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Abstract
The creation and update of high-definition (HD) maps have become vital for ad-
vanced applications like autonomous vehicles, yet traditional map-making techniques
face inherent limitations in cost, efficiency, and scalability. Given the same challenge
and goal, this thesis explores two distinct but parallel approaches, one optimization-
based and one learning-based method, both leveraging the wealth of crowdsourced
data to enhance HD map construction and update processes.

The optimization-based method utilizes a three-stage process involving the handling
of raw data, the alignment and optimization of maps from multiple drives including
lane marker and traffic sign alignment, and the regular generation and updating
of maps. Alternatively, the learning-based method employs a two-stage network
that uses a vision transformer as a crowdsourced data aggregator and a detection
transformer for decoding individual road elements, linking neighboring frames us-
ing pseudo labels. In conclusion, both approaches contribute to ongoing efforts
to improve the robustness and cost-effectiveness of HD map creation and updates.
They also demonstrate scalability, specifically in their ability to integrate data from
multiple vehicles into a cohesive model. When evaluated for accuracy, both the
optimization-based and learning-based methods yield impressive results, achieving
an approximate accuracy of 1.0 meters. Notably, the optimization-based method can
achieve an even higher level of accuracy, reaching up to 0.7 meters in assessments.
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1
Introduction

This chapter starts with a background on HD map construction, covering both its
historical evolution and current methods relevant to our study. Next, we discuss
the main goals of this research and what it aims to contribute. We then review
existing literature to position our research within the broader academic discussions
on this topic. Finally, we define the limits and scopes of our study. These sections
provide readers with a clear understanding of the foundational topics and research
focus that will be expanded upon in the following chapters.

1.1 Background
High-definition (HD) map, or Highly Automated Driving (HAD) map, refers to an
electronic map that has high accuracy, freshness, and richness, with both absolute
and relative precision within 1 meter. The information contained in an HD map is
extensive, including road characteristics such as road type, curvature, and lane line
positions, as well as environmental object information such as roadside infrastruc-
ture, obstacles, and traffic signs. Additionally, it can incorporate real-time dynamic
information such as traffic flow and traffic light status, when available. HD maps pro-
vide essential location-information layers that enable the automated driving system
to achieve safer driving and more proactive driving decisions [1].
The maps commonly used in GPS navigation systems are currently referred to as
standard-definition (SD) maps [1]. The main difference between HD maps and SD
maps lies in the level of detail and precision they provide. SD maps provide the basic
layout of roads and intersections, as well as some features such as points of interest.
However, they lack the detailed information and precision of HD maps. For example,
an SD map may indicate the presence of a road, but it cannot provide details such
as the number of lanes, the exact positions of lane markings, or the precise locations
of traffic signals, which are crucial for autonomous driving. Knowing the number
of lanes on the road helps autonomous vehicles determine their position, plan lane
changes, and understand applicable traffic rules. Certain maneuvers like turning
may only be allowed from specific lanes. Additionally, knowing the exact locations
of traffic lights and traffic signs allows autonomous vehicles to stop or decelerate
accurately, preventing incidents such as running a red light or stopping too far from
an intersection, which can lead to accidents. Essentially, HD maps are designed
for machines (autonomous vehicles) to have a more nuanced understanding of the
environment. Meanwhile, SD maps are primarily intended for humans to gain a
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general understanding of road layouts and surrounding areas, although they can
also serve as a source of information for certain ADAS functions.
HD maps can play an important role in autonomous driving. However, their purpose
is not to replace the vehicle’s onboard sensors but to complement them. Onboard
sensors provide real-time data about the surrounding environment, such as other
vehicles, pedestrians, or obstacles, while high-definition maps offer a detailed, long-
range static overview of the environment. The introduction of HD map data aims to
enhance safety in a broader range of driving scenarios. Combining information from
both sources allows autonomous vehicles to navigate more safely and efficiently.
The construction of HD maps typically involves the following components and pro-
cesses [2]:

• Data collection: This is the first step in the map creation process and in-
volves collecting a large amount of data about the geographical environment.
Data can come from various sources such as satellite imagery, ground surveys,
onboard sensors, and user-generated data.

• Data pre-processing: The collected raw data needs to be cleaned and formatted
for further analysis. This may involve filtering out irrelevant or erroneous data,
converting data formats, and normalizing the data.

• Feature extraction: In this step, map information needs to be extracted from
the pre-processed data. For example, determining road positions from GPS
data or identifying traffic signs from camera images.

• Map construction: This step involves creating the map based on the extracted
feature information. This may require the use of complex algorithms and
significant computational resources.

• Map validation and updates: The created map needs to undergo validation
and testing to ensure its accuracy and reliability. Additionally, the map needs
to be regularly updated to reflect changes in the geographical environment.

Map construction has seen a considerable evolution over time, particularly in the
distinction between traditional and modern techniques [2]. Both these methods come
with their own set of advantages and disadvantages, which significantly influence the
efficiency, cost, and overall quality of the produced maps.
Traditional methods of map construction, such as manual ground surveying or uti-
lizing surveying vehicles equipped with HD tools like LiDAR and high-accuracy
positioning equipment, certainly bring a high degree of precision. However, they
are constrained by several factors. The extensive data collection required from ev-
ery road, for instance, can be a challenging task due to limited human resources
and surveying vehicles. Besides, these methods demand significant human effort for
annotating and ensuring the quality control of the newly collected feature informa-
tion. As a result, these constraints tend to limit the scale of HD maps that can be
produced, rendering the process both resource-heavy and labor-intensive.
Modern mapping methods, on the other hand, leverage technology to overcome
these limitations, with crowdsourcing being a prime example. Crowdsourced map-
ping presents an efficient and cost-effective alternative to traditional techniques. It

2



1. Introduction

utilizes the vast amount of vehicles already present on the roads, ensuring broader
area coverage, even in regions that might be overlooked by traditional mapping. Fur-
thermore, it capitalizes on real-time data, which allows for quick and timely updates
on map changes, such as the construction of new roads or changes in traffic regu-
lations. In addition, despite offering extensive coverage and real-time updates, the
costs associated with data collection in crowdsourcing are significantly lower than
traditional methods, making it a more economical choice.
In conclusion, crowdsourcing, as an exemplar of modern mapping techniques, ad-
dresses the challenges posed by traditional mapping methods. It efficiently uses
readily available resources and offers a cost-effective and time-efficient approach to
map production. This method ensures the production of comprehensive and accu-
rate maps without overburdening resources.

1.2 Aim & Objective
The main goal of our research is to develop effective methods for processing vehicle
data covering large areas and long distances and finally build a HD Map for au-
tonomous driving. To achieve this goal, we explore two principal methodologies for
constructing HD maps using crowdsourced data: optimization-based approach and
learning-based approach.
The optimization-based approach is a traditional method that has been widely used
in the field of autonomous driving, effectively processing data from multiple sensors
to generate accurate environmental models. In contrast, the learning-based approach
is a newer method that has made significant progress in recent years, distinguished
by its ability to learn from data and consequently improve performance.
In this project, we will explore the two approaches separately. We will design and im-
plement two different solutions for each approach. Then, real vehicle crowdsourced
data will be used to test these two solutions. Finally, the results obtained from the
two methods will be compared with the ground truth to evaluate their performance.
Following are the detailed research questions that emanate from these objectives:

• Given limited hardware resources, how can the visual-inertial odometry main-
tain high accuracy over long distances (e.g, ≥ 10 km) and long period (e.g,
≥ 30 min)? If the problem needs to be split up into smaller parts, how to
merge all the smaller parts while still keep the smoothness of the trajectory
and map?

• How should GNSS information be fused with other sensor information? How to
ensure that the vehicle trajectory output from the odometry does not deviate
significantly when GNSS information is missing or unstable?

• How much gain in accuracy can deep learning methods make in comparison
to existing methods on aggregation for HD-map? How can we construct a
deep learninng network to work well with summarizing the crowdsourced data,
which, different from images and texts, as a data in the form of the set of
multiple description of the same object?

3
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1.3 Related Work
The realm of autonomous navigation and mapping is continually shaped by inno-
vative methodologies and research paradigms. This section aims to explore two
notable domains that have garnered attention in recent years: Visual SLAM and
Deep Learning methods in the context of localization and mapping. Visual SLAM
seeks to utilize visual data for concurrent localization and map construction, an ap-
proach that has been the subject of extensive research and various implementations.
Its evolution is characterized by iterative refinements influenced by advancements
in sensors, algorithms, and computational capacities. Meanwhile, the application of
deep learning in localization and mapping emerges from the broader field of machine
learning. By processing substantial volumes of data, it offers potential avenues for
feature extraction and environment adaptability, albeit in ways distinct from tra-
ditional methods. The ensuing subsections will present an overview of pertinent
studies and developments within these two areas, underscoring their respective con-
tributions and challenges in the broader spectrum of HD mapping.

1.3.1 Visual SLAM
Over recent decades, Visual Simultaneous Localization and Mapping (SLAM) has
evolved significantly, holding a pivotal role in robotics and autonomous driving sce-
narios. Essentially, Visual SLAM operates to compute a device’s position within
an environment while concurrently mapping its surroundings using primarily visual
data.
A foundational aspect of visual SLAM is Visual Odometry (VO). VO is the technique
of estimating the relative position of a device by analyzing sequential visual input.
Within VO, there are methods that rely exclusively on cameras and others that
couple visual data with inertial information. Traditional visual-based SLAM tech-
niques, predominantly applied in confined indoor settings, hinge on the extraction
of geometric features such as sparse points, lines, and planes from the environment.
Renowned systems like ORB-SLAM and its variations [3]–[5] have found application
beyond indoor confines, demonstrating robustness even in expansive outdoor scenar-
ios. The precision of these systems has further been enhanced through adaptations
such as the inclusion of line features or leveraging semi-dense edges.
The integration of visual data with inertial sensors has ushered a new era for VO,
leading to the development of Visual-Inertial Odometry (VIO). In the realm of
VIO, there are two prominent frameworks: loose coupling and tight coupling. The
loosely-coupled approach sees sensors, such as the IMU and the camera, functioning
in isolation. Each produces its estimates, which are subsequently blended for an
overarching output. Conversely, the tight coupling strategy merges raw data from
both sources from the outset, yielding more accurate and cohesive estimates. Meth-
ods such as MSCKF and VINS-Mono serve as prime examples of the latter approach,
jointly optimizing both visual and inertial data.
It’s noteworthy to mention the varying demands of SLAM across different settings.
While indoor environments, with their constraints, may be navigated with simpler
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algorithms, expansive outdoor terrains necessitate more sophisticated solutions. Rec-
ognizing the intricacies of autonomous driving, modern SLAM techniques leverage
road markers, traffic signals, and other static landmarks to refine vehicular posi-
tioning. The fusion of other sensory data, like Wheel Encoder and GNSS (or RTK),
provides an additional layer of precision. GVINS [6], a recent innovation, exemplifies
this fusion, integrating visual-inertial data with GNSS measurements.

1.3.2 Deep Learning Methods in Mapping
In the domain of high-definition mapping, various approaches are adopted. Some
derive maps via semantic segmentation of aerial and satellite images [7]–[10], How-
ever, performing segmentation on aerial and satellite images suffer from interference
such as occlusions from trees, vehicles, shades of buildings, different methods were
proposed to against these, [11] proposed dilation and message module utilizing con-
textual information to address inconsistent edges in generated maps. [12] offers a
deep learning framework that combines initial segmentation using a fully convolu-
tional network (FCN) with iterative road network searches via CNN, which enhances
road connectivity and centerline completeness. [13] improved topological accuracy
using a multi-branch convolutional approach combined with connectivity refinement.
Methods that utilize onboard sensors, such as vehicle cameras and Lidar, are also
common. For example, one approach involves semantic segmentation of images and
point-cloud data, followed by projection onto the bird’s-eye view (BEV) plane[14].
Notably, recent methods opt to delay semantic segmentation; they first project the
encoded features onto the BEV plane and subsequently extract map data from
these projected features, also facilitating vectorized map building through post-
processing[15].
Map representations vary as well. Some methods render them as segmented pix-
els, while others employ query mechanisms to extract map elements from features,
representing them as distinct map element instances. For instance, VectorMapNet
generates instance-specific details by predicting a sparse set of polylines in the bird’s-
eye view[16]. However, this approach of sequentially decoding keypoints in a polyline
can accumulate error and require more computational power. To mitigate this, re-
cent works have proposed to simultaneously predict all keypoints in the polyline,
using attention mechanisms to establish relationships between these keypoints for
instance-level map creation[17], [18].

1.4 Scope
This study presents several limitations that warrant careful consideration. The first
limitation concerns the data sources. All relevant vehicular data, such as GNSS,
IMU, Visual Odometry, and Camera Detections, as well as the HD map used for
reference, are provided by Zenseact. The reliance on a single provider could poten-
tially introduce biases or constraints that limit the generalizability of the research
outcomes.
Secondly, the project’s focus is narrowed predominantly to the construction of high-

5



1. Introduction

way maps. This specificity arises from the nature of the dataset, which predom-
inantly comprises information collected from highway routes. Highways are con-
structed according to particular standards and are thereby more regularized com-
pared to other road types. This focus could limit the applicability of the method-
ologies to more complex or irregular road networks.
While the primary focus of this research is on the examination of static road features
such as lane lines and traffic signs, it’s worth noting for completeness that dynamic
road elements like moving vehicles or pedestrians are not included in this study.
Although most readers may not expect these elements to be part of the generated
maps, this constraint is mentioned to clarify the scope and potential limitations in
real-world applicability.
Another noteworthy limitation lies in the two-dimensional constraints of the study.
The research does not consider the third dimension, specifically elevation and height-
related elements like overpasses and underpasses, thereby potentially affecting the
robustness and utility of the generated HD maps.
Lastly, the methodologies employed in the study, namely the optimization-based and
learning-based approaches, are each evaluated solely against a ground truth. This
approach undermines the potential for gaining insights into the relative strengths and
weaknesses of each methodology when they are not directly compared. This lack of
a head-to-head comparison introduces a significant gap in the evaluative framework,
potentially affecting recommendations for future work or real-world applications.
By explicitly acknowledging these limitations, this study aims to offer a balanced
and realistic framework for interpreting the results, while also providing a roadmap
for addressing these challenges in future research endeavors.
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2
Theory

This chapter provides an introduction to the theoretical knowledge that will be
applied in the methodology discussed in Chapter 3. The chapter begins by explaining
the characteristics of different sensors and the information they provide, using the
sensor data employed in this project as a starting point. Subsequently, background
knowledge of coordinate systems is presented. Estimating the state of a vehicle is
a longstanding and crucial topic in the field of robotics.The Graph-Based SLAM
framework is a commonly used solution for simultaneously estimating the vehicle’s
state and landmark positions. In most practical estimation problems, outliers exist,
so this chapter also covers the outlier rejection techniques utilized in this project.
Optimization algorithms ensure that the SLAM problem can be solved effectively,
yielding satisfactory results.
We also introduce theories related to the learning-based approach. The learning-
based neural network we propose is composed of two existing network structures,
specifically the vision transformer and the detection transformer, which have been
combined and modified to suit our specific needs. A key constituent of these net-
works is the attention mechanism, with a particular emphasis on the multi-head
attention mechanism. Starting with the fundamental vanilla attention mechanism,
we will delineate how these basic elements function and explain their composition
within both transformers starting from section 2.9.

2.1 Vehicle State
Before diving into the state representation of the vehicle, it is worth mentioning
the assumption we make about the environment’s dimensionality. In the context
of autonomous driving, a two-dimensional representation is usually sufficient for
the map or environment. This assumption is based on the observation that the
movement of ground vehicles on highways mostly occurs on a relatively flat plane,
with changes in the z-direction (elevation) often being negligible for the tasks of
localization, path planning, and navigation.
The state of vehicle i at timestamp k is defined by its position and orientation in
the map coordinate system, denoted as:

xi,k =
[

Wxi,k
Wyi,k

Wθi,k

]T
, xi,k ∈ R3 (2.1)
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where
(

Wx,W y
)

are the coordinates of the vehicle in the global coordinate system
(two-dimensional), Wθ denotes the orientation of the vehicle, indicating the current
rotation angle. This angle is expressed relative to the x-axis of the global coordinate
system (in the positive east direction) and is expressed in radians.

2.2 Sensor Properties & Measurement Model
In autonomous driving systems, vehicles utilize data obtained from various sensors
to gather information about the surrounding environment and their ego motion.
This information is crucial for the vehicle to engage in autonomous planning and
control. As described in [19], the sensors in the vehicle can be categorized into two
types: exteroceptive sensors and proprioceptive sensors.

Exteroceptive sensors enable the vehicle to gather information about its surround-
ings, including the detection of objects, obstacles, road conditions, and other vehicles.
On the other hand, proprioceptive sensors are focused on monitoring the internal
state of the vehicle itself. These sensors provide feedback regarding the vehicle’s
motion, orientation, acceleration, and other internal parameters.

In this project, the exteroceptive sensors include cameras and GNSS receiver. And
the proprioceptive sensors mainly refer to IMU and wheel encoder.

2.2.1 Camera
Cameras, specifically forward-looking cameras in this project, provide essential in-
formation for autonomous driving. They capture images of the environment, which
serve multiple purposes. The images contain visual cues such as traffic signs and
road markings that are key to understanding the driving context. At the same
time, the image sequence can also be used to infer the vehicle’s motion, i.e., visual
odometry.

