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Abstract

In self-driving, GPS is generally considered to have insufficient positioning accuracy
to stay in lane. Instead, many turn to LIDAR localization, but building and main-
taining LIDAR maps can be costly. Another possibility is to use semantic cues such as
lane markings and traffic lights to achieve localization, but these are usually not con-
tinuously visible. This can be remedied by combining semantic cues with GPS to fill
in the gaps. However, due to biases accumulated between mapping and localization,
the live GPS frame can be offset from the semantic map frame, requiring calibration.
In this thesis, we propose a robust semantic localization algorithm that self-calibrates
for the GPS-to-map offset by exploiting common semantic cues. We formulate the
problem using a modified Iterated Extended Kalman Filter, which incorporates GPS
and camera images for semantic cue detection. Experimental results show that the
proposed algorithm achieves decimetre-level accuracy and is robust against sparse

semantic features and frequent GPS dropouts.
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Chapter 1

Introduction

1.1 Background and Motivation

In autonomous driving applications, semantic maps have proven to be an invaluable
component for most self-driving cars. They provide important prior knowledge of
the surrounding environment, including the locations of drivable lanes, tra c lights,
and tra c signs, as well as the tra c rules. This information is crucial for real-time
behavioural planning of the vehicle under various tra ¢ scenarios.

In order to e ectively utilize semantic maps, the vehicle must be localized in
the map frame down to decimetre accuracy. This proves to be challenging for the
Global Positioning System (GPS), where even the best corrected version of GPS
is generally considered inadequate in achieving the required accuracy consistently.
Furthermore, GPS su ers from signal dropouts in situations such as inside tunnels
or in dense urban environments. In light of these issues, many self-driving systems
have adopted LIDAR (Light Detection and Ranging) localization methods, which
require the construction of LIDAR maps prior to driving in a certain area. LIDAR
localization has demonstrated great success in satisfying the stringent requirements
of autonomous driving [10, 44, 1], but this comes at the cost of building detailed
geometric models of the world and keeping them up to date solely for the purpose
of localization. Moreover, because the autonomous driving system, and in particular

the planning component, ultimately requires the vehicle's location with respect to the
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Figure 1.1: Vehicle localization using uncalibrated GPS (left) compared to our ap-
proach (right). The red lines are the projected lane boundaries from the semantic
map. Our approach is able to self-calibrate for the GPS-to-map o set and achieve
alignment between the observed lane markings and the projected lane boundaries [4].

semantic map, it requires the additional step of aligning the LIDAR maps with the
semantic maps.

An alternative to LIDAR localization is to directly take advantage of the semantic
maps for localization, which the self-driving vehicle already utilizes for path planning
and behavioural decision making. Through the detection of some common objects
on the road (e.g., in the vehicle's camera images) such as trac lights and lane
markings that are also present in the semantic maps, the vehicle location can be
inferred. A major downside of such an approach is that these objects, collectively
termed \semantic cues", are fairly sparse and not always present in enough numbers
to ensure reliable localization. A potential solution is to adopt a hybrid approach
that combines GPS and semantic cues. However, a new problem arises: the o set
between the semantic map frame and the GPS frame, in which the vehicle position
is reported, must be known accurately before fusing the two sources of information.
This o set is a common issue and emerges because the semantic maps are aligned to
the global frame using GPS data gathered at a di erent time/day than when the live
drive occurs. Therefore, due to di erent positioning of the satellites in the sky and
varying atmospheric conditions [22], among other factors, there will be a GPS-to-map

o set requiring calibration such that the GPS frame aligns with the semantic map
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Figure 1.2: System architecture of our proposed localization pipeline. The camera
image is passed through the lane and tra c light detectors. The data association step
nds the correspondences between detection results and the semantic map projected
into the image space. The results of the data association are then fused with GPS
and wheel encoders in a modi ed IEKF to produce the nal localization output.

frame. Usually, such o set is simply corrected by hand on an occasional basis, but
such manual calibration is generally not reliable.

As an illustrative example, aUToronto, the team that won the self-driving com-
petition hosted by SAE International in 2019 [4], experienced an uncalibrated GPS-
to-map o set in the magnitude of a few metres, which was corrected manually just
in time for the competition run, see Figure 1.1.

To address these challenges, we propose a robust localization algorithm that inte-
grates GPS and semantic cues while performing self-calibration of the o set between
the GPS and semantic map frames. By folding the o set into our state estimation, we
can properly fuse the two sources of information while bene tting from both. For this
work, we assume detection of semantic cues using a front-facing monocular camera,
and formulate the localization problem as a modi ed Iterated Extended Kalman Fil-
ter (IEKF), which improves upon the linearization of EKF. The system architecture
is summarized in Figure 1.2.

The proposed approach has minimal computational impact because GPS is low-

cost to process, and common semantic cues such as lane markings and tra c lights
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are already tracked for the purpose of vehicle behavioural planning, so the added cost
of using them is also low. The result is an accurate and robust self-driving localiza-
tion pipeline that uses GPS to Il in the gaps between sparse semantic observations,
avoids the need for expensive maps speci cally for localization, and relies on features
in the environment that are actively maintained and designed to be highly visible.
Experimental results in an urban environment using the Carla simulator [11] as well
as on a real-world dataset collected by aUToronto during the SAE AutoDrive compe-
tition show that we are able to achieve 3 cm lateral and 5 cm longitudinal accuracy

on average, and also maintain similar performance with frequent GPS dropouts.

