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Abstract

High-definition (HD) maps provide centimeter-level spatial accuracy essential for autonomous
driving, yet traditional production workflows present significant scalability limitations due to
resource-intensive data collection and manual processing. This thesis addresses the critical
research gap by investigating the integration of two independently evolving domains: learning-

based end-to-end HD mapping and HD map-based localization systems.

Current approaches develop along parallel trajectories, limiting system adaptability as
real-world autonomous systems require both continuously updated maps and precise local-
ization within evolving environments. Through comprehensive literature survey, experimental
validation, and architectural framework design, this research demonstrates the fundamental

interdependence between mapping and localization performance.

The comparative analysis reveals that both HD and standard-definition (SD) map-based
approaches converge on transformer-based Bird’s Eye View representations and cross-modal
attention mechanisms, indicating that semantic-geometric correspondence learning represents
the core technical challenge. HD map-based methods achieve centimeter-level accuracy un-
der constrained conditions while SD map-based methods provide meter-level precision with

superior tolerance to large pose uncertainties.

Experimental validation establishes the fundamental interdependence between mapping
and localization through systematic pose perturbation analysis that simulates real-world
GPS/IMU positioning uncertainties. Localization experiments demonstrate that training
with realistic pose uncertainties significantly enhances performance stability compared to
idealized scenarios, while HD mapping experiments reveal a dual-threshold degradation pat-
tern where fine-scale perturbations induce gradual performance reduction and large-scale
perturbations precipitate catastrophic collapse. These findings establish that accurate pose
estimation enables superior mapping through effective historical map integration, whereas
pose uncertainties fundamentally compromise spatial correspondence and prior information

retrieval.

The proposed end-to-end architecture enables simultaneous HD mapping and localization
through joint optimization, featuring hybrid prior map integration, dual-layer storage balanc-
ing stability with environmental responsiveness, and decoupled pose estimation maintaining

computational efficiency.

This research provides the first comprehensive survey bridging HD mapping and local-
ization domains, establishes quantitative performance benchmarks, and identifies optimal
integration strategies. The findings inform next-generation autonomous driving systems ca-

pable of maintaining accuracy while adapting to dynamic operational environments.

Keywords: High-definition maps, Autonomous Driving, Map-based Localization,
HD Mapping, SLAM, BEV



Chapter 1

Introduction

Autonomous driving systems are conventionally structured around three fundamental mod-
ules: perception, planning, and control. Among these, accurate vehicle localization
serves as the critical foundation upon which all subsequent operational decisions depend [6].
Precise knowledge of vehicle pose within a global reference frame is essential for executing
safe maneuvers, from basic lane-keeping to complex trajectory optimization in dynamic en-
vironments. Even localization errors at the decimeter level can potentially lead to unsafe
vehicle behavior or collisions, particularly in dense urban settings characterized by intricate

road geometries, dynamic traffic participants, and frequent visual occlusions [34].

While global navigation satellite systems (GNSS) provide position estimates with global
coverage, their performance deteriorates significantly in challenging environments such as
urban canyons, tunnels, and densely forested areas. In these scenarios, multipath effects and
signal blockages produce positioning errors that substantially exceed the sub-10 cm accuracy
threshold required for safe autonomous operation [34]. This fundamental limitation of GNSS
technology necessitates complementary localization approaches for reliable autonomous driv-

ing deployment.

To address these challenges and enable comprehensive autonomous driving capabilities,
the automotive industry has widely adopted high-definition (HD) maps, which represent a
paradigmatic shift in cartographic technology characterized by three fundamental advantages
over conventional navigation maps: enriched data content, enhanced spatial precision, and

improved temporal freshness [13].

First, HD maps provide substantially richer data content compared to traditional road-
level mapping. While conventional electronic maps record only basic road attributes such
as geometry, grade, curvature, and directionality, HD maps encode comprehensive environ-
mental details including elevated structures, guardrails, vegetation, road edge classifications,
roadside landmarks, and precise lane marking typologies that enable fine-grained scene under-
standing [13]. Second, HD maps achieve centimeter-level spatial precision, typically maintain-
ing absolute accuracy within one meter and relative accuracy of 10-20 centimeters, represent-
ing a significant improvement over standard definition (SD) maps with meter-level precision
and commercial GPS systems with 5-meter accuracy. Third, HD maps maintain superior

temporal freshness through quarterly update cycles, ensuring higher currency compared to



conventional navigation maps that undergo less frequent revision schedules.

This comprehensive environmental representation enables multiple critical autonomous
driving functionalities. HD maps support precise map-based localization algorithms, ranging
from classical feature matching and probabilistic filtering approaches to contemporary deep
learning methodologies, achieving the sub-decimeter accuracy essential for safe autonomous
navigation [6]. Beyond localization, HD maps facilitate enhanced perception through se-
mantic priors that improve object detection in challenging conditions, enable advanced path
planning with lane-level trajectory optimization, and support behavior prediction through
detailed infrastructure modeling that anticipates likely trajectories of surrounding traffic par-

ticipants [13].

However, the traditional mapping workflow for HD maps presents significant scalabil-
ity constraints. This process typically involves specialized survey vehicles equipped with
sophisticated sensor arrays (LiDAR, multi-view cameras, and high-precision inertial navi-
gation systems), followed by extensive manual post-processing. The resultant workflow is
both resource-intensive and time-consuming, creating difficulties in maintaining map cur-
rency across large geographical areas, particularly in urban environments subject to frequent
infrastructural changes such as construction projects and road reconfiguration [1]. Given
these limitations, leveraging existing HD maps as prior information to facilitate efficient map

updates has emerged as a focal point in contemporary HD map research [44].

1.1 Evolution of Mapping and Localization

Simultaneous Localization and Mapping (SLAM) represents a foundational technology in
mobile robotics and autonomous driving domains. The core objective of SLAM is to enable
a robot or vehicle to concurrently construct an environmental map while estimating its own
pose within that environment, with these dual processes reinforcing and optimizing each
other [13]. Traditional SLAM approaches have predominantly relied on geometric features
(such as corner points and line segments) [2] coupled with manually engineered observation
models. Despite their effectiveness in structured environments, these classical approaches
often struggle to disambiguate homogeneous structures such as repetitive poles or guardrails,

limiting their reliability in complex scenarios.

Recent advances in deep learning have transformed both mapping and localization
paradigms. Learning-based methods can extract rich semantic information which includ-
ing lane markings, traffic signs, and curb boundaries, through end-to-end neural network
architectures. These approaches frequently integrate extracted features into a BEV repre-
sentation, which provides a top-down perspective of the surrounding environment. When
combined with global priors contained in HD maps, these semantic features significantly

enhance the robustness and interpretability of spatial matching operations [2, 40].

Unlike the unified framework of traditional SLAM, contemporary learning-based mapping

and localization research has developed along largely parallel trajectories.

The first major research direction focuses on learning-based HD mapping technologies,

which has evolved through distinct developmental phases. Early foundational approaches, ex-



emplified by HDMapNet [19], VectorMapNet [26], and MapTR [23], pioneered the paradigm
of generating vectorized HD maps directly from raw sensor data without any prior knowl-
edge integration. These seminal works established end-to-end learning pipelines that pre-
dict semantic map layers in BEV representations purely from current sensor observations.
Subsequently, researchers began incorporating temporal knowledge through previous predic-
tions and short-term observation buffers. Methods such as StreamMapNet [54] and Pre-
vPredMap [31] demonstrated that leveraging recent mapping outputs and temporal per-
ception continuity could significantly improve mapping stability and reduce frame-to-frame

inconsistencies.