The camera data that we handle in this project are not raw RGB images. Instead,
it is processed data provided by Zenseact, which has been run through perception
and tracking modules to extract high-level features and information.

2.2.1.1 Traffic Signs & Lane markers

The perception module detects and classifies traffic signs and lanemarkers from the
camera images. The detected traffic signs and road markings are represented as
objects in the image, with attributes including their class (e.g., stop sign, speed
limit sign), position in the image, and, when applicable, the associated value (e.g.,
the speed limit). These detections are crucial for the vehicle to understand and
follow traffic rules.

For the detected traffic signs at timestamp k, the observations of traffic sign j from
vehicle i can be represented as:

8



2. Theory

zTSj
i,k =

[
Cxi,k

Cyi,k

]T
, zTSj

i,k ∈ R2, (2.2)

where (Cxi,k,C yi,k) denotes the pixel coordinates of the detected traffic sign in the
camera image. The traffic sign j is identified by the vehicle i at the timestamp k. It
should be noted that this format applies not only to traffic signs, but also to other
road elements detected through the camera, such as lane markers. Therefore, any
detected road elements will be similarly represented as zElementj

i,k in the subsequent
discussion.

2.2.1.2 Visual Odometry

In this project, the camera provides motion information mainly via Visual Odom-
etry (VO). VO functions by analyzing sequences of images taken by the camera,
extracting features from them, and subsequently tracking these feature movements
across multiple frames. Through this process, the camera offers estimates of the
vehicle’s relative motion in its frame.
For the visual odometry at timestamp k, the observations of the vehicle’s motion j
from vehicle i can be represented as:

zodom
i,k =

[
C∆xi,k

C∆yi,k
C∆θi,k

]T
, zodom

i,k ∈ R3, (2.3)

where (C∆xi,k,C ∆yi,k,C ∆θi,k) denotes the observed relative motion in the x, y di-
rection and orientation respectively, in the camera frame. These observations are
essentially equivalent to the odometry readings, as explained in your previous sec-
tion, but derived from the camera data.
While Vehicle Odometry, sourced from IMUs and Wheel Encoders, is available for
motion estimation, we give precedence to VO in this project for a few reasons.
The highways, our primary environment, often present a myriad of distinguishable
features and are typically well-lit. In such scenarios, consumer-grade cameras can
produce reliable VO outcomes. In contrast, consumer-grade IMUs might experience
notable noise interference, leading to error accumulation. Under favorable lighting
and when the environment is feature-rich, VO can frequently surpass IMU and
Wheel Encoder-based odometry.

2.2.2 GNSS
Global Navigation Satellite Systems (GNSS), such as GPS, GLONASS, Galileo, and
BeiDou, provide a global and direct measure of a vehicle’s location. They can be
utilized as a key component for an autonomous vehicle’s navigation system. The
raw data obtained from the GNSS receiver includes the current longitude, latitude,
and heading of the vehicle, represented as:

gi,k =
[
λi,k ϕi,k θi,k

]T
, gi,k ∈ R3 (2.4)
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In this case, λi,k represents the longitude, ϕi,k the latitude, and θi,k the heading of
vehicle i at timestamp k. The heading angle θi,k is expressed in radians.
However, since the geographic coordinates (longitude, latitude) do not directly cor-
respond to the vehicle’s state representation used in this framework, a conversion
is required. To ensure consistency with the rest of the data, the received GNSS
coordinates are transformed into the East-North-Up (ENU) Cartesian coordinate
system. This conversion can be expressed as.

Wgi,k = T (gi,k, pref) =
[

WxGNSS
i,k

WyGNSS
i,k

WθGNSS
i,k

]T
(2.5)

Here, T is a function that transforms from the geodetic frame to the ENU Cartesian
frame, and pref denotes the longitude and latitude of the reference point for the
global frame.

2.3 Coordinate System
Coordinate systems play a crucial role in integrating sensor data obtained from
various sources, such as lidar, cameras, GNSS, and IMUs. Conversions of coordinate
system enable seamless integration of data from different sensors, each potentially
using its unique coordinate system. By transforming sensor measurements into
a unified coordinate system, data fusion becomes feasible, enhancing the overall
accuracy and consistency of the map.
For the camera coordinate system used in this project, the origin is located at the
focal point of the camera. Following the orientation of the camera, the X-axis
points forward, the Y-axis points left, and the Z-axis points up. Within this camera
coordinate system, the positions of traffic signs and lane markings are represented.
The process of acquiring these positions usually involves several steps: initially, each
frame of the camera image is inputted; subsequently, learning-based segmentation is
utilized to identify the pixel positions of the corresponding elements; finally, the pixel
positions are projected onto the camera coordinate system via depth estimation.
The vehicle coordinate system, often referred to as the body-fixed coordinate system
or the car coordinate system, serves as a fixed reference frame relative to the vehicle
itself. Its origin is set at a specific point in the vehicle, the center of the rear axle in
our case. The choice of origin can depend on the specific application or convention.
The X-axis often points forward from the vehicle in the direction of travel. The Y-
axis usually points to the left or right of the vehicle, perpendicular to the direction of
travel. The Z-axis points upward, perpendicular to the ground. When performing
the transformation between camera or sensor coordinate systems and the world
coordinate system, the vehicle coordinate system often serves as an intermediary.
For example, objects detected by a camera can be initially localized in the vehicle
coordinate system based on the camera’s position on the vehicle, and subsequently
projected onto the world coordinate system based on the vehicle’s position in the
world.
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It is worth noting that in this project, the camera coordinate system and the vehicle
coordinate system can be considered as the same coordinate system. This approach
greatly simplifies the complexity of data processing and calculations. If the camera
coordinate system and the vehicle coordinate system are treated as two different
coordinate systems, separate calculations of camera and vehicle positions and ori-
entations would be required, followed by transformations. Although considering
the camera coordinate system and the vehicle coordinate system as the same co-
ordinate system may introduce some errors, these errors are typically smaller than
others. Other processing steps in our map construction process can mitigate or
reduce them.

In autonomous driving technology, the world coordinate system provides a global
reference framework essential for positioning vehicles within a broader environment.
This global framework is typically grounded on a geographical coordinate system
established on the Earth’s surface. Geographical coordinate systems account for
the actual shape of the Earth, usually perceived as an ellipsoid, and use longitude,
latitude, and altitude to identify any location on Earth. The significance of ge-
ographical coordinate systems in autonomous driving stems from their ability to
provide a global and consistent reference for positioning anywhere on Earth. This
is particularly crucial for long-distance navigation, where vehicles may have to tra-
verse considerable distances or commute between different regions. A commonly
used geographical coordinate system is WGS 84, employed by the Global Position-
ing System (GPS) and numerous other mapping applications. Regardless of the
vehicle’s location, GPS receivers in autonomous vehicles use this system to deliver
consistent, accurate location data. In addition to positioning, geographical coordi-
nate systems are also deployed in creating digital maps and geospatial databases
for autonomous driving. These maps, rooted in geographical coordinates, can store
a variety of information regarding the driving environment, including the locations
of roads, intersections, and other significant features. Translating this data into a
geographical coordinate system ensures compatibility and interoperability with GPS
and other geospatial data sources.

Converting geographical coordinate systems to Cartesian coordinate systems is a
critical task in autonomous driving technology. The vehicle’s position data provided
by GNSS receivers are typically in geographical coordinates (longitude and latitude).
However, the data from many sensors on autonomous vehicles, such as cameras,
LiDARs, and IMUs, are represented in Cartesian coordinates. Bringing all the data
into the same coordinate system allows for more consistent data fusion, leading
to more accurate and reliable estimations. It’s important to note that while the
original perception remains unchanged, the quality of the fused or filtered result
is enhanced. Additionally, the control and planning algorithms for autonomous
driving are usually designed in Cartesian coordinate systems. This is because the
vehicle’s motion equations can be represented using linear or nonlinear differential
equations under a Cartesian coordinate system, which is convenient for the design
and implementation of control algorithms.

The conversion from a geographic coordinate system to a Cartesian coordinate sys-
tem principally encompasses two categories: global (or regional) conversion and
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local conversion. Each category has its representative projection method and serves
unique purposes:
The conversion from a geographic coordinate system to a Cartesian coordinate sys-
tem can be broadly categorized into three main types: global conversion, regional
conversion, and local conversion, each with its specific projection method and unique
purposes:

• Global Conversion: The Earth-Centered, Earth-Fixed (ECEF) system rep-
resents a global Cartesian coordinate system where the origin is at the Earth’s
center. This frame rotates alongside the Earth and stands as the primary
Cartesian frame utilized by systems such as GPS. ECEF coordinates prove
beneficial for delineating positions across vast distances or when considering
measurements from satellites.

• Regional Conversion: The Gauss-Krüger projection method is typically
harnessed for regional conversions. Although this method furnishes accurate
outcomes in proximity to the central meridian (the chosen linearization point),
its precision wanes considerably as one veers away from it. The SWEREF
99 system, prevalent in Sweden, adopts the Gauss-Krüger method to devise
a series of planar coordinate systems. This technique designates a central
meridian as the x-axis origin, with the equator functioning as the y-axis origin.
The system is expounded further in the cited source [20].

• Local Conversion: Local conversions, epitomized by the East-North-Up
(ENU) coordinate system, find frequent application in autonomous driving
scenarios. The ENU approach inaugurates a local Cartesian frame at a des-
ignated point on the Earth’s surface. In this configuration, the axes align
towards the east (‘E’), north (‘N’), and upward (‘U’), perpendicular to the
surface. This local system adeptly mirrors longitude, latitude, and elevation
in geographic coordinates by mapping them onto a tangent plane abutting the
Earth’s surface.

2.4 Simultaneous Localization and Mapping
According to [21][22], filter-based and optimization-based methods are two main cat-
egories of Simultaneous Localization and Mapping (SLAM). Filter-based methods,
represented by the Extended Kalman Filter (EKF) and Particle Filter (PF), update
the state estimate recursively using a prediction-update cycle. They stand out for
their real-time state updates and their relatively simple principles and implementa-
tion. However, these methods have notable limitations, including potential error ac-
cumulation over time and difficulty handling nonlinear and non-Gaussian problems.
Even though certain techniques can be employed to tackle nonlinear problems, they
often introduce additional errors. On the other hand, optimization-based methods
perform global optimization over the entire state history, representing the problem
as a graph with nodes and edges denoting states and constraints, respectively. These
methods, albeit computationally intensive, are capable of delivering high accuracy,
effectively handling nonlinear problems, and reducing error accumulation by con-
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sidering the entire state history. Their major drawbacks lie in high computational
complexity and less robust real-time capabilities.
When it comes to constructing high-precision maps, optimization-based SLAM meth-
ods are often preferred despite their computational demands. They address the need
for high-precision results and aptly handle large-scale nonlinear problems inherent
in map construction. Modern hardware and algorithms have mitigated the impact
of their high computational complexity. Additionally, the process of building high-
precision maps does not have stringent real-time requirements. Instead, the empha-
sis is on obtaining accurate and stable results, making optimization-based methods
a more suitable choice for this application.
According to [23], the SLAM process can be described by a discrete-time motion
and observation equations as:

xk = f (xk−1, uk) + wk wk ∼ N (0, Rk)
zk,j = h (yj, xk) + vk,j vk ∼ N (0, Qk,j) .

(2.6)

The first term of 2.6 is usually called motion model. The motion model predicts
the next state xk based on its current state xk−1 and control input uk. Note that
uk can be either the reading of motion sensor or control input in this case. The
second term is called measurement model. The measurement model describes the
observation data zk,j generated when a landmark point yj is observed in the current
state xk. In the motion and measurement models, we assume that the two noise
terms wk, vk,j satisfy a Gaussian distribution with zero mean. Rk, Qk,j are the
covariance matrices of noise term. Through the above introduction, the SLAM
problem is actually to infer the pose x and the map y through the noisy data z and
u.
Optimization-based methods are also referred to as batch methods, as opposed to the
previously mentioned filter-based methods commonly known as incremental meth-
ods. In batch methods, the data is integrated into a large optimization problem
that includes all state variables and all observed data. Considering all time steps
from 1 to N and assuming M landmark points, the poses at all time steps and the
coordinates of the landmark points can be described as:

x = {x1, ..., xN} , y = {y1, ..., yM} .

From a probabilistic perspective, the entire SLAM problem can be seen as estimating
the probability distribution of the state variables x and y, given the input data u
and the observed data z:

P (x, y|z, u) . (2.7)

To estimate the conditional distribution of the state variables, using Bayes’ rule,
following formula exist:

13



2. Theory

P (x, y | z, u) = P (z, u | x, y)P (x, y)
P (z, u)

∝ P (z, u | x, y)P (x, y). (2.8)

The left side P (x, y | z, u) is posterior probability, and P (z, u | x, y) is called
likelihood. P (x, y) is called prior. For nonlinear system, it is normally difficult to
find posterior distribution directly. However, it is feasible to solve a state so that
the posterior probability under this state is maximized. This approach is also called
Maximum a Posteriori (MAP):

(x, y)∗
MAP = argmax P (x, y | z, u) = argmax P (z, u | x, y)P (x, y) (2.9)

Bayes’ theorem indicates that maximizing the posterior probability is equivalent to
maximizing the product of the likelihood and the prior. However, in the absence
of a prior, the problem transforms into finding the maximum likelihood, which is
referred to as Maximum Likelihood Estimation (MLE):

(x, y)∗
MLE = argmax P (z, u | x, y) (2.10)

Given the knowledge of the observed data, MLE can be understood as determining
the state or conditions under which the currently observed data is most likely to be
generated.
For batch time series data, assuming the inputs and observations at each time step
are mutually independent implies that the inputs are independent of each other, the
observations are independent of each other, and the inputs are independent of the
observations. Therefore, the joint distribution in Equation 2.8 can be decomposed
as:

P (x, y | z, u) =
∏
k

P (uk | xk−1, xk)
∏
k,j

P (zk,j | xk, yj). (2.11)

This indicates that the motion and observation at each time step can be treated
independently. Considering the observation model, since we assume that the noise
terms follow a Gaussian distribution, the conditional probability of the observation
data is:

P (zj,k | xk, yj) = N(h(yj, xk), Qk,j) (2.12)

which is still a Gaussian distribution. Considering the MLE of a single observation,
the maximum likelihood of a Gaussian distribution can be obtained by minimizing
the negative logarithm. Specifically, for an arbitrary multi-dimensional Gaussian
distribution x ∼ N (µ, Σ)its probability density function is:
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P (x) = 1√
(2π)N |Σ|

exp
(

−1
2

(x − µ)⊤Σ−1(x − µ)
)

(2.13)

.
Taking the negative logarithm of both sides, one will get:

− ln P (x) = 1
2

(x − µ)⊤ Σ−1 (x − µ) + d

2
ln(2π) + 1

2
ln|Σ| (2.14)

The logarithmic function exhibits monotonically increasing behavior, thus maximiz-
ing the original function is equivalent to minimizing its negative logarithm. The
second and third term of the right side of Equation 2.14, being independent of x,
can be disregarded. Consequently, by minimizing the first quadratic term, we obtain
the maximum likelihood estimation of the state. Substituting the observation model
from the SLAM problem into this expression leads to the optimization of:

(xk, yj)∗ = arg max N (h (yj, xk) , Qk,j)
= arg min

(
(zk,j − h (xk, yj))T Q−1

k,j (zk,j − h (xk, yj))
) (2.15)

Equation 2.15 is to minimize the noise term, which is equivalent to the quadratic
form of the error. This quadratic form is referred to as the Mahalanobis distance.
In fact, it is the Euclidean distance weighted by Q−1

k,j . In optimization problem,
Q−1

k,j and R−1
k are called as information matrix, which is exactly the inverse of

covariance matrix. Error terms with larger information matrices (smaller covariance)
are assigned greater weights, indicating that the optimization algorithm places more
emphasis on these terms and strives to minimize their errors as much as possible.
Conversely, terms with smaller information matrices (larger covariance) are assigned
smaller weights.
According to the motion and observation models presented earlier in Equation 2.6,
the errors between the input and observation data at each instance and the corre-
sponding model can be defined as:

eu,k = xk − f (xk−1, uk)
ez,j,k = zk,j − h (xk, yj) ,

(2.16)

Then, minimizing the weighted Mahalanobis distance between the estimated value
and the measurements from sensors is equivalent to finding the maximum likelihood
estimation. The negative logarithm allows to turn the product into a summation:

min J(x, y) =
∑

k

eT
u,kR−1

k eu,k +
∑

k

∑
j

eT
z,k,jQ−1

k,jez,k,j (2.17)

The solution obtained by solving such a least squares problem is equivalent to the
maximum likelihood estimation of the state. However, due to the presence of noise,
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the estimated trajectory and map may not perfectly satisfy the motion and observa-
tion equations in the SLAM framework. By iteratively refining the estimated state,
the overall error decreases until reaching a local minimum, which characterizes the
typical nonlinear optimization process. Solving such a nonlinear optimization prob-
lem involves the application of knowledge from the field of nonlinear optimization.
Additionally, in order to obtain a more robust result, methods for handling outliers
are also employed. These aspects will be discussed in the later sections.