1.2 Contribution

The main contributions of this thesis are:

1. An online semantic localization algorithm for autonomous vehicles that simul-
taneously self-calibrates for the GPS-to-map o set by incorporating multiple

classes of semantic cues.

2. A novel mathematical formulation of the vehicle localization problem in 3D
space that processes the semantic cue detection results directly in the image

space rather than in bird's-eye view.

3. A localizer that has minimal computational impact by taking advantage of the
existing infrastructures on the autonomous vehicle, including semantic maps

and detectors of various semantic cues.

4. The addition of wheel encoders to improve the robustness of the localizer against

frequent GPS dropouts.

5. The proposal of a semantic map re nement pipeline that can potentially produce

accurate semantic maps at low cost using satellite images.

The core of this work has previously been published in our paper for the Conference

on Robots and Vision in a condensed manner [39]. It corresponds to the rst four
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contributions above. The fth contribution, on the other hand, is newly conducted
work that involves a semantic map re nement pipeline designed to improve an internal

dataset used in the experiments.

1.3 Overview

The thesis is organized as follows. Chapter 2 summarizes the related work on vehicle
localization. Chapter 3 describes the preprocessing necessary for the semantic cues
before semantic localization can take place. Chapter 4 presents the mathematical
formulation of the semantic localization algorithm. Chapter 5 provides the simula-
tion and experimental results. Finally, Chapter 6 concludes the paper and discusses

possible future work.



Chapter 2

Related Work

2.1 LIDAR Localization

One of the most popular localization approaches in self driving is LIDAR localiza-
tion [13, 17, 12, 23]. By constructing a database of the detailed geometry of the
environment in advance, localization can be achieved using a point cloud registration
algorithm, which matches the LIDAR scans against the database at test time. Be-
cause the localization performance greatly depends on the accuracy of the database
in capturing the ever-changing appearance of the world, the database needs to be
frequently updated. In response, many have developed algorithms that extract fea-
tures that are more invariant to environmental changes in the LIDAR data [46, 18,
26]. More recently, [27] proposed a novel learning-based approach that directly takes
LIDAR point clouds as inputs and learns descriptors for matching in various driv-
ing scenarios. While these methods help mitigate the impact of outdated LIDAR
database, they do not fundamentally address the issue of needing to maintain a sep-

arate database solely for localization.

2.2 Semantic Localization

Semantic localization exploits various common roadside semantic cues present in the

semantic maps to achieve vehicle localization. In contrast to LIDAR localization, this
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Table 2.1: List of public self-driving datasets with semantic maps and the semantic
cues that are included.

Available Semantic Cues inside Semantic Map
Dataset Lane Stop Lines Other . Tfa ¢ Trg ¢
Markings Road Markings| Lights | Signs
nuScenes (2019) [5] X X X
Lyft Level 5 (2019) [21] X X X
Argoverse (2019) [6] *

*Only has lane centerlines and lane polygons

method conveniently makes use of the same semantic maps already required by the
autonomous vehicle for planning purposes. Therefore, no maintenance of a separate
database of the environment is required. Among the various types of semantic cues,
lane markings are most commonly utilized because they are abundant and provide
important clues that keep the vehicle in the correct lane [14, 15, 7, 40, 34]. However,
since lane markings tend to run parallel to the vehicle heading, the longitudinal
localization accuracy is usually worse than lateral accuracy. Besides lane markings,
other types of semantic cues have been exploited as well, including stop lines [32, 29],
other road markings [20, 45, 35], tra c lights [41, 42], and tra c signs [43, 30, 33, 8].

A common issue that all types of semantic cues su er from is sparsity. In response,
approaches that combine multiple types of semantic cues have been proposed, most
of which include lane markings in combination with tra c lights or tra ¢ signs [28,

9, 25].

Because until recent years, there is a lack of public self-driving datasets that
provide semantic maps, these prior works had to conduct experiments using internal
datasets and produce their own semantic maps. The map generation process usually
involves a combination of camera and LIDAR data followed by manual annotations.

In the past few years, however, a few self-driving datasets with semantic maps have
emerged. The semantic cues supported by these datasets are summarized in Table 2.1.
The applicability of these datasets for our work is discussed in Section 5.2.

Many of the semantic localization papers referenced in this section have incorpo-
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rated GPS into their localization pipelines, but none of them addressed a possible
o set between GPS and semantic map frames due to reasons discussed above, pre-
sumably because the GPS o set has been manually corrected prior to experiments.
However, as experienced by aUToronto, manual GPS calibration is often unreliable,

and can lead to localization failures [4].