More recently, advanced approaches have integrated various forms of historical knowledge,
including pre-existing map priors, neural map representations, and rasterized historical maps.
Works like Neural Map Prior [50], HRMapNet [56], and P-MapNet [jiang2024pmapnet]
have shown that incorporating long-term spatial knowledge can substantially enhance map-
ping accuracy and enable efficient map updating rather than complete reconstruction. How-
ever, across all evolutionary stages, these mapping-focused approaches typically rely on ex-
ternal GNSS/IMU systems for pose estimation, introducing significant localization errors
that compromise mapping performance and limit practical deployment in GPS-challenging

environments.

The second major research direction concentrates on learning-based HD map localiza-
tion. This field has evolved from classical SLAM approaches [29], which are susceptible to
cumulative drift over extended operational periods, toward methodologies that match real-
time sensor observations with prior HD map knowledge. More recently, this evolution has
led to deep learning-based pose regression systems that align BEV representations of cur-
rent sensor inputs with stored semantic map embeddings [59]. Notable examples include
SegLocNet [62], which unifies camera and LiDAR data through three-dimensional position
encoding and cross-modal transformer architectures, and BEV-Locator [57], which employs
transformer-based cross-modal association to align BEV features from multi-view images with
semantic maps for direct vehicle pose regression. While these approaches achieve end-to-
end learnable centimeter-level localization precision, they remain confined to the localization
domain, lacking both unified evaluation metrics and systematic integration with mapping
functionalities. Furthermore, their potential effectiveness in providing initial pose estimates

for HD mapping remains largely unexplored.

The current separation between HD mapping and localization constitutes a critical re-
search gap with significant implications for autonomous driving deployment [13]. Real-world
autonomous systems require both continuously updated maps and robust localization within
these evolving environmental representations. A fully integrated framework would ideally
process potentially outdated prior maps alongside real-time sensor data streams to produce
both updated HD maps and precise vehicle poses within an end-to-end architecture. Such
integration would eliminate manual post-processing requirements, enable element-level inter-
pretability (such as explicit detection of infrastructure changes), and provide synchronized

map and pose data for downstream planning and control modules [1].

Nowadays, learning-based approaches to HD mapping and localization offer substantial

advantages over traditional methodologies, including enhanced robustness, operational effi-



ciency, and scalability across dynamic and expansive environments. These benefits derive
from the incorporation of semantic priors, end-to-end adaptive networks, multimodal sensor
fusion capabilities, and vectorized representations which representing important evolutionary

advancements beyond classical SLAM paradigms [40].

1.2 Problem Statement

Unlike traditional SLAM approaches that have inherently addressed localization and map-
ping as jointly optimized problems through hand-engineered feature extraction and geometric
optimization techniques, currently learning-based HD mapping and localization research pre-
dominantly progress along parallel developmental trajectories: learning-based end-to-end HD
mapping focuses on scalable and adaptive map creation methodologies, while HD map-based
localization approaches emphasize robust pose estimation utilizing pre-constructed maps.
Given the substantial resource requirements associated with comprehensive HD map produc-
tion [32], efficient utilization of existing map information as prior knowledge for incremental

map updates represents a primary industry concern.

Within this context, the traditionally distinct processes of mapping and localization be-
come fundamentally interconnected, as research demonstrates that vehicle localization ac-
curacy significantly impacts mapping performance. Despite this intrinsic relationship, there
currently exists no unified framework capable of jointly learning to update HD maps while
simultaneously performing localization within them, which constitutes a significant limita-
tion that constrains system adaptability in dynamic environments. Additionally, the field
lacks systematic exploration of the mutual interdependencies between localization accuracy
and mapping performance, as well as comprehensive evaluation frameworks for assessing how

these processes influence each other within HD map-based autonomous driving systems [13].

As a result we aim to bridging this gap between mapping and localization capabilities
to enable scalable and adaptive autonomous systems capable of constructing and optimizing
maps while determining precise poses in real-time operational contexts [13]. Compared to
traditional SLAM methodologies, such integrated, learning-based approaches could substan-
tially reduce dependence on costly manual mapping workflows while enabling deployment us-
ing conventional sensor configurations (cameras, LIDAR, GNSS, etc.). This integration would
facilitate timely responses to environmental changes and dynamic conditions, establishing a
foundation for truly end-to-end autonomous driving capabilities. Systematic investigation
of existing methodologies coupled with the proposal of modular prototype architectures will

illuminate critical research gaps and accelerate progress toward this objective.

1.3 Thesis Objectives

The primary aim of this thesis is to explore the integration of two recently developed but
largely independent research domains: learning-based HD mapping and learning-based lo-
calization, to create systems capable of maintaining accuracy as operational environments

evolve. To this end, the thesis pursues three interconnected objectives.



First, this research will provide a comprehensive literature review that situates classical
HD map localization approaches, learning-based end-to-end HD mapping methodologies, and
emerging learning-based localization techniques within a unified taxonomic framework. This
review will systematically compare their respective methodologies, data requirements, eval-
uation metrics, and foundational assumptions. By elucidating their comparative strengths,
limitations, and unexplored synergistic opportunities, this analysis will constitute a valu-
able reference resource for future research in learning-based HD mapping and localization

domains.

Second, building upon these analytical insights, the thesis will develop a modular archi-
tectural framework for integrated mapping-localization pipelines. This design specification
will define compatible representational formats, learning objectives, and system interfaces
that enable mapping and localization processes to operate in either coupled or decoupled
operational modes. This architectural exploration seeks to identify the optimal integration
point where these traditionally separate tasks mutually reinforce rather than constrain each

other.

Third, the research will conduct practical validation utilizing existing open-source im-
plementations of learning-based HD mapping and localization systems in conjunction with
widely adopted academic and industrial HD map datasets and evaluation metrics. This
step will conclude analyses such as mapping quality assessment under varying initial pose
error conditions. These experiments aim to identify potential integration points between
mapping and localization technologies through systematic analysis, quantifying the impact
of high-precision localization (sub-10 ¢cm) on online map update capabilities. Additionally,
these tests of existing methods will inform and validate the proposed modular architectural
framework, with the scope of practical implementation determined by temporal and resource
constraints. Collectively, these objectives establish a foundation for scalable and adaptive
autonomous systems. By comprehensively examining the developmental trajectories of HD
mapping and localization technologies, this thesis seeks to identify optimal integration strate-
gies and provide architectural recommendations. The application of unified quantitative
metrics and analysis will significantly advance autonomous driving capabilities that leverage
prior HD map information, potentially contributing innovative approaches to next-generation

autonomous transportation technologies.

Thesis Scope and Collaboration: This thesis, conducted as a collaborative initiative
between Scania and the University of Twente under the supervision of Professor Maurice van
Keulen (University of Twente) and industry experts Lena Wild and Rafael Valencia (Scania),
aims to explore the convergence of these independently developing research domains. Through
systematic analysis and design exploration, this work seeks to provide recommendations and
architectural insights to inform the next generation of autonomous driving systems with

particular emphasis on integrated mapping and localization capabilities.