2.5 Factor Graph
The previous section introduces the least squares problem as 2.17, which is com-
posed of a sum of many error terms. However, the objective function only describes
the optimization variables and numerous error terms without explicitly indicating
their relationships. Graph-based optimization, on the other hand, represents the
optimization problem as a factor graph, providing a visual representation of the
problem.
A graph consists of multiple variable nodes and factor nodes connecting these
variable nodes. Variable nodes represent the state variables of the system, namely,
the pose of the vehicle (position and orientation) and the position of specific land-
marks or features in the environment. Factor nodes represent the constraints or
error terms derived from sensor measurements. For example, a factor may represent
the vehicle’s motion between two time steps (odometry constraint), or it may repre-
sent the observation relationship between the vehicle and a landmark (observation
constraint). Factor nodes define a cost or error function that is minimized during
the optimization process to estimate the variable configuration that best satisfies
all factors. These two types of nodes are connected by edges, which represent the
relationships between factors and variables. Therefore, one can construct a cor-
responding graph representation for any nonlinear least squares problem like 2.17
.

Motion Node

Landmark Node

Measurement Factor

x1 x2 x3 x4

p1 p2 p3

Motion Factor

Figure 2.1: Graph-based optimization

The graph is depicted in figure 2.1. The blue circles represent vehicle’s pose nodes,
the orange triangles represent landmark nodes, the green squares represent measure-
ment factor, and the claret squares are motion factors. Through this graph, the
structure of the entire SLAM problem can be visualized. For example, landmark
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point p2 is observed by both x2 and x3, and there exists a motion constraint between
x2 and x3.
To incorporate a factor into a factor graph, typically, variable nodes, measurement
values, error functions, and covariance matrices are required. The covariance ma-
trices mentioned here are actually the R and Q matrices. The information matrix
can be obtained by inverting it. In the rest of this paper, the addition of error
terms to optimization problems will be referred to as adding a certain factor to the
graph. For a detailed explanation of the application and underlying principles of
factor graphs in robotic perception, one can refer to [24].

2.6 Optimization Algorithm
In SLAM, the Levenberg-Marquardt (L-M) algorithm is commonly used for graph
optimization to solve the joint optimization problem of robot trajectory and map.
The L-M algorithm is employed to solve the least squares problem represented by
Equation 2.17. Compared to another commonly used algorithm, Gauss-Newton (G-
N), the L-M algorithm demonstrates better stability when dealing with nonlinear
problems. L-M achieves this stability by introducing a damping factor to balance
the trade-off between gradient descent and G-N methods, ensuring more reliable
performance in nonlinear problem settings. Furthermore, the L-M algorithm auto-
matically adjusts the damping factor based on the variation of residuals, allowing it
to perform well across different problem scenarios. The following part will provide
a brief introduction to the principles of the L-M algorithm. [23] provides a good
introduction to the application of the L-M algorithm in SLAM, and [25] gives a
detailed mathematical explanation.
Firstly, a least squares problem can be written as follows:

min
x

F (x) = ∥f(x)∥2
2 (2.18)

where f(x) is the error term, and F (x) is the overall cost function. The goal is
to find a set of parameters x such that the sum of squares of the error function is
minimized. If f has a simple form, the problem can be solved directly to obtain an
analytical solution. By setting the derivative of the cost function to zero and solving
for the optimal values of x, multiple extrema can be obtained. The optimum can be
identified by comparing their respective function values.
However, in a SLAM problem, f(x) often takes on complex forms, making it nearly
impossible to obtain an analytical solution. For least squares problems that are
inconvenient to solve directly, an iterative approach provides a feasible solution.
The specific steps are as follows:

1. Set an initial value x0.
2. For k-th iteration, we find an incremental value of ∆xk, such that the objective

function ∥f(xk + ∆xk)∥2
2 reaches a smaller value.

3. If ∆xk is small enough, stop the algorithm.
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4. Otherwise, let xk+1 = xk + ∆xk and return to step 2.

In simple terms, for the Levenberg-Marquardt (L-M) algorithm, the formula for
solving the increment is as follows:

∆xk = −
(
JT J + λD

)−1
JT f(xk) (2.19)

Here, J represents the Jacobian matrix of the error function with respect to the
parameters, f(xk) denotes the error term at the current parameters, D represents a
diagonal matrix with diagonal elements equal to the diagonal elements of J⊤J, and
λ is a damping factor. The damping factor λ plays a crucial role in the algorithm.
When λ is small, the algorithm behaves like the G-N method. Conversely, when λ
is large, the algorithm resembles the gradient descent method. The value of λ is
automatically adjusted based on the variation of residuals, enabling the algorithm
to adaptively handle different problem scenarios.
In summary, the L-M method, following the aforementioned steps, iteratively solves
for a set of robot poses (position and orientation) and feature point positions that
best explain all the observed data. These results are obtained through joint opti-
mization, indicating that they represent the optimal explanations for all the observed
data. Currently, the L-M algorithm is widely implemented in various third-party
libraries, commonly used in the field of SLAM are Ceres Solver [26] and g2o [27],
both of which are C++ libraries. These libraries provide mature and efficient imple-
mentations of the L-M algorithm, eliminating the need for implementing the entire
optimization algorithm from scratch. In this project, Ceres Solver is utilized.

2.7 Outlier Processing
In the least squares problem defined in Equation 2.17, minimizing the sum of squared
2-norms of the error terms is used as the objective function. However, a significant
issue is hidden in this approach: if a certain error term contains incorrect data
due to sensor failure or mismatches, an edge that should not have been included in
the graph may be added. The optimization algorithm itself cannot identify this as
erroneous data, and it treats all edges as normal error terms. In graph optimization,
the presence of a large error edge with a large gradient implies that adjusting the
variables associated with it would result in a significant decrease in the objective
function. As a result, the algorithm prioritizes adjusting this edge, which is actually
incorrect, leading to incorrect adjustments in other correct edges.
This problem arises from the rapid growth of the squared terms. To address this
issue, robust kernel functions are introduced to ensure that the error of each edge
does not become excessively large, thereby masking the effects of other edges. The
specific approach involves replacing the squared terms in the original error terms
with a function that grows less rapidly, while ensuring its smoothness to allow for
differentiation.
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There are various types of robust kernel functions, commonly used ones include
the Huber kernel function and the Cauchy kernel function [28]. The Huber kernel
function behaves as a squared error for small errors and as a linear error for large
errors. It exhibits certain robustness against larger outliers. The form of the Huber
kernel function is as follows:

ρ(e) =


1
2e2 if |e| ⩽ δ

δ
(
|e| − 1

2δ
)

otherwise
(2.20)

When the error term e is larger than the threshold δ, the growth of the function tran-
sitions from quadratic to linear form, effectively imposing a limit on the maximum
gradient.

The Cauchy kernel function remains smooth across the entire range of residuals,
but it exhibits a slower growth rate for large residuals compared to the Huber ker-
nel function. This property grants the Cauchy kernel function stronger robustness
against larger outliers. It has the following form:

ρ(x) = 1
2

ln
(
1 + x2

)
(2.21)

Figure 2.2 illustrates the differences between the Huber and Cauchy robust kernel
functions and the original quadratic error. The Cauchy kernel function exhibits a
thicker tail compared to the Huber kernel function, resulting in a smaller contri-
bution of large residuals to the total error. However, both functions have a much
slower growth rate compared to the quadratic function. More information about
robust kernel functions can be found in [29].
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Figure 2.2: Comparison of different robust kernel functions
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2.8 Theories for Learning Based Approach
SLAM methods have solidified their role as the cornerstone of localization and map-
ping in robotics, excelling in geometric and spatial reasoning. These techniques are
integral to a myriad of robotic applications, delivering efficient and accurate solu-
tions. While SLAM provides a robust foundation, the integration of deep learning,
particularly attention mechanisms, opens up new avenues for enhancing these ca-
pabilities. Deep learning algorithms are adept at handling high-dimensional data
and capturing intricate patterns, offering a comprehensive way to integrate semantic
understanding.
To this end, we also introduce a deep learning-based approach specifically designed
for aggregating crowdsourced data. Our deep learning-based approach is tailored
to seamlessly assimilate information from disparate sources while mitigating issues
related to noise, bias, and redundancy. This strategy not only enhances the robust-
ness of our system but also extends its applicability to a broader range of tasks and
environments. From 2.9 onwards, we delve into the core mechanisms that constitute
our deep learning neural network.

2.9 Attention Mechanism
The attention mechanism [30], [31], particularly self-attention, has emerged as a
pivotal concept in deep learning, facilitating the model’s focus on relevant parts of
the input. In self-attention, queries Q, keys K, and values V are derived from the
same source, typically the preceding layer’s output or projected input if it is the
first layer in the model. They are formulated as Q = X · WQ, K = X · WK, and
V = X·WV, where X is the input and WQ, WK, WV are learned weight matrices. The
attention scores are then computed as Score = Q·KT

√
dk

, where dk is the dimensionality
of the keys. This is followed by the application of the softmax function to obtain
the attention weights, Weights = softmax(Score), and finally, the weighted sum
of the values is computed as Head = Weights · V and projected through a linear
layer Output = Head · Woutput. This mechanism allows for parallelized processing
and adept handling of long-range dependencies, thereby significantly enhancing the
model’s context-aware representation and performance.

2.10 Multi-Head Attention
Multi-Head Attention (MHA) [31] is a key component of the transformer architec-
ture that enables the model to focus on different parts of the input simultaneously.
Compared to the vanilla attention mechanism, MHA is designed to capture various
relationships in the data by applying multiple attention mechanisms in parallel. It
was introduced to overcome the limitations of single attention mechanisms, which
may not capture all the relevant relationships in the data. By using multiple atten-
tion heads, the model can recognize multiple types of relationships simultaneously,
leading to a richer understanding of the data. Multi-Head Attention gives trans-
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former model the ability to capture diverse relationships within the data.

The Multi-Head Attention mechanism derives queries Q, keys K, and values V into
h heads using specific weight matrices, W Q

i , W K
i , and W V

i , to capture different
relationships in parallel. Qi = X · W Q

i , Ki = X · W K
i , and Vi = X · W V

i , where X
is the input, and queries Q = {Qi | i = 0, 1, ...h}, keys K = {Ki | i = 0, 1, ...h}, and
values V = {Vi | i = 0, 1, ...h} . For each head, attention scores are computed as
Scorei = Qi·KT

i√
dk

, where dk is the dimensionality of the keys, followed by applying the
softmax function to obtain weights Weightsi = softmax(Scorei). The weighted sum
of values Headi = Weightsi · <vi is computed, and the results across all heads are
concatenated Concatenated = concat(Head1, . . . , Headh), then projected through a
final linear layer Output = Concatenated · Woutput.

2.11 Vision Transformer

The Vision Transformer(ViT) [32] is a model that applies transformer architecture,
originally designed for natural language processing (NLP), to computer vision tasks.
Unlike traditional convolutional neural networks (CNNs) that process images us-
ing convolutional layers, ViT leverages self-attention mechanisms to capture global
dependencies within an image.

The introduction of ViT was motivated by the desire to explore whether the suc-
cess of transformers in NLP could be translated to the domain of computer vision.
Traditional CNNs are inherently local and hierarchical, processing images in a piece-
wise manner. This can limit their ability to capture long-range dependencies within
an image. ViT was introduced to overcome these limitations and provide a more
flexible and powerful way to process visual data.

ViT aims to solve the problem of capturing global relationships within an image,
which can be critical for many vision tasks. By using multi-head attention mech-
anisms, ViT can consider the entire image at once and weigh the importance of
different parts of the image relative to each other. This allows the model to capture
complex patterns and relationships that might be missed by traditional CNNs.

The structure of the Vision Transformer begins with dividing the input image into
a grid of non-overlapping patches (e.g., 16x16 pixels), which are then linearly em-
bedded into a sequence of vectors. Positional information is added to these patch
embeddings to retain spatial information. The sequence of patch embeddings is then
passed through a series of transformer encoder layers, each consisting of a Multi-
Head Self-Attention mechanism that allows the model to weigh the importance of
different patches relative to each other, and a Feed-Forward Neural Network made
up of fully connected layers. Encoded features after the transformer can be decoded
to different forms of output to finalize various tasks.
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2.12 Detection Transformer
Detection Transformer(DETR) [33] is an end-to-end object detection model that
leverages the Transformer architecture. Unlike traditional object detection models
that rely on region proposals and complex pipelines, DETR simplifies the process by
treating object detection as a direct set prediction problem. Traditional object de-
tection models often involve complex components like anchor boxes, non-maximum
suppression, and region proposals. These components can be difficult to tune and
integrate. DETR was introduced to simplify the object detection pipeline by elimi-
nating these components and providing an end-to-end trainable model.
DETR is composed of a CNN image backbone and a Transformer encoder-decoder
architecture. Usually, a ResNet is used as the CNN backbone, which is used for
extracting features from images. The encoder of the transformer captures global
relationships among the image features. The decoder of the transformer attends to
the encoder’s output and a fixed set of learned object queries, predicting both object
classes and bounding boxes. DETR also takes a fixed number of object queries that
are learned during training. These queries are used to predict the objects in the
image, with each query corresponding to a potential detection.

2.13 Hungarian Matching Algorithm
The Hungarian Matching Algorithm, also known as the Kuhn-Munkres algorithm
[34], is a combinatorial optimization technique designed to solve the assignment
problem in polynomial time. The algorithm aims to find the optimal assignment of
a set of "agents" to a set of "tasks" such that the total cost or weight is minimized.
The problem can be represented as a weighted bipartite graph, where one set of
vertices represents agents, another set represents tasks, and the edges between them
are weighted by the cost of assigning a particular agent to a particular task.
The problem is formulated as, given a weighted bipartite graph G = (A ∪ T, E),
where A is the set of agents, T is the set of tasks, and E is the set of edges with
weights w(a, t) representing the cost of assigning agent a to task t, the objective is
to find a perfect matching M that minimizes the total cost:

Minimize
∑

(a,t)∈M

w(a, t)

The algorithm is carried on as follows:
1. Initialization: Create a cost matrix C where C[i][j] represents the cost of assigning
agent i to task j.
2. Row and Column Reduction: Subtract the smallest element in each row from all
elements in that row. Repeat the process for each column.
3. Covering Zeros: Use a minimum number of lines (horizontal and vertical) to cover
all zeros in the reduced matrix.
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4. Adjusting Matrix: Find the smallest non-covered element x and subtract x from
all non-covered elements, and add x to the intersections of the lines.
5. Optimal Assignment: Repeat steps 3-4 until an optimal assignment can be made.
The Hungarian Matching Algorithm provides an efficient and optimal solution to
the assignment problem. Its polynomial time complexity makes it suitable for a
wide range of applications in both academia and industry.
For a more in-depth understanding, readers are encouraged to consult the original
paper by Harold W. Kuhn [34] as well as subsequent literature [35]–[39] that extends
and applies the algorithm.
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3
Modeling of Optimization-based

Method

In the previous chapter, we have introduced the basic theory and applications of
SLAM. However, applying these theories to specific tasks, such as building and
updating high-precision maps with data from multiple vehicles, requires a deeper
consideration and modeling. This chapter will describe the modeling process we
have adopted in achieving this goal.
Figure 3.1 shows the workflow that we proposed to construct and update the map.
Our approach is divided into three main stages: Individual Drive, Multiple Drives,
and Map Generation & Update. Each stage comprises distinct steps that collec-
tively enable the construction and updating of high-precision maps using data from
multiple vehicles. Firstly, we will delve into the modeling during the Individual
Drive stage, detailing how we handle and clean raw data, use SLAM for trajectory
smoothing to optimize vehicle movement, and align each locally generated map to
SD Map which is available from OpenStreetMap [40]. Then, we will shift to the
modeling during the Multiple Drives stage, exploring how we align maps from mul-
tiple vehicles and further optimize them via traffic sign alignment and lane marker
alignment. Lastly, we will discuss the generation and updating of maps, including
how we leverage the optimized vehicle poses and lane markers to generate and up-
date maps, and how these individual maps are stitched together to form a complete
map.

Individual Drive

Crowdsourced
Data

Traffic Signs
Alignment

Data
Preprocessing

Trajectory
Smoothing

SD Map
Alignment

Lanemarkers Lanemarkers
Alignment

Regional Map
Generation &

Update

Multiple Drives

HD Map
Generation

Regional Map
Stiching

Map Generation & Update

Traffic Signs

Figure 3.1: General workflow for crowdsourcing HD map generation & update
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3.1 Individual Drive
The Individual Drive stage lays the groundwork for our mapping framework by
transforming raw sensor data into a globally consistent vehicle localization solution.
The purpose of this stage is two-fold: first, to handle the inherent uncertainties
and errors in the real-world driving data, and second, to leverage the information
from the SD map to reinforce the robustness of our localization. By the end of
this stage, the expected output is an individual vehicle map that aligns well with
the globally consistent SD Map. This result then serves as a valuable input for
subsequent processing stages in our framework.

