move on and discuss several statistical characteristics of GGC including

probability density function, moments and certainty degree distribution. In the

following content, we assume Y ∼ GGC(ES,ΣS, EX,ΣX) and we use Yj to repre-

sent the j-th random variable in random vector Y for the sake of analysis. These

properties will be employed for parameter estimation.

Property 1 (PDF of GGC). The Probability Density Function (PDF) of Yj [103]

can be represented as (3.8)

where σ2
Sj

and σ2
Xj

denote the j-th diagonal element in covariance matrices ΣS and

ΣX , respectively.

Property 2 (Expectation). The expectation or the 1st moment of Yj and Y can be

obtained from

E(Yj) =E(Sj)E(Xj), (3.10)

EY =ES ◦ EX. (3.11)

Property 3 (Variance). The variance or the 2nd central moment of Yj can be
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Figure 3.2: One-dimensional GGC examples C11(1.6, 0.1, 5, 0.2), C12(1.6, 0.1, 5, 0.4),
C21(1.6, 0.001, 5, 0.2), C22(1.6, 0.001, 5, 0.4), C31(1.6, 0, 5, 0.2), and C32(1.6, 0, 5, 0.4),
each with 1000 cloud drops. Up: cloud C11 and C12 show strong scale ambiguity,
as cloud drops with similar y lead to distinct µ. Middle: cloud C21 and C22 tends
to converge to Gaussian distribution with smaller ΣS. Down: cloud C31 and C32 fit
perfectly to Gaussian distribution when ΣS = 0.

obtained from

D(Yj) =D(Xj)E(Sj)
2 +D(Sj)E(Xj)

2 +D(Sj)D(Xj) (3.12)
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fYj(y) =

∫ +∞

−∞
fSj

(s)fXj
(
y

s
)

1

|s|
ds (3.8)

=
1

2σSj
σXj

π

∫ +∞

−∞
exp

{
[s− E(Sj)]

2

−2σ2
Sj

}
exp

{
[y/s− E(Xj)]

2

−2σ2
Xj

}
1

|s|
ds,(3.9)

=σ2
Xj
E(Sj)

2 + σ2
Sj
E(Xj)

2 + σ2
Sj
σ2
Xj
. (3.13)

Property 4 (PDF of Cloud Drop Certainty Degree Distribution). The probability

distribution of µ(Y) in GGC can be represented as

fM(µ) =


(1/2)

P
2 −1

Γ(P/2)
(−2 lnµ)

P
2
−1 if µ ∈ (0, 1)

0 otherwise

, (3.14)

where Γ denotes the gamma function, and P ∈ Z+ is the dimension of Y.

Proof According to Eqn. (3.7), let D be a random variable that obeys cloud drop

certainty degree distribution, then each cloud drop certainty degree µi can be re-

garded as a sample generated from the certainty degree distribution. The cumulative

distribution function of D can be represented as

FD(µ) =P{D ≤ µ} (3.15)

=P
{

exp

[
−1

2
(X− EX)T Σ−1

X (X− EX)

]
≤ µ

}
(3.16)

=P

{
P∑
j=1

[
Xj − E(Xj)

σXj

]2

≥ −2 lnµ

}
. (3.17)

As Xj ∼ N(E(Xj), σ
2
Xj

), we have (Xj − E(Xj)) /σXj
∼ N(0, 1). Based on the

definition of χ2-distribution, it is noticed that

P∑
j=1

[
Xj − E(Xj)

σj

]2

∼ χ2(P ), (3.18)
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where P denotes the dimension of Y. Then (3.17) becomes

FD(µ) =

∫ +∞

−2 lnµ

fχ2,P (t)dt (3.19)

=

∫ +∞

−2 lnµ

(1/2)
P
2

Γ(P/2)
t
P
2
−1 exp

(
− t

2

)
dt. (3.20)

The PDF of D can be obtained from

fMj
(µ) =F ′D(µ) (3.21)

=− (1/2)
P
2

Γ(P/2)
(−2 lnµ)

P
2
−1 exp (lnµ) (−2 lnµ)′ (3.22)

=
(1/2)

P
2
−1

Γ(P/2)
(−2 lnµ)

P
2
−1. (3.23)

Remark 3. The distribution of µ is independent of GGC parameters. This implies

that even though there are differences in understanding the same concept for each

individual, the overall cognitive rule is consistent, which is one important character

of cloud model. Particularly, for GGC(ES,ΣS, EX,ΣX), we may conclude that the

cloud drop certainty degree µ in GGC with a certain dimension always obeys same

distribution regardless of ES, ΣS, EX and ΣX .

3.3.4 Parameter Estimation for Gaussian-Gaussian Cloud

The term parameter estimation refers to the process of using sample data to estimate

the parameters of the selected distribution. The parameter estimation problem for

GGC is defined as follows: Given a cloud drop set S = {yi}, find ÊS, Σ̂S, ÊX, Σ̂X

such that the cloud drop set Ŝ generated from GGC(ÊS, Σ̂S, ÊX, Σ̂X) is most sim-

ilar to S.

The phrase most similar can be explained from different perspectives, which lead to

different estimation methods. In this particular problem, it is difficult to implement

the maximum likelihood estimator since the PDF of GGC is expressed with integrals.

Nanyang Technological University Singapore



46 3.4. MONOCULAR LOCALIZATION WITH CLOUD MODEL

Shape Matching

Cloud Drop 
Resampling

Motion Model

GGC Estimator

Road Constraints

Road Graph

VO Raw 
Measurement

GGC Generator
Last Time 
Position 

Estimation

Possible Position 
Estimation

Cloud Drop 
Weight 

Determination
B

B

A

A

m

m

m

m

mm

mm

m

Figure 3.3: Framework of the road constrained localization approach based on GGC.

In statistics, the method of moments is a widely used approach to estimate the

parameters of a population. Based on the above statistical analysis, the relationships

between the moments and the parameters of GGC are described by Eqn. (3.10-3.12).

Given these equations and sample moments of a set of cloud drops, the parameters

of interest can be estimated by solving these equations. Theoretically, to estimate

the four parameters, the first four moments of the cloud drop set S are required to

establish a higher-order system as follows, from which algebraic or numerical result

can be solved:

MGGC(ÊS, Σ̂S, ÊX, Σ̂X) = Mcldrp(S), (3.24)

where MGGC(ÊS, Σ̂S, ÊX, Σ̂X) and Mcldrp(S) denote the moments expressed with

GGC parameters and sample moments, respectively.
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3.4 Monocular Localization with Cloud Model

As described in Section 3.3.2, the odometry measurement can be represented with a

GGC model. To complete our localization objective, a road-constrained localization

approach is proposed and the framework is demonstrated in Fig. 3.3. As can be

seen, similar to a Monte Carlo Localization system, motion update step as well as

observation step all show up in this framework. Visual odometry plays a role of

motion model while the shape matching process plays a role of measurement model.

Each possible state of the vehicle at every time step is represented with a cloud drop

in our Gaussian-Gaussian Cloud. After each time cloud drops are updated, shape

matching will be implemented to evaluate the similarity between geometric map and

the travelled path by examining each possible trajectory consists of historical and

current estimations. The localization process can be considered as the converging

process of cloud drops towards the actual position. To narrow down the range of

the scale and reduce the computational load, a scale ambiguity reduction scheme is

conducted at the end of each iteration.

3.4.1 Map Preprocessing

(a) OSM. (b) Road graph.

Figure 3.4: The raw OpenStreetMap and the preprocessed road graph of Nanyang
Technological University.
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We use the openly licensed OpenStreetMap as our map. The OpenStreetMap is

freely available, easily editable and frequently updated. In this map preprocessing

step, a coarse positioning result such as a very rough GPS (can be a few hundred

meters away from the true position), is desired so that the map of a certain region can

be downloaded. If the rough position is not available, any other position indication

such as a block name will do as long as the approximate position range of the vehicle

can be determined.

In order to use the downloaded map (Fig. 3.4a) in a concise way, several preprocess-

ing operations are deployed. At first, all the semantic information, such as buildings,

traffic signs, tracks, etc. in the map are eliminated. Only crossings and drivable

roads connecting them are preserved and used to form a road graph, as demon-

strated in Fig. 3.4b. After the road graph is extracted, an edge detection step is

performed to convert road graph to a template edge map, which will be utilized in

shape matching step.

3.4.2 Road Constrained Shape Matching

We assume that the vehicle is always moving on a drivable road. The road shape

provides constraints to the vehicle’s possible trajectory. And this information is

used to correct VO trajectory in this chapter. Shape matching is an algorithm in

computer vision area. It is designed to find the best alignment between two edge

maps. If we convert road map and historical trajectory of each drop to a template

and query edge map respectively, then the shape matching result gives a measure

of matching degree between the two edge maps.

More specifically, to use road constraints effectively, we first convert the road graph

to a template edge map M = {mk}, where mk is one edge segment. All the drivable

roads in map are now represented by edges in M . The historical trajectory of each

drop is plotted and also converted to a query edge map Q = {ql}, where ql is one
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edge point. Then the shape matching distance between M and Q is given by the

average distance, including Euclidean and orientation difference between each point

ql ∈ Q and its nearest edge in M [104]

dSM(Q,M) =
1

n

∑
ql∈Q

min
mk∈M

{|ql −mk|+ α|Oql −Omk
|} , (3.25)

where n is the total number of points in Q; Oql is the tangent direction of point ql;

Omk
is the orientation of edge mk; α is the weight of orientation distance.

A consistency metric υ(yi) needs to be defined for each cloud drop to denote what

degree the drop accord with road constraints. Moreover, a fittest function modelling

the relationship between the above-computed shape matching distance dSM and the

consistency υ(yi) needs to be obtained. In this chapter, we use some sample data to

compute the drop’s empirical consistency distribution with regard to shape matching

distance. And some parametric distributions are utilized to fit the empirical one

afterwards. Concretely, for a real road on the map, a set of pseudo trajectories is

generated to simulate vehicle’s possible trajectories. The similarity between each

pseudo trajectory and the real trajectory is used to represent the consistency. And

the shape matching distance is calculated from Eqn. (3.25). The fitting result is

demonstrated in Fig. 3.5. Noted that the empirical distribution closely follows a

Chi-squared distribution, υ(yi) can be expressed as

υ(yi) = χ(dSM, k), (3.26)

where χ(dSM, k) denotes the estimated Chi-squared distribution with k degrees of

freedom; dSM is the shape matching distance, which is determined by the difference

between the trajectory to be evaluated and the geometric map: The more geometric

similarities are there, the lower dSM is.

Since it is supposed that the consistency is negatively associated with the shape

matching distance, one would think that the ideal distribution of dSM should follow
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Figure 3.5: Drop consistency distribution with regard to shape matching distance.
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Figure 3.6: Trajectories which are tough and easy to be initialized according to
geometric shapes. The red rectangles are start points of each trajectory. The initial
trajectories of the first two sequences are lack of geometric characteristics. They are
ambiguous ones and cannot be localized. The right most sequence is complex and
can be localized.

an exponential model. In fact, as all geometric maps are modelled with the road

centre line, there is always an offset between traffic roads and map-represented roads.

Besides, the direction of the vehicle’s trajectory might not be perfectly aligned with

road’s direction. As a consequence, the maximum value of υ appears when dSM > 0.
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3.4.3 Initialization

The initialization step is responsible for the initial state estimation. As we all

know, pure odometry based localization system could not possibly give a global

position estimation. Here, we rely on the downloaded map and the trajectory shape

to provide us with the initial position. Towards this goal, we first let the vehicle

moves for a certain distance. A set of uniform distributed cloud drops modelling

scale ambiguity and measurement randomness is generated over all the possible

locations. Then the historical trajectory of each drop is converted to a query edge

map, which is matched with the template edge map through shape matching. A set

of candidate drops with high matching probability is selected and used to estimate

the initial position.

As shape matching performance heavily relies on the geometric complexity of the

trajectory, whether the initialization process can succeed or not depends on practical

road conditions at the initial stage. Initial trajectories consisting of short, straight

driving (as shown in Fig. 3.6a) or self-similar routes (as shown in Fig. 3.6b) with

high inherent ambiguities are less likely to be initialized while trajectories with

sufficient complex characteristics (as shown in Fig. 3.6c) are much easier to cope

with. The selectivity of trajectory in initialization step is one shortcoming of the

proposed method. Similar problem is also discussed in [102], where they call this

issue as fundamental ambiguity. In our experiment, to make sure the path is easy to

manipulate, the first batch of drops covering all the roads of the map is generated

only after the vehicle has moved a minimum distance dmin meters and a minimum

turning angle αmin.

3.4.4 Drops Resampling and Scale Ambiguity Reduction

After the certainty degree and the consistency are obtained, the weight of each cloud

drop yi is determined by the product of its certain degree µ(yi) and consistency
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υ(yi):

w(yi) = µ(yi)υ(yi). (3.27)

The weights of cloud drops are positively correlated to both certainty degree and

constraint consistency. To reject cloud drops that are with lower probability to be

the correct location, the robust low variance resampling algorithm is used. The

cloud drop set S is then acquired by taking all cloud drops after resampling.

As we talked before, the existence of scale drift makes the absolute scale of monocular

visual odometry varies as the vehicle moves. A parameter estimation scheme is

desired to narrow down the scale ambiguity while resampling drops. Based on the

analysis of Section 3.3.4 and Property 2-3, with the method of moments applied,

the parameters can be estimated based on the following underdetermined system:

M1j = Ê(Sj)Ê(Xj) (3.28)

M2j = σ̂2
Xj
Ê(Sj)

2 + σ̂2
Sj
Ê(Xj)

2 + σ̂2
Sj
σ̂2
Xj
, (3.29)

where M1j = 1
N

∑N
i=1 yij and M2j = 1

N−1

∑N
i=1(yij −M1j)

2 denote the expectation

and variance of the j-th random variable in a cloud drop, respectively; N is the total

number of cloud drops. Obviously, the above underdetermined system have fewer

equations than unknowns and it is difficult to solve.