Chapter 2

Background

This chapter provides a comprehensive review of high-definition (HD) maps in autonomous
driving, including their origin, development challenges, and relevant literature on mapping
and localization methodologies. The chapter also introduces fundamental concepts, datasets,

sensor technologies, and evaluation metrics essential for understanding the research domain.

2.1 Sensor Technologies for Autonomous Driving

Achieving centimeter-level accuracy in autonomous driving systems relies fundamentally on
effective sensor fusion, as no individual sensor can consistently deliver the required precision
across all operational conditions. This section categorizes the relevant sensing modalities
into two principal tiers: GNSS and IMU systems that provide an absolute, high-rate mo-
tion baseline, and exteroceptive sensors (LiDAR, RADAR, and cameras) that capture rich

environmental structures for refinement against HD maps [58].

2.1.1 GNSS and IMU

Global Navigation Satellite Systems (GNSS), including GPS and Galileo, offer absolute po-
sitioning with approximately 5-10 meter accuracy under optimal conditions. While augmen-
tation technologies like Differential GPS (DGPS), Real-Time Kinematic(RTK) and Dual-
frequency can improve precision to sub-meter or even centimeter-level accuracy, these signals
remain vulnerable to multipath effects and signal blockages in urban environments and en-
closed spaces such as tunnels. Inertial Measurement Units (IMU) complement GNSS by
integrating acceleration and angular rate measurements at kilohertz frequencies, providing
smooth short-term motion estimates. However, IMU measurements accumulate errors over
time, necessitating periodic corrections from absolute sensors or alignment with static map
features using LiDAR or camera data. In contemporary autonomous driving systems, GNSS
primarily serves as an initial pose estimator, after which more precise sensors or map-matching

algorithms assume the localization task [57, 62, 28].



2.1.2 LiDAR

Light Detection and Ranging(Lidar) systems emit laser pulses and measure their return times
to construct three-dimensional point clouds with centimeter-level accuracy. Mechanical Li-
DAR units typically provide full 360°coverage, creating ideal conditions for fine-grained reg-
istration against HD maps. Lane boundaries, curbs, poles, and road edges appear as distinct
features that facilitate precise scan-to-map correspondence. Despite their advantages, LIDAR
systems present certain limitations, including high data rates, sensitivity to adverse weather
conditions (heavy rain or fog), and historically higher costs. However, recent advancements

in solid-state LiDAR technology are progressively addressing these constraints [13].

2.1.3 RADAR

Automotive Radio Detection and Ranging(RADAR) systems measure both range and radial
velocity through Doppler shift analysis. RADAR technology demonstrates reliable perfor-
mance across challenging environmental conditions, including rain, snow, dust, and glare,
while offering a wide field of view at relatively low cost [32]. The primary limitations of
RADAR include comparatively coarse angular resolution and sensitivity to target reflectivity
characteristics, which necessitate careful filtering when utilizing RADAR data for ego-motion

estimation or map alignment.

2.1.4 Camera Systems

Camera configurations, whether monocular, stereo, or surround-view, capture high-resolution
imagery suitable for visual odometry and semantic landmark detection, such as traffic signs
and lane markings. Cameras represent cost-effective and lightweight sensor options but ex-
hibit performance degradation in low-light conditions and adverse weather, while also impos-
ing significant computational requirements [8]. Recent advancements in object detection and
semantic segmentation now enable camera-based systems, when integrated with HD maps,
to achieve localization accuracies previously exclusive to LiDAR-based approaches, provided

sufficient environmental texture and illumination conditions are present.

In contemporary autonomous driving architectures, localization typically begins with a
GNSS/IMU prior estimate, then converges to centimeter-level accuracy by aligning LiDAR,
RADAR, or camera observations with HD map representations. Each sensing modality com-
pensates for the limitations of others: GNSS provides global coverage but fails in signal-
obstructed environments; IMU bridges short outages but accumulates drift; LiDAR offers
precise geometry but at higher cost; RADAR maintains functionality in adverse weather but
with limited resolution; and cameras contribute rich semantic information at minimal cost.
Effective integration of these complementary sensing modalities represents a critical factor in

developing robust, cost-effective localization solutions for autonomous vehicles.



2.2 High-Definition Maps

The concept of High-Definition (HD) maps emerged in 2010 at a Mercedes-Benz research facil-
ity in Stuttgart. Engineers envisioned cartographic representations with unprecedented detail
and accuracy that could function as "virtual sensors," providing autonomous vehicles with
comprehensive three-dimensional environmental information extending beyond the range of
onboard sensors. The 2013 Bertha Drive project, which featured an autonomous Mercedes-
Benz vehicle navigating Germany’s historic Bertha Benz route using HD maps developed by
HERE, demonstrated the viability of this approach. Throughout the 104-kilometer journey,
the vehicle successfully navigated complex interchanges, roundabouts, and urban environ-
ments by matching real-time sensor data with map-encoded lane geometry and semantic
landmarks, validating the role of HD maps as an essential component for safe autonomous

operation [13].

HD maps differ fundamentally from conventional mapping systems in several critical as-
pects. First, they capture road geometry-including lane centerlines, boundaries, and intersec-
tion configurations-with 5-10 centimeter accuracy. Second, they incorporate comprehensive
semantic attributes: each lane contains annotations regarding permissible driving routes,
speed profiles, and turning zones, while traffic signs, curb heights, pedestrian crossings, and
roadside infrastructure are encoded with precise three-dimensional coordinates. Finally, these
maps organize information within a graph structure that defines lane-level connectivity and
regulatory constraints, enabling route planning and behavior prediction algorithms to operate

with unprecedented granularity [44].

These distinctive features enable transformative capabilities for autonomous driving sys-
tems [13]. High-precision localization fuses real-time sensor data with the map’s three-
dimensional point cloud and semantic landmarks to achieve lateral positioning accuracy
within centimeters-essential for executing safe lane-level maneuvers. Enhanced perception
leverages map-based prior knowledge to improve object detection and classification in chal-
lenging scenarios such as faded road markings or reduced visibility conditions. Advanced
route and trajectory planning utilizes the lane connectivity graph to generate kinematically
optimal paths that conform to speed limits, curvature constraints, and turning regulations.
Finally, behavior prediction benefits from detailed lane and semantic models, allowing the
system to anticipate likely trajectories of surrounding road users based on available infras-

tructure elements such as bicycle lanes and pedestrian crossings.

Despite significant research and development efforts from both academic and industrial
sectors to advance HD mapping technologies, several unresolved challenges continue to im-
pede their full potential for autonomous mobility applications [13]. These challenges can be

categorized as follows:

e Data Collection: The acquisition of HD map data represents a time-intensive and
resource-demanding process. Standard collection procedures involve deploying spe-
cialized vehicles equipped with GNSS, IMU, LiDAR, and camera arrays to capture
detailed environmental information [40]. The integration of multiple sensor inputs,

combined with variable environmental conditions, significantly influences data quality.