3.1.1 Data Preprocessing
Data forms the backbone of the SLAM-based approach for map construction and
localization. However, raw sensor data often brings along challenges such as inherent
inaccuracies, disparities in data formats, and sensor noise. These issues can jeopar-
dize the accuracy of map construction. To counteract these challenges, a rigorous
data preprocessing step is employed. This step is crucial as it aims to synchro-
nize and harmonize data streams, reduce noise, and manage outliers. As a result,
the quality and consistency of the data are enhanced, setting a firm foundation for
precise mapping and localization.
The unique demands of this project necessitate a thorough and detailed approach
to data handling. The specific techniques adopted in data preprocessing will be
discussed further in the Implementation chapter. Emphasis is given to selecting
only high-quality, high-confidence data for this project due to two main reasons:
Firstly, the incorporation of consumer-grade sensors means that data might exhibit
more outliers. While these sensors provide an economical avenue for large-scale data
collection, their precision and reliability might not match that of industrial-grade
devices. Although these sensors produce abundant data, the output can be prone
to inaccuracies, noise, and disparities, which can introduce potential discrepancies
and errors during the mapping process.
Secondly, this project’s reliance on crowdsourced data means accumulating data
from multiple vehicles for the same road segment. This approach substantially in-
creases the data volume, often exceeding the actual need. While such redundancy
is a safeguard against data loss or corruption, it also presents the challenge of ex-
tracting high-quality data from the vast pool.

3.1.2 Trajectory Smoothing
Constructing a precise and reliable trajectory for each vehicle’s journey forms a
crucial underpinning for map construction. The raw data, including GNSS data,
odometry readings, and traffic sign tracking information, offer the fundamental in-
formation for this process. However, this data is often tainted with noise and errors,
and thus trajectory smoothing is required to refine the vehicle trajectories.
GNSS data, offering global positioning capabilities, forms a cornerstone of our tra-
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jectory information. Yet, it presents a unique dichotomy in its error characteristics.
Over short timescales or distances, GNSS data tends to have high relative error due
to factors such as signal multipath, atmospheric interference, and clock inaccuracies.
However, over larger distances and timescales, the absolute error is bounded, and
the error for positions far apart in time is typically within a few meters.

On the other hand, odometry provides information about relative displacement,
and its error characteristics contrast with those of GNSS. Over short timescales,
odometry can be highly accurate, but due to the accumulation of small errors over
time, the absolute error can grow unbounded over long distances.

Traffic sign tracking information serves as an additional reference for our trajectory
data. By continuously tracking the same traffic sign over consecutive frames, we
gain another perspective on relative vehicle motion. This information supplements
and adds robustness to our trajectory estimation, especially in environments with
GNSS signal blockage or drift in odometry.

To harmonize these different sources of information and minimize their respective
errors, we employ a trajectory smoothing method based on SLAM. We formulate
the trajectory smoothing problem as a factor graph, with the vehicle’s state at each
moment constrained by GNSS factors, and the state between adjacent moments
constrained by odometry factors. The tracking information from traffic signs in
each frame forms additional constraints between the vehicle’s pose and the traffic
signs. Figure 3.2 presents the structure of the overall problem.

Vehicle State

Odometry Factor

GNSS Factor

Traffic Sign

Traffic Sign Factor

Figure 3.2: Graph of trajectory smoothing

3.1.2.1 Odometry Factor

The odometry factors in Figure 3.2 are represented by green squares, connecting
the states of the vehicle at adjacent time steps. The error term rodom

i,k ∈ R3 and
covariance matrix Rodom

i,k ∈ R3×3 of odometry factor is then defined as:
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rodom
i,k = ϕodom

(
xi,k+1, xi,k, zodom

i,k

)
= xi,k+1 − xi,k − zodom

i,k

=


Wxi,k+1
Wyi,k+1
Wθi,k+1

 −


Wxi,k
Wyi,k
Wθi,k

 −

∆xi,k

∆yi,k

∆θi,k



Rodom
i,k =

 σ2
∆x 0 0
0 σ2

∆y 0
0 0 σ2

∆θ


(3.1)

The covariance matrix of odometry factor is set for all time steps k. The covariance
matrix includes the variances of ∆x, ∆y, and ∆θ from the odometry, and it is set as
a diagonal matrix, assuming that the three elements are independent of each other.

Equation 2.19 mentioned that Jacobian matrix is necessary to solve iteratively. The
Jacobian matrices of the odometry factor with respect to xk and xk+1, the variables
that to be optimized, are as follows:

∂rodom
i,k

∂xi,k

=


∂rx

∂xk

∂rx

∂yk

∂rx

∂θk
∂ry

∂xk

∂ry

∂yk

∂ry

∂θk
∂rθ

∂xk

∂rθ

∂yk

∂rθ

∂θk

 =

 −1 0 0
0 −1 0
0 0 −1


∂rodom

i,k

∂xi,k+1
=


∂rx

∂xk+1

∂rx

∂yk+1

∂rx

∂θk+1
∂ry

∂xk+1

∂ry

∂yk+1

∂ry

∂θk+1
∂rθ

∂xk+1

∂rθ

∂yk+1

∂rθ

∂θk+1

 =

 1 0 0
0 1 0
0 0 1


(3.2)

3.1.2.2 GNSS Factor

In Figure 3.2, the GNSS factors are represented by red squares, each of which is only
connected to the vehicle state at a single moment, indicating that they essentially
impose constraints relative to the vehicle’s own state. The GNSS factor is defined
mathematically as:

rGNSS
i,k = ϕGNSS

(
xi,k,W gi,k

)
= xi,k −W gi,k

=


W xi,k
W yi,k
W θi,k

 −


W xGNSS

i,k
W yGNSS

i,k
W θGNSS

i,k



RGNSS
k =

 σ2
x 0 0

0 σ2
y 0

0 0 σ2
θ


(3.3)
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3.1.2.3 Traffic Sign Factor

As depicted in Figure 3.2, traffic sign factors are represented by purple squares. Each
factor forms a link between a vehicle’s state and a detected traffic sign, implying that
they establish constraints on the relative positions between the vehicle’s trajectory
and the location of the traffic sign.
The measurement model establishes the connection between traffic sign observa-
tions and their positions in the world coordinate system. This relationship can be
expressed as follows:

zTSj

i,k = h
(
xi,k, yTSj

i

)
+ v (3.4)[

cxi,k
cyi,k

]
=

[
cos θ sin θ

− sin θ cos θ

] [
wx

TSj

i −w xi,k

wy
TSj

i −w yi,k

]
(3.5)

where v ∼ N (0, R) is the noise term. Based on the measurement model, the traffic
sign factor can be defined mathematically as:

rTSj

i,k = ϕTS
(
xi,k, yTSj

i , zTSj

i,k

)
= zTSj

i,k − h
(
xi,k, yTSj

i

)
(3.6)

QTSj

i,k = σ2
TSI (3.7)

σ2 is the variance of the observation error and I is the identity matrix. We assume
that the errors in different dimensions are uncorrelated and have same variance.
It’s worth mentioning that in Figure 3.2, each traffic sign is linked to the states of the
vehicle at several time steps. This relationship arises due to the vehicle repeatedly
observing the same traffic sign across sequential frames, thereby enabling traffic sign
tracking information. These recurrent observations form a constraint that associates
the different temporal states of the vehicle with the position of the traffic sign. Every
observation contributes data about the relative position and orientation between the
vehicle and the traffic sign. This data generates a complex optimization problem,
where the goal is to identify the optimal solutions for both the vehicle states and
traffic sign positions under these constraints.
This problem can be addressed effectively by adopting an approach analogous to the
bundle adjustment method commonly used in computer vision and photogrammetry.
This method is designed to optimize the 3D coordinates of scene features (in this case,
traffic signs) and camera parameters (in this case, vehicle states), by minimizing
the reprojection error between observed and predicted values. The integration of
traffic sign tracking information into the factor graph essentially mirrors a bundle
adjustment problem, albeit with the supplementary inclusion of GNSS and odometry
information. Through this optimized process, we are capable of determining the
best fit for vehicle states and traffic sign positions while taking into account all
constraints.
To better illustrate the effects of trajectory smoothing, we have presented the tra-
jectory of a single vehicle based on GNSS, odometry, and post-smoothing in two
distinct scales for clarity.
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Figure 3.3 provides a macroscopic view of the trajectory, showcasing the overall path
taken by the vehicle. From this viewpoint, the smoothed trajectory aligns closely
with the GNSS track, while it’s evident that the odometry data drifts notably over
larger distances. A blue cross on the figure denotes the starting point, marking the
convergence of the odometry and GNSS data.
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Figure 3.3: Trajectory Smoothing (large scale): The smoothed trajectory aligns
with the GNSS track, highlighting the drift in the odometry data. The blue cross

indicate the starting position.

In contrast, Figure 3.4 offers a more granular perspective. This close-up view high-
lights the inherent fluctuations in the GNSS trajectory, with its typical sudden shifts
or jitters. The smoothed trajectory is evidently more consistent, incorporating the
GNSS positional data’s absolute nature with the smoother characteristics inherent
to odometry.
Through these figures, it becomes evident that while the GNSS data provides valu-
able absolute position information, it is susceptible to sudden jitters. In contrast,
the odometry-derived trajectory maintains a smooth profile due to its nature of
providing consistent relative motion data. However, it is prone to drift over longer
distances. The trajectory smoothing process leverages these two data sources, com-
bining their respective strengths. The outcome is an optimized trajectory that is
not only smoother but also more representative of the vehicle’s actual path.

3.1.3 SD Map Alignment
The HD maps used in this study are generated or updated by crowdsourcing data
from multiple vehicles. A key challenge in this process is ensuring that all vehicles
perceive the world consistently and generate data that aligns accurately with reality.
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Figure 3.4: Vehicle Trajectory Comparison: The GNSS shows fluctuations, while
the smoothed trajectory integrates it with the odometry’s consistency.

For instance, if two vehicles traverse the same section of the road, their trajecto-
ries should align closely. Moreover, when we transform the detected lane lines to
the world coordinate system using each vehicle’s position, the resulting lane line
locations from the two vehicles should ideally overlap.

Figure 3.5 exemplifies a real-world scenario where significant positional deviations
can occur between vehicles, even after individual trajectory smoothing. The solid
red and green lines in the figure denote the optimized trajectories of two vehicles,
identified as vehicles 3 and 17, while the dashdot lines indicate the respective GNSS
trajectories. The small dots represent detected lane points. Despite both vehicles
traveling in the same direction on the same road segment, the lane lines they perceive
do not align. These discrepancies primarily stem from sensor inaccuracies, especially
the GNSS imprecision, leading to varied perceptions of the lane line positions.
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Figure 3.5: The positional deviation between two vehicles that have passed
through the same road segment.

The alignment of localized maps produced by individual vehicles with an SD Map
(such as OpenStreetMap [40]) is motivated by several factors.

First, aligning all local maps to a shared reference, such as the SD Map, can poten-
tially reduce the positional discrepancy between the trajectories of different vehicles.
This strategy may help address challenges arising from sensor inaccuracies and other
errors.

Second, aligning with the SD Map might enhance the consistency of maps derived
from different vehicles. Given the variability in how vehicles perceive the road
environment due to observational conditions and sensor noise, anchoring them to a
common reference can promote a more coherent representation.

The SD Map serves as a foundational structure that not only represents the geomet-
ric configuration of real-world roads, but also lays the groundwork for the generation
and refinement of high-definition maps. It’s worth noting that, while the SD map
provides a rough outline of what could become a more comprehensive HD map, its
true utility and precision can only be fully assessed when integrated with additional
information from multiple sources.

Our proposed approach seeks to address these inconsistencies and is grounded on
several key assumptions. While these assumptions are not strictly necessary for
aligning individual drive trajectories relative to each other, they strengthen our
method by also aligning the maps to the SD Map reference. First, we assume
that vehicles can detect the road’s left and right edges. By averaging the detected
points on these edges, we can compute the road centerline detection points. Second,
we assume that the calculated road centerline should ideally align with the SD
Map links, regardless of the lane the vehicle is traveling in. Lastly, we presume
that the two vehicles travel in the same direction along the same road segment. If
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these assumptions hold true, our map will not only be well-aligned internally among
individual drives but also externally with the SD Map reference. This alignment
enhances the accuracy and reliability of our mapping process.
Figure 3.6 depicts the factor graph structure of the optimization problem at this
stage. Compared to the previous stage of trajectory smoothing, the factor graph
now includes additional elements: the SD Map links, represented by the yellow
dashed triangle, and the Centerline Factor, represented by the orange square. The
SD Map links are regarded as the ground truth and will not be updated, hence their
representation with a dashed line.
In this context, the absolute position information constrained by GNSS is less im-
portant, which leads us to reduce the overall weight of the GNSS factors. However,
because the GNSS readings still provide valuable shape information for the vehicle’s
trajectory, their weight is only decreased, not eliminated.

Vehicle State

Odometry Factor

GNSS Factor

Centerline Factor 

SD Map Links 

Traffic Sign

Traffic Sign Factor

Figure 3.6: Structure of factor graph for alignment to SD map

3.1.3.1 Centerline Factor

The construction of the centerline factor involves establishing a connection between
the centerline points and the SD Map links. This process is depicted in Figure 3.7,
which illustrates how the road centerline is derived from the detected road edges
and compared with the SD Map links.
The road centerline is estimated by detecting road edge positions and subsequently
extracting an equal number of sample points, denoted as n, from both the left and
right edges. The coordinates of these sample points are averaged to derive the road
centerline. Following this, we proceed to map a relationship between the detected
centerline points and the SD Map links. For each centerline point, we identify the
closest corresponding point on the SD Map links. It is crucial to ensure an adequate
density of points on the SD Map links for accurate mapping.
In Figure 3.7, the green points denote road edges, the red points signify the derived
road centerline, and the black bidirectional arrows illustrates the established corre-
spondences between the centerline and the SD Map links.

Up to this point, we have identified specific corresponding points on the SD Map
links for each detected road centerline point. These points are determined based on
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Figure 3.7: The comparison between road edges, road centerline, and SD Map
links.

proximity, essentially choosing the closest point on the SD Map link for each cen-
terline point. The objective of introducing the Centerline Factor is to optimize the
vehicle’s position in a way that minimizes the distance between these corresponding
point pairs.
The observations of road centerline j at time k and its corresponding SD Map point
are denoted as zRCj

i,k and ySDj

i . They have the following form:

zRCj

i,k =
[

cxi,k
cyi,k

]T
, zRCj

i,k ∈ R2 (3.8)

ySDj

i =
[

wxi
wyi

]T
, ySDj

i ∈ R2, (3.9)

where (cxi,k,c yi,k) are the coordinate of centerline observations under camera coordi-
nate system. (wxi,

w yi) are the coordinate of SD Map point under world coordinate
system. Therefore, this single centerline factor has the following form:

rRCj

i,k = ϕRC
(
xi,k, ySDj

i , zRCj

i,k

)
= zRCj

i,k − h
(
xi,k, ySDj

i

)
=

[
cxi
cyi

]
−

[
cos θ sin θ

− sin θ cos θ

] [
wxi −w xi,k
wyi −w yi,k

]
∈ R2.

(3.10)

A single centerline factor is based on measurement model, and it has similar form
with 3.6. Each car can obtain several road centerline points in each frame, that is
to say, there will be several centerline factors. The summation of all factors at time
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step k yields the overall centerline factor at that moment, which has the following
form:

It is worth noting that the process of SD map alignment, which includes finding
corresponding points, integrating into the factor graph, and solving the least squares
problem may need to be performed several times to obtain the most accurate and
consistent results.
The need for multiple iterations arises from the fact that both the vehicle’s state and
the nearest neighbor correspondences between the centerline and SD Map links are
subject to change after each optimization step. Specifically, each time we solve the
least squares problem, the vehicle’s state - such as its position and orientation - gets
updated. This, in turn, affects which points are considered the nearest neighbors
between the centerline and SD Map links. Recalculating these correspondences
and then re-optimizing leads to a more accurate alignment. Frequent updates are
computationally expensive, which is why this recalibration is reserved for the interval
between optimization iterations. Ultimately, the aim of this iterative process is not
just to align individual points, but to achieve a comprehensive, global alignment
between the entire centerline and the SD Map links. This holistic approach ensures
more reliable and precise correspondences, thereby improving the overall quality of
the SD Map Alignment.
Figure 3.8 illustrates the anticipated impact of the SD Map alignment process. The
composite image consists of two segments: the left portrays the expected state before
alignment, while the right represents the desired outcome post-alignment.
In the left segment, Car 1’s lanemarker measurements are represented by a red dotted
line, and Car 2’s measurements are shown by a green dotted line. Discrepancies
between these two measurements are evident. The vehicle trajectories are marked by
arrows, with red corresponding to Car 1 and green to Car 2. Interspersed within this
data is the black solid line, symbolizing the SD Map Links, serving as a consistent
reference.
Transitioning to the right segment, the desired results of the alignment process are
depicted. The divergence between the red and green dotted lines, along with their
associated arrows, appears to be much smaller. This reduction in deviation suggests
an improved alignment with the SD Map Links, highlighting the potential benefits
of the alignment process.
Following the anticipated visualization, Figures 3.9 and 3.10 display the practical
impact of the SD Map alignment procedure on real-world data.
In Figure 3.9, discrepancies between the trajectories of Car 3 and Car 17 and the SD
Map are evident. The observed lane markings, represented by the dotted lines of Car
3 and Car 17, deviate significantly from the black solid SD Map Links, illustrating
a notable misalignment. Contrastingly, in Figure 3.10, the trajectories of Car 3
and Car 17 and the observed lane markings exhibit a pronounced enhancement in
alignment.
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Lanemarker Measurements
from Car 1
Trajectory of Car 1

Lanemarker Measurements
from Car 2
Trajectory of Car 2

SD Map Links

Figure 3.8: Anticipated comparison before and after SD Map Alignment. The
right segment suggests potential improvement in data consistency between the two

vehicles and the SD Map Links upon alignment.