As the raw measurement is quite accurate over a short distance, the scaling vector

plays a major role in selecting cloud drops. To simplify the problem, we assume that

road constraints filter out cloud drops with improper scaling factors. Alternatively,

the following assumption can be made:

Assumption 3. The parameters related to raw measurement are identical before

and after cloud drop selection. Mathematically, Ê(Xj) = E(Xj), σ̂Xj
= σXj

.

In real MVO, the elements in the scaling vector S are identical for all directions.

Besides, only 2D road constraint is provided from OpenStreetMap. Thus, the pa-
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rameter estimation equations lead to an overdetermined system

M1j = Ê(Sj)E(Xj) (3.30)

M2j =σ2
Xj
Ê(Sj)

2 + σ̂2
Sj
E(Xj)

2 + σ̂2
Sj
σ2
Xj
, (3.31)

which is rewritten as Aβ̂ = M:
E(X1)2 0

E(X2)2 0

σ2
X1

E(X1)2 + σ2
X1

σ2
X2

E(X2)2 + σ2
X2


Ê(S)2

σ̂2
S

 =


M2

11

M2
12

M21

M22

 , (3.32)

whose solution β̂ can be obtained by using the method of ordinary least squares:

β̂ =
(
ATA

)−1
ATM. (3.33)

Once Ê(S), σ̂2
S are estimated, they can be used as the initial scale parameters when

generating new cloud drops in the next iteration.

3.5 Experimental Validation

To evaluate the performance of the proposed approach in real conditions, exper-

iments are conducted on the KITTI visual odometry dataset as well as our self-

collected dataset. Both of these two datasets are captured by driving a wagon

around urban and suburban environments at normal driving speed. Since many

turns are included in these datasets, they are very challenging for pure odometry

based localization.

Even though the original intention of this work is to tackle measurement uncer-

tainties of MVO which include the drift and scale ambiguity, localization with both
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stereo and monocular visual odometry are conducted, and the results are shown to

demonstrate the performance of our proposed approach. The reasons why stereo

visual odometry based localization is also evaluated can be explained as follows:

1. Localization with SVO can be regarded as a specific case of MVO when s =

1. Evaluation with a known scale validates the effectiveness of parameter

estimation scheme, and is the prerequisite of the experiment with MVO.

2. Although no scale ambiguity exists in stereo case, drift caused by calibration

error, feature selection error, matching error, etc. may make the estimated

scale fluctuate around the true value. The proposed approach provides a uni-

versally applicable framework to deal with these measurement uncertainties.

In experiments, some typical parameters are set as: initialization criterion dmin =

300 m, αmin = π/4; the weight α = 0.5 for orientation distance in shape matching;

degrees of freedom k = 3 for Chi-squared distribution; 800 drops are sampled in the

proposed framework. All the experiments are conducted on a mobile workstation

with an i7-4710MQ processor.

3.5.1 Experiments on KITTI

The KITTI visual odometry dataset contains 22 stereo sequences, and a part of their

ground truth (the first 11 sequences) has been released. These sequences are made

with various lengths and trajectory shapes; thus they are suitable for localization

performance evaluation. Some of them are used in this experiment.

3.5.1.1 Localization with Stereo Visual Odometry

In the first round of experiment, the proposed approach is evaluated with SVO

dead-reckoning results. We choose the widely-used libviso2 package [105] as SVO
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Figure 3.7: Sequence 00 and 08 from visual odometry benchmark of the KITTI
dataset. Left: trajectory estimated from stereo visual odometry, trajectory esti-
mated from our road-constrained algorithm and ground truth. Right: localization
error comparison between SVO and our method.

model. During the experiment, it is assumed that the scale of SVO is unknown,

and the initial scaling factor satisfies S ∼ N(1, 0.5). In that sense, the SVO can be

regarded as a special MVO.

Some representative trajectories estimated from SVO and our road-constrained ap-

proach, as well as the localization error comparison curve can be found from Fig. 3.7.

As can be seen, the SVO drift increases every time the robot turns sharply. And

due to the accumulative drift, pure SVO localization becomes increasingly unreliable

with the growth of travel distance. In contrast, for the proposed approach, the more

complicated trajectory is, the better localization results will be. It is not difficult to

understand this unique phenomenon, as every time the robot changes its direction

of motion, more information is added to robot’s trajectory, and the shape matching

Nanyang Technological University Singapore



56 3.5. EXPERIMENTAL VALIDATION

Table 3.1: Quantitative comparison between the proposed approach, pure SVO and
[102].

Sequence KITTI 00 KITTI 02 KITTI 05 KITTI 08 KITTI 09 Total
Travelling Distance (km) 3.72 5.06 2.20 3.21 1.70 10.83

Our Proposed
Avg Error (m) 3.76 11.32 4.02 4.67 5.72 6.59
Std Dev (m) 2.80 7.51 2.04 2.57 2.67 -

Max Error (m) 14.01 25.60 8.70 11.96 11.57 -

SVO
Avg Error (m) 37.11 66.08 14.40 34.70 16.63 40.51
Std Dev (m) 29.63 47.37 13.30 28.12 34.91 -

Max Error (m) 107.23 172.71 45.60 98.20 9.72 -
[102] Avg Error (m) 2.1 4.1 2.60 2.4 4.2 3.19

algorithm narrows down the possible region of the robot.

Quantitative results from our method, pure SVO and state of the art map-aided

approach Lost [102] are listed in Table 3.1. Noticed that not all the 11 sequences of

KITTI dataset are listed in the table. That’s because some sequences do not satisfy

the initialization criterion as discussed in Section 3.4.3. According to the results,

both our method and Lost perform much better than pure SVO, as expected. The

proposed approach suppressed average localization error drastically from 160.07 m

to 6.59 m. Besides, the proposed approach provides more robust positioning com-

pared to pure SVO, as the standard deviations for all sequences are evidently lower.

Further more, the success of our SVO based localization proves the effectiveness

of the proposed framework, especially the effectiveness of our parameter estima-

tion scheme. Finally, even though Lost has a slightly better performance than the

proposed, the advantage of our approach will be unfolded in monocular case.

Error sources: the road map in our work is converted to an edge map, in which each

road segment is represented with one edge. The positioning performance depends

heavily on the resolution of this edge map. Theoretically, error from edge map

precision can be eliminated if the resolution of the map is high enough. However,

this is in contradictory with execution time and memory usage, as shape matching

is needed for each possible trajectory to obtain cloud drop consistency. In our

implementation, a 0.75 m/pixel (not high resolution) edge map is used. On the other

hand, the shape matching algorithm we used in our implementation is a modified
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chamfer matching [104]. It works well for straight line segments. For arc segments,

even though they can split into small straight lines, it is very challenging to have a

reliable results especially when the vehicle makes shape turns. These are the reasons

that may cause positioning performance degradation.

3.5.1.2 Localization with Monocular Visual Odometry

In the second round of experiment, we evaluate the proposed approach using the

raw translation vectors of MVO without scale information. State of the art monoc-

ular SLAM system-ORB-SLAM [32] is used to provide us with monocular motion

prediction. Relying on loop closing and pose graph optimization, this system can

achieve quite accurate motion estimation and map generation up to an absolute

scale. When no loop closure occurs, standard local tracking and mapping step are

performed such that ORB-SLAM acts like a VO system. Without distinction, all

the raw motion estimations from ORB-SLAM are called MVO in this experiment.

To validate the effectiveness of our proposed method, we compare the performance

of our method with MVO method in both conditions with loop closure and without

loop closure. Since the absolute scale is unknown, to compare monocular motion

estimation with the ground truth, we re-scale the MVO raw measurement by align-

ing the odometry trajectories during initialization with the ground truth using a

similarity transformation, as shown in the left column of Fig. 3.8. As can be seen,

MVO performs much better on sequence 00 than on sequence 08 and 09 because

loop closures exist in route 00 while they do not exist in the other two sequences

(actually, sequence 09 do have loop closures at the very end, but ORB-SLAM fails

to detect it). The 7 DOF drifts, especially the scale drift, destroy the motion esti-

mation of sequence 08 and 09. Despite the loop closure optimization, drift issue still

exists in sequence 00. By contrast, our road-constrained method always performs

well regardless of the existence of the loop closure. Most of the results are perfectly

constrained on or near a road thanks to our shape matching and parameter estima-
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Figure 3.8: Sequence 00, 08 and 09 from visual odometry benchmark of the KITTI
dataset. Left: trajectory estimated from monocular visual odometry aligned with
initial scale, trajectory estimated from our road-constrained algorithm and ground
truth. Right: localization error comparison between MVO and our method.

tion scheme. The right column of Fig. 3.8 shows error curves of the two methods.

Based on the localization error comparison, it can be concluded that the proposed

framework is valid for monocular localization.

The quantitative results are also listed in Tabl 3.2. As KITTI 00 and KITTI 05
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have loop closures, MVO results for these sequences are still acceptable. However,

MVO results from KITTI 08 and KITTI 09 are not as optimistic as the first two

sequences. At the same time, the results from our algorithm are much better, as the

average localization error is 5.62 m compared to 160.07 m over the 10.83 km run.

Moreover, the proposed approach outperforms Lost in this monocular case. As can

be seen, our MVO based localization has roughly the same performance as our SVO

based, while Lost has a larger inconsistency. This furtherer proves the effectiveness

of the proposed for both SVO and MVO.

It is worthy to note that, for the monocular positioning case in Lost [102], the

monocular visual odometry used is not real “monocular”. Instead, the metric in-

formation from the height and pitch of the camera, together with a detected plane

ground is utilized to obtain the completed pose. The translation estimation is at

the real scale and no scale ambiguity exists. Normally, odometry result estimated

from this method is not as good as stereo case since it requires a good ground plane

detection accuracy. That’s why [102] performs much worse in “monocular” case

than stereo case.

In order to demonstrate the advantage of the proposed cloud model with respect

to models which consider measurement randomness and scale ambiguity separately,

comparison experiments are made. Concretely, scale ambiguity is firstly modelled

while MVO measurement randomness is not considered. In this scenario, the scaled

measurement follows GGC(ES,ΣS, EX,0). The result is listed as the next-to-last

row of Table 3.2. As can be seen, the positioning error of this model is larger than

the complete model. It’s not hard to understand this result, since measurement

randomness is not properly modelled here, translational and rotational drift issues

still exist. Experiment evaluating another scenario is also conducted. This time,

measurement randomness is modelled while scale ambiguity is not considered. And

the scaled measurement follows GGC(ES,0, EX,ΣX) in this case. The result is

listed as the last row of Table 3.2. Unsurprisingly, this model performs much worse

than the complete model due to the unhandled scale drift issue.
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Table 3.2: Quantitative results of the proposed approach, pure MVO aligned with
initial scales, [102], model only considering scale ambiguity and model only consid-
ering odometry measurement randomness, respectively.

Sequence KITTI 00 KITTI 05 KITTI 08 KITTI 09 Total
Travelling Distance (km) 3.72 2.20 3.21 1.70 10.83

Our Proposed
Avg Error (m) 5.43 6.02 5.05 6.63 5.62
Std Dev (m) 3.15 4.82 3.23 2.93 -

Max Error (m) 14.70 18.70 14.67 16.45 -

MVO
Avg Error (m) 10.00 7.21 475.43 90.81 160.07
Std Dev (m) 6.62 7.20 408.21 100.84 -

Max Error (m) 26.07 23.31 1300.20 347.64 -
[102] Avg Error (m) 15.60 5.60 45.20 5.40 16.72

Only Ambiguity Avg Error (m) 6.01 8.13 66.90 63.40 33.50
Only Randomness Avg Error (m) 9.20 7.00 462.30 85.30 154.90
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Figure 3.9: The absolute scales of sequence 00, 08 and 09. The red solid lines
represent corrected scales of stereo visual odometry. The blue solid lines represent
corrected scales of monocular case. Blue crosses show the scales calculated from
ground truth.

3.5.1.3 Scale Drift Correction

Fig. 3.9 shows the absolute scale estimated from the proposed method. Red and solid

blue line are the estimated scales of stereo and monocular odometry respectively.

The “true” scale at a certain distance—represented with blue cross, is calculated

from the ratio between ground truth and the raw odometry measurement. As can

be seen, stereo odometry and monocular odometry performs differently and different

sequences also perform diversely. Most of the stereo ones are successfully converged

to the ideal scale—one, which is precisely what we need to verify the feasibility of

the proposed parameter updating scheme. For the monocular case, sequence 00 has

a nearly constant scale, while sequence 08 and 09 have greatly drifted scales. Even

though the converged scales are not exactly the same with the scales calculated
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from ground truth, our results fit the changing tendency well. Please note the huge

variation of the scales of 08 and 09, which further verifies the effectiveness of our

parameter estimation part.

3.5.2 Experiments on Self-Collected Dataset

Figure 3.10: Our evaluation vehicle.

In this section, experiments conducted on our self-collected dataset are described.

Fig. 3.10 shows our evaluation vehicle and the sensor setup. A stereo camera set is

mounted on the roof of the vehicle and oriented forward. It is configured to acquire

stereo frames at 50 Hz with a resolution of 1280 x 1024. The vehicle is also equipped

with GPS to provide us with position ground truth. Our datasets are captured by

driving around the campus of Nanyang Technological University.

The right column of Fig. 3.11 shows the OpenStreetMap used in our experiment.

The pink trajectory at the bottom left corner shows the route of our vehicle. It is a

1.2km closed loop path around hall seven of NTU.