Furthermore, the economic aspect of HD map generation presents substantial barri-
ers to widespread implementation, as large-scale mapping operations require extensive
fleets of specialized vehicles equipped with high-precision sensing systems. Although
consumer-grade sensors might theoretically support HD mapping applications, their
deployment necessitates more sophisticated algorithmic approaches to compensate for

reduced sensor fidelity[13].

e« Data Communication: Efficient transmission of mapping data from collection plat-
forms to processing centers, and subsequently to autonomous vehicles, presents signifi-
cant technical challenges. Mapping vehicles generate voluminous multi-sensor datasets
that require processing for map construction and maintenance. Real-time process-
ing of data streams from multiple mapping vehicles imposes considerable demands on
computational resources and transmission bandwidth, creating bottlenecks in system

development [32].

e Data Processing: The extraction of essential elements and features for HD map
construction involves complex computational processes, particularly for extensive ge-
ographical areas [3]. This task requires aggregating and aligning data from diverse
sources while ensuring spatial accuracy and temporal currency [49]. When multi-
ple mapping vehicles participate in data collection, precise temporal synchronization
becomes critical to prevent misalignment issues. Currently, GPS-generated pulse-per-
second (PPS) signals represent the standard approach for synchronizing onboard sensor

systems [32].

e Map Maintenance: The continuous updating of HD maps in response to environmen-
tal changes-including construction activities, road reconfigurations, and infrastructure
modifications-requires frequent data collection and processing. Failure to incorporate
timely updates regarding lane closures or new traffic signage could potentially lead to
inappropriate vehicle behavior. Maintaining current, accurate map information is es-
sential for safe autonomous operation and represents a more efficient approach than
generating entirely new maps. However, research on efficient map maintenance remains
limited, with few studies and restricted dataset availability [18, 39]. Recent develop-

ments have begun to explore end-to-end explainable HD map update methodologies [45].

e Data Privacy and Security: HD maps frequently contain sensitive information re-
garding critical infrastructure, raising important privacy and security considerations.
Ensuring appropriate data protection against unauthorized access or misuse represents
a significant challenge. Regulatory frameworks vary across jurisdictions, and mapping
activities often intersect with national security concerns, restricting cross-border data
sharing [13]. Conducting research and operational implementations within applicable

legal parameters remains essential for responsible development.

Addressing these multifaceted challenges requires interdisciplinary collaboration across
computer science, geographic information systems, traffic engineering, and data security do-
mains to advance HD mapping technologies. The research presented in this thesis contributes

to addressing these challenges through the development of integrated end-to-end approaches



for real-time localization and mapping, potentially enhancing the reliability and accessibility

of autonomous driving technologies.

2.3 Datasets

Research datasets play a pivotal role in the development and evaluation of mapping and
localization methodologies for autonomous vehicles. The selection of appropriate datasets
significantly influences the effectiveness and generalizability of proposed models. This section
introduces prominent datasets frequently employed in learning-based mapping and localiza-

tion research.

o nuScenes [4]: The nuScenes dataset encompasses approximately 1.4 million camera
images, 390,000 LiDAR scans, and 1.4 million millimeter-wave radar scans. Manual
annotations provide 3D bounding boxes for over 1.4 million objects, captured at a 2Hz
frequency across 40,000 keyframes, covering diverse urban and suburban environments
in Boston and Singapore. Additionally, the dataset includes object-level attribute an-

notations such as visibility conditions, activity states, and pose information.

The dataset supports a comprehensive range of autonomous driving tasks, including 3D
object detection, multi-object tracking, motion prediction, LiDAR segmentation, and
panoptic segmentation and tracking. Its applications extend to multi-agent prediction,
pedestrian localization, weather augmentation, and mobile point cloud prediction re-
search. The dataset’s focus on challenging urban environments across geographically

distinct locations enhances its value for developing robust autonomous driving systems.

o Argoverse [7, 47]: The Argoverse dataset contains more than 300,000 frames of sensor
data and over 200,000 3D object annotations. The dataset has evolved from Argoverse
1 to Argoverse 2, expanding both its scale and feature richness. While Argoverse 1
data collection occurred in Pittsburgh and Miami, Argoverse 2 expanded coverage to
six U.S. cities: Austin, Detroit, Miami, Pittsburgh, Palo Alto, and Washington, D.C.

A notable component of the Argoverse ecosystem is the Map Change dataset [18], which
constitutes part of the Argoverse 2 maps and represents the first public dataset specif-
ically designed for high-precision map change detection. This resource addresses the
critical challenge of identifying inconsistencies between sensor data and map informa-
tion resulting from real-world environmental changes. Researchers utilize simulated
data (synthetically modified maps) to train models for change detection in both BEV
and ego-vehicle perspectives. The dataset focuses on permanent map modifications
such as lane geometry and pedestrian crossings, while excluding temporary changes
such as construction activities. This resource enables the development of algorithms

capable of detecting outdated HD map information due to environmental evolution.

However this dataset lacks complete map priors for training and ground-truth maps for
testing, forcing reliance on synthetic priors generated through random noise and simple
rules that create a significant gap between artificial perturbations and structured real-

world road changes, preventing effective model generalization to actual scenarios.

10



ArgoTweak [46] is the first dataset to provide complete realistic map priors with sys-
tematic change annotations. This dataset is derived from the Argoverse 2 Map Change
Dataset. ArgoTweak introduces a bijective change mapping framework that decomposes
complex road modifications into traceable atomic changes (geometry, markings, inser-
tions, etc.), provides the first complete prior-sensor-ground truth triplet dataset, and
implements fine-grained evaluation metrics that distinguish between map preservation

and updating capabilities, significantly reducing the simulation-to-reality performance

gap.

o KITTI [14]: The KITTI dataset contains extensive traffic scene recordings, including
more than 200,000 stereo images with corresponding point cloud data. Data collection
encompassed urban, suburban, and rural environments in Karlsruhe and surround-
ing communities in Germany. The dataset provides ground truth pose information
recorded across urban environments and highway segments. Unlike previously men-
tioned datasets, KITTI utilizes OpenStreetMap (OSM) as its mapping format, com-

monly employed as a standard-definition map in positioning research [35].

KITTI has established itself as a benchmark standard for evaluating diverse computer
vision tasks related to autonomous driving. Its evaluation domains include stereo vi-
sion (stereo matching, disparity estimation), optical flow estimation, visual odome-
try/SLAM, 3D object detection, 3D object tracking, scene understanding, road and

lane detection, semantic segmentation, and depth completion/prediction.

2.4 Evaluation Metrics

Appropriate metrics are essential for quantifying the performance of mapping and localization
algorithms. Different evaluation criteria assess accuracy, robustness, and efficiency charac-
teristics. This section introduces widely adopted metrics in autonomous vehicle localization

research:

Relative Pose Error (RPE) RPE quantifies the local drift of a trajectory by comparing
estimated incremental motion between two time points against ground-truth motion over the
same interval [38]. Let T; € SE(3) represent the ground-truth pose at time i, and T; its
estimate. For a fixed time lag A > 0:

_ 1 e 1s

E?Ae = (T;'Tipa)” (T 'Tiga) (2.1)
The translational RPE is calculated as || trans(E;’{)||2 (meters), while the rotational

RPE is Z(rot(E;’Y)) (degrees or radians). Statistical measures including the mean, RMSE,

or specified percentiles across all valid indices ¢ provide aggregate performance indicators.