Conclusively, these figures reinforce the validity of our proposed alignment method,
illustrating its capability in harmonizing vehicular data from diverse sources with the
SD Map. This alignment process not only demonstrates potential benefits in terms
of data consistency but also highlights the potential enhancement in the accuracy
of crowdsourced HD maps. Future application on more real-world data sets will
further validate the effectiveness of this approach.

3.2 Multiple Drives
The Multiple Drives stage constitutes an essential step towards realizing a com-
prehensive autonomous driving map, where data from various individual drives is
seamlessly integrated. This stage incorporates two crucial steps, namely, traffic sign
alignment and lane marker alignment.
The sequence of these steps is deliberately chosen. First, we perform traffic sign
alignment. Traffic signs exhibit unique features and are standardized, making their
association across different drives largely unambiguous. This attribute allows us to
establish a globally consistent framework within which the drives can be aligned ac-
curately. Following traffic sign alignment, we proceed to the lane marker alignment.
At this stage, the prior alignment using traffic signs provides us a refined starting
point, which significantly enhances the accuracy of lane marker association.
The main objective of this stage is to harmonize multiple individual vehicle maps
into a unified representation, with the ultimate goal of achieving an enriched, highly
accurate, and consistent autonomous driving map.

3.2.1 Traffic Signs Alignment
Aligning multi-vehicle maps requires a robust and consistent feature, and traffic
signs emerge as the most suitable choice. While lane lines are repetitive and ter-
rain features sporadic, traffic signs offer standardization, stability, and frequency.
Their unique attributes, like fixed positions unaffected by environmental wear, and
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Figure 3.9: Before SD Map Alignment: The trajectories of the two vehicles and
the observed lane markings show significant positional deviations, misaligning with

the SD Map.

ubiquity across roads, make them an ideal, reliable source for alignment. Their
standardized shapes, colors, and symbols simplify identification and localization, en-
hancing the alignment’s effectiveness. Thus, traffic signs provide an feasible solution
for aligning maps from multiple vehicles.

3.2.1.1 Find Common Traffic Sign Entities

The Traffic Sign Alignment operates under the reasonable assumption that, as vehi-
cles traverse the same road segment, they might not observe the exact same set of
traffic signs; however, their observed sets do overlap considerably. This understand-
ing is based on the fact that traffic signs are fixed entities on the road, intended to be
visible to all passing vehicles. Yet, the specific observations from each vehicle could
vary due to differences in vantage points, trajectory inconsistencies, or observational
errors.
Discrepancies can arise when transforming the observed traffic signs from the vehi-
cle’s coordinate system to a global coordinate system, not due to inherent flaws in
the transformation process, but rather due to errors in the estimated vehicle pose
that are propagated to the objects’ positions. As a result, the same traffic sign
might appear in different geographical locations across observations from various
vehicles. Although the preceding alignment step with the SD Map aims to correct
these positional differences, residual deviations can still persist.
Figure 3.11 illustrates the aforementioned issue. The red and blue circles in the
figure contain observations of traffic signs from two different vehicles (labeled as 3
and 17), which are of the same type (type = 0). By observing the positions of these
traffic signs, it is reasonable to assume that if these signs can be aligned through
a transformation, then applying the same transformation would also result in the
alignment of lanemarkers measurements from both vehicles.
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Figure 3.10: After SD Map Alignment: The trajectories of the two vehicles and
the observed lane markings show significantly reduced positional deviations,

aligning well with the SD Map.

To facilitate this, we designed a comprehensive process to identify and match traffic
signs observed by different vehicles that correspond to the same physical entity.
The process of identifying traffic signs that belong to the same entity, as depicted
in Figure 3.12.
This process begins with generating potential matches. All signs from two sepa-
rate vehicles are categorized by type, and potential matches within each type are
identified, generating all possible combinations of traffic signs with identical types.
For each combination, the average position and dimensions are calculated, and the
discrepancy between individual signs and these averages is evaluated. A poten-
tial match is validated if the discrepancy falls within a predefined threshold. This
method accounts for every plausible combination of traffic signs, as illustrated in
Figure 3.13 (a)
Then, potential matches are sorted based on a metric derived from the average
discrepancies in position and size within each combination. A lower value indicates
a higher degree of match, and the matches are sorted in ascending order of this
metric. Figure 3.13 (b) illustrates this sorting process.
Once sorted, potential matches are systematically inspected, and traffic sign entities
are assigned. Each sign within a potential match is evaluated based on its positional
accuracy and visibility. Unassigned signs form new entities and are added to the
existing entity set. This process continues until all potential matches have been
evaluated, and each assigned sign within the current match is tagged. Figure 3.13
(c) provides a visual representation of this step.
Finally, the process concludes with the output of a set of traffic sign entities, each
comprising a group of traffic sign IDs observed by different vehicles but representing
the same entity. This output set is then integrated into the factor graph, setting the
stage for the subsequent alignment step.
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Figure 3.11: The discrepancy in the positions of traffic signs. Each number
represents the type of traffic sign, while its position represents the position of

traffic sign. The red and blue circles respectively represent two groups of traffic
signs that should be in the same position.

3.2.1.2 Traffic Sign Entity Factor

In the previous section, we identified traffic signs that belong to the same entity
across different vehicles. This information sets constraints between observations
from distinct vehicles. By integrating these constraints into the overall factor graph,
we can perform joint optimization of the trajectories of multiple vehicles. The aim
is to eradicate or reduce map errors caused by deviations in vehicle trajectories.

Figure 3.14 elucidates the modifications in the factor graph during this operation.
The green and red boxes depict separate factor graphs for two distinct vehicles.
The structure of each vehicle’s factor graph remains congruent with Figure 3.6, yet
there is no initial connection between the factor graphs of different vehicles. The
association illustrated by the traffic sign entities is shown in the graph as purple
dashed arrows. The traffic signs at both ends of an arrow belong to the same
entity, suggesting that their positions in the map should coincide. By leveraging
this relationship, we can introduce a factor node between these two variable nodes.

This factor node takes the following form:

rTSm,TSn
i,j = ϕentity

(
yTSm

i , yTSn
j

)
= yTSm

i − yTSn
j

=
[
xTSm

i

yTSm
i

]
−

[
xTSn

j

yTSn
j

]
QTSm,TSn

i,j = σ2
entityI

(3.11)
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Figure 3.12: Flowchart for finding identical traffic sign entities

where
(
yTSm

i , yTSn
j

)
∈ En is the traffic sign entity n and associated traffic signs,

yTSm
i ∈ R2 is the position of the traffic sign m from vehicle i. This factor node

actually expresses that the traffic signs belonging to the same entity should coincide,
meaning that the difference between their coordinates should be zero.
Figure 3.15 presents the outcome after traffic sign alignment. It’s evident that the
traffic signs and lane markings observed by the two vehicles passing the same section
are now aligned. The observations appear more coherent and organized.
Contrasting this with Figure 3.11, the issues before alignment become more apparent.
Prior to the alignment process, the observed traffic signs had noticeable discrepan-
cies, likely resulting from different vehicle perspectives and sensor inaccuracies.
This transformation underscores the significance and effectiveness of categorizing,
matching, and verifying traffic signs by type. By leveraging the fixed and standard-
ized nature of traffic signs, key inconsistencies in vehicle observations have been
rectified. This improved alignment not only boosts the accuracy of the generated
maps but also paves the way for subsequent steps in map generation and refinement.
More accurate and consolidated data ensures a more precise representation of the
road environment.

3.2.2 Lanemarkers Alignment
Upon completion of the Traffic Sign Alignment, we observe that there still exist
discrepancies in the lanemarkers detected by different vehicles. The positions of
traffic signs have been refined and coherently aligned across different local maps.
However, the lanemarkers are still subject to variabilities and inaccuracies from var-
ious sources such as different vehicle perspectives, sensor noise, and environmental
factors. Figure 3.16 exemplifies these disparities, with noticeable deviations present
between the detected lanemarkers of different vehicles.
Inconsistencies between the lanemarkers from different vehicles may lead to inaccu-
racies when integrating the local maps into the global map. Moreover, due to the
uncertainty of which vehicle’s trajectory is the most accurate, it becomes impractical
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Figure 3.13: Illustration of finding common traffic sign entities. (a) Generate all
potential matches based on types. (b) The remaining matches after filtering.

Numbers represent matching scores, with lower scores indicating better matches.
(c) Retain only one optimal match for each traffic sign and determine traffic sign

entities based on this match.

to attempt to discern the exact position of the lanemarkers. In such cases, striving
for absolute positional accuracy may not be the most reasonable approach. Instead,
we adopt a pragmatic strategy of using the first vehicle’s data as a basis, with the
goal of aligning subsequent vehicle observations with it.

The Lanemarkers Alignment process is introduced to address these issues and pro-
vide a more coherent and reliable map. As mentioned above, its main purpose is
not to derive the exact position of lanemarkers, but rather to reduce the discrepancy
in the relative positioning of lanemarkers observed by different vehicles, effectively
aligning them. Without this alignment step, the integration and update of lane-
markers could be problematic and error-prone.

To solve this problem, we adopt a SLAM approach, which necessitates the definition
of an error function. The formation of this error function relies on the establishment
of a correspondence between the lanemarker observations from two different vehicles’
drives. Figure 3.17 shows the whole process of building such a correspondence. We
first fit a polyline to the lanemarker observations from Car 1, aiming to capture
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Figure 3.14: Structure of factor graph for alignment to SD map

the overall structure of the lane while reducing the influence of noise and irregulari-
ties. For each lanemarker observation of Car 2, we identify potential corresponding
segments in the polyline from Car 1. This identification is subject to three condi-
tions: 1) a line perpendicular to the polyline and going through the observation falls
within the segment, 2) the observation and segment share the same type, and 3) the
distance between the observation and the segment falls below a predefined distance
threshold. Among the candidates that satisfy all three conditions, the corresponding
segment chosen is the one with the minimal distance to the observation.
Upon establishing the association between the observed lanemarker points and the
segments in the polyline, we proceed to the construction of the error function. Figure
3.18 illustrates this process. The error term is essentially the distance between the
lanemarker observation and its associated polyline segment. Variables that need
optimization are depicted by dashed lines in the figure, which include the pose
of the vehicle corresponding to the observed point, and the positions of the two
endpoints of the segment.
Given the aforementioned error function, we propose the factor graph for Lanemark-
ers Alignment as illustrated in Figure 3.19. The overall structure of this factor
graph bears a significant resemblance to the structure depicted in Figure 3.6, with
the exception that the lanemarker polyline point in this scenario requires updating.
The lanemarker factor has the following mathematical expression:

rLMj

i,k = ϕlanemarker
(
xi,k, ym,1, ym,2, zLMj

i,k

)
= dobs-proj + w · (ddisplacement,1 + ddisplacement,2)

QLMj

i,k = σ2
lanemarkerI,

(3.12)

where dobs-proj represents the squared distance between the observed lanemarker
position in the world frame and its projection onto the associated polyline segment.
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Figure 3.15: After Traffic Signs Alignment: The traffic signs and lane markings
observed by the two vehicles passing through the same section are aligned.

It measures the deviation of the observed lanemarker position from the polyline
segment. The specific calculation process of this item is as follows:

xrot = cos(Wθi,k) · zLMj,x
i,k − sin(Wθi,k) · zLMj,y

i,k

yrot = sin(Wθi,k) · zLMj,x
i,k + cos(Wθi,k) · zLMj,y

i,k

xworld = xrot +W xi,k

yworld = yrot +W yi,k

t =
(xworld − yx

m,1) · (yx
m,2 − yx

m,1) + (yworld − yy
m,1) · (yy

m,2 − yy
m,1)

∥(ym,2 − ym,1)∥2

xproj = yx
m,1 + t · (yx

m,2 − yx
m,1)

yproj = yy
m,1 + t · (yy

m,2 − yy
m,1)

dobs-proj =
√

(xworld − xproj)2 + (yworld − yproj)2

(3.13)

In Equation 3.13, xrot and yrot refer to the lanemarker observation coordinates in
the world frame, obtained by rotating the original observation in the vehicle frame
using the vehicle’s orientation. These rotated coordinates are translated to xworld
and yworld using the vehicle’s position. The term t is the projection parameter used
to project the world-frame lanemarker observation onto the polyline defined by its
endpoints. Finally, the projected point’s coordinates, xproj and yproj, are computed
with this parameter.
The ddisplacement,1 represents the squared displacement of the first endpoint of the
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Figure 3.16: Discrepancies in lanemarkers from different vehicles persist even
after traffic sign alignment.

polyline segment from its initial position. This displacement measure provides a reg-
ularization term that penalizes drastic changes in the polyline’s shape. ddisplacement,2
represents the squared displacement of the second endpoint of the polyline segment
from its initial position. Like ddisplacement,1, this term serves as a regularization mea-
sure to prevent extreme alterations in the polyline’s structure.

ddisplacement,1 =
√

(yx
m,1 − yx,init

m,1 )2 + (yy
m,1 − yy,init

m,1 )2

ddisplacement,2 =
√

(yx
m,2 − yx,init

m,2 )2 + (yy
m,2 − yy,init

m,2 )2
(3.14)

Figure 3.20 shows that the alignment process has successfully aligned the observed
lane markings from different vehicles, resulting in a more coherent representation
of the roadway. In contrast to the earlier discrepancies visible in Figure 3.16, the
improved depiction offers a uniform portrayal of the lane structure.
Map alignment quality is essential for autonomous driving systems, as it forms the
foundation for navigation. Minor errors in the map could create issues such as lane
marking inconsistencies, which could lead to misinterpretations by the autonomous
system. For instance, a misaligned or disconnected lane marker could be incorrectly
interpreted as signaling a lane change, merge, or end of a drivable path, leading to
navigation errors and potential safety risks.
Additionally, foundational errors like positional discrepancies between newly added
vehicle data and the existing map can make map updates challenging. Without
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Figure 3.18: The process of constructing error function for lanemarkers alignment

accurate initial lane marker alignment, the system may have difficulty establishing a
consistent basis for incorporating new observations. In such cases, the system might
focus on continuously correcting these foundational errors, reducing the efficiency
of map updates and increasing the risk of accumulating errors over time. Accurate
initial alignment provides a stable foundation, simplifying the task of adding new
data and helping to maintain the overall reliability and accuracy of the map.

3.3 Map Generation & Update
After successfully aligning the observations of both traffic signs and lanemarkers
to our global map, we now proceed to the next crucial stage in our map-building
processthe generation and updating of the map. This step combines the correctly
aligned traffic sign and lanemarker data to create an integrated representation of
the environment. Our approach is designed to utilize robust methods that aim to
continually update and refine the map. While our results are preliminary, the system
is engineered with the intent of accommodating new observations and adapting to
changes in the environment. The goal is not only to enhance the accuracy of the
map but also to strive for its current and reliable status, thereby facilitating better
navigation and decision-making for autonomous driving systems. In the following
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Figure 3.19: Structure of factor graph in lanemarkers alignment

sections, we will discuss the specifics of how we aim to generate and continually
update this map, detailing the techniques and algorithms we employ, and elaborating
on how they are intended to contribute to the overall efficacy of our mapping process.

3.3.1 Regional Map Generation & Update
In the context of map generation and update, we adopt a regional approach, where
the entire area of interest is divided into numerous smaller regions for easier man-
agement and processing. By significantly reducing computational complexity, our
strategy enables us to manage the large scale of the target area in a systematic
way. For each region, a reference point is selected, and an East-North-Up (ENU)
coordinate system is constructed based on this point. The alignment data for traffic
signs and lanemarkers, as discussed in the previous sections, are represented within
this regional coordinate framework, ensuring that each regional map is created in
a localized context. This approach contributes to precision and consistency in map
generation.

The overall strategy for map generation and update consists of two stages. Initially,
data from the first vehicle is used to create an initial map, serving as a base layout
and providing a starting point. In the subsequent stage, the initial map is designed
to be continually updated using data from subsequent vehicles. The approach aims
to make the map dynamic and responsive, with the intent of adapting to changes
and incorporating new observations in the environment.

For the initialization process of the map, a straightforward and intuitive method
is adopted. The first vehicle is selected, and its optimized lanemarker and traffic
sign position data is directly incorporated into the map. Given these data elements
have already been transformed into the world coordinate system through previous
optimization steps, they can be readily added to the map.

The positions of these traffic elements are marked onto a two-dimensional map
according to their positions in the world coordinate system. The creation of this
initial map is essentially a process of digitizing real-world traffic elements into a
virtual environment. By integrating these elements into a unified map, a basic
layout reflecting the fundamental structure of the actual driving environment is
obtained.
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Figure 3.20: After Lane Markers Alignment: The lane markings observed by the
vehicle are aligned with the existing lane information in the map.

With this starting point, an initial map provides a basis for further work. While this
initial map only reflects the observation data of the chosen vehicle at the beginning,
it can be updated and improved iteratively to adapt to changes and new observations
in the environment. The subsequent discussion about map update will be divided
into two parts, focusing on the two main components involved in this process: the
updating of traffic signs and lanemarkers. The first part will delve into the methods
employed to update the map with new traffic sign data, while the second part will
detail the process of updating the lanemarker polylines.