Similar to the first experiment on KITTI dataset, both stereo and monocular case

are considered here and same visual odometry packages are utilized. Trajectories

estimated from our method, as well as trajectories estimated from pure stereo visual

odometry and monocular odometry systems are shown in Fig. 3.11 and 3.12. Unsur-

prisingly, poor results are obtained from pure odometry systems. Moreover, stereo

odometry performs even worse than monocular one since no loop closing technique
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Figure 3.11: Our self-collected dataset. Left: trajectory estimated from stereo visual
odometry, trajectory estimated from our road-constrained algorithm and ground
truth. Right: the map used in our experiment; the pink trajectory shows the route
of our vehicle.
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Figure 3.12: Our self-collected dataset. Left: trajectory estimated from monocu-
lar visual odometry aligned with initial scale, trajectory estimated from our road-
constrained algorithm and ground truth. Right: scales estimated from our method.

is used. At the mean time, our proposed method performs very well as always.

The right most column of Fig. 3.12 shows the absolute scale estimated from our

method. Obviously, the stereo case can still converge to one correctly. While for

the monocular case, two sudden changes of scale are occurred around frame 500 and

2200, when the vehicle happened to make turns.

Experiments analysing the importance of parameter setting are also conducted. The

two curves of Fig. 3.13 demonstrate the influence of the given parameters (ES, σs)

on the convergence performance. As can be seen from the left curve, the estimated

scale can converge to the truth when the given scale’s expectation lies in the rough
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Figure 3.13: The influence of the given parameters. Left: the influence of given scale
exception ES on final converged scale; the true scale is 9.7, σs = 3.5. Right: the
influence of given scale standard deviation σs on the convergence time; the smallest
time consumption is considered as one time unit.

range [EStruth − σs, EStruth + σs]. It will be always possible to converge to the true

scale as long as the given standard deviation is large enough. Nevertheless, as shown

from the right curve of Fig. 3.13, the convergence time used to converge to the true

position increases exponentially over the given standard deviation, which verifies

the significance to narrow down the scale ambiguity while resampling drops.

The most time consuming step of the proposed framework is the road constrained

shape matching process. It is worthy to note that this step is not conducted at

every time instant, but when the local history has a length of l = 80 frames. The

run-time of this step is mainly determined by the size of the map. With map size 1

km2, it takes 1.06 ms per drop for shape matching. The evaluation of other steps

in the pipeline takes less than 0.01 s.

3.6 Conclusions

In this chapter, we have presented a localization framework to globally localize a

mobile vehicle equipped with monocular visual odometry and the freely available

OpenStreetMap. In this framework, the Gaussian-Gaussian cloud model has been

proposed to represent measurement randomness and scale ambiguity from raw mea-

Nanyang Technological University Singapore



64 3.6. CONCLUSIONS

surement of visual odometry. A shape matching scheme has been used to filter out

cloud drops which are inconsistent with road constraints. With the integration of

shape matching, the vehicle can be robustly localized while the measurement un-

certainties are reduced. A parameter estimation scheme has been implemented to

narrow down the scale ambiguity while resampling cloud drops. Experiments on

the widely used KITTI benchmark and our self-collected dataset have shown that

the proposed approach is effective for both stereo and monocular odometry, and the

localization error of the proposed approach could be significantly reduced compared

to pure SVO and MVO based methods.
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Chapter 4

Place Recognition Using Multiple

Feature Types

4.1 Introduction

In previous chapter, we focus on the development of metric localization based on

road-constrained visual odometry. In this chapter, efforts are given to robust place

recognition.

Vision-based place recognition problems can be considered as that, given a query

image captured at a particular place, return images that depict the same place from

geo-tagged database. Efficient place recognition methods often build on bag-of-

words (BOW) representation developed for object and image retrieval. There are

three steps: feature extraction, vocabulary construction and vector quantization to

represent an image with bag of visual words. In the first step, for each database

image, its local features are detected and described with invariant descriptors. A

k-means clustering algorithm is usually applied in the second step to construct

visual words vocabulary and the resulting cluster centers (i.e., centroids) are treated

as dictionary of visual words. Given one query image, all the local features are
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extracted first and the corresponding descriptors are quantized to find the nearest

neighbour in the dictionary created in the second step. The histogram of all the

visual words forms the final bag-of-words vector.

Point features, such as SIFT [78] and rotated BRIEF [85], are widely used to rep-

resent a scene in current place recognition systems. One of the most well-known

approach is Fast Appearance-Based Mapping (FAB-MAP) [81], which can perform

very large trajectory estimation based on bag of visual words model using SIFT

features. Besides point features, there are other popular types of features such as

line features that are used in different applications. Compared with point features,

line features carries more structural information since each of them is spanned over

a 2D space instead of a single point. Moreover, they are more robust to environ-

mental changes such as illumination, viewing direction, or occlusion. Line feature

based place recognition approach is expected to have a better performance in well

structured environments. However, there is no such feature that outperforms others

in all environments. Each feature has its own advantage, they should be carefully

chosen depending on the context and environments.

In [106], my colleagues use lines extracted from ceiling images to calculate the robot

motion and use ceiling as an absolute reference to determine the robot’s global

orientation. Although the motion estimation approach demonstrates robustness on

disturbance, place recognition using ceiling vision can be even more challenging due

to the lack of point features and line patterns high similarity. As can be seen in

Fig. 4.1, lines are the dominant patterns in both images. Since they are similar in

the two images, it is difficult to distinguish two places using line features alone. On

the other hand, the number of point features is too small (about 20 FAST features

in each image) to generate a meaningful set of visual words to describe an image

properly. Nevertheless, it is worthy to note that point features can provide extra

distinctiveness to find correct matchings in a database. Thus, a good combination of

both kind of features is supposed to have a better performance on place recognition.
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(a) Frame 0. (b) Frame 1.

(c) Line features of frame 0. (d) Line features of frame 1.

(e) Point features of frame 0. (f) Point features of frame 1.

Figure 4.1: Point and line features extracted from ceiling images. Frame 0 and
frame 1 looks very similar from line features, but these two frames were taken at
different locations (note the fire alarm in frame 0). In order to distinguish these
frames, we combine line and point features together by using a modified vocabulary
tree.

In this chapter, we present a place recognition system which is applicable to various

environments. The main constructions of this system are as follows:

1. A modified vocabulary tree with the ability of merging multiple kinds of fea-

tures is proposed. Although this method is initially proposed for ceiling vision
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based place recognition with the combination of point and line features, users

can customize different combination of features for different environments.

2. Instead of building separate vocabulary trees for each feature type, one single

vocabulary tree is created for all feature types, which makes the proposed

much easier to work with.

3. Validation experiments are conducted on real-world datasets and experimental

results have demonstrated the advantage of our system compared to existing

approaches.

In this study, we focus on the combination of point and line features. The rest of

this chapter is structured as follows: In Section 4.2, we describe how to extract and

describe point and line features. After that the modified vocabulary tree that can

combine multi features types is introduced in Section 4.3. Experiments conducted

to evaluate the proposed approach are described in Section 4.4. Conclusions are

drawn in Section 4.5.

4.2 Point and Line Extraction

We discuss how point and line features are extracted and described in this section.

For ground robots using ceiling vision in a typical indoor environment, the scale

of different images remain constant but not the orientation of features. Hence, a

feature descriptor that is invariant to the rotation is desired. To maximize the

efficiency of the system, a specially designed point feature descriptor is used. As for

line features, we use Line Band Descriptor (LBD) [107] to represent lines due to its

high reliability and computational efficiency.
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4.2.1 Point Extraction and Description

A large number of point feature detection approaches have existed in the litera-

ture. SIFT and SURF are very popular choices for visual feature detectors for

their robustness against lighting and scale changes. However, without the help of

modern GPU, it is time consuming to detect SIFT or SURF features, which does

not meet our purpose for real-time performance. Hence, we use FAST [84] feature

detector with non-maximal suppression. In order to increase the processing speed

and reduce the number of features that are very close to each other, the images

are down-sampled before applying feature detection and transform these feature

locations back to full-size images when performing descriptor calculation.

Feature descriptors are extracted to find feature similarity across frames. Because we

intend to speed up place recognition process, scale invariant feature descriptors such

as SIFT or SURF are computational expensive and in our ceiling vision application

scale invariance is not a necessary requirement of the system. To fulfill the real-time

requirement, a customized and fast feature descriptor is desired.

For each frame, we first apply two 5× 5 Sobel filters (Fig. 4.2a and 4.2b) across the

down-sampled image along horizontal and vertical directions. For each point in the

image, Gx and Gy are the resulting Sobel responses along horizontal and vertical

directions. The feature direction can be obtained as atan2(Gy, Gx) and the gradient

magnitude can be represented as G =
√
G2
x +G2

y. The descriptor is designed as

concatenation of gradient magnitudes around detected features.

Its layout consists of two circles with 16 coding positions as shown in Fig. 4.2c. The

descriptor is encoded sequentially from inner circle to outer circle and both follow

a clockwise direction. The feature direction is quantized into 8 discrete directions

which determine the starting coding position. The value for each dimension of

the descriptor is scaled into [0, 255] so that each descriptor can be represented by

16 bytes. By this simple design, the descriptor can be extracted efficiently and
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(a) Horizontal Sobel kernel.
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(b) Vertical Sobel kernel. (c) Descriptor layout.

Figure 4.2: Sobel kernel and descriptor layout.

invariant to rotation and illumination changes. The descriptor similarity is defined

as sum of absolute difference (SAD). In order to optimize the implementation, we

use the Streaming SIMD Extensions (SSE) instructions which can perform 16-byte

operations very efficiently. Hence, the 16-byte SAD can be performed within one

call of SSE instruction.

4.2.2 Line Extraction and Description

In order to extract line segments from input images, we use a method presented

in [107]. The extraction starts with a scale-space pyramid consisting of N octave

images which are generated by down-sampling the original image with a set of scale

factors and Gaussian blurring. Then, from each layer in the pyramid, EDLine [108]

algorithm is applied, which produce a set of lines in the scale space. Lastly, all the

detected lines are re-organized by finding correspondences in the scale space.

After the extraction of all the line segments, a binary descriptor representing each

line is generated using LBD. Given a line segment, a local rectangular region around

the line is chosen as the line support region (LSR). The LSR is divided into a set of

bands {B1, B2, ..., Bm}, whose length equals the one of line. The line direction dL

together with the orthogonal direction d⊥ forms a local 2D reference frame, whose

origin is located at the middle of the line. The gradient of each pixel in the LSR is
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projected to the local frame. Later on, a global Gaussian function fg is applied to all

rows in the LSR, while a local Gaussian function fl is applied to all rows in each band

and its nearest two neighbor bands. Using the local and global Gaussian function

as well as the gradient of each pixel in the LSR, a so called band description matrix

(BDM) is constructed. Each band Bj in LSR has an assoicated band descriptor

(BD), which can be obtained using the mean and standard deviation of the BDM.

Once each band has been assigned its BD, the Line Band Descriptor LBD is simply

generated by concatenating them:

LBD = (BDT
1 , BD

T
2 , ..., BD

T
m). (4.1)

4.3 Modified Vocabulary Tree

The vocabulary tree based method is a widely used one for place representation [83].

It is built by hierarchical k-means clustering, which makes vocabulary tree approach

a practical unsupervised learning method. In this section, we discuss how to create

conventional vocabulary tree first and then introduce how to create our modified

vocabulary tree. Finally, we give the explanation on how to create the database

with the modified tree.

4.3.1 Conventional Vocabulary Tree Creation

In conventional vocabulary tree approach, in order to build the tree structure, a

large number of features are extracted from some training images first. Then, an

initial k-means process runs on the training descriptors, obtaining k cluster centers,

which form the first level of nodes in the vocabulary tree. The same process is then

applied to the subsequent levels (up to L levels). Finally, a tree with a maximum

number of kL visual words is constructed. Given the constructed vocabulary tree, a

BOW vector can be computed for each database image. And all these BOW vectors
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form a database for query purpose.

Although this method has been demonstrated to be scalable and efficient [86], it can

not be used for applications with multiple feature types directly due to the following

reasons. First of all, different feature types may have different dimensions, e.g. SIFT

descriptors have 128 dimensions while SURF descriptors have 64 dimensions, which

makes it impossible to compare SIFT and SURF descriptors. It is also problematic

for different feature types with the same dimension. For example, a 32-dimension

ORB descriptor vector could be very close to a 32-dimension LBD descriptor vector

in Euclidean space. In this circumstance, the two features will be clustered into the

same visual word. Obviously, this is not acceptable since ORB and LBD descriptor

convey completely different visual meanings.

It could be argued that multiple separate vocabulary trees can be built for different

feature types to solve the above issues. However, in that case, not only several

vocabulary trees but also multiple databases are required for different feature types.

Besides, when comparing the query image with an database image, multiple scores

are returned for different feature types. As we know, different features perform

differently in different environments (e.g. line features have better performance in

environment like corridor but not in rural area filled with trees or grass). Hence,

these scores should not be treated equally in different environments. But it is unclear

on how to find a general weighting strategy to combine these scores to perform well

in different environments.

4.3.2 Modified Vocabulary Tree Creation

Based on the above observations, we propose a modified vocabulary tree as depicted

in Fig. 4.3. As can be seen, a feature type quantization step is performed on the

training data, defining n (there are 2 in Fig. 4.3) feature types. The training descrip-

tors are then partitioned into n groups, where each group consists of the descriptor
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Figure 4.3: Example of our modified vocabulary tree with a combination of point and
line features. Instead of running k-means clustering on the first level, a feature type
quantization is performed first. In this example, there are 3 levels and 2 branches
on each level for point features and 2 layers with a branch factor 3 for line features.

vectors that belong to the same feature type. The hierarchical k-means clustering

process is then applied to each feature type, constructing the final tree structure.

In order to distinguish different feature types in the second layer of vocabulary tree,

one extra byte is appended to the end of each feature descriptor to represent feature

type in our implementation. It is worthy to note that this tree structure can allow

us assign different branch and layer factors for different feature types.