Absolute Pose Error (APE) APE measures the global consistency of an estimated
trajectory relative to ground truth. After aligning the estimate with a similarity transform

S € Sim(3) (typically via the Umeyama algorithm):

11
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E?° = (T,) ' ST.. (2.2)

(2

ape
7

The translational APE is computed as || trans(E;"")|2 (meters), while the rotational

APE is Z(rot(E{*?)). Since APE accumulates drift over time, it is particularly relevant for

evaluating long-range navigation performance.

Longitudinal /Latitudinal /Orientation Recall (LLO-Recall). For safety-critical
applications, determining how frequently errors remain within specified tolerances is often

necessary. The per-axis indicator function is defined as:

]If(Tm) _ 1, if ‘i‘z — .%'z’ < Tg,
0, otherwise,

with analogous definitions for 1¥(7,) (latitude) and 1?(7y) (heading). The corresponding

recall metrics are calculated as:

1Y 1Y 1Y
Recall, = N ;Hf(m), Recall, = i ;H?(Ty), Recally = N ;H?(Tg), (2.3)

expressed within the range [0,1]. Typical threshold values include 7,7, € {0.1,0.2} m
and 7y € {1°,2°}.

Mean Average Precision (mAP) For evaluating the quality of HD map generation,
particularly vectorized map elements such as lanes, boundaries, and intersections, mean Av-
erage Precision (mAP) serves as the primary metric [43]. This metric evaluates the spatial
accuracy of detected map elements by measuring the overlap between predicted and ground-

truth vectorized representations.

For each map element class ¢ (e.g., lane dividers, road boundaries, pedestrian crossings),

the Average Precision AP.(7) at distance threshold 7 is calculated as:

1
AP (1) = / Precision.(r, 7) dr (2.4)
0

where Precision.(r, 7) represents the precision at recall level r for class ¢ when using
distance threshold 7. A predicted map element is considered a true positive if its Chamfer

distance to the nearest ground-truth element of the same class is below the threshold .

The mean Average Precision across all map element classes is then computed as:
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C
mAP(7) = Z AP.(1) (2.5)

where C is the total number of map element classes. In HD mapping evaluation, mAP is
commonly reported at multiple distance thresholds to assess mapping precision at different

scales:

mAP — é[mAP(OB) + mAP(1.0) + mAP(1.5)] (2.6)

The standard evaluation thresholds are 7 € {0.5m, 1.0m, 1.5m}, reflecting the precision
requirements for different autonomous driving applications. The 0.5m threshold evaluates
fine-grained mapping accuracy essential for precise lane-keeping, while the 1.5m threshold

assesses broader road structure detection suitable for path planning applications.

Mean Absolute Error (MAE) For a scalar error sequence {e; }¥ ;:

1 N
MAE = — il- 2.
r 2l (2.7

MAE exhibits linear scaling with errors, providing enhanced interpretability when large

outliers are possible but not dominant within the distribution.

Root Mean Squared Error (RMSE)

RMSE = %Ze?. (2.8)

RMSE imposes quadratic penalties on large errors, demonstrating greater sensitivity to
outliers compared to MAE. Both MAE and RMSE metrics may be reported for translational

(meters) or rotational (degrees/radians) errors by substituting the corresponding error terms.

Unless otherwise specified, all statistical metrics presented in this research utilize the

complete trajectory length (N time steps) and adhere to SI unit conventions.
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Chapter 3

Key Techniques in Each Domain

This chapter provides a comprehensive analysis of the state-of-the-art methodologies in both
HD map-based localization and HD mapping domains. The analysis is structured to system-
atically examine the evolution, architectural innovations, and performance characteristics
of each field, establishing the foundation for understanding potential integration opportu-
nities. The localization domain encompasses both HD map-based approaches that achieve
centimeter-level accuracy through sophisticated semantic matching, and SD map-based meth-
ods that provide meter-level positioning while maintaining broader operational robustness.
The mapping domain focuses on online HD map construction techniques categorized by their
utilization of prior information, ranging from single-frame approaches to sophisticated tempo-
ral and historical integration strategies. Through detailed experimental analysis using stan-
dardized datasets and metrics, this chapter quantifies the trade-offs between accuracy, compu-
tational efficiency, and robustness across different architectural paradigms. The comparative
evaluation reveals fundamental insights into the complementary strengths and limitations
of each approach, informing the subsequent architectural framework design for integrated

mapping-localization systems.

3.1 Map-Based Localization Review

3.1.1 HD map-based Localization Methods

Visual localization represents a fundamental challenge in autonomous driving systems, where
precise vehicle positioning is crucial for safe navigation and path planning. Recent advances
in deep learning have enabled sophisticated end-to-end approaches that leverage Bird’s Eye
View (BEV) representations and semantic map information to achieve centimeter-level accu-
racy [57, 15, 28].

The evolution from traditional perception-matching-optimization pipelines to end-to-end
learning paradigms has demonstrated promising improvement in both computational effi-
ciency and localization accuracy. This thesis provides a comprehensive evaluation of three
state-of-the-art methods that exemplify different architectural strategies for visual localiza-

tion.
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Traditional methods like Iterative Closest Point (ICP) which are applied in Zhao et al.
ICIP 2024 [60] represents a classical geometric registration approach that iteratively mini-
mizes the distance between corresponding points in LiDAR point clouds and HD map repre-
sentations. The algorithm alternates between establishing point correspondences and com-
puting optimal rigid-body transformations until convergence. While computationally efficient
and conceptually straightforward, ICP suffers from sensitivity to initialization and lacks ex-
plicit uncertainty quantification, limiting its robustness in challenging urban environments

with sparse or ambiguous geometric features.

BEV-Locator [57] establishes visual semantic localization as a comprehensive end-to-end
learning paradigm, requiring only simple pose offset supervision generated from vehicle trajec-
tories with raw images and semantic maps [57]. This streamlined supervision strategy enables
efficient training dataset generation while achieving sophisticated cross-modal understanding

capabilities between BEV representations and semantic map information.

The transformer-based architecture enables efficient centimeter-level positioning through
sophisticated BEV-to-semantic map multimodal fusion perception capabilities. The end-to-
end framework eliminates traditional perception-matching-optimization pipeline complexities

while maintaining differentiable optimization throughout the entire system.

The Decoupled BEV Neural Matching approach introduces a fundamental architectural
innovation by decomposing pose estimation into separate yaw, longitudinal, and lateral com-
ponents [28]. This decoupling strategy enables independent sampling and matching for each
dimension, substantially improving both computational efficiency and system interpretability

compared to traditional joint optimization approaches.

The decoupled matcher effectively reduces search space complexity from cubic to linear
scaling, achieving a remarkable 68.8% reduction in inference memory usage while maintaining
competitive accuracy. The architectural design leverages advanced BEV perception networks

to enhance feature quality despite relying solely on camera inputs.

EgoVM [15] demonstrates exceptional performance through sophisticated transformer
decoder architectures combined with lightweight vectorized map representations [15]. This
design preserves essential geometric relationships while reducing computational overhead,

facilitating more precise pose estimation capabilities compared to alternative approaches.