3.3.1.1 Traffic Signs Update

The process of updating traffic signs on the map is relatively straightforward, relying
on the established entities of traffic signs from previous stages. The fundamental
idea behind this process is to merge observations associated with the same entity
and create new entities for observations that haven’t been linked to any existing
ones.
This approach is rooted in the confidence level associated with each traffic sign
observation. In the data filtering stage, a high confidence threshold is used to filter
out false detections or erroneous observations of traffic signs. Thus, if a vehicle
obtains a traffic sign observation that was not observed by a previous vehicle, it is
less likely to be a false detection and should be considered a valid, existent traffic
sign.
The basis for associating new traffic sign observations with existing entities is pred-
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icated on the criteria of position, type, and size of the traffic signs. These criteria
provide a reasonable level of precision in linking observations to the correct entity.
The positions of traffic signs associated with the same entity are averaged to provide
a singular, definitive position. Unassociated traffic sign observations, on the other
hand, are directly incorporated into the map without modification.
This strategy makes the assumption that subsequent observations of the same traffic
sign entity are accurate and relevant. It should be noted, however, that in reality,
traffic signs could be removed, replaced, or obscured, potentially leading to inconsis-
tencies in the mapping process. These potential discrepancies highlight an important
area for future development, where mechanisms to detect and handle such changes
could be considered. By doing so, the system would be able to ensure the integrity
of the map over time, maintaining its accuracy and reliability even in the face of
changing real-world conditions.

3.3.1.2 Lanemarkers Update

In the process of updating lanemarkers, the focus is primarily on the supplementa-
tion and extension of lanemarker polylines that were not fully observed or captured
by preceding vehicles. This strategy is based on a core assumption that a single ve-
hicle, during its journey, may not be able to observe and capture all relevant details
due to various factors. For instance, the line of sight of a vehicle’s sensors might
be obstructed by other vehicles or road conditions, resulting in some lanemarkers
being only partially observed or entirely missed. Moreover, the sensor data from the
vehicle can be influenced by noise, leading to incomplete or inaccurate capturing of
lanemarker polylines.
Therefore, the strategy for updating the map focuses on supplementing and extend-
ing lanemarker polylines, rather than modifying them. This decision is driven by
two main considerations. Firstly, a conservative approach is used in the data filter-
ing stage by setting a high confidence threshold for visual data, which is feasible
given that the data volume is more than sufficient for map creation. Secondly, we
generally refrain from making positional corrections to the polylines constructed by
preceding vehicles. This choice is influenced by the way the ’lanemarker factor’ is
defined, as alignment errors between vehicles can significantly alter the geometry of
the existing map, leading to instability.
To counteract this, we actually set weights for the existing map and the newly
input vehicle data during the optimization process. A high weight is assigned to
the existing map to minimize the influence of new observations from subsequent
vehicles. This weighting approach is a provisional measure, and future work may
involve fine-tuning these weights based on factors such as the age of the data. For
instance, if a subsequent vehicle’s data is significantly newer than the existing map,
it may be assigned a higher weight.
Given a polyline representing a lane line observed by a vehicle, four main scenarios
are considered:
Head Extension of the Polyline: This scenario involves subsequent vehicles ini-
tiating their lanemarker observations earlier than preceding vehicles, thus extending
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the start of the polyline. Specifically, for every observation point in Car 2, the corre-
sponding lanemarker polyline segment in Car 1 is found, following the method used
in the Lanemarkers Alignment step. By sorting all observation points in order,
a list of associated segments is obtained. If there are at least m consecutive points
not associated with any polyline segment prior to the first point associated with the
starting segment of Car 1, the head of the polyline is extended.
Tail Extension of the Polyline: Mirroring the process of head extension, the tail
extension involves identifying at least m consecutive points not associated with any
polyline segment after the last point associated with the ending segment. In such
cases, the tail end of the polyline is extended.
Middle Gap Filling of the Polyline: This involves detecting a gap between the
ending of a polyline and the start of another, with at least m consecutive points not
associated with any polyline segment. This gap in the polyline is then filled.
Addition of a New Polyline: There are cases where subsequent vehicles capture
entirely new lanemarkers that went unnoticed by preceding ones. These instances,
where no observation point from Car 2 associates with a polyline from Car 1, result
in the addition of new polylines to the map.

(a) (b) (c) (d)

Lanemarker Polyline from Car 1

Lanemarker Polyline Update

Lanemarker Measurement from Car 2

Polyline
Start

Polyline
End Last

Polyline End

Next Polyline
Start

Figure 3.21: Scenarios when lanemarkers should be updated. (a) Head Extension
(b) Tail Extension (c) Middle Gap Filling (d) Addition of New Polyline

These scenarios are visually depicted in Figure 3.21 with sub-figures (a), (b), (c),
and (d) respectively representing the four cases described above.

3.4 Regional Map Stitching
A key step in the process of constructing a map at a global scale involves integrating
multiple regional maps. In our methodology, the precise location information for
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each regional map is calibrated through alignment with a globally unified SD Map,
which helps to address positional offset issues that may occur across different regions.
Nonetheless, the issue of gaps between regions remains a practical challenge that
needs to be addressed.
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Ground Truth Solid
Ground Truth Dashed

Figure 3.22: Schematic representation: A significant gap is observed between two
regions when compared to the ground truth HD Map, indicating the presence of

incomplete data.

As shown in Figure 3.22, the red and green lines represent lane markers from Re-
gions 1 and 2, respectively, while the grey lines indicate the ground truth HD Map.
Compared to the ground truth, a substantial gap can be observed at the junction
between Regions 1 and 2.
These gaps are not caused by region division, but rather induced by errors in vehicle
positional data. During the process of defining regional boundaries, we determine
when a vehicle enters or exits a region based on its GNSS positional data. Errors
in these data could potentially result in gaps between regions. Therefore, despite
our method largely resolving map stitching problems, further research is needed to
mitigate and manage these gaps caused by vehicle positional errors, to ensure a more
seamless and comprehensive global map.

50



4
Neural Network Structure of

Learning-based Method

To address the challenge of creating a unified, high-definition map from heteroge-
neous and decentralized sources, we introduce CrowdNet. This neural network lever-
ages crowdsourced data from a fleet of vehicles to generate detailed road geometry.
Each vehicle contributes its own observations of roads, which we call local maps,
and is transformed into images. CrowdNet employs attention mechanisms to inte-
grate these diverse local map images and decodes them to generate instance-level
high-definition road elements, such as lane markers. Following this, the network
will be composed of several stages: A set of local map images from crowdsourcing
vehicles comes as input, together with a set of points and pseudo labels as connec-
tions from the previous frame, which, when inferencing, will be coming from the
output of the previous frame. Every image in the set will be sliced into patches
as its implementation in the ViT, and a zero-valued image, which serves as class
tokens, will also be sliced into sequenced patches and concatenated to the beginning
of the sequence of image patches. After these images go through a few transformer
encoders, information from all the local maps will be aggregated into class tokens.
The aggregated class tokens will go both ways, one of which is to go through a set of
up-sampling layers, which restore its height and width same as the input image for
the purpose of training for instance segmentation. It will also go through a trans-
former encoder-decoder structure, together with the query embedding, the decoder
will be decoding a set of predictions, which will be later on sent to a few MLP layers
for regression of geometry parameters and geometry attribution.

We denote number of patches from one image as N , number of drives that will be
co-processed as Nd, for each timestamp. Overall network structure is shown in figure
4.1

4.1 Patches Projector
Each of Nd local map images in the set will be cropped to patches and projected to
feature dimension through a linear projection layer

Fi =
{

Fi ∈ R(
Wimg

Wpatch
×

Himg
Hpatch

)×C | i = 1, 2, ..., Nd

}
. (4.1)
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Figure 4.1: Network structure of the learning-based model.

We refer to each projected image patch as a token. A local map image contains
Wimg

Wpatch
× Himg

Hpatch
tokens.WhenNd vehicles provide their data, the total number of tokens

becomes Nd×
(

Wimg
Wpatch

× Himg
Hpatch

)
. These tokens are then stacked to produce a sequence

of tokens, denoted as F ∈ R(Nd×
Wimg

Wpatch
×

Himg
Hpatch

)×C .

4.2 Local-map Aggregator
The objective of crowdsourced data aggregator is to aggregate information from the
feature sequence. The structure of this aggregator is a transformer encoder. Similar

to the implementation in ViT, a set of class tokens CLS ∈ R(
Wimg

Wpatch
×

Himg
Hpatch

)×C is
initiated with zero value and concatenated to the start of the sequence, which we
would like the attention mechanism work to aggregate crucial information from
different local map to class tokens. For each local map tokens and class tokens, the
same positional encoding is added. This encoding provides information about the
position of each token within the image. By using identical positional encodings
across images, we ensure that the attention layers give equal consideration to each
local map. The aggregated class tokens from this aggregator still have a long way
to go before reaching the network’s output, which makes it challenging to update
the aggregator’s model parameters using gradients. To address this issue, the class
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tokens are not only passed to the subsequent stage of the network but are also
processed through a set of upsampling and MLP (Multi-Layer Perceptron) layers.
Up-sampled results will be compared with the ground-truth map, with a instance
segmentation loss to assist the converge of local-map aggregator.
The reason we use a transformer encoder is that, considering the number of drives
that are to be aggregated will always be different, if we follow some classical method,
in which, we stack local maps in feature dimension brings a mutative size of input
lacks flexibility. However, since transformer encoder layers can accept the input
sequence at any length, if more drive from the fleet is coming, it only needs to
be stacked to the end of the sequence. Moreover, we require a mechanism that
aggregates the portions of the input information relevant to a specific position in
the output. which was what the multi-head attention mechanism were designed for.

4.3 Connections Between Frames
Since we have sliced the local map into frames, every output from the whole net-
work is only road elements in a small area, we would like to find the relationship of
elements between neighboring frames. therefore, we design a special mechanism to
solve this problem, First, when we were slicing frames, we would leave an overlap
between neighboring frames, when generating maps, generated road elements from
the previous frame falls into the overlapping area would be extracted by its coordi-
nates, which is, in the application, the coordinate that is most close to the image
border. Each selected road element will also be given a pseudo-label. Coordinates
and pseudo labels would be embedded and sent into the road elements decoder, when
it is decoding road elements, if it thinks a certain decoded element is connected to
some element in the previous frame, it would output the same pseudo label as it
was assigned to the element in the previous frame.

4.4 Road Elements Decoder
The network structure of the Road Elements Decoder is the same as a detection
transformer without the CNN layers at the beginning, which, is composed of a set
of transformer encoder and decoder layers, followed by MLPs for decoding results
aiming at different tasks. However, In the original design of DETR, the output was
structured as a set of bounding boxes, with each box represented by four values(x1,
y1, x2, y2, constitute the bottom left and top right of the bounding box), while,
our prediction will be modified to a set of six parameters which can be used to
revert to a set of coordinates describing the road element’s geometry. Similar to
its implementation in DETR, the decoder would also output type information for
each road element. At the same time, in the need to predict the relationship of road
elements in neighboring frames, the decoder would also predict the pseudo labels
introduced in the last part.
In the Local-map Aggregator (refer to section 4.2), a transformer encoder is already
incorporated. However, in this particular segment of the network, we introduce
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Figure 4.2: Illustration on how the connection points are selected from the
output of the previous frame, the point that is closest to the image border from
every predicted road element of the previous frame is chosen, and its coordinates

together with a pseudo label will be input to the neural network

another transformer encoder, specifically designed to leverage its capacity to discern
global relationships. This enables the separation of individual road elements, thereby
creating a more refined input for the transformer decoder.

4.5 Discriminative Loss
In order to enhance the convergence of the crowdsourced data aggregator, relying
solely on the loss obtained from the final output of the model (geometry, type, and
connection) may lead to sluggish convergence due to the elongated path of back-
propagation. To address this challenge, it is essential to introduce a loss function
that aids in the convergence at the initial stages of training. To this end, we propose
to upsample the output of the aggregator to match the original size of the image,
subsequently utilizing the instance segmentation loss. This approach strategically
assists the aggregator in optimization, providing a more efficient pathway to con-
vergence. The discriminative loss function [41] was designed to resolve the problem
of distinguishing individual instances within a class by simultaneously working on
two facets: promoting intra-instance cohesion and enforcing inter-instance separa-
tion. These components are referred to as intra-cluster loss and inter-cluster loss,
respectively.
The intra-cluster loss ensures that the pixels within a given instance are close to-
gether in the feature space by minimizing the distance between the feature embed-
dings of individual pixels and the centroid of the embeddings for the instance. On
the other hand, the inter-cluster loss focuses on maximizing the distance between
the centroids of different instances, thereby promoting distinctiveness between in-
stances.
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The application of discriminative loss involves the following steps:
• Definitions

– N : Number of instances in an image.
– Mi: Number of pixels in the i-th instance.
– fij: Feature embedding of the j-th pixel in the i-th instance.

• Calculating Centroids
– Step 1: Calculate the centroid ci of each instance i using the formula:

ci = 1
Mi

Mi∑
j=1

fij

• Intra-Cluster Loss (Variance Term)
– Step 2: Compute the intra-cluster loss Vi for each instance i using:

Vi = 1
Mi

Mi∑
j=1

∥fij − ci∥2
2

– Step 3: Calculate the total variance term V for all instances:

V = 1
N

N∑
i=1

Vi

• Inter-Cluster Loss (Distance Term)
– Step 4: Compute the inter-cluster loss Dik between instances i and k

using:
Dik = max(0, 2δ − ∥ci − ck∥2)

where δ is a margin.
– Step 5: Calculate the total distance term D:

D = 1
N(N − 1)

N∑
i=1

N∑
k ̸=i

Dik

• Regularization Term
– Step 6: Compute the regularization term R to control the magnitude of

the centroids:
R = 1

N

N∑
i=1

∥ci∥2
2

• Total Discriminative Loss
– Step 7: Calculate the total discriminative loss L as a weighted sum of

V , D, and R:
L = αV + βD + γR

where α, β, and γ are hyper-parameters.
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The objective of the training process is to minimize this loss through optimization
techniques, which leads to better separation and more accurate segmentation of
instances.

In conclusion, the discriminative loss function presents an advanced method for
enhancing instance segmentation by facilitating precise differentiation between in-
stances within the same class. Its balanced focus on both intra-instance cohesiveness
and inter-instance separation caters to applications that require stringent segmenta-
tion accuracy.

4.6 Discrete Geometric Loss

Similar to the implementation in [42], the intended output of our neural network
will be in the form of a set of least square parameters, which we will introduce in
detail in section 5.4.1. In [42], the geometric loss function is proposed to achieve the
intended output. It is designed to minimize the squared area between the predicted
curve and the ground truth curve in the image plane, up to a point t. This loss
function has a geometric interpretation and is formulated as:

L =
∫ t

0
(ypred(x) − ygt(x))2 dx (4.2)

where ypred(x) is the predicted curve and ygt(x) is the ground truth curve.

However, our experiments reveal a potential limitation with geometric loss, as il-
lustrated in figure 4.3. Two distinct outputs from the model may yield the same
geometric loss value for a given ground truth, even though we would prefer model
output (prediction at the right side) that more closely resemble the shape of the
ground truth to have a lower loss value. Therefore, we discretized the loss function,
As is shown in figure 4.4, areas of squares between model output and ground truth
will be summed up as the loss value. At the same time, a variance value reflecting
the difference in the areas of those squares is also incorporated into the loss value.
This addition serves to assign a lower loss value to predictions that closely resemble
the shape of the ground truth but do not completely coincide with it.

Ground Truth
Model Output

Loss

Ground Truth
Model Output

Loss

Figure 4.3: Two cases where geometry loss have a close value
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Ground Truth
Model Output

Loss

Figure 4.4: Discretized Geometry Loss

4.7 Generalized IOU Loss
The Generalized Intersection over Union (GIOU) loss [43] is a refined metric intro-
duced to overcome the limitations of the traditional Intersection over Union (IOU)
measure in object detection and segmentation tasks. Specifically, GIOU loss consid-
ers not only the overlap but also the geometric relationship between the predicted
and ground-truth bounding boxes. Defined as GIOU = IOU − C−U

C
, where C is the

area of the smallest enclosing box and U is the union of the two boxes. IOU = I
U

,
where I is the intersection area of two boxes. GIOU provides additional geometric
cues that enhance the model’s understanding of bounding box configurations. By
incorporating spatial geometry, GIOU contributes to more stable and robust train-
ing, effectively handling cases where traditional IOU may fail to calculate gradients
between various non-overlapping box configurations.
In our implementation, the GIOU loss is specifically designed to ensure the accurate
positioning of the starting and ending points of the road geometry. These points
are critical as they help minimize accumulated errors when stitching together road
elements across different frames. It’s important to note that the starting point
doesn’t always have to be at the bottom left, and the ending point doesn’t always
have to be at the top right. We adjust these coordinates to meet the calculation
requirements of the GIOU loss, thereby ensuring the integrity of the loss computation
process.
However, it’s crucial to understand that the GIOU loss is not responsible for the
geometry between the starting and ending points. That aspect is managed by dis-
crete geometric loss introduced in 4.6, which works in tandem with the GIOU loss
to provide a comprehensive solution for accurate road geometry representation.
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Figure 4.5: Generalized IOU Loss, when we are calculating, we would use the
intersect area divided by union area as IOU, and using the smallest enclosing box

area C to calculate GIOU with equation GIOU = IOU − C−U
C
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5
Implementation

The implementation phase is essential for transitioning the proposed lane marking
mapping methodologies from theoretical constructs to a functional system. This
phase encompasses various processes, including data preprocessing, model imple-
mentation, parameter tuning, and performance optimization. Attention to detail in
each of these aspects is necessary for ensuring the model’s capability to handle real-
world data reliably and efficiently. Subsequent subsections will detail these processes
and discuss the specific considerations and decisions made during implementation.