One could argue that there are more than one trees for the heuristic mixing of

features and can not construct a unique modified vocabulary tree. However, the au-

thors of [86] have done plenty of experiments comparing different parameter settings

(branch and layer factors) and suggested appropriate ones. Even though there are

more than one tree for the heuristic mixing of features, the one with the most appro-

priate setting is preferred. The modified vocabulary tree which combines multiple

feature types can be construed as long as the conventional trees trained with sepa-
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rate feature type can be constructed. It has all the advantages that the conventional

trees have.

4.3.3 Database Creation

To do place recognition, an image database need to be pre-built. When adding an

image It to the database, multiple types of features are extracted from the image

and each descriptor vector traverses through the vocabulary tree until it reaches any

leaf node i. It is inserted to an image list stored in ith node so that when querying

an image with the database, comparison is only performed with those images that

have common words. To accomplish this efficient comparison, the term frequency-

inverted document frequency (TF-IDF) scheme is used. The ith element of query

vector q and database image vector d are defined as:

qi =niwi, (4.2)

di =miwi, (4.3)

where ni is the term frequency of word i in the query image while mi is the term

frequency of word i in the database image which are defined as:

ni =
Qi

Q
, (4.4)

mi =
Di

D
, (4.5)

where Qi is the number of word i in query image; Q is the number of total words

in query image; Di is the number of word i in database image; D is the number

of total words in database image. The reason why we choose to use the number of

total words instead of using the number of words that belong to one feature type in

query and database images, is to reach fairness between feature types with different

feature numbers.
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Within this TF-IDF scheme, wi is defined as:

wi = ln
N

Ni

, (4.6)

where N is the number of images in the database, and Ni is the number of images in

the database with word i. By using this weighting scheme, the frequently occurred

words are penalized, while the words that are more distinctive are awarded.

As a result, images are described by bag-of-words vectors. The normalized L1 dis-

tance dist(q,d) between two such vectors q and d is defined as:

dist(q,d) = | q

|q|
− d

|d|
|. (4.7)

For a query image, the better matches in database images receive lower dist(q,d).

4.4 Experiment Validation

In this section, several experiments are conducted and the results are shown to

demonstrate the performance of our proposed approach. In the first experiment,

we use a Kincect camera pointing up to the ceiling to grab image sequences. Com-

parisons are made between the performance of our modified tree trained with a

combination of LBD line descriptor and point descriptor, and other trees trained

using LBD and point descriptor separately. The proposed method is also tested un-

der varied illumination conditions using ceiling images. Afterwards, the challenging

KITTI dataset is used in our second experiment to show the effectiveness of the

proposed approach in much more complex environment. All the experiments are

conducted in real-time using a Intel (R) i7-4710MQ processor.
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(a) Our iRobot Create plateform.

Route of the mobile robot
Starting point

(b) Robot trajectory.

Figure 4.4: Our mobile robot and its trajectory. The Kinect camera is mounted on
the iRobot Create platform and pointed up to the ceiling. The robot traversed the
same route three times at different time of a day. Using these three image sequences,
we compare the retrieval performance of the proposed modified vocabulary tree
trained with both point and line features with conventional vocabulary trees trained
with point and line feature alone.

4.4.1 Experiments on Real Robot with Ceiling Camera

The ceiling images used in this experiment are captured using a Kinect mounted

on a iRobot-Create robot (as shown in Fig. 4.4a) pointing up to ceiling. The robot

is manually navigated by a wireless game pad and the testing data are collected

by driving the robot in the Robotics Research Center of Nanyang Technological

University (as shown in Fig. 4.4b). The platform is also equipped with a high

precision IMU and Hokuyo laser range finder which are used to provide the position

ground truth of the robot.

In order to show the effectiveness of the modified vocabulary tree, comparisons

between conventional vocabulary trees and the proposed are performed. We first

let the robot move around the research center and recording a ceiling video. The

proposed point descriptor and LBD line descriptor are used to describe point and

line features, receptively. Around 2 million point features and 1 million line features

extracted from this video are used to train the conventional and modified vocabulary

trees. Following the analysis of [86], a configuration with k = 8, L = 5 is used for
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the line vocabulary tree. And 20200 visual words are generated. While for the point

vocabulary, k = 7, L = 5 is used, resulting in 8987 visual words. The same setting

is applied to our modified vocabulary tree.

After creating the above vocabulary trees, we first let the robot travel the same

trajectory three times but at different time of a day. The blue dashed line in Fig. 4.4b

is the route used in this experiment. The first loop was collected in the morning

when the lights were still on, while the second loop was collected at noon when the

lights were off, and the third loop was collected at night when the lights were on

again. So the scenes of the three loops were under illumination changes. We choose

the images (1104 frames) in the first loop as database while images in the second

(1112 frames) and third (1091 frames) loop are used as query. Thus, images in the

second and third loop are matched with images in the first loop sequentially.

The three vocabulary trees are tested using the same ceiling image sequence. In

order to show the place recognition performance, we plot the top five query results

as shown in Fig. 4.5. The horizontal and vertical axes represent the frame numbers

of the database and query images, respectively. The dots represent the top five

results returned from database. Since the robot traversed the same trajectory when

collecting the three sequences, the distribution of plotted points should follow two

diagonal lines. It can be seen, the result from the proposed approach outperforms

the ones using single feature type since more dots are distributed on the two diagonal

lines. There are some obvious query failures as marked by red circles which occur

at the same position of the database images. The reason for that is, there is slight

trajectory difference between query and database images when robot made a turn.

The detailed comparison results of the three vocabulary trees are shown in Table 4.1.

From the table it can be seen that the results from both query sequences using the

modified vocabulary tree have higher success retrieval rate even under different

illumination conditions. Some examples of successful retrieval under illumination

changes using the proposed method are shown in Fig. 4.6.
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(a) Query result using point features.
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(b) Query result using line features.
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(c) Query result using both point and line features.

Figure 4.5: Query results using separate vocabulary trees and our modified vocab-
ulary tree that combines point and line features. Two axes represent the frame
numbers of the database and query images. The dots represent the top five results
returned from database.
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Table 4.1: Experimental evaluation of the trees, showing the retrieval performance
improvement compared to conventional vocabulary trees. The success return is the
number of success retrievals and success rate is the successful retrievals in percentage.

DB: First Loop (morning, lights on)
Success Return Success Rate

Q: Second Loop
(noon, lights off )

Tree Trained with Point Features 763/1112 68.61%
Tree Trained with Line Features 713/1112 64.12%

Modified Tree 872/1112 78.42%

Q: Third Loop
(night, lights on)

Tree Trained with Point Features 741/1091 67.91%
Tree Trained with Line Features 701/1091 64.25%

Modified Tree 858/1091 78.64%

4.4.2 Experiments on KITTI Dataset

In order to quantitatively evaluate the proposed method and demonstrate its ability

in much more complex environment, we use the challenging KITTI dataset which

contains both urban and sub-urban environment. The position ground-truth of each

captured frame in KITTI dataset is available. We use image sequences with number

00, 02, 05 and 06, in which loop closures occur most frequently, so that we can use

images in the first pass as database images and images in the second pass as query

images. The modified vocabulary tree combining point and line features is created

in a similar way as discussed above. One difference is that we use a setting of k = 10,

L = 6 to create the proposed vocabulary tree, which leads to 739725 point visual

words and 349613 line visual words.

The database and query image numbers for each sequence are shown in Table 4.2.

We compare our method with the popular FAB-MAP method. The precision-recall

curves for sequence 00, 02, 05 and 06 are shown in Fig. 4.7. Here, precision is

the proportion of returned frame pairs that are correct, recall is the proportion of

total correct frame pairs that are returned. It can be seen that our approach shows

significant improvement on both the precision and recall rates. In Fig. 4.8, we show

examples of correct loop detections in the four KITTI sequences, with point and

line corresponding features. Note that the feature matching example image is taken

in a well-structured environment which has enough saliency. But pure point and
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Figure 4.6: Examples of successful retrieval under illumination changes using the
proposed method. Left images are queried scenes in the second loop and right images
are the returned scenes from database with highest scores.

Table 4.2: Frame numbers of database and query images in the four KITTI se-
quences.

Sequence No. Total No. of Frames Database images Query images
00 4541 0 - 1570 3400 - 3900
02 4661 0 - 4000 4400 - 4600
05 2761 0 - 1200 1300 - 1600
06 1101 0 - 800 830 - 1090

line feature matching results still have a certain percentage of mis-matches.

Since image position ground-truth is available, given a query image, we measure the

Euclidean position distance between the query image and its best matching in the

database to evaluate the accuracy of the proposed system. The results are shown in

Table 4.3. Different distance threshold levels are defined. One query is considered as

correct if the measured distance is smaller than or equal to the distance threshold.

The smallest distance threshold is set to one meter, because the average distance

between two consecutive frames is about one meter in KITTI dataset. By setting
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Figure 4.7: Precision-recall curves on four KITTI dataset sequences without ge-
ometrical or temporally consistent check, showing the performance improvement
compared to FAB-MAP.

the distance threshold to one meter, a query result is considered as correct only

if it is taken at the same position as query image. Most of the query results are

correct even with this smallest distance threshold except sequence 02. The reason

for that is the car was driving through an area filled with trees and grass which is

less distinctive than other sequences.

Table 4.3: Quantitative evaluation of query performances. Dist. Threshold:
distance threshold within which the query results are considered as correct. Avg.
Error: average Euclidean distance between the positions of query and result images.

Dist. Threshold
KITTI00 KITTI02 KITTI05 KITTI06
true false true false true false true false

≤ 1 meter 363 48 29 142 173 58 206 45
≤ 5 meter 411 0 169 2 226 5 244 7
≤ 10 meter 411 0 171 0 229 2 250 1
≤ 15 meter 411 0 171 0 231 0 251 0

Avg. Error (meter) 0.66 1.58 0.96 0.84
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(a) Point feature matching.

(b) Line feature matching.
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(c) KITTI00 dataset.
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(d) KITTI02 dataset.
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(e) KITTI05 dataset.
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(f) KITTI06 dataset.

Figure 4.8: Point and line feature matching examples and loops detected by the
proposed method in the KITTI dataset.

4.5 Conclusion

In this chapter, a modified vocabulary tree that combines multiple feature types

for place recognition has been proposed. The ability of combining different feature

types makes it possible for users to customize feature combination for various envi-

ronments. Point feature and LBD line feature have been combined for loop closure
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detection on ceiling images. The comparison results show that the proposed mod-

ified vocabulary tree that combines both point and line features outperforms the

conventional vocabulary tree using each feature alone. To evaluate the performance

of the proposed approach in outdoor environment, we have test our system on the

KITTI dataset. The results have demonstrated the effectiveness of the proposed

approach.
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Chapter 5

Integrated Metric-topological

Localization by Fusing Visual

Odometry, Digital Map, and Place

Recognition

5.1 Introduction

The work conducted in Chapter 3 is originated from our previous study in [109]

(a collaborative work with colleagues), where a localization framework that uses an

available digital map and the on-road assumption is proposed to reduce the esti-

mation error of MVO or SVO. The framework is designed based on Monte Carlo

Localization, where visual odometry is used to generate particles (i.e. possible tra-

jectories) with specific probabilities and shape matching between these trajecto-

ries and the digital map is applied to further weight the particles. Specifically,

by assuming that the scale of monocular visual odometry follows uniform distribu-

tion in the interval [a, b] and the raw translation follows Gaussian assumption, we
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model the measurement of monocular visual odometry as a group of particles, which

obey Uniform-Gaussian Distribution that covers measurement uncertainties includ-

ing scale ambiguity and measurement randomness. The saliency of each particle can

be obtained from the distribution to indicate raw measurement certainty of monocu-

lar visual odometry. Geometric map-assisted shape matching is implemented as the

measurement model to assign consistency to the particles generated from the distri-

bution. Both saliency and consistency are considered in particle weights determina-

tion. Furthermore, based on the statistical properties of the probability distribution,

a parameter estimation scheme is proposed to narrow down the scale ambiguity of

monocular visual odometry while resampling particles. Although good localization

results have been obtained from the presented approach on KITTI dataset, there

are still some challenges as follows:

1. The map assisted approach depends on the reliability of the digital map. How-

ever, most of the current digital maps have a update cycle. Positioning con-

sistency can not be ensured in situations where a dated map (e.g. there is a

newly-built road) is used.

2. The map-assisted approach only works in on-road scenarios due to the on-road

assumption. It is desired to make the approach applicable to both on-road and

off-road situations since the vehicle does not always run on the road.

3. The vehicle’s initial position and orientation are unknown and the initializa-

tion process relies extremely on shape matching performance. A very large

number of initial particles needs to be generated to cover all possible trajec-

tories (with different starting positions, orientations and scales). Thus, the

initialization process may be time consuming. Occasionally, the initialization

result converges to wrong locations due to similar road shapes.

4. After initial position estimation, it is more reasonable to model the scale dis-

tribution as Gaussian instead of uniform, as the optimal estimation of true

scale must be a particular point instead of an interval.
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Although the metric position of the query image can not be computed, a rough

topological location can be obtained through place recognition operation no matter

the vehicle is on road or off road. Noticed that a rough position information helps

significantly to the initialization process of [109], it is promising to incorporate place

recognition into our geometric map-assisted approach.

In this chapter, we aim to localize a mobile vehicle equipped with one panoramic

camera, one mono-camera and a digital map. Compared with [109], the main con-

tributions of the integrated approach are:

1. A sensor fusion strategy is proposed to combine metric data from digital map-

assisted VO with topological data from place recognition results. Within the

strategy, a mutual check thread is implemented to measure the positioning

consistency of different data sources and to determine whether topological

results or metric results should be trusted.