The method’s architectural sophistication enables robust geometric constraint learning
through advanced cross-modal matching techniques, with the incorporation of LiDAR point

clouds further enhancing localization accuracy in multi-modal configurations.

U-VIiLAR [21] introduces an uncertainty-aware visual localization framework that ad-
dresses the fundamental challenges of perception and localization uncertainty in autonomous
driving systems. The method employs a two-stage architecture combining Perceptual
Uncertainty-guided Association with Localization Uncertainty-guided Registration to achieve

robust and accurate positioning across different map formats.

The Perceptual Uncertainty-guided Association component models perceptual degrada-
tion effects such as occlusions and missing semantic elements by incorporating uncertainty
estimation into cross-modal association between visual BEV features and map representa-

tions. This approach utilizes both global association through uncertainty-aware similarity

15



matrices and local association via contrastive learning within sampled windows to establish

fine-grained correspondences.

The Localization Uncertainty-guided Registration stage constructs a 3D solution space
centered around coarse pose estimates, leveraging joint probability distributions across all
degrees of freedom to enable error correction through probabilistic-guided pose registration.
This design addresses multimodal distribution challenges and potential degeneracy in specific

degrees of freedom that traditional coarse-to-fine approaches often overlook.

Experimental Results

Table 3.1 presents the comparative performance analysis of the evaluated methods on the
nuScenes dataset. The results demonstrate significant variations in localization accuracy
across different dimensional metrics and sensor configurations. Note that ICP methods use
APE (Absolute Pose Error)(2.2) metric which combines longitudinal and lateral errors, while
other methods report MAE (Mean Absolute Error)(2.7) for individual dimensions.

TABLE 3.1: HD Map-Based Localization Performance on nuScenes Dataset

Method Long./APE (m) | Lat. (m) | Yaw (°) | Init. Pose Error Metircs
ICP 0.39 - - - APE
Zhao et al. [60] 0.34 - - Defined, not quantified APE
EgoVM [15] 0.151 0.047 0.092 +3 m, £3°, both axes MAE
BEV-Locator [57] 0.178 0.076 0.510 +2 m (long), £1 m (lat), £2° | MAE
U-VIiLAR [21] 0.140 0.040 0.075 +2 m (long), £2 m (lat), £2° | MAE
Decoupled BEV [28] 0.19 0.13 0.39 | +2m (long), £2 m (lat), £2° | MAE

The experimental results reveal several key insights about the comparative effectiveness

of different architectural approaches:

State of the Art Performances: EgoVM demonstrates exceptional performance
across all dimensional metrics, achieving 0.151 meters longitudinal, 0.047 meters lateral,
and 0.092°yaw errors that consistently surpass other methods. The exceptional lateral preci-
sion of 0.047 meters represents the most accurate performance among evaluated approaches.
U-VILAR [21] achieves superior longitudinal precision (0.140 meters) and excellent yaw es-
timation (0.075°) while maintaining competitive lateral performance (0.040 meters) under
moderate perturbation conditions (£2m, £2°). The method’s strength lies in explicit un-
certainty modeling that addresses both perceptual degradation and localization ambiguity,
providing uncertainty quantification essential for safety-critical applications alongside high

localization accuracy. The inputs

BEV-Locator Baseline Performance: BEV-Locator achieves excellent pose accuracy
with lateral and longitudinal position errors remaining competitive. However, the heading
direction prediction exhibits significant variability, manifesting in an overall yaw error of
0.510°, which is substantially higher than other methods.

Decoupled BEV Efficiency Trade-offs: The Decoupled BEV approach demonstrates
effective balance between computational efficiency and localization precision. The decou-
pled version achieves decimeter-level precision with Mean Absolute Error values of 0.19m
longitudinal, 0.13m lateral, and 0.39°, representing a reasonable compromise for practical

deployment scenarios.
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Traditional Methods Comparison: The traditional ICP and Zhao et al. ICIP
2024 [60] methods, using APE (Absolute Pose Error) metric, achieve 0.39m and 0.34m re-
spectively. While these methods do not provide separate dimensional analysis, their overall
positioning accuracy demonstrates competitive performance, with [60] achieving better ac-
curacy than ICP. While Zhao et al. ICIP 2024 [60] also performs BEV perception similar to
the these learning-based methods (BEV-Locator [57], Decoupled BEV [28], and EgoVM [15])
U-Vilar [21], a fundamental distinction lies in their pose estimation strategies. Zhao et al.
ICIP 2024 [60] employs a traditional two-stage pipeline where BEV feature extraction and
pose optimization are performed sequentially with separate, non-differentiable optimization
procedures. In contrast, the three learning-based methods implement fully end-to-end(E2E)
architectures where pose estimation is integrated into the neural network through differ-
entiable operations. This E2E design enables joint optimization of feature extraction and
pose estimation during training, allowing the network parameters to be automatically tuned
for optimal localization performance. Consequently, the learning-based approaches achieve
superior robustness and accuracy by learning task-specific feature representations that are
directly optimized for the localization objective, rather than relying on hand-crafted feature

matching and separate geometric optimization steps.

All these E2E approaches converge on transformer or decoder architectures for imple-
menting cross-modal matching between BEV image features and map representations. This
architectural convergence reflects community recognition that learned attention mechanisms
provide superior capabilities for establishing complex cross-modal correspondences compared

to handcrafted feature matching approaches.

A critical limitation emerges in the conservative perturbation assumptions of 2-3 meters
employed across these methods, which inadequately simulate realistic GNSS deviations that
frequently exceed 10 meters in challenging urban environments. This discrepancy between
experimental validation conditions and actual deployment uncertainties suggests that while
these methods demonstrate excellent refinement capabilities for relatively accurate initial
estimates, their robustness for global relocalization scenarios remains inadequately charac-

terized.

3.1.2 SD Map-Based Localization Results Analysis

Standard Definition (SD) map-based visual localization emerges as a critical paradigm for
large-scale autonomous driving deployment, where the prohibitive costs and limited coverage
of High Definition (HD) maps necessitate alternative approaches. Unlike HD maps that
require expensive LIDAR surveys and manual annotation, SD maps leverage freely available
resources such as OpenStreetMap (OSM) while achieving competitive localization accuracy

through sophisticated neural architectures [35, 48, 62].

The evolution from traditional feature-matching pipelines to E2E learning frameworks
has demonstrated remarkable progress in bridging the semantic gap between visual obser-
vations and lightweight map representations. This comprehensive evaluation examines fmy
state-of-the-art methods that represent distinct architectural paradigms for SD map-based lo-

calization, showcasing the transition from single-modal to multi-modal approaches and from
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regression-based to matching-based pose estimation strategies.

SegLocNet [62] establishes a groundbreaking multi-modal localization framework that
combines surround-view images with LiDAR point clouds to construct comprehensive Bird’s
Eye View (BEV) semantic representations. The method’s core innovation lies in its exhaustive
matching strategy that directly correlates predicted BEV segmentation masks with prior map

representations, eliminating the limitations of regression-based pose estimation approaches.

The unified map representation design enables seamless adaptation between different map
configurations without architectural modifications, while the multi-modal sensor fusion sig-
nificantly enhances robustness in challenging urban environments. The exhaustive matching
paradigm provides superior generalization capabilities compared to regression-based alterna-

tives, particularly evident in cross-dataset evaluation scenarios.