2.3 GPS Calibration with Semantic Cues

In this work, the GPS measurements are regarded as reporting the vehicle position
with respect to a GPS frame, which is at an o set from the semantic map frame.
Alternatively, we can treat the GPS as if it directly reports the vehicle position in
the semantic map frame, but with a systematic bias. Some prior works took this fact
into account when developing their semantic localization pipelines. For instance, [24]
simply modelled the GPS errors as a random constant since the change in the GPS
bias is small. A more sophisticated model utilizing an autoregressive process such
as a random walk was shown by [38] to achieve superior performance compared to
the random constant model, and was similarly adopted by [19] and [37]. All of these
approaches only adopted road markings as the semantic cues. While our approach
is similar in spirit to these papers, there are also notable di erences, including the
addition of tra c lights as part of the semantic cues, and their detections using

Convolutional Neural Networks (CNNSs).



Chapter 3

Semantic Cue Preprocessing

The positional information of the semantic cues provided by the semantic maps plays
a crucial role in the development of semantic localization. To make use of this informa-
tion, the vehicle must be capable of detecting nearby semantic cues in real time using
onboard sensors. Fortunately, because the semantic cues provide important tra c
information, we can safely assume that such detectors are already in place as part of
the autonomous driving system, thus minimizing the impact on the computational
cost. In this work, we assume the sensor to be a common front-facing camera with
plenty of o -the-shelf CNN image detectors available from which to choose. Lastly,
for the detections to be useful, some calculations have to take place that associate

the detections with the semantic map.

3.1 Semantic Map

The lightweight HD semantic maps are commonly equipped by autonomous vehicles
for planning and navigation. They are often supplied by commercial mapping com-
panies such as HERE and CARMERA, and have become increasingly accessible as
the companies continue to map more regions around the world. The quality of the
semantic map can potentially have a great impact on the performance of the vehicle.
Our semantic localization algorithm utilizes a HD semantic map that consists of

a lane graph and tra c light locations. A lane graph is a set of polylines that de nes
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Figure 3.1: Example of a semantic map at a road intersection. The black polylines
form the lane graph, and the red points are tra c lights.

all the lane boundaries of the road network. It corresponds to visually distinctive
lane markings as well as road curbs, which can be easily identi ed in a camera image
by the CNN detector. The trac lights are treated as point landmarks where the
coordinates of their centres are recorded in the semantic map. Their orientations are
not included. Figure 3.1 illustrates a semantic map with lane graph and tra c lights.

In this work, we assume the semantic map has been provided.

3.2 Trac Light Detection

Tra c lights always appear sparsely yet regularly at road intersections. They are
crucial to the vehicle's understanding of the tra c situation surrounding it, and also

provide useful information for longitudinal localization of the vehicle. Given a camera
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Figure 3.2: Example of YOLOv3 tra c light detection. A red bounding box in which
the center point can be extracted is shown around each detection.

image, the tra c light CNN detector outputs bounding boxes that locate all the tra c
lights identi ed. The centre of each bounding box is then obtained as the observed
point landmark of a tra c light. Since the detector assigns a con dence level to each
bounding box, we can reliably Iter out false detections by only keeping bounding
boxes with high con dence scores for localization. In this work, we adopted YOLOv3
for the detection of tra c lights [31]. An example output of YOLOvVS3 tra c light
detector is shown in Figure 3.2.

Before the trac light detections can be made useful for localization, a data
association scheme must rst be devised to correctly associate the detections in the
camera image with corresponding tra c lights in the semantic map. This is achieved
by rst projecting the locations of all nearby tra c lights in the semantic map that are

in front of the vehicle to the image space using the estimated vehicle position. We then



12 CHAPTER 3. SEMANTIC CUE PREPROCESSING

apply Iterative Closest Point followed by nearest neighbour to obtain the desired data
associations. Detections that have no nearby associations within a certain distance
threshold are identi ed as outliers and discarded. Figure 3.4 illustrates the results of

the tra c light data association process.

3.3 Lane Marking Detection

Lane markings are one of the most common type of semantic cues that primarily help
with lateral localization of the vehicle to keep it in the correct lane. Given a camera
image, a lane marking CNN detector produces a grayscale mask where the value of
each pixel corresponds to the probability of the pixel being part of a lane marking
in the camera image. A probability threshold is then applied to the grayscale mask
to obtain a binary mask, which classi es each pixel as being part of a lane marking
or not. Because lane makings closer to the vehicle, which corresponds to the bottom
portion of the camera image, are easier to identify than those further away, only the
bottom portion of the mask is retained. The resulting image coordinates of the pixels
classi ed as lane markings are then evenly subsampled to reduce the computational
burden.

In this work, we adopted the gated shape CNN (GSCNN) lane marking detector
[36] and trained it on the BDD100K dataset [47]. The GSCNN detector captures
lane markings as well as road boundaries from the camera observations, and has a
low rate of false positives. This is preferable over a detector with a low rate of false
negatives because the detection of non-existent lane markings has a greater impact
on the process of data association compared to false negatives. Furthermore, GSCNN
detector is capable of inferring continuous lane boundaries from not just the solid lane
markings, but also the dashed ones. An example of GSCNN lane detector is shown
in Figure 3.3.

The data association process for lane markings also begins by nding all the
lane lines that are close to and in front of the vehicle and projecting them from the

semantic map to the image space using the estimated vehicle position. Next, each
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