2. A robust place recognition aided initialization scheme is presented to initialize

the localization framework and the initialization time consumption is signifi-

cantly reduced.

3. Gaussian probability assumption instead of uniform assumption is used to rep-

resent scale distribution of both SVO and MVO. The drift and scale ambiguity

are modelled by a Gaussian-Gaussian distribution more robustly.

4. An on-road/off-road judging scheme is proposed such that the integrated ap-

proach is applicable for both on-road and off-road scenarios.

The remaining part of the chapter proceeds as below. Section 5.2 describes the

integrated framework, where the details of all the tricks are emphasized. In Section

5.3, experiments on our own dataset are implemented and the results are discussed.

Section 5.4 concludes the chapter.
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5.2 Methodologies

In this section, topological and metric localization methods are explained separately

first. Then an integrated framework is proposed based on their pros and cons.

5.2.1 Topological Localization Based on Place Recognition

As one typical topological localization approach, place recognition has been dis-

cussed in Chapter 4. Due to the issue of chronological order, we design a new

place recognition framework in this section.

5.2.1.1 Database Creation

Lategahn et al. [110] introduced one visual feature, which they dub DIRD (Dird is

an Illumination Robust Descriptor), among several millions that is best suited to

represent places under illumination variations. Comparative experiments between

DIRD and other descriptors demonstrated the effectiveness and efficiency of DIRD

in place recognition. In this work, some changes are necessary to fit the particular

application, and an improved DIRD is used to describe our panoramic images.

A vehicle equipped with one panoramic camera and a differential GPS (DGPS)

travels the route to be recognized one or more times. As the vehicle travels the route,

a database graph is created using the vehicle position at fixed distance intervals.

Each node of the graph is annotated with the vehicle position and visual features.

Vehicle positions are obtained from DGPS, while visual features are extracted from

panoramic image. Both the vehicle position and visual features are stored in the

database.

Fig. 5.1 shows the structure of the created database, which consists of the set D =

{fk}, k = 1, · · · , K, with components fk = {DIRDk, lk}, where DIRDk is the visual
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Figure 5.1: The database structure is shown. Panoramic appearance as well as
vehicle position are stored in each node of the graph.

descriptor of the kth node; lk is the ground truth location of the vehicle in the map.

5.2.1.2 Online Location Estimation

At run time, as the vehicle drives over the mapped routes, a search process is

proposed to match the current panoramic view It against the pre-stored database

D through feature matching. A column vector dt of L1 distances can be computed

by

dt = (‖DIRD1 −DIRDt‖1, ..., ‖DIRDK −DIRDt‖1)T . (5.1)

Intuitively, the minimum argument of Eqn. (5.1) can be considered as the result

of the place recognizer. However, matching the current query image with all the

images stored in the database is quite time consuming. Furthermore, the place with

the smallest L1 distance is not necessarily the best match due to dynamic objects,

lateral shift or visual aliasing. In our work, a search window is used to restrict

the matching range once place recognition has been initialized. Suppose fk0 is the

matching result at previous time step; w is the window size. This leads to a finite

set W forming a sliding window around fk0 placed in its center as:

W = {fk0−w
2
, ..., fk0 , ..., fk0+w

2
}. (5.2)
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Figure 5.2: Graph of the logistic function used to translate all distance values into
matching scores.

Then feature matching is only implemented inside this window and dt becomes a

vector of size w. The time consumption of this step is almost the same no matter how

massive the database is. More importantly, the sequential consistency is maintained

and positioning jump problem caused by perceptual aliasing is solved effectively.

One thing should be noticed that global matching is still executed at intervals to

correct failures of sliding window.

Besides, a parametrized logistic function logit(·) is used to convert all distances of

dt into matching score pt in the range (0, 1). The logistic function is represented

as

logit(d) = 1− 1

1 + exp (−α(d− d0))
, (5.3)

where d is one element of dt; d0 is the L1 distance when the matching score is 0.5

and α denotes the steepness of this sigmoid curve. Fig. 5.2 shows the graph of this

function. Through this sigmoid function, large distance values are translated to

small matching scores (near zero) and small distance values are translated to large

matching scores (near one).

Noted that our panoramic camera has six small ones. Each camera has a constant

field of view. It often happens that part of these cameras are filled with moving
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vehicles and pedestrians, which will cause partial appearance variations. If the

panorama is considered as a whole, these partial appearance variations will severely

disrupted feature matching performance. Instead, the images from each camera are

considered separately in this work, so that partial appearance variations or aliasing

will not determine the overall result. After computing the six matching score vectors

{pt1, ...,pt6} from Eqn. (5.3), their summation

pt =
6∑

n=1

pt
n (5.4)

is considered as the overall similarities. Then the node who has the highest matching

score is considered as the best matching result and the node’s location

lk = argmax
fk∈W

pt (5.5)

is treated as the position estimation of place recognizer.

Algorithm 2 gives pseudo-code for online location estimation.

Algorithm 2 Place Recognition

Input: Current panoramic It
Output: Estimated location lk

1: if initialized then
2: if do global search then
3: W ← D /*search the whole database D*/
4: pt

n ← Eqn. (5.3) /*translate distance into matching probability pt
n, n ∈

1, ..., 6*/
5: pt ← Eqn. (5.4) /*generate overall similiarity pt*/
6: lk ← Eqn. (5.5) /*find the positioning result lk*/
7: else if do window search then
8: W ← Eqn. (5.2) /*search the local window*/
9: pt

n ← Eqn. (5.3) /*translate distance into matching probability pt
n, n ∈

1, ..., 6*/
10: pt ← Eqn. (5.4) /*generate overall similiarity pt*/
11: lk ← Eqn. (5.5) /*find the positioning result lk*/
12: end if
13: else if not initialized then
14: Initialization
15: end if
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5.2.2 Metric Localization with Road-Constrained Visual Odom-

etry Based on Gaussian-Gaussian Distribution

Compared with place recognition, the positioning result of visual odometry is a

more accurate metric localization. Road-constrained VO is implemented to provide

continuous pose estimation in [109]. In this work, most of the metric localization

procedure follows our previous work [109] except that 1) Gaussian-Gaussian Dis-

tribution is used to generate possible MVO measurements; 2) Place recognition is

implemented to assist initialization process.

5.2.2.1 Gaussian-Gaussian Distribution for Odometry Measurement Rep-

resentation

Consider MVO measurement equation

tk,k−1 = skt
raw
k,k−1 (5.6)

where tk,k−1 and traw
k,k−1 denote scaled translational vector and raw translational

vector, respectively; sk ∈ R+ is a scaling factor at time instant k.

As discussed earlier, in a monocular odometry localization system the drift and scale

factor should be modelled properly. In Monte-Carlo localization, improper model of

MVO measurement may generate low-quality particles such that localization perfor-

mance is degraded. Conventional methods usually regard tk,k−1 as Gaussian. In our

previous work [109], we model tk,k−1 based on product distribution, where sk and

traw
k,k−1 are uniform-distributed and Gaussian-distributed random variables. Without

a priori knowledge, it is reasonable to estimate scale sk using uniform distribu-

tion. However, after obtaining the initial scale estimation, Gaussian-distributed sk

is preferred, as the true value of scale should be a point instead of an interval. With

Gaussian assumption, the scaled translation vector from monocular visual odometry
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is a product of two Gaussians. We know that a random variable from the product of

two independent Gaussian random variables is not Gaussian except in some degen-

erate cases such as one random variable in the product being constant. Moreover,

the distribution can’t be modelled with a commonly used parametric distribution.

In this chapter, for the sake of easy expression, we define a Gaussian-Gaussian dis-

tribution to model MVO measurement as follows:

Definition 5.1 (Gaussian-Gaussian Distribution, GGD). Given random variable S

and random vector X, the variate Y = SX obeys Gaussian-Gaussian distribution

GG(ES,DS,EX,ΣX) if S ∼ N(ES,DS) and X ∼ N(EX,ΣX), where N(·) de-

notes Gaussian distribution with corresponding expectation and covariance matrix

(or variance).

The expectation EY and variance DY of Gaussian-Gaussian distributed Y can be

derived as

EY =ESEX (5.7)

DYj =DXjES
2 +DSEX2

j +DSDXj (5.8)

where DS, DXj and DYj denote the variance of S, the variance of jth element in

X and the variance of jth element in Y, respectively.

Please note that it’s for the sake of easy expression as well as intuitive representation

for monocular odometry measurement, we define this Gaussian-Gaussian distribu-

tion. This distribution is employed to represent monocular odometry measurement

uncertainties originated from drift issue and scale ambiguity. If we put the cloud

concept aside, it has no fundamentally difference with Gaussian-Gaussian cloud pro-

posed in Chapter 3. To emphasize the importance of the integration of topological

and metric positioning, the concept of cloud is not exploited in this chapter. Par-

ticles which obey Gaussian-Gaussian distribution in this chapter are essentially the

same with cloud drops that obey Gaussian-Gaussian cloud. By novelty, we mean

the improvement compared with [109].
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Based on the above definition, the scaled MVO measurement tk,k−1 can be repre-

sented with Gaussian-Gaussian Distribution GG(ES,DS,EX,ΣX). Given the four

parameters of GGD, samples denoting possible MVO measurements can be gener-

ated. With GGD, both scale ambiguity and measurement randomness are modelled

simultaneously.

Similar to our previous work, a Monte-Carlo framework is leveraged to combine

MVO measurement and geometric map. Each particle is considered as one possible

trajectory of the vehicle. After map preparation and initialization, particles are

generated from VO raw measurement. By comparing the trajectory of each particle

with road shape obtained from geometric map through chamfer matching, weights

are assigned to each trajectory. Resampling is implemented to retain trajectories

with higher weights for position and scale estimation. The estimated scale will be

used to generate particles in the next time step. Through the processes of this

framework, visual odometry drift is corrected and scale ambiguity is eliminated.

5.2.2.2 Place Recognition Aided Initialization

Pure odometry based localization system could not possibly give a global position

estimation without an accurate initial global position and orientation. An initializa-

tion scheme is proposed in [109] , where a large number of initial particles is gener-

ated to cover all possible trajectories (with different starting positions, orientations

and scales). And for each possible trajectory, one query edge map is created. Then

an exhaustive shape matching between the road edge map and all the query edge

maps is implemented to find the most possible localization hypotheses. Although

experiments on KITTI benchmark had shown the effectiveness of shape matching

based initialization, several challenges are still yet to be solved. First of all, shape

matching performance depends on vehicle’s trajectory and road conditions. Gen-

erally, the more complicate vehicle’s trajectory is, the better performance will be.

However, the vehicle’s trajectory does not guarantee to meet such complexity. Pure

Nanyang Technological University Singapore



5.2. METHODOLOGIES 95

road shape assisted initialization cannot ensure position convergence to true value.

Moreover, the number of initial particles relates to the map size. The larger the

map size is, the more initial particles are needed. Thus the initialization process

becomes time consuming when the searching region is very large.

In this work, the above challenges are solved by incorporating place recognition with

road constrained approach. On the one hand, place recognition is firstly activated

and the rough position estimation from place recognizer is then used to narrow down

the initial searching region of the metric localization method. Only the nearby on-

road area is considered as the possible starting position. On the other hand, the road

direction can be obtained from the tangent orientation of the corresponding pixel

point when generating road edge map. Assuming that initially the vehicle is parallel

to the road, then the vehicle’s starting orientation is always in accordance with the

road direction. Hence, the number of the possible starting orientations is reduced

dramatically. Then initial particles are generated to cover all the possible starting

states. These particles will be fed into the shape matching scheme, from which the

weight of each particle is obtained. A metric pose estimation is then computed

after particle re-sampling. With this place recognition aided initialization, the large

number of initial particles as well as the high requirement on road shape complexity

in [109] is no longer needed. In other words, the initialization process becomes much

easier. Algorithm 3 gives pseudo-code for our place recognition aided initialization.

5.2.3 Integrated Localization Strategy

In previous sections, both topological and metric methods are described to localize a

mobile vehicle. In order to give full play to their advantages, an integrated strategy

is presented in this section.

Fig. 5.3 demonstrates the flowchart of our integrated method, where no GPS or
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Algorithm 3 Place Recognition Aided Initialization

Input: Place recognition estimation lk, a set of historical MVO, number of initial
particles N .

Output: Starting pose P0 and initial scale s0

1: begin
2: for i← 1 to N do
3: particle i ← possible trajectory /*starting position is normally dis-

tributed with mean lk; starting orientation = (−1)i∗road direction; initial scale
is normally distributed with user defined mean ŝ0 */

4: wi ← shape matcing /*compute the weight of each particle*/
5: end for
6: Resampling /*select the most probable starting pose and scale as P0 and s0*/
7: end

other sensors is involved, and only visual information and an OpenStreetMap are

utilized to accomplish the localization goal. First of all, a state variable indicating

the state of the whole framework is introduced. At each time step, this state is firstly

checked. If it is “NOT INITIALIZED”, place recognition aided initialization scheme

explained in previous section will be performed. Once initialization is succeeded,

the state variable will be assigned as “OK” .

Another important feature in this framework is the on/off-road judging scheme,

which makes the integrated approach applicable for both on-road and off-road sce-

narios. When generating the panoramic database, on-road frames are labelled as

one and off-road frames are labelled as zero. At run time, given one panoramic

frame, the label of the best matched database frame is considered as the current

vehicle’s state. If “ON ROAD” flag is false, only visual odometry is implemented

since our road-constrained approach only works in on-road scenario. Otherwise,

full road-constrained approach is implemented. Afterwards, a mutual check thread

is implemented to determine if the estimation difference between place recognition

and road-constrained threads is smaller than a user defined threshold ε. If yes, the

metric estimation will be considered as the final pose estimation. Otherwise, the

initialization step will be re-executed.
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Figure 5.3: The flowchart of the integrated vehicle localization method.