MapLocNet [48] introduces a sophisticated coarse-to-fine feature registration frame-
work that leverages transformer architectures for hierarchical BEV-to-map alignment. The
method’s architectural innovation centers on decomposing pose estimation into sequential
registration stages, where coarse alignment provides initial pose estimates that guide subse-

quent fine-grained refinement processes.

The neural localization modules employ learned attention mechanisms to establish com-
plex correspondences between visual BEV features and neural map representations. While
achieving competitive accuracy metrics, the regression-based pose estimation strategy ex-
hibits sensitivity to training distribution shifts, limiting generalization performance in unseen

environments compared to matching-based alternatives.

U-BEV [5] demonstrates significant architectural advancement through height-aware BEV
representation learning that explicitly models 3D scene geometry while maintaining computa-
tional efficiency. The method’s key contribution lies in discretizing height information rather
than depth, substantially reducing computational complexity while preserving essential geo-

metric constraints for accurate localization.

The height-aware projection mechanism enables superior scene understanding in urban
environments with significant vertical structure variations. However, the method’s limitation
to 2-DoF pose estimation (position only) restricts its applicability in scenarios requiring full

3-DoF pose recovery including orientation estimation.

OrienterNet [35] pioneers neural matching between monocular images and OSM repre-
sentations through learned Bird’s Eye View inference and probabilistic pose estimation. The
method’s significance lies in demonstrating that lightweight planimetric maps contain suffi-
cient geometric constraints for accurate visual localization when combined with sophisticated

neural architectures.

The probabilistic pose estimation framework enables multi-modal likelihood distributions
that capture localization uncertainty, particularly valuable for sensor fusion applications.
The method’s reliance on single-camera input provides computational advantages but limits

performance in visually ambiguous environments compared to multi-modal approaches.
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Experimental Results

Table 3.2 presents comprehensive performance analysis of the evaluated methods on the
nuScenes dataset, revealing significant variations in localization accuracy across different
sensor configurations and map representations. The results demonstrate the progressive

improvements achieved through architectural innovations and multi-modal sensor integration.

TABLE 3.2: SD Map-Based Localization Performance on nuScenes Dataset

Position Metrics

Method Sensors Pos@1lm (%) | Pos@2m (%) | Pos@5m (%) APE (m)
OrienterNet [35] Single-Cam 21.73 35.36 50.53 14.79
U-BEV [5] Multi-Cam 16.89 41.60 71.33 -
MapLocNet [48] Multi-Cam 20.10 45.54 77.70 -
SegLocNet-SD [62] Multi-Cam 35.63 57.98 74.55 8.15
SegLocNet-NM [62] | Multi-Cam 48.23 59.22 61.55 13.60
SegLocNet-HD [62] Multi-Cam 59.08 76.04 84.25 5.30

Orientation Metrics
Method Sensors Ori@1°(%) Ori@2°(%) AOE (°) Init. Pose Error
OrienterNet [35] Single-Cam 32.78 47.51 46.04 +20 m (x, y), £10°
U-BEV [5] Multi-Cam - - - [0, 100] m, none
MapLocNet [48] Multi-Cam 58.61 84.10 - +30 m (x, y), £30°
SegLocNet-SD [62] Multi-Cam 38.58 64.98 19.68 +32 m (x, y), none
SegLocNet-NM [62] | Multi-Cam 31.09 57.25 40.79 432 m (x, y), none
SegLocNet-HD [62] | Multi-Cam 63.19 84.55 10.11 +32 m (x, y), none

¢ SegLocNet-SD: Uses SD map from OpenStreetMap for localization
e SegLocNet-HD: Uses HD map combined with SD maps for enhanced localization precision

e SegLocNet-NM: Employs Neural Maps approach processes rasterized SD maps through U-Net archi-
tecture to generate neural map representations

e U-BEV: Performs 2-DOF pose estimation (position only), hence orientation metrics are not applicable

non

indicates metrics not reported in the original studies

The experimental results reveal several critical insights about the comparative effective-

ness of different architectural paradigms and sensor configurations:

Multi-modal Sensor Fusion Superiority: SeglocNet-SD demonstrates exceptional
performance advantages through multi-modal sensor integration, achieving 35.63% recall at
1-meter accuracy compared to 21.73% for single-camera OrienterNet. This represents a
substantial improvement in precision localization capabilities (from 21.73% to 35.63%, an
absolute gain of 13.90 percentage points), highlighting the fundamental importance of com-

plementary sensor information for robust pose estimation in challenging urban environments.

Hybrid Map Representation Impact: The revolutionary SD+HD fusion strategy in
SegLocNet-HD demonstrates optimal resource utilization by selectively incorporating high-
precision HD road geometry (drivable areas) while leveraging comprehensive SD map cover-
age for buildings and Points of Interest (POI). This strategic combination achieves 59.08%
recall at 1-meter accuracy compared to 35.63% for pure SD maps, representing a 66% perfor-
mance improvement. Critically, the hybrid approach maintains cost-effectiveness by utilizing
expensive HD mapping resources only for essential road geometry while relying on freely
available OSM data for contextual information, presenting a scalable solution for large-scale

autonomous driving deployment.

Architectural Strategy Trade-offs: MapLocNet achieves superior 5-meter recall per-

formance (77.70%) and competitive orientation accuracy (58.61% at 1°) through its coarse-to-
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fine registration strategy. However, the method’s regression-based approach exhibits reduced
performance at fine-grained precision levels (20.10% at 1-meter), illustrating the trade-off

between different pose estimation paradigms.

Computational Efficiency Considerations: U-BEV demonstrates balanced perfor-
mance with 71.33% recall at 5-meter accuracy while maintaining computational efficiency
through height-aware BEV representations. The method’s limitation to position-only esti-
mation restricts comprehensive pose recovery but enables deployment in resource-constrained

scenarios.

Generalization Capability Assessment: Segl.ocNet’s exhaustive matching strategy
exhibits superior cross-dataset generalization compared to regression-based alternatives, with
consistent performance improvements across both nuScenes and Argoverse datasets. This
robustness stems from the method’s ability to capture multi-modal pose distributions rather

than single-point estimates.

All evaluated methods converge on transformer-based architectures for implementing
cross-modal correspondence learning between BEV representations and map information.
This architectural consensus reflects the community’s recognition that learned attention
mechanisms provide superior capabilities for establishing complex semantic-geometric rela-

tionships compared to traditional handcrafted feature matching approaches.

The fundamental distinction between HD and SD map-based localization lies in their
precision-robustness characteristics and operational assumptions. HD map-based methods
typically achieve centimeter-level accuracy (1-5 cm Mean Absolute Error) but operate
under stringent constraints of small initial pose uncertainties (2-5 meters), requiring high-
quality prior localization estimates. Conversely, SD map-based approaches sacrifice precision
to meter-level accuracy (0.1-1 meter MAE) while demonstrating superior robustness to
large initial pose deviations (20-100 meters), better reflecting real-world GNSS degradation

scenarios in urban environments.