5.1 Preprocessing of Crowdsourced Data
Our crowdsourced mapping process involves considerable preprocessing of data col-
lected from vehicles. This data encompasses vehicle pose measurements, detected
lanemarkers, and identified traffic signs.

5.1.1 Vehicle Pose Data
Vehicle pose data is derived from GNSS measurements and odometry readings.
While GNSS measurements offer position data at the meter-level accuracy, they are
susceptible to significant variances. Generally, GNSS isn’t recognized as a source
of high-precision pose data, prompting the incorporation of additional sensors, such
as cameras, for positioning. Variabilities in GNSS data can introduce consequential
inaccuracies or errors. Incorporating these measurements into map generation could
result in discrepancies in the map, misalignments of roads, signs, and lane markings.
Moreover, this may compromise vehicle position estimations, subsequently affect-
ing processes like alignment with high-definition maps. Fortunately, the challenge
is counteracted by odometry readings, which are typically more consistent and less
affected by environmental factors, ensuring reliable positioning over short durations.
To ensure data consistency and reliability, each GNSS measurement’s variance, in-
cluding lateral, longitudinal, and yaw, is analyzed against a predefined threshold.
Only data with all three variances below these thresholds is retained. These thresh-
olds, set empirically, are 4 m2 for lateral and longitudinal variance and 0.06 rad2 for
yaw variance.
The GNSS data is then interpolated to align with the timestamps of the odometry
data. This process leverages linear interpolation, considering that the frequency of
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the GNSS data is higher than that of the odometry data, coupled with the smooth
continuity of GNSS signals in most areas.

5.1.2 Lanemarker Detections
Each detected lane line is categorized into four groups relative to the vehicle’s x-axis
position: left, right, second left, and second right. Each lane line is represented as a
third-degree polynomial of the form y = ax3 +bx2 +cx+d, where (x, y) are positions
relative to the vehicle center in the vehicle’s coordinate system. An associated start
and end distance, along with a validity flag, are also provided.
Firstly, lane line data with a validity of zero is discarded. Secondly, we sample x
coordinates along the lane line polynomial to generate corresponding y coordinates.
The range of x is defined by the start and end distances, within which the polynomial
is valid. Our sampling strategy begins at the start distance, typically zero, and
samples every 4 meters along the x-axis, limiting to a maximum of five sample
points per lane line. This approach is a trade-off between preserving the shape of
the lane line and computational efficiency. Closer detection points are prioritized,
offering better accuracy and robustness.

5.1.3 Traffic Sign Data
Detected traffic signs are characterized by their position, type, size, tracking ID,
and confidence. Due to potential false positives in traffic sign detection, we set a
threshold that requires traffic signs to appear in at least 10 frames with a confidence
level above 0.99 in each frame. This condition enhances the reliability of traffic sign
detection, reduces the likelihood of false detections, and improves map accuracy.
Traffic signs that do not meet these conditions are discarded.

5.2 Model Implementation
This project leveraged a combination of Python and C++ programming languages.
Python played a pivotal role in data processing, association, and visualization of
results. In contrast, the core solution for the SLAM optimization problem was
formulated in C++.

5.2.1 Ceres Solver
Ceres Solver was adopted as the primary optimization tool for the SLAM task,
driven by several pivotal factors:

• Automatic Differentiation: Manual computations of Jacobian matrices for
cost functions can be intricate and susceptible to errors. The automatic dif-
ferentiation capabilities of Ceres Solver alleviate these challenges, facilitating
the optimization problem’s construction.

• Robust Kernel Functions: The extensive suite of robust kernel functions
offered by Ceres Solver ensures efficient handling of noise and outliers, pivotal
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for achieving an accurate map.

• Parallel Processing and CUDA Integration: With an escalating complex-
ity accompanying the increasing map data, the optimization problem demands
more computational resources. Ceres Solver, equipped with parallel process-
ing capabilities, efficiently utilizes multiple threads to expedite computations.
Moreover, its CUDA support provides the opportunity to harness GPU’s par-
allel computation power, contingent on the available hardware configuration.

With these merits, Ceres Solver was identified as the optimal tool for swiftly and
efficiently constructing HD maps.

5.2.2 Optimization Algorithm and Solver Configuration
Within the Ceres Solver framework, the Levenberg-Marquardt algorithm was se-
lected for optimization. The SPARSE_NORMAL_CHOLESKY linear solver was employed,
which is adept at handling large-scale sparse systems. This choice is grounded in
the following reasons:

• Large-Scale: The optimization variables mainly consist of vehicle poses and
map elements, such as traffic signs and lane markings. With accumulating
data, the optimization can encompass anywhere from hundreds to thousands
of pose nodes, classifying the problem as large-scale.

• Sparsity: Many constraints in the optimization problem specifically target a
subset of variables. For example, odometry constraints are limited to connect-
ing adjacent pose nodes, GNSS constraints are exclusive to certain pose nodes,
and traffic sign constraints are relevant only to the poses that detect the sign.
A significant portion of the Jacobian matrix remains unpopulated, bestowing
the problem with its sparse nature.

5.2.3 Selection of Robust Kernel
To manage outliers, we employed not only stringent data filtering strategies but
also incorporated robust kernel functions. The choice of kernels was guided by
empirical observations and the known error distributions of the data sources. Given
the potential for substantial outliers in GNSS data, the Cauchy kernel was selected
for the GNSS Factor. For other data sources, where the error characteristics differed,
the Huber kernel was deemed appropriate.

5.3 Performance Optimizations
In the construction of high-precision maps, efficiency is paramount due to the sheer
volume of data and the computational complexity involved. To ensure the system’s
robustness and speed, several optimization strategies were employed throughout the
workflow.
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5.3.1 Optimization Acceleration with Ceres Solver
First and foremost, the Ceres Solver’s ability to leverage both multi-threading and
CUDA considerably accelerated the solving of the optimization problem. This inte-
gration allowed the system to benefit from multi-core CPU architectures and, when
available, GPU resources. Although real-time processing is not a primary require-
ment for our task, the enhanced computational efficiency is clearly beneficial. Faster
computation enables more rapid iterations, leading to quicker results, which is ad-
vantageous for both development teams and clients.

5.3.2 Efficient Nearest Neighbor Search with K-D Tree
A recurring task in our pipeline was the search for the nearest neighbor given a point.
This process was fundamental in various phases, from data association to error
correction. For these searches, the K-D Tree (K-Dimensional Tree) data structure
was the tool of choice. The strength of K-D Tree lies in its efficiency in handling
multidimensional search queries. Instead of brute-forcing a search through all points
to find the nearest neighbor, a task with linear complexity, K-D Tree typically
narrows this down to logarithmic time complexity. Given that our project often
involved searching among thousands of 2D or 3D points, the efficiency gains from
K-D Tree were substantial.

5.3.3 Phased Optimization Strategy
Another noteworthy aspect of our approach was the phased nature of our optimiza-
tion workflow. The whole process was designed in stages, wherein the optimized
results of one phase served as initial values for the subsequent phase. This strategy
ensured that each subsequent optimization task commenced with a promising start-
ing point, thereby increasing the likelihood of convergence to a high-quality solution
and reducing the overall computation time.
By weaving these optimization strategies into our system’s fabric, we not only im-
proved its computational efficiency but also enhanced the accuracy and robustness
of our high-precision maps.

5.4 Dataset Preparation for Learning Based Ap-
proach

In the design of the neural network, the system takes a set of images of local maps
from the fleet and outputs a set of parameters, with each parameter describing a
road element’s geometry in the area. In this section, we will detail the precise form
of ground truth, explain how the training dataset and simulated evaluation dataset
are generated, and describe the preprocessing of the data from the fleet, which is
also used for evaluation. Additionally, we will discuss the methods and reasoning
behind our handling of data when its geometry complicates the fitting process using
the least square method.
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5.4.1 Representation of Road Geometry in Ground Truth
Our work focuses on mapping highways. Road elements’ geometry on the highway
are quite different from urban areas, which have smoother curves and lacks sharp
turns. If we are to use polylines with key points to represent the road geometries,
we would need numerous key points to retain the geometry information. As stated
in MapTR [17], decoding the long sequence of key points using the neural network
brings great accumulated error. However, we can use the least square method to
fit a set of parameters for representing road elements. The least squares method
is a standard mathematical procedure for finding the best-fitting line or curve to a
given set of data points by minimizing the sum of the squares of the offsets. Given
a set of data points {(x1, y1), (x2, y2), . . . , (xn, yn)}, the goal is to find parameters
that fit a model such as y = ax + b by minimizing the sum of squared differences
S = ∑n

i=1(yi − (axi + b))2. The optimal values of a and b are obtained by taking the
partial derivatives of S with respect to a and b, setting them to zero, and solving
the resulting equations.
Our intended output of neural network representing geometry of road elements will
be represented by 6 values, a, b, c, d, xstart, xend, from our investigation, curve calcu-
lated from these parameters can roughly describe the shapes of road elements that
will appear on the highway, and the coordinates of road geometry can be restored
from this parameter using:

xgeometry = xstart + i · xend − xstart

step − 1
| i = 0, 1, 2, . . . , step − 1

(5.1)

ygeometry = a · x3
geometry+

b · x2
geometry + c · xgeometry + d

(5.2)

The step is manually selected, the more step is, the closer these geometry points to
actual curve represented by parameters, in our case, step = 256 .

5.4.2 Processing Road Elements in North-South Direction
Representing road elements using parameters offers convenience but also poses chal-
lenges. One such challenge arises when dealing with roads that run almost parallel
to the vertical axis, particularly those oriented in the north-south direction. In such
cases, using the least-square method for fitting becomes problematic.
The issue stems from the fact that when a road’s orientation has a significant angle
difference from the x-axis, the parameters required to represent this road can become
extremely large. These large parameters are difficult for the model to accurately
regress, leading to potential inaccuracies in the representation of the road geometry.
To address this, we calculate the angle (θ) of the vector that starts from the first
point and ends at the last point of each sliced trajectory. If this angle falls within
certain ranges (7π

16 < θ < 9π
16 or −9π

16 < θ < −7π
16 ) that make it difficult for the model

to regress the parameters, we rotate the local map of the vehicle to bring the road’s
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orientation outside of these problematic ranges. We would also record the angle so
that when the model outputs the road geometry, we can rotate the map elements
back to the original direction.

5.4.3 Training and Evaluation Dataset Generation
To the best of our knowledge, there hasn’t been any open dataset about crowd-
sourced mapping, which requires us to make a dataset of our own.
When we are making crowdsourced data, we generate synthetic shapes as found in a
typical HD map in the image coordinate system. We would perform a least-square
calculation to fit a set of parameters that best describe the geometry to serve as
part of the ground truth. Also, their attributes like type information and connected
elements’ coordinate transferred to the image coordinates will also be generated.
We would also create input to the neural network through adding noise to the ground
truth. In order to simulate the bias brought by GNSS, which was around meter-
level, we would add noise to the data both along the driving direction and vertical
direction. Also, we would randomly erase part of the road geometry to simulate
occlusions, sometimes, a whole lane marking can be erased on the training data.
We would also draw randomly generated curves to simulate the case that sometimes
the vehicle’s camera algorithm produces hallucinations on lane markings.
These data consist of around 350000 samples, each containing road elements of a
fragment of the road with a length from 50-200 meters. The simulated evaluation
dataset will be selected from the whole dataset and the rest constitute of the training
dataset.

5.4.4 Preprocessing the Crowdsourced Data from Real Ve-
hicles for Inferencing

Crowdsourced data from real fleeting running is crucial for our evaluation of the
performance of the neural network. The crowdsourced data needs to be preprocessed
since they are stored in the form of the vehicle’s location(latitude and longitude),
pose(Euler angle) and the detection points of the lane markings from the vehicle’s
mounted camera (in the vehicle’s ego coordinate system, converted to BEV plane)
at each timestamp. We need to first rotate the detection of lane markings according
to the vehicle’s pose, and then add them with the vehicle’s own position, so that we
can get detection points of lane markers in world coordinates along the trajectory
of which the vehicle has passed by during its journey.

5.4.5 Slice and Projected to Image Coordinate System
The neural network accepts as input a sequence of images, with each image con-
taining a canvas that illustrates key points of road elements. Whether derived from
actual vehicles or simulations, these images represent an area spanning several kilo-
meters in both length and width. If we were to correspond one pixel in the image
to a real-world grid size of 1 m × 1 m, the resulting image size would become unman-
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ageable for the neural network, not to mention the accompanying information loss
that could occur with an increase in grid size. To tackle this challenge, we divide
the entire area into patches.
More specifically, we begin by extracting a vehicle’s trajectory and segmenting it
into individual pieces. For each of these sliced trajectories, we identify the bottom-
left and top-right coordinates, which together define a bounding box. This box
is then used to extract key points of lane markers from all vehicles’ local maps
within the specified area. Additionally, we subtract the bottom-left coordinates of
the bounding box from the lane marker coordinates. This adjustment enables us to
represent the lane markers within the image coordinate system, thereby translating
real-world spatial data into a format that our neural network can process effectively.
In addition, it is necessary for the images within the list to have consistent dimen-
sions, yet the sizes of the trajectory bounding boxes often differ. To address this
discrepancy, we compute scaling factors for height and width as Sheight = Hbbox

Himg
and

Swidth = Wbbox
Wimg

, among the list of images, respectively. These factors are then utilized
to scale the lane marker key points in such a way that they occupy the entire image.
Along with these scaling factors, we also store the coordinates of the bounding box’s
bottom-left corner. Together, these elements enable an effective conversion between
the image coordinate system and the world coordinate system, ensuring a coherent
representation across different scales and contexts.

-----

θ2

θ1

Rotate
-θ1

Convert to
Image

Coordinate
System

No Need
to Rotate

Convert to
Image

Coordinate
System

Figure 5.1: Data pre-processing procedures.

5.5 Learning Based Neural Network Training De-
tails

The neural network and training script are written in PyTorch and the network is
trained parallel on multiple GPUs. PyTorch provides the DistributedDataParallel
module which uses collective communications in the torch.distributed package to
synchronize gradients and buffers. It parallelizes the model by replicating it on each
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GPU, and each replica is responsible for computing the gradients for a subset of the
data. Each GPU is assigned batches in the size of 24. The model will be trained for
100 epochs.
The optimizer of the neural network will be the AdamW optimizer, a variant of
the Adam optimizer that includes weight decay, making it suitable for various deep
learning tasks. The learning rate, set at 1 × 10−4, controls how much the model’s
weights should be updated during training; a smaller learning rate often leads to
more precise, though slower, convergence to a minimum loss. In addition to the
AdamW optimizer, we will implement a cosine annealing warm restart learning rate
scheduler to control the learning rate during training. Cosine annealing adjusts the
learning rate according to a cosine function over a predefined number of epochs,
while ’warm restarts’ periodically reset the learning rate to its initial value. This
combination allows for potentially faster convergence and the ability to escape local
minima in the loss landscape, enhancing the training process.
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Evaluation & Results

This chapter assesses the methodologies and results of both Optimization-Based
and Learning-Based Approaches to high-precision mapping. The evaluation focuses
on two main criteria: scalability, which is the capacity to amalgamate data from
multiple vehicles into a unified model, and accuracy, measured by the deviation be-
tween the generated maps and a pre-defined ground truth. Each approach employs
a unique methodology for constructing maps, requiring distinct evaluation metrics.
While this makes direct comparisons challenging, both methodologies are systemat-
ically evaluated against an established ground truth. This allows for an objective
analysis of the advantages and limitations of each method, contributing to future
improvements in high-precision mapping for autonomous vehicles.

6.1 Evaluation for Optimization-Based Approach

6.1.1 Evaluation Method
In this section, we aim to evaluate the performance of the autonomous vehicle map-
ping system based on two main criteria: accuracy and completeness. These criteria
help determine the system’s ability to represent the real-world environment faith-
fully.
For accuracy, our primary concern is the spatial positioning of lane markers. To
evaluate this, we use the dataset provided by Zenseact, which comprises crowd-
sourced data, SD, and HD Maps. The HD Map from Zenseact serves as our ground
truth. When comparing the lanemarker polylines from our map to the ground truth,
the metric we use is the average Euclidean distance. Given the limited number of
points on our generated polylines, we implemented an upsampling approach. This
involves adding points at 1m intervals to the polyline to provide a denser represen-
tation. This densification ensures a thorough comparison by measuring the distance
of each upsampled point to the ground truth. The process also facilitates a detailed
observation of error distribution across the entire map.
For completeness, our focus is on ensuring that our generated map covers the entirety
of the real-world environment. The generated map should capture all lanes and
their characteristics. Additionally, while assessing traffic signs, our system seems to
identify a greater number of signs than the ground truth. This discrepancy indicates
that the ground truth may not have documented every traffic sign, so we will visually
compare the results to assess the system’s performance in this regard.
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The evaluation area consists of a rectangular region with dimensions approximately
3464m by 2910m. This area was selected due to its diverse range of road conditions,
including straight paths, curves, off-ramps, on-ramps, overpasses, and underpasses.
For evaluation purposes, this rectangular region is divided longitudinally into two
equal-sized sub-regions, subsequently referred to as ’Region 01’ and ’Region 02.’
These divisions enable a focused evaluation of the system’s capacity to manage
varying scenarios.