5.3 Experimental Validation

Experimental validations conducted on real world datasets are explained in this

section. We first illustrate the performance difference between Gaussian-Gaussian

Distribution model and Uniform-Gaussian Distribution (UGD) model. Then the

quantitative and qualitative positioning performance of the proposed framework are

introduced. Experiments on initialization comparison are given in the last section.
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5.3.1 Comparison Between GGD and UGD

Gaussian probability assumption instead of uniform assumption is used to represent

scale distribution of MVO. This is the only improvement from GGD to UGD. In

order to show their performance difference, evaluation experiments are conducted

on KITTI benchmark. Scale estimation performance rather than the positioning

result is leveraged to verify the advantage of the proposed localization frame. Some

critical scale estimation results are shown in Fig. 5.4. The purple and red curves in

the left are the upper and lower limits of the estimated scale interval from UGD.

As can be seen, not all the estimated intervals cover the true scale. Since the

scale estimation result is used for generating particles iteratively, once the scale

interval [a, b] estimated from the parameter estimation scheme does not contain

the real one, the particle filter may diverge. The location estimation might be

accurate but the scale ambiguity increases when the true scale is out of the estimated

interval. This is an inherent flaw of UGD. To the contrary, GGD does not have this

issue. The curves in the right show the estimated scale’s expectation and variance

from GGD. As can be seen, the expectation curves fit the ground truth well. The

variance decreases rapidly at the beginning and becomes stable after a few iterations.

Although, their are cases when the estimated means are a little far away from the

true scales, particles generated in the next time step can still cover the truth with

large probability as long as the true scales lie within three standard deviations of

the mean. Thus, convergence can be ensured.

5.3.2 Localization Results

In order to evaluate the localization performance of the integrated strategy, experi-

ments are conducted on our self-collected dataset.

Fig. 5.5a shows our evaluation mobile vehicle–Venus. It is a self designed four

wheeled mobile robot. It can be navigated by joystick at human walking speed.
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Figure 5.4: Scale estimation comparison between UGD and GGD on KITTI se-
quence 00 (up) and 08 (down). The left figures show the estimated scale’s lower
bound a and upper bound b of UGD. The right figures show the estimated scale’s
mean Es and standard deviation σs of GGD. The ground truth scales are represented
with black dots.

The robot is equipped with a DGPS to provide us with sub-meter level position

ground truth. A stereo camera set is mounted on the robot and oriented forward.

It is configured to acquire stereo frames at 10 Hz with a resolution of 1280 x 1024.

The baseline of this stereo camera is configured at 30 cm to have a good effective

depth range. The robot is also equipped with one Ladybug2 camera, which is used

to capture panoramic view images. Other sensors like IMU, laser range finder and

compass are also available from this platform. All the sensors are configured by one

CPU. Fig. 5.5b shows the hardware block diagram.

Our dataset was collected by driving Venus around the campus of Nanyang Tech-

nological University. The testing routes have two parts with a 3000 meter length,
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(a) Our mobile robot Venus.

Main 

CPU

IMU

Compass

Laser

Sonar

Wireless

E-Stop

GPS

Stereo

Camera

Panoramic 

Camera

(b) Hardware block diagram.

Figure 5.5: Our platform and its hardware set-up.

including both on-road and off-road area. Fig. 5.6a is one screen shot of the position-

ing results on the first route. Trajectories estimated from DGPS, visual odometry,

place recognition and the integrated approach are represented with different colors.

As can be seen, visual odometry works fine in the first place, but it becomes worse

and worse as the vehicle moves, especially when it comes to the off-road area. At

the mean time, the positioning results from our integrated strategy are restricted to

the road when the vehicle is travelling on the road. When the vehicle travels off the

road, visual odometry takes over. A consistent good performance in both on-road

and off-road areas is given from the proposed integrated strategy. Noted that the

positioning results from road-constrained approach are not plotted because they are

the same with the results from the integrated approach when the vehicle travels on

road.

Localization error curves from each of the above methods are demonstrated in

Fig. 5.6b. Place recognition updates at a low frequency while the other meth-

ods work continuously. The three circles are situations where re-initializations are
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Figure 5.6: Localization performance comparison.

Table 5.1: Quantitative results of place recognition, visual odometry, road-
constrained approach and our integrated strategy, respectively.

Place Recognition Visual Odometry Road-Constrained Integrated
Avg Error (m) 9.0 10.9 2.9 (only on road) 2.9

Median Error (m) 2.7 10.7 4.6 (only on road) 4.3
Max Error (m) 138.9 19.1 11.1 (only on road) 11.1

activated due to the huge positioning difference between place recognition and road-

constrained thread. Noted that place recognition’s bad performance plays a leading

role in the three re-initializations. The database and query images for the three

circles are shown in Fig. 5.7. As can be seen, great appearance variations have

occurred. The query views for the first two circles are blocked by school buses and

the grass has withered in the third case. All these disturbances cause the huge place

recognition errors.

Table 5.1 lists the quantitative results of place recognition, visual odometry, road-

constrained method and the proposed integrated approach, respectively. The whole

position error of the integrated is less than 3 meter over the 3 km run, while the

other methods either has a much larger error or has restrictions to use. Considering

that all the roads in geometric map are modelled with centre lines, positioning error

in the lateral direction of the road could not be eliminated. A 3 meter positioning

error is quite acceptable.
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Figure 5.7: The database and query images of the three circles marked in Fig. 5.6b.
The top images show the views obtained from the database for the estimated vehicle
location. The bottom images show the views of the query image of the current
position. Only one view of the six cameras is shown here.

5.3.3 Initialization Analysis

The initialization process is in charge of finding the initial state (starting position,

starting orientation and initial scale). In the particle framework, a lot of initial

particles need to be generated to cover all the possible initial states. This makes

initialization process be the most time consuming part. In [109], the number of initial

particles is largely determined by the map size. The red curve of Fig. 5.8 shows the

relationship between the initialization time of [109] and the map size. It can be seen

that as the map size increases, the initialization time grows in quadratic function.

It is easy to understand this as the number of possible starting positions increases

in a square number when the map size increases. At the same time, the number

of the initial states of the proposed place recognition aided initialization no longer
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Figure 5.8: Initialization time comparison between [109] and the place recognition
aided.

depends on the map size. The purple curve of Fig. 5.8 shows the corresponding time

variation. As can be seen, the proposed has a slightly increased initialization time

due to the growing place recognition database. But the time consumption (around

3 seconds) is far less than [109]. The integrated approach is implemented in C++.

And all the experiments run on a mobile workstation with an i7-4710MQ processor.

As discussed in Section 5.2.2.2, the vehicle has to travel a minimum distance before

the vehicle can be localized. Table 5.2 shows the minimum trajectory length and

particle numbers to guarantee the success of initialization on KITTI benchmark.

Here, maps with size of 1 km are used for all the sequences. “P” indicates our place

recognition aided initialization method. “X” indicates sequences which failed on

initialization. Since no panoramic image is available from KITTI odometry dataset,

a pseudo place recognition is performed like this: all the right images in KITTI

dataset are considered as visual database and the left images are matched with visual

database at run-time. As can be seen, no matter for [109] or place recognition aided,

different sequences need different minimum trajectory lengths due to different road

conditions. The initial trajectories of sequence 03, 05 and 07 are either straight or

less distinctive. Thus slightly larger values are needed. However, in general, a much

smaller historical trajectory is required for the place recognition aided. Besides,
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Table 5.2: Minimum trajectory length and particle numbers to guarantee the suc-
cess of initialization on KITTI benchmark. “P” indicates place recognition aided
initialization. “X” indicates sequences which failed on initialization.

Sequence
[109] P

Min length (m) Min particles Min length (m) Min particles
KITTI 00 350 50 k 200 3 k
KITTI 01 X X X X
KITTI 02 350 50 k 200 3 k
KITTI 03 400 50 k 200 3 k
KITTI 04 X X X X
KITTI 05 400 50 k 200 3 k
KITTI 06 X X 300 3 k
KITTI 07 400 50 k 200 3 k
KITTI 08 350 50 k 200 3 k
KITTI 09 350 50 k 200 3 k
KITTI 10 X X 200 3 k

sequence 06 and 10, which did not localize in [109] are also successfully initialized.

The minimum number of particles needed are dropped significantly, from 50 k down

to 3 k. All of these prove that the place recognition aided initialization approach is

much more robust and efficient.

5.4 Conclusions

In this chapter, an integrated strategy has been proposed to localize a mobile ve-

hicle equipped with one panoramic camera, one mono-camera and one digital map.

Place recognition, visual odometry and road-constrained approaches have been in-

corporated into one framework. With in this framework, place recognition plays a

role of topological localization and assists initialization process. Road-constrained

is responsible for on-road localization while visual odometry handles the off-road

scenario. Gaussian assumption instead of uniform assumption has been proposed to

model the scale distribution of monocular visual odometry. Evaluation results show

that the proposed framework is much more accurate than separate implementation

of these methods.
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Chapter 6

GPS, Odometry, and Map Fusion

for Vehicle Positioning Using

Potential Function

6.1 Introduction

In previous chapters, we focus on the development of vision-based localization with-

out the participation of other sensors. For vehicles under complex environments,

single information source is far from enough in positioning accuracy and robustness.

For example, as an absolute positioning sensor, Global Positioning System (GPS)

performs well in large-scale localization but suffers from temporary signal lost and

small-scale inaccuracy[111], [112]. Odometry and inertial sensors are based on dead

reckoning or relative positioning, whose accumulative error makes estimated loca-

tion drift over time[113], [114]. Vision-based approaches generally match the land-

marks in current frame with database map [115], [116], while the requirement of

pre-established database limits its application. Digital maps, providing constraints

of the vehicle on the road, are increasingly used as an additional information source
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especially in urban areas[117], and map matching is usually a necessary procedure

to align other measurements with roads. Data fusion approach is required to tackle

vehicle localization problems when multiple information sources are available.

Most of the current research is on the lower levels of fusion [118], and several fusion

methods are proposed for vehicle positioning. So far, Kalman filter and its vari-

eties (e.g., extended Kalman filter, information filter, sigma point Kalman filter and

multiple model algorithms) are still the most popular fusion methods [119], [120],

[121], [122]. The Kalman filter related approaches need the information of system

model and process noise, which are sometimes unavailable. When information con-

flicts with each other, it is hard to detect and provide reasonable positioning results

immediately. Moreover, the Kalman filter related approaches suffer from the errors

introduced in the linearisation process in real applications.

In this chapter, we propose a fusion approach by introducing the concept of potential

functions to form potential wells and potential trenches. Under this fusion frame,

the data fusion problem can be converted to a minimum searching problem, where

each information source produces corresponding potential field according to data

properties, and the spatial point with the lowest potential is estimated as fused

position. The main contributions of this chapter are listed as follows:

• An insightful and straightforward data fusion frame based on potential func-

tion is proposed and implemented in vehicle positioning problem. A visual

odometry, GPS, and two-dimensional digital road maps are integrated inher-

ently without map matching algorithms.

• The proposed scheme does not rely on any kinematic model and can be easily

generalized to other data fusion problems.

• The proposed approach is extensively and successfully verified on real world

dataset.

This chapter proceeds as follows. In Section 6.2, the concepts of potential functions,
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potential wells and potential trenches are introduced, followed by the elaboration of

potential field creation according to information properties. Section 6.3 details the

potential function based fusion approach for vehicle positioning. The experimental

results are presented in Section 6.4. Finally, conclusions are made in Section 6.5.

6.2 Potential Wells and Potential Trenches

The concept of artificial potential field was first proposed in [123] to deal with

obstacle avoidance for manipulators and mobile robots. The potential trenches

were introduced in [124] in multi-robot formation, where the goals create attractive

fields and obstacles create repulsive fields. The sum of attractive fields and repulsive

fields make the robot move in configuration space. In this chapter, the sources of

potential fields are data, and the fusion results are searched in data space instead.

Before proceeding further, the following concepts are defined.

Definition 6.1 (Data space). An n-dimensional data space in the fusion frame Dn

is the n-dimensional vector space of all possible data and fusion results under the

frame.

We only consider fusion problem on a single level [125]; thus data and fusion results

should be compatible in one data space. Data and fusion results in a data space can

be represented as geometric shapes, such as points, lines, surfaces or hypersurfaces.

For example, in a two-dimensional data space, data measured by a position sensor

can be represented as a point (x, y), and an on-the-road constraint can be expressed

as a curve c(x, y) = 0.

Definition 6.2 (Potential function [126]). A potential function in n-dimensional

data space is a differentiable real-valued function U : Rn → R. Given a vector field

F, the potential U is defined such that

F = −∇U. (6.1)
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Both potential function U and vector field F can be used to describe a data space.

Considering the convenience of scalar operations, we mainly design U according to

data properties. There are two types of potential functions defined in this chapter:

potential wells and potential trenches.

Definition 6.3 (Potential well functions). Given a point qs = (qs1, q
s
2, ..., q

s
n)T in

Dn, the potential well function is defined as Uw(q) = αwfw(dw), where αw > 0 is a

user defined parameter, fw(·) is the potential construction function and dw = q−qs

is the distance vector between qs and q. The point qs is called the source of the

potential well.

Definition 6.4 (Distance between a shape and a point). Given a shape cs(q) = 0 ∈

Dn and a point q = (q1, q2, · · · , qn)T , the distance between the shape cs(q) = 0 and

the point q is defined as the radius of the hyper-sphere centered at q and tangent to

cs(q) = 0.

Definition 6.5 (Potential trench functions). Given a shape cs(q) = 0 ∈ Dn, the

potential trench function is defined as Ut(q) = αtft(dt), where αt > 0 is a user

defined parameter, ft(·) is the potential construction function and dt is the distance

between the shape cs(q) = 0 and the point q. The shape cs(q) = 0 is called the

source of the potential trench.

To visually illustrate potential well and potential trench, two examples are created

in Fig. 6.1.

6.2.1 Potential Function Creation

Based on aforementioned definitions, in order to create a potential well Uw(q) =

αwfw(dw) and a potential trench Ut(q) = αtft(dt) in data space, it is necessary

to determine parameters αw, αt, sources qs, cs(q) = 0, and potential construction

functions fw(·), ft(·). The potential construction functions map the distance be-

tween a source and a point in data space to a real number. According to Definition
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(a) (b)

Figure 6.1: Examples of a potential well and a potential trench in 2D data
space. (a) Potential well with αw = 1, construction function f(dw) =

− (2π)−1 |D|− 1
2 exp

(
−1

2
dTwD−1dw

)
, source qs = (0, 0) and D = diag(1, 2). (b) Po-

tential trench with αw = 1, construction function f(dt) = −σ−1(2π)−
1
2 exp

(
− d2t

2σ2

)
,

source cs(q1, q2) = q2
1 + q2

2 − 25 = 0 and σ = 1.

6.2, 6.3 and 6.5, given potential functions fw(·) and ft(·), Uw(q) and Ut(q) can be

obtained self-consistently. Without loss of generality, the default potential field in

data space is initialized to zero, and the point with minimum potential is regarded

as the fusion result. Thus, fw(·) ≤ 0 and ft(·) ≤ 0 should be ensured, and the

potentials with dt = 0 or dw = 0 are required to be the minimum for corresponding

potential functions. To summarize, any form of f can be created if f satisfies: 1) f

is a potential function; 2) f ≤ 0; 3) f reaches the minimum at 0.

Due to the distinct properties between potential wells and trenches, we will discuss

how to create f with regard to measurements and constraints separately.

6.2.1.1 Potential Well as Measurement

A measurement can be represented as a point in data space, where the source of

a potential well is also a point. It is natural to create potential wells representing

measurements from different sensors. There are basically two ways to create po-

tential wells: 1) creating multiple potential wells at a time instant, one for each

information source; and 2) creating an individual potential well for all measurement
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data. In this chapter, the second approach is preferred, as the first method leads

to a mixture model which does not conform to reality, and an individual potential

well contributes to local minimum avoidance. The following three assumptions are

made before we proceed:

Assumption 4 (Synchronous fusion). The data from different information sources

are synchronized.

Assumption 5. The data from information source i at the same time follow Gaus-

sian distribution with mean qs
i and covariance matrix Di.

Assumption 6. The fused data y can be represented as the linear combination of

different independent data sources: y =
∑m

i=1 Wiyi, where Wi denotes weights sat-

isfying
∑m

i=1 Wi = I, yi (i = 1, · · · ,m) are measurement data from m independent

information sources, and I is the identity matrix.

According to the assumptions, it follows that

yi ∼ N(qs
i,Di), (6.2)

where qs
i is the unknown true value, and Di is the covariance matrix for each informa-

tion source. The matrix Di can be estimated from sensor properties or observation

data. It has been proved that

y ∼ N(
m∑
i=1

Wiq
s
i,

m∑
i=1

WiDiW
T
i ) ∼ N(qs,D). (6.3)

As we already know Di, the problem turns to estimate qs and Wi in order to obtain

fused data.

Proposition 6.1. Given data yi and covariance matrix Di(i = 1, · · · ,m) from m

independent information sources, the fused data y can be obtained from

y = q̂s =
m∑
i=1

Wiyi (6.4)
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with weights

Wi =

(
m∑
i=1

D−1
i

)−1

D−1
i (6.5)

Proof According to the assumptions, the fused data follow Gaussian distribution.

By applying the maximum likelihood method, we may estimate qs from maximizing

likelihood function

L(qs|y1, · · · ,ym) =
m∏
i=1

p(yi|qs,Di), (6.6)

where

p(yi|qs,Di)=(2π)−
n
2 |Di|−

1
2 exp

(
−1

2(yi − qs)TD−1
i (yi − qs)

)
. By substituting p(yi|qs,Di)

into (6.6), the likelihood function is written as

L(qs|y1, · · · ,ym) = (2π)−
mn
2

m∏
i=1

|Di|−
1
2 exp

(
−1

2

m∑
i=1

(yi−qs)TD−1
i (yi−qs)

)
. (6.7)

The log-likelihood function is

ln(L)=ln
(

(2π)−
mn
2

)
+

m∑
i=1

(
ln
(
|Di|−

1
2

)
− 1

2
(yi − qs)TD−1

i (yi − qs)

)
.

Taking its derivative w.r.t. qs and setting it to zero we have

d ln(L)

dqs
=−1

2

d

dqs

(
m∑
i=1

(yi − qs)TD−1
i (yi − qs)

)
(6.8)

=
m∑
i=1

D−1
i (yi − qs) (6.9)

= 0 (6.10)

⇒ q̂s =

(
m∑
i=1

D−1
i

)−1 m∑
i=1

D−1
i yi. (6.11)

The result is similar to a weighted average calculation. From the result we may find

that i) For a specific measurement with a small covariance, the weight will be large,
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indicating that the measurement is more trusted. ii) For m information sources

with the same covariance matrix, the weight will be equal. The fusion strategy

degenerates to the simple average method.

Since we have obtained the fused measurement, we proceed to create a potential

well based on fused data. We define the negative Gaussian potential well in Dn as

Uw(q) =αwfw(dw), (6.12)

fw(dw) =− 1

(2π)
n
2 |D| 12

exp

(
−1

2
dTwD−1dw

)
, (6.13)

where dw = qs− q. The covariance matrix D can be calculated from (6.3), and the

source qs can be estimated according to (6.4) and (6.5).

6.2.1.2 Potential Trench as Constraints

The potential trench can be created to reflect constraints in data space. We consider

a single constraint first: suppose we have the constraint cs(q) = 0 in D3, referring

to Definition 6.4, the distance between cs(q) = 0 and q can be solved from the

following general equation:

dt = min

√
(qs − q)T (qs − q) subject to cs(qs) = 0. (6.14)

As the constraint is another kind of information source, which may not be absolutely

trusted, we define the negative Gaussian potential trench in Dn as

Ut(q) =αtft(dt), (6.15)

ft(dt) =− 1

σ
√

2π
exp

(
− d2

t

2σ2

)
, (6.16)

where the confidence coefficient σ directly influences how much we trust the con-

straint.
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Now let us consider multiple constraints. Similar to multiple data sources in poten-

tial well creation, there are two ways to deal with multiple constraints: 1) creating

multiple potential trenches; and 2) creating a single trench for the current con-

straint, meanwhile switching the constraint based on specific conditions varying

with time. In vehicle localization, the second approach is preferred as the vehicle is

always constrained on one specific piece of road at a moment. Also, more potential

functions may decrease real-time performance and increase the chance of generating

local minimums. The switching strategy will be introduced in Section 6.3.3.

6.2.2 Minimum Searching

The potential field in data space may be written as the sum of all potential functions:

U(q) = Uw(q) + Ut(q), (6.17)

with user-defined parameters αw, αt > 0. The points with local minimum potentials

in data space are regarded as the candidates of the fusion result.

The most straight-forward method to find local minimum potentials is by taking

derivatives of U(q) with respect to q and choosing the local minimums among critical

points. Due to the difficulty of obtaining analytical solutions from transcendental

equations dU(q)
dq

= 0, the quasi-Newton methods [127] are used in this work.

6.3 Potential-Function Based Fusion for Vehicle

Positioning

The localization system consists of several data sources with different reference

frames. These reference frames are defined here [120]: visual odometry uses a right-

handed camera frame whose origin is at the center of the left camera, xc axis points
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to the center of the right camera and yc axis points downward along the image plane.

GPS and digital maps output data in WGS-84 coordinate system with longitude and

latitude (altitude is only available for GPS). All the coordinates in camera frame

and WGS-84 frame will be converted or projected to local Cartesian coordinates in

the East-North-Up (ENU) working frame Oxyz.

6.3.1 Information Sources and Sensors

6.3.1.1 Visual Odometry

The visual odometry algorithm in [105] is implemented in this chapter. Due to the

recursive nature of VO drift error [128], we model the covariance matrix DVO as

DVO = D0η
t+β∗r, (6.18)

where D0 is the initial covariance matrix, η > 1 is a user-defined parameter, t and r

are the current displacement and angle displacement measured by visual odometry,

β is a weighting parameter.

6.3.1.2 Digital Maps

Herein, digital maps providing road constraints are used to create potential trenches.

Digital maps are generally represented as nodes and ways, where each node con-

sists of its ID, latitude, longitude and each way is an ordered list of nodes. After

projection, digital maps are flattened, with nodes and ways represented in two-

dimensional Cartesian space without z axis. A general linear road constraint in a

two-dimensional map is a plane in three-dimensional data space, and can be repre-

sented as cs(q) = pax + pby + pd = 0 where pa, pb, pc are shaping parameters, the

potential generated by cs(q) = 0 at point q(x, y, z) can be calculated from (6.15)
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and (6.16) where

dt =
|pax+ pby + pd|√

p2
a + p2

b

. (6.19)

Sometimes, the road cannot be simply modelled as linear segments. Compared to

linear models, arc models keep positioning results smoother because of less modelling

error and fewer switches between constraints. An arc model with center (xc, yc) and

radius r is represented as cs(q) = (x − xc)
2 + (y − yc)

2 − r2 = 0 , the potential at

point q(x, y, z) can be calculated similarly from (6.15) and (6.16) where

dt = |
√

(x− xc)2 + (y − yc)2 − r|. (6.20)

The confidence coefficient σ in (6.16) is selected according to road condition and

experience. In general, for a wider road, σ should be larger to indicate the less

confidence of vehicle’s existence on the road center line.

6.3.1.3 GPS

Similar to digital maps, GPS outputs vehicle’s position with latitude, longitude and

altitude. The coordinate transformation makes it compatible with local ENU coor-

dinates. The covariance of GPS measurement DGPS can be obtained from National

Marine Electronics Association (NMEA) messages GST, as it provides position error

statistics such as standard deviations for latitude, longitude and height [120].

6.3.2 Potential Representation

With multiple information sources as above, based on (6.17), the total potential

field in data space is represented with (6.21).

U(q)=αwfw(dw) + αtft(dt)

=− αw
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)
(6.21)
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where the upper function is for linear trench and the lower function is for arc trench.

The gradient ∇U(q) can be obtained as

∇U(q) = ∇Uw(q) +∇Ut(q). (6.22)

6.3.3 Road Switching Strategy

The correct selection of road constraints has an effect on positioning performance.

As mentioned earlier in Section 6.2.1.2, a scheme is proposed for road switching

to find the most appropriate road constraint at all time. The switching strategy

contains 1) switching condition, and 2) new constraint determination. As for arc

constraints, switching is considered when the distance between sources of potential

well and trench dt > ε, where ε is a parameter defined according to constraint

covariance σ, the density of road network and measurement accuracy. As for linear

segments in most cases, we define the heading difference ∆θ = |θrd − θm|, where

θrd denotes the heading of the road constraint, θm is the heading obtained from two

consecutive measurement positions [129]. The road switching scheme is trigged once

∆θ > 10◦ and dt > ε. After the switching condition is trigged, the arc constraint

with the minimum dt has priority to be the new constraint. Otherwise, the linear

road segment around measurement with the minimum ∆θ is selected as the new

constraint.

The whole road switching process is demonstrated in Algorithm. 4.
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Algorithm 4 Road Switching Strategy

Input: Linear candidates Cs = {cs1(q) = 0, · · · , csn(q) = 0}, arc candidates Csarc = {csarc1(q) =
0, · · · , csarcm(q) = 0}, current measurement qs, current road csbfr, heading difference ∆θ, dis-
tance between measurement and road segment dt

Output: Road segment after switching csaft
1: i← 1
2: flag ← 0
3: dmin ← 50
4: ∆θmin ← 60
5: if switching condition trigged then
6: while i ≤ m do
7: Calculate the distance darci between qs and each arc in Csarc
8: if darci < dmin then
9: csaft ← csarci(q) = 0

10: flag ← 1
11: dmin ← darci
12: end if
13: i← i+ 1
14: end while
15: if csaft is not empty then
16: goto 29
17: end if
18: i← 1
19: while i ≤ n do
20: Calculate the heading difference ∆θi for each segment in Cs
21: Calculate the distance dti between qs and each segment in Cs
22: if dti < 50 and ∆θi < ∆θmin then
23: csaft ← csi(q) = 0
24: flag ← 0
25: end if
26: i← i+ 1
27: end while
28: end if
29: return csaft
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Table 6.1: Test sequences.

No. Length (m) Information source Description
VO GPS Road maps

1 225.66 X X short path with turns
2 271.89 X X mostly straight path with backward

moving and small turns
3 237.09 X X path with loops
4 594.17 X X newly-built road with an

obsolete road map
5 1389.23 X X block loop closure
6 1326.50 X X X self-recorded path in low speed

6.4 Experimental Results

The summary of test sequences is listed in Table 6.1. The proposed fusion approach

is tested with data provided by Karlsruhe Dataset (Sequence 1-3) [105], the Málaga

Stereo and Laser Urban Data Set (Sequence 4-5) [130] and our data (Sequence 6). In

the first five datasets, the true position is provided by a combined GPS/IMU system,

and the information is fused according to road constraints and visual odometry data.

In our data, the true position is provided by Trimble DSM12/212 DGPS. A low-cost

GPS (ublox EVK-M8F), a visual odometry equipped with Bumblebee2 BB2-08S2C

stereo camera and road constraints are combined to obtain estimated position. All

self-generated road constraints in experiments are created from OpenStreetMap,

while the map matching results are obtained from Google Maps Roads API.