The map generation process unfolds incrementally, initiating with data from the ear-
liest available vehicle and being updated as new data is collected. This incremental
approach ensures both continuity and the enhancement of map accuracy. Following
each update, the map undergoes a rigorous comparison with the established ground
truth to identify and rectify discrepancies, offering a dynamic representation of how
the map evolves over time.

6.1.2 Evaluation Results

Before presenting the evaluation results, it is necessary to clarify the choice of data
representation methods. Box plots and histograms are utilized to display the po-
sitional errors for individual drives in Regions 01 and 02. The box plot serves as
a compact summary of central tendency and data variability, capturing essential
statistical metrics like the median, quartiles, and outliers. In contrast, histograms
are employed to show the frequency distribution of the data, giving insight into the
distribution of error values.

Figure 6.1 and Figure 6.2 together provide a comprehensive view of the positional
errors associated with individual vehicles in Region 01. The box plot in Figure 6.1
shows that these errors generally hover around a 1-meter range, with each box repre-
senting the statistical distribution of errors for a single vehicle. This includes critical
indicators like the median, quartiles, and average error. These discrepancies indicate
inherent variations in map construction among different vehicles, primarily due to
sensor inaccuracies and observational errors. Further nuanced details are revealed
by the histogram in Figure 6.2, which shows that the errors are most frequently
concentrated within the 0-2 meter range, specifically peaking around 1 meter. Ad-
ditionally, a limited number of errors exceed 4 meters, possibly due to association
errors and serving as points for further investigation.
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Figure 6.1: Box Plot: positional errors of four individual drives in Region 01

0 2 4 6 8 10
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8
Vehicle Index: 1

0 2 4 6 8 10
0.0

0.2

0.4

0.6

0.8

Vehicle Index: 2

0 2 4 6 8 10
0.0

0.1

0.2

0.3

0.4

0.5

0.6

Vehicle Index: 3

0 2 4 6 8 10
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8
Vehicle Index: 4

Figure 6.2: Histogram: distribution of positional errors of four individual drives
in Region 01

Figures 6.3 and 6.4 collectively show the changes in map accuracy as data from one
to four vehicles are successively incorporated into the model. The box plot in Figure
6.3 manifests that the aggregate positional errors largely correspond with those of
the first vehicle’s data, which serves as the initial reference. This suggests that the
model’s overall accuracy is robust to subsequent data inputs, maintaining stability
in the presence of incremental data sets. This observation is corroborated by the
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histogram in Figure 6.4, where the error distribution exhibits a higher concentration
within the 0-2 meter range as more data is added. This consolidation in the his-
togram serves as further empirical evidence of the model’s robustness in sustaining
map precision.
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Figure 6.3: Box Plot: accumulated positional errors with more individual drives’
data in Region 01 input to the model
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Figure 6.4: Histogram: Distributions of accumulated positional errors with more
individual drives’ data in Region 01 input to the model
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Figures 6.5 and 6.6 analyze the positional errors for four individual vehicles in Region
02. The box plot in Figure 6.5 reveals that three of the four vehicles have positional
errors with mean and median values near 0.5 meters, exhibiting greater accuracy
than vehicles in Region 01. However, Vehicle 3 presents an exception with notably
higher errors. This inconsistency is corroborated by the histogram in Figure 6.6,
which shows a frequency distribution for Vehicle 3 that diverges significantly from the
others, indicating substantial discrepancies relative to the ground truth. Such large
deviations in individual vehicle data pose challenges to the integrity and robustness
of the overall mapping model.
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Figure 6.5: Box Plot: Positional errors of four individual drives in Region 02

Figures 6.7 and 6.8 illustrate the accumulated positional errors as data from the four
individual vehicles in Region 02 are sequentially fed into the model. The box plot in
Figure 6.7 demonstrates that the model’s accuracy remains largely unaffected by the
integration of Vehicle 3’s higher-error data. The positional errors’ distribution re-
mains stable, suggesting that the overall mapping accuracy is robust to inconsistent
data inputs. This observation is further substantiated by the histogram in Figure
6.8, which shows that even with the incorporation of more error-prone data, the
frequency distribution of errors remains tightly clustered. These findings highlight
the robustness of our model in maintaining high mapping accuracy even when faced
with varying data quality.
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Figure 6.6: Histogram: Distribution of positional errors of four individual drives
in Region 02
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Figure 6.7: Box Plot: Accumulated positional errors with more individual drives’
data in Region 02 input to the model

Following the statistical analysis, we present a visual comparison to provide a more
intuitive understanding of the updates and improvements on the generated maps
with the incorporation of new vehicle data.
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Figure 6.8: Histogram: Distributions of accumulated positional errors with more
individual drives’ data in Region 02 input to the model
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Figure 6.9: Current map and measurement: the lanemarker polyline of current
map can be supplemented from tail.

Figures 6.9 and 6.10 show the map’s refinement at the tail end of the lane markers.
The before-and-after comparison distinctly illustrates how the integration of new
vehicle data can enhance the accuracy of the map, filling in gaps and refining the
tail section of the lane markers.
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Figure 6.10: Updated map: the lanemarker polyline is supplemented from tail
using measurements.
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Figure 6.11: Current map and measurement: the lanemarker polyline of current
map can be supplemented from head.

Similarly, Figures 6.11 and 6.12 focus on the head section of the lane markers. The
before-and-after contrast here also underscores the improvements made, showcasing
the ability of new measurements to provide a more comprehensive representation at
the beginning of the lanes.
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Figure 6.12: Updated map: the lanemarker polyline is supplemented from head
using measurements.
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Figure 6.13: Current map and measurement: the lanemarker polyline of current
map can be supplemented from tail.

Finally, Figures 6.13 and 6.14 highlight the capability of the map generation system
to create entirely new lane markers when the data suggests it. This is especially
significant as it showcases the system’s adaptability and responsiveness to fresh
data inputs.
The visual representations in the figures underscore the efficacy of integrating new
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Figure 6.14: Updated map: the lanemarker polyline is supplemented from tail
using measurements.

vehicle data into the map generation process. Refinements at both the tail and
head sections of lane markers clearly demonstrate the system’s ability to enhance
granularity and accuracy. Most notably, the introduction of entirely new lane mark-
ers epitomizes the system’s adaptability, attesting to its capability to continuously
evolve and optimize in response to updated data inputs.

Comprehensive analysis reveals that the precision of this model in map generation
is significant. Most positional errors remain within a range of 1 meter, and in
specific areas like Region 02, its accuracy even approaches half a meter. Moreover,
regardless of the fundamental quality of the data, the model exhibits robustness,
ensuring overall performance stability. It’s crucial to emphasize that the system
can effectively integrate data from different vehicles, addressing gaps in the existing
map and subsequently constructing a comprehensive and detailed map. Importantly,
these results were achieved despite limitations in testing resources, underscoring the
efficacy and potential value of the model.

6.2 Evaluation for Learning Based Approach

6.2.1 Evaluation Method
In this section, we focus on the performance of the learning-based approach, namely
the correctness of the road element’s geometry, location, type and whether it has cor-
rectly connected to road elements in the previous frame. We use Chamfer Distance
as the evaluation metric when calculating geometry and location.

The Chamfer Distance serves as a vital metric to gauge the dissimilarity between
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two point sets A and B, and is widely employed in computer vision and geometric
modeling for tasks such as shape matching and point cloud registration. Formally
defined, the Chamfer Distance is computed by

CD(A, B) =
∑
a∈A

min
b∈B

∥a − b∥2
2 (6.1)

This distance is computed by determining the squared Euclidean distance from every
point in one set to its nearest counterpart in the other set. However, as for the need
of having comparable results to the model-based approach, we would replace the
squared Euclidean distance with Euclidean distance. We also use Chamfer Distance
to align elements, for every predicted road element, we use the distance to find the
according element in the ground-truth set according to closest Chamfer Distance.
Marker type (solid line, dashed line) between aligned elements will also be compared,
we will calculate the true positive (TP) and False Positive (FP) of the predictions,
precision score will be calculated by Precision = TP

TP + FP .

It is worth noting that, comparing to the optimization-based approach, the network
takes no prior information (SD Map information, traffic sign, etc.). It is only taking
the crowd-sourced data, which has been made into images, and interprets them
to vectorized road elements geometries. Sometimes, the crowdsourced data we use
for training significantly deviates from the HD map that serves as our reference.
For instance, we may observe differences in road width or find that the locations
of elements on the HD map have an overall bias compared to the crowdsourced
data. This discrepancy poses a challenge: even when the network’s output appears
accurate to the human eye, it may perform poorly according to our evaluation
metrics. To mitigate this issue, we also evaluate the network’s performance using
a simulated dataset. The advantage of using simulated data is that it allows us to
control for the inconsistencies and biases present in crowdsourced data. By doing so,
we obtain a more reliable and comprehensive assessment of the network’s capabilities,
supplementing the evaluations based on real-world data.

When we are evaluating, the function of connecting elements in the neighboring
frames could also affect results, error accumulated from previous frames, though
can be mitigated by the model, still somehow affecting the output. Therefore, we
would evaluate the same data with the function turned on and off separately.

The crowdsourced data is derived from the travels of five real drivers around Gothen-
burg, spanning a total distance of 25 kilometers. The neural network will perform
inference on this data, and evaluation metrics will be computed by comparing the
network’s output with the reference map. Additionally, our simulated evaluation
set, comprising approximately 15 kilometers, will be fed into the network for infer-
ence. The resulting output will be contrasted with the ground truth to assess the
numerical performance of the neural network. We will conduct two tests on every
datasets, with and without connecting the previous frame elements, to determine
the impact of this function.
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6.2.2 Evaluation Results
We assessed the performance of the neural network on both real-world and simulated
datasets. To investigate the influence of connecting elements, we conducted experi-
ments with this function both enabled and disabled. A box plot showing the error
distribution of different methods and dataset is shown in 6.16. Additionally, his-
tograms depicting the distribution of errors across different cases have been plotted
and can be found in Figure 6.15.
By examining the results in the boxplot 6.16, which illustrates the performance of
the neural network tested under different scenarios, we can observe that although
the HD map and input data are not perfectly aligned in real-world scenarios, the
model still strives to output the map’s geometric shape according to the given input
data. Surprisingly, the error in real-world data does not differ significantly from that
of simulated data. However, the precision is notably lower in real-world instances,
a discrepancy that may be attributed to a misalignment between the output and
the high-definition map. Performance on simulated data is superior to real-world
data, with accurate predictions made for the types of various elements. Additionally,
our results indicate that disabling the connection functionality between frames can
prevent error accumulation, thus enhancing the model’s performance. Conversely,
enabling this feature does not significantly impair the model’s performance, demon-
strating a balanced trade-off between functionality and accuracy.

0 2 4 6
Chamfer Distance(Meter)

0

2000

4000

6000

8000

Fr
eq

ue
nc

y

output from real fleet, with connection

0 2 4 6 8 10
Chamfer Distance(Meter)

0

5000

10000

15000

20000

Fr
eq

ue
nc

y

output from real fleet, without connection

0 2 4 6 8 10
Chamfer Distance(Meter)

0

5000

10000

Fr
eq

ue
nc

y

output from simulated data, with connection

0 2 4 6 8 10
Chamfer Distance(Meter)

0

10000

20000

Fr
eq

ue
nc

y

output from real fleet, without connection

Figure 6.15: Histogram of Euclidean Distance from different evaluation case.
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Figure 6.16: Box plot of error distributions from different evaluation case.
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7
Conclusion & Discussion

This final chapter offers a comprehensive review of the two principal methodolo-
gies explored in this research for HD map construction: optimization-based and
learning-based approaches. The following sections will delve into each method’s
relative advantages and challenges based on the data and findings from this study.
Additionally, the respective applicability of these methods in different scenarios will
be discussed, along with the potential for integrating both approaches to enhance
map accuracy and efficiency.

7.1 Optimization-based Method: An Overview

The methodology for High-Definition (HD) map construction is grounded in nonlin-
ear optimization theory and the solving of nonlinear optimization problems. This ap-
proach has proven to be consistently reliable across extensive multi-vehicle datasets.
It maintains an error margin predominantly within 1 meter and even narrows it
down to approximately 0.5 meters in specific regions, thus highlighting the model’s
robustness against variations in data quality among different vehicles.

Despite its promising attributes, the method has its challenges. First, the compu-
tational demand can be high, especially when dealing with large datasets. Second,
within the scope of our project, the precision of the map generated by the initial
vehicle significantly impacts the model’s overall accuracy. Moreover, the model is
less effective when confronted with significant discrepancies between local maps from
different vehicles due to sensor instability. This shortfall is partly attributable to the
model’s simplistic lane-line update strategy, which is predicated on the assumption
of reasonable alignment between the data from preceding vehicles.

For future enhancements, more emphasis should be put on high-quality data to im-
prove overall accuracy. The model could also benefit from integrating additional
information like lane occupation to refine the map-building process further. Devel-
opment of a more adaptive update strategy can help the model better cope with
various scenarios and reconcile discrepancies between data from different vehicles.
Additionally, assigning weighted contributions to individual vehicles based on fac-
tors like data quality and freshness could provide an additional layer of refinement
to the optimization process, thereby enhancing the model’s reliability.

81



7. Conclusion & Discussion

7.2 Learning-based Method: An Overview
The deep learning model demonstrates the capability to interpret road geometric
parameters based on input images and connects road elements across adjacent frames
to create a vectorized map. It exhibits strong performance on a simulated dataset.
However, there are noticeable discrepancies when inferring on real-world data. If
equipped with higher-quality crowd-sourced datasets (including real vehicle data
and aligned high-definition map data), the training could be more effective. The
model’s main strengths include its ability to decipher road geometric parameters
from input images, the creation of a vectorized map by connecting road elements
derived from neighboring frames, and its promising performance on simulated data.

Several drawbacks hinder the model’s performance. It cannot correct crowd-sourced
data based on prior knowledge, and despite best efforts, there remains a discernible
gap between simulated and real-world data. Additionally, the model lacks the ca-
pacity to determine the confidence level of each road element output, leading to
potential redundancy in predictions.

Potential areas for improvement in the learning-based method encompass several
key aspects. These include the procurement of a refined dataset to reconcile the gap
between the simulated and real-world data, thereby enhancing model authenticity.
Additionally, the development of mechanisms to ascribe varied semantic values to
the maps input into the model could be explored. For instance, introducing a special
embedding for high-definition maps could enable the model to discern their unique
characteristics. Furthermore, incorporating the capacity to determine confidence
scores for each road element could allow for the elimination of superfluous predictions.
These enhancements collectively hold the promise of increasing the model’s overall
efficiency and reliability.

7.3 Applicability in Different Scenarios
The optimization-based method demonstrates stable performance, especially in struc-
tured environments like highways or roads with well-defined patterns. This stability
stems from the model’s focus on precision and its adeptness at aligning map elements.
Importantly, our evaluation results suggest that the model is robust to variations in
data quality, demonstrating a notable degree of fault tolerance. Even when faced
with low-quality or inconsistent data, the model maintains its performance. This
makes it a reliable tool for initial map creation, particularly when the maps require
relatively high precision. The method’s robustness is particularly beneficial when
integrating data from a variety of vehicles, as it minimizes the impact of poor-quality
or inconsistent data on the overall map accuracy.

On the other hand, the learning-based method offers a significant potential ceiling.
With larger models, higher quality data, and extended training durations, the per-
formance and robustness of the model can be substantially enhanced. This method
remains relatively stable in big data scenarios, even when the data contains noise
or discrepancies. Trained learning models possess the ability to process imperfect
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data and extract critical information from it. Given its inherent characteristics, the
learning-based method is apt for scenarios that demand frequent updates or real-
time feedback. It can swiftly adapt to fresh data inputs, facilitating real-time map
adjustments.

7.4 Integration Potential
Based on the observed advantages of the optimization-based method in earlier phases
of map construction, one feasible strategy could be a two-phase integration approach.
In the initial phase, the optimization-based method may be favoured for creating
a foundational map. It can employ nonlinear optimization theories and iterative
solutions to achieve an early reasonable accuracy level. Once the foundational map
is in place, the system can transition to the second phase, employing a learning-based
method. This second phase would focus on leveraging machine learning algorithms
to adaptively refine map features, update road conditions, or even identify and
correct anomalies. This sequential approach aims to capitalize on the quick accuracy
gains provided by optimization, followed by the adaptive, self-learning features of
the learning-based method.
A more complex, concurrent approach could be considered in environments with
abundant data. Both optimization and learning-based methods would operate in
parallel, processing incoming data in real time. Given that each method may have
unique strengths and weaknesses, a weighted merging algorithm could synthesize
the results. For instance, optimization-based outputs could be given more weight
in areas requiring high positional accuracy, while learning-based outputs could be
prioritized for rapid feature updates or in highly variable conditions. While theoret-
ically appealing, this parallel strategy would require additional research to validate
its effectiveness.
In summary, the potential for methodological integration provides intriguing avenues
for further study. The approaches suggested here, either sequential or concurrent,
would require rigorous validation to substantiate their utility in the future.
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