6.4.1 Quantitative Results

The evaluations are undertaken with pure visual odometry (VO), map matching

(MM) and potential field (ours) method, respectively. The performance of these

methods are demonstrated in Table 6.2. As only 2D maps are provided in MM,

vertical mean error and vertical standard deviation are not included in statistics. In

experiments, the parameters in potential construction functions are set as αt = 10,

αw = 200, trench covariance σ = 20, initial VO covariance is set as D0 = diag(5, 5, 5)
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for Sequence 1-5 and D0 = diag(20, 20, 20) for Sequence 6, with different increasing

rate η from 1.005 to 1.01.

The evaluation indexes include total error, mean error and standard deviation. The

total error is calculated from the difference of traveled distance compared to ground

truth. The mean error and standard deviation are obtained by evaluating position-

ing results for each frame. The VO accuracy is relatively low in measuring straight

movements and short distance, compared to turns, loops and larger scale environ-

ments. The performance of MM is influenced by vehicle’s path: driving close to

road center line will lead to smaller mean error, especially for wide roads, as most of

the roads are modelled using center lines in digital maps. According to test results,

the proposed fusion approach shows adaptability and robustness, as it achieves a

good balance among evaluation indexes. The mean error and standard deviation are

approaching the best results measured by various methods in different road condi-

tions. It has to be pointed out that in Sequence 6, the large total error is due to the

different sampling rate of DGPS and other sensors. The path obtained from DGPS

reflects the actual moving trajectory of the vehicle, and it is not smooth as other

paths. The DGPS measurements are down-sampled to 1 Hz to make comparisons

with the fusion results.

6.4.2 Qualitative Evaluation

In this section, we mainly focus on two indexes of positioning results: small-scale

sensitivity and large-scale drift. In order words, the movement in all directions

should be detected in a short distance, while the drifting error should be reduced

during a long run.

It is difficult for MM method to reflect local movement of the vehicle, especially in the

vertical direction of the road segment, as the movement in this direction is regarded

as invalid along the road. In Sequence 2, the vehicle reverses while traveling. As can
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Table 6.2: Positioning results from visual odometry, map matching and the proposed
approach.

No. Method Error
Total% Meanxy (m) Stdxy (m)

VO 3.49 4.24 1.34
1 VO+MM 11.35 3.68 1.97

ours 6.90 3.48 1.36

VO 5.07 9.97 3.39
2 VO+MM 14.90 10.47 3.37

ours 8.42 9.20 3.11

VO 3.38 2.35 0.93
3 VO+MM 8.86 3.42 1.13

ours 2.86 2.10 1.22

VO 4.27 23.46 28.35
4 VO+MM 10.16 34.71 16.84

ours 4.88 23.21 16.87

VO 1.90 14.32 12.87
5 VO+MM 3.17 11.91 9.12

ours 3.76 12.14 9.65

VO 46.47 20.69 4.62
6 GPS 39.55 8.58 9.44

ours 40.21 7.67 5.55

be seen in Fig. 6.2a, our method utilizes VO measurement in small-range movement,

and the positioning error is bounded by restraining VO drifting. In Sequence 3, a

loop trajectory is tested. Fig. 6.2b shows the poor continuity of MM result. The

proposed method is able to balance between trajectory smoothness and localization

mean error by adjusting covariances of potential functions. With the pace of urban

construction, sometimes the digital maps are not updated promptly. In Sequence 4,

the circumstance of driving along a newly built road is considered. Fig. 6.3a and

6.3b illustrate that our approach outperform MM when the vehicle is on a new path

from frame 40 to 72, and it also reduces error compared to VO after frame 82.

Pure VO suffers from drifting problem along with distance. In Sequence 5, a block

loop closure path is tested, with the results shown in Fig. 6.4a and Fig. 6.4b.

The proposed approach produces an evidently robust result compared to pure VO

method. The initial VO measurements with little drifting error tend to be trusted,

while the fusion results are similar to map matched positions at the end. As shown
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Figure 6.2: Positioning results of Sequence 2 and 3. Trajectories of ground truth, vi-
sual odometry, map matching and the proposed potential field approach are plotted
with different colors.
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Figure 6.3: Trajectories of ground truth, visual odometry, map matching and the
proposed potential field approach are plotted with different colors for Sequence 4.
The corresponding positioning errors are depicted in the right figure.

in Fig. 6.5a and Fig. 6.5b, in Sequence 6, low-cost GPS provides unstable path,

which deviates from ground truth when the vehicle is under urban canyon environ-

ments. Moreover, VO path drifts obviously such that only the geometry outline

of the ground truth is presented. After the proposed fusion, the estimated results

shows that positioning performance is greatly improved.

The proposed approach is implemented in Matlab and all the experiments are con-

ducted on a mobile workstation with an i7-4710MQ/2.5GHz processor. It takes 16
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Figure 6.4: Trajectories of ground truth, visual odometry, map matching and the
proposed potential field approach are plotted with different colors for Sequence 5.
The corresponding positioning errors are depicted in the right figure.
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Figure 6.5: Trajectories of ground truth, visual odometry, map matching and the
proposed potential field approach are plotted with different colors for Sequence 6.
The corresponding positioning errors are depicted in the right figure.

ms per frame for minimum searching and 2 ms per frame for road switching.

There are some limitations of our work. As we have not take the dynamic model

of the vehicle into consideration, the smoothness of the trajectory is not satisfying

under specific conditions, which will have a negative effect on user experience even

though the average positioning error is small. The unsmooth trajectory appears

especially when the vehicle’s path consists of short road segments. By creating the

dynamic potential field, the dynamic model of the vehicle could be combined within
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the fusion frame such that the trajectory smoothness could be improved.

6.5 Conclusion

In this chapter, we have presented a potential-field-based fusion approach for ve-

hicle positioning with low-cost GPS, visual odometry, and digital map. By creat-

ing potential well and potential trench separately, the proposed approach combines

multi-source information including position measurements and road constraints in

an intuitive way, without additional map matching. The position is then estimated

by searching for the minimum of the combined potential field. The experiment

results show that the potential-field-based approach combines the advantages of

multiple types of data, and is able to provide accurate and robust localization when

high-precision GPS is not available. In the future, more efforts can be made for

more types of sensors. Besides, we would like to explore the creation of dynamic

potential field by considering system state equations and measurement equations as

a part of the fusion frame.
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Chapter 7

Conclusions and Future Work

This chapter concludes this thesis by summarizing the main contributions and sug-

gesting directions for future research.

7.1 Summary of Contributions

Navigation based on visual sensors has drawn great attention due to its low cost and

abundant information. In this thesis, we aim to develop robust vision based local-

ization methods for UGV. Road-constrained metric localization approaches based

on visual odometry have been presented, where visual odometry is in charge of

motion update and road constraints from digital map are used to correct the accu-

mulated error of visual odometry. Topological localization approach based on place

recognition has also been developed. A hybrid approach which combines topologi-

cal and metric localization has been proposed to play their respective advantages.

To deal with situations where multiple information sources are available, a sensor

fusion approach is presented to localize vehicles. All the approaches developed in

this thesis are applicable to UGV navigation in GPS challenging environments. To

demonstrate the performance, results for vehicle localization in a number of large
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scale environment have been presented.

The main contributions and conclusions of this thesis are summarized as follows:

1. A metric localization approach based on the fusion of visual odometry and

road constraints (Chapter 3).

Drift and scale ambiguity are two main issues which reduce localization accu-

racy in monocular visual odometry. It is necessary to propose a unified model

to represent these measurement uncertainties. In Chapter 3, we have pre-

sented a localization framework to globally localize a mobile vehicle equipped

with monocular camera and a freely available digital map. In this framework,

no other sensor is involved to tackle the accumulated drift and scale ambiguity.

Inspired by the concept of cloud, a Gaussian-Gaussian Cloud model has been

proposed. The drift and scale ambiguity of monocular visual odomtry are both

considered as measurement uncertainties and incorporated into the presented

Gaussian-Gaussian Cloud model. A shape matching scheme which evaluates

the alignment of different trajectories to the digital map, has been used to

filter out cloud drops which are inconsistent with road constraints. Based on

the statistical properties of Gaussian-Gaussian Cloud model, a parameter es-

timation scheme has been implemented to narrow down the scale ambiguity

while resampling cloud drops. Comprehensive evaluations with practical data

have been conducted to verify the effectiveness of the proposed localization

framework. Experiment results have shown that with road constraints, the

localization error has been significantly reduced compared to the advanced

method.

2. A topological localization approach based on place recognition (Chapter 4).

Most of the current place recognition methods are designed for the application

in a specific environment. Place recognition method which is applicable to

various environments is very desired. Point features suffer from illumination

variation, while line features suffer from position ambiguity. Point and line
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features have different expression capabilities in different environments. A

good combination of point and line features seems to improve the robustness

and accuracy of place recognition. In Chapter 4, a modified vocabulary

tree that can combine multiple feature types for place recognition has been

proposed. The ability of combining different feature types makes it possible for

users to customize feature combination for various environments. Experiment

results on real-world datasets have demonstrated the advantage of our system

compared with existing approaches. Although only the combination of point

and line features has been discussed in this study, the combination of other

feature types is also promising.

3. A metric-topological localization approach based on the integration of place

recognition, visual odometry and road constraints (Chapter 5).

Although good localization results have been obtained from the road con-

strained method presented in Chapter 3, the following issues can not be

ignored. Firstly, the road constrained approach only works in on-road sce-

narios due to the on-road assumption. Secondly, the vehicle’s initial position

and orientation are unknown and the initialization process relies extremely on

shape matching performance. If we look at place recognition approaches, they

do not suffer from the above issues. Despite the fact that the metric position

of the query image can not be computed, a rough topological location can be

obtained through place recognition operation no matter the vehicle is on road

or off road. On the other hand, a rough position information helps signifi-

cantly to the initialization process of the road constrained approach. Hence,

it is promising to incorporate place recognition into our road constrained ap-

proach.

In Chapter 5, an integrated strategy has been proposed to localize a mobile

vehicle equipped with one panoramic camera, one mono-camera and one digi-

tal map. Place recognition, visual odometry and road-constrained approaches

have been incorporated into one framework. With in this framework, an on-
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road/off-road judging scheme has been proposed such that the integrated ap-

proach is applicable for both on road and off road scenarios. If the judging

scheme gives on-road predication, the full road-constrained approach will be

applied; otherwise visual odometry takes over. Place recognition plays a role

of topological localization and assists initialization process of the whole frame-

work. The time consumption of initialization process has been significantly

reduced. Besides, A detailed comparison between Gaussian and Uniform as-

sumption modelling the scale distribution of monocular visual odometry has

been discussed. Moreover, a mutual check thread has been implemented to

give a criterion for judging whether metric and topological results are suffi-

ciently consistent. Evaluation results show that the proposed framework is

highly accurate.

4. A metric localization approach based on the fusion of visual odometry, low-cost

GPS and digital map (Chapter 6).

In previous chapters, we focus on the development of vision-based localization

without the participation of GPS. The geometric shapes of road networks are

considered as constraints to assist with position estimation. And shape match-

ing method is utilized to evaluate the alignment of different trajectories to the

digital map. However, in real application, low-cost GPS is available from time

to time. The performance of shape matching is affected by map resolution.

In Chapter 6, we have proposed a fusion approach to localize urban vehi-

cles with the participation of low-cost GPS, visual odometry and digital map.

Distinguished from conventional localization methods, the concept of artificial

potential field that is widely used for obstacle avoidance has been presented to

represent measurements and constraints, respectively. Position measurements

from visual odometry and low-cost GPS are modelled with a potential well

function, while road constraints from digital map are modelled with a poten-

tial trench function without additional map matching. By searching for the

minimum of the combined potential field, the position can be estimated. Ex-
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periments conducted on real world datasets have demonstrated the robustness

and high positioning accuracy of the proposed potential field based approach.

7.2 Recommendations for Future Work

Although comprehensive studies on vision-based localization have been carried out

in this thesis, a lot of work still needs to be done to improve the localization perfor-

mance. The following session lists our future work:

1. The method proposed in Chapter 4 is a heuristic mixing of point and line

features and only tested on a relative small dataset. Bigger dataset as well as

the combination of other feature types will be tested in the future research.

Real-time process is very important for mobile vehicles. However, no exper-

iments on the computation increase caused by the combination of point and

line features have been done. Thus, the computation analyses also need to be

performed in the near feature. For all the experiments carried out in Chapter

4, no geometrical or temporal consistent checking is applied to improve the

performance. In the future, we plan to use these verification approaches and

extend this work to a visual SLAM system.

2. As concluded in Chapter 1, it is promising to conduct Convolutional Neural

Networks based place recognition in modern application. Generally speaking,

there are two kinds of CNN-based place recognition. The first category is

similar to conventional place recognition except that the feature expressing a

query image is learned from a CNN model. A classification step is required to

find the best matched image from the geo-tagged database. Hence, it is still

a classification process. To the contrary, the second category is considered as

a regression process. Given a query image, the camera’s 6 DOF pose relative

to a scene is regressed from a convolutional neural network trained end-to-

end. For the next step, we intend to develop the two types of CNN-based
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place recognition approach. Google Street View provides 360◦ view images on

major roads all of the world. Such information can be used to form the huge

training dataset.

3. In Chapter 3, 5, and 6, the open licensed OpenStreetMap is used as our

digital map. It is freely available and easily editable. However, it has several

downsides. On one hand, the uncertainty of the map is not considered while

generating the mathematical model. During our experiment, we found that the

map is quite accurate at urban area, where the map is frequently updated; but

less accurate at sparsely populated region. On the other hand, as all geometric

maps are modelled with the road center line, there is always an offset between

vehicles actual trajectory and map-represented roads. The offset is positively

relative to road width and can deliver positioning error in transverse direction.

Thus, either a map uncertainty model or a High Precision Map which can

provide lane level positioning accuracy is desired.
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