Remarkably, despite these substantial performance and operational differences, both
paradigms converge on similar architectural foundations-transformer-based BEV repre-
sentations and cross-modal attention mechanisms-suggesting that the core technical chal-
lenge lies in semantic-geometric correspondence learning rather than fundamental architec-
tural innovations. SegLocNet’s hybrid SD+HD approach strategically positions itself in the
precision-robustness spectrum, achieving decimeter-level accuracy (5-10 cm MAE) while
maintaining moderate robustness to initial pose uncertainties, demonstrating the viability of

selective map quality integration.

The larger-scale prior map coverage employed in SD map-based methods (typically 200-
500 meter map tiles vs. 50-100 meter tiles in HD approaches) provides additional contextual
constraints that enhance localization disambiguation in visually ambiguous scenarios, off-
setting some precision limitations through improved semantic understanding of the broader

spatial context.

Strategic Innovation in Hybrid Map Fusion: The emergence of SeglLocNet’s
SD+HD fusion strategy represents a paradigmatic shift toward selective resource uti-

lization in autonomous driving localization. This approach demonstrates that strategic
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integration of high-precision HD road geometry with comprehensive SD contextual informa-
tion achieves superior performance while maintaining economic viability. The hybrid strategy
addresses the fundamental scalability limitations of pure HD map approaches while overcom-
ing the precision constraints of pure SD map solutions, establishing a promising framework

for future large-scale deployment scenarios.

Furthermore, the computational complexity scaling of multi-modal approaches presents
challenges for real-time deployment, with SeglLocNet requiring sophisticated sensor synchro-
nization and processing pipelines that may limit practical adoption in cost-sensitive applica-
tions. The trade-off between localization accuracy and system complexity remains a critical

consideration for autonomous driving platform integration.

3.2 HD Mapping Review

Online HD mapping has emerged as a critical component for autonomous driving systems,
enabling real-time generation of high-definition maps from onboard camera sensors. The
integration of prior information has proven to be a pivotal factor in enhancing mapping per-
formance across different temporal and spatial scales. This section provides a comprehensive
analysis of visual-based HD mapping methods categorized by their utilization of prior infor-
mation: methods without prior knowledge, those leveraging temporal priors, and approaches

incorporating long-term historical map priors.

3.2.1 No Prior Information Methods

Methods in this category rely solely on current camera observations without incorporating any
prior knowledge or historical information. These approaches form the foundation of online
HD mapping and demonstrate the baseline capabilities of various algorithmic frameworks for

vectorized map construction.

CNN-Based Mapping Methods

CNN-based methods utilize convolutional neural networks to process image or BEV features
hierarchically for vectorized map construction. HDMapNet [19], as the pioneering work,
employs a fully convolutional network with three branches for semantic segmentation, in-
stance embedding, and direction prediction. Despite its foundational importance, HDMapNet
achieves only 23.0% mAP, representing the lowest performance among visual-based mapping
methods. The limited performance stems from its reliance on post-processing through clus-
tering and Non-Maximum Suppression (NMS) to generate vectorized map elements, which

introduces errors and inefficiencies.

InstaGraM [37] significantly improves upon the CNN-based paradigm by introducing E2E
decoding strategies that reduce post-processing requirements. The method combines CNNs
and graph neural networks to extract and relate map elements, using two CNNs to detect
vertices and edges, followed by an attentional GNN for vertex association. This architec-

tural improvement yields 36.7% mAP, representing a substantial 13.7% improvement over
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HDMapNet [19], demonstrating the importance of E2E learning in mapping tasks.

Transformer-Based Mapping Methods

Transformer-based methods have revolutionized visual-based mapping by leveraging self-
attention mechanisms to capture long-range dependencies crucial for accurate map construc-
tion. These methods demonstrate consistently superior performance compared to CNN-based

approaches, with all Transformer methods achieving above 48% mAP.

MapTR [23] pioneered single-stage parallel decoding in mapping, addressing efficiency
bottlenecks of autoregressive approaches. It initializes hierarchical queries with instance-
level and point-level embeddings, achieving 50.3% mAP. InsMapper [51] (48.3% mAP) focuses
on leveraging inner-instance information for improved detection, while MapVR [55] (51.2%

mAP) introduces rasterization supervision for enhanced geometric understanding.

Several methods achieve significant performance improvements through sophisticated rep-
resentation designs. PivotNet [11] (57.6% mAP) introduces pivot-based vectorized represen-
tation selecting key geometric points, demonstrating a 7.3% improvement over MapTR [23].
BeMapNet [33] (59.8% mAP) employs piecewise Bezier curves to capture complex map ele-

ment shapes, achieving the highest performance among curve-based representations.

The most substantial improvements come from advanced query and decoder designs. Map-
TRv2 [24] (61.5% mAP) introduces one-to-many matching mechanisms and auxiliary dense
supervision, improving upon the original MapTR by 11.2%. MGMap [25] (64.8% mAP)
leverages learned masks for enhanced localization, integrating global structural information
from instance masks. MapQR [27] (66.4% mAP) proposes a "scattering and aggregation'
mechanism that distributes queries into specialized sub-queries, achieving competitive per-

formance.

HIMap [61] represents the pinnacle of query-based approaches, achieving 66.7% mAP
through HIQuery-a hybrid representation integrating point-level and element-level informa-
tion via point-element interaction modules. However, the most significant breakthrough
comes from mask-based approaches: Mask2Map [10] (71.6% mAP) and MGMapNet [52]
(73.6% mAP) demonstrate that mask-guided learning provides substantial advantages for
mapping tasks. MGMapNet’s [52] 73.6% mAP represents a 50.6% relative improvement over
HDMapNet [19], highlighting the evolution of visual-based mapping capabilities.

Performance Analysis

Table 3.3 presents the comprehensive performance comparison of visual-based HD mapping
methods without prior information, revealing critical insights about architectural effectiveness

and evolutionary trends.

Several key performance insights emerge from this analysis. First, Transformer-based
methods demonstrate overwhelming superiority over CNN-based approaches. The perfor-
mance gap is substantial: the best CNN method (InstaGraM, 36.7% mAP) is outperformed
by even the weakest Transformer method (InsMapper [51], 48.3% mAP) by 11.6%. This gap

widens dramatically when comparing against state-of-the-art Transformer methods, with
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TABLE 3.3: Performance of HD Mapping Methods Without Prior Information

Method Conference| Backbone APpea| APgiv.| APpou] mAP | Key Innovation
HDMapNet [19] | ICRA’21 CNN 14.4 21.7 33.0 23.0 FCN with post-processing
InstaGraM [37] | T-ITS’25 CNN 40.8 30.0 39.2 36.7 CNN+GNN association
InsMapper [51] 2024 Transformer 44.4 53.4 52.8 48.3 Instance-based mapping
MapTR [23] 2023 Transformer 46.3 51.5 53.1 50.3 Single-stage parallel decoding
MapVR [55] 2023 Transformer 47.7 54.4 51.4 51.2 Virtual reality approach
PivotNet [11] ICCV’23 Transformer 56.5 56.2 60.1 57.6 Pivot-based representation
BeMapNet [33] | CVPR’23 Transformer 57.7 62.3 59.4 59.8 Bezier curve representation
MapTRv2 [24] 1JCV’24 Transformer 59.8 62.4 62.4 61.5 Improved MapTR version
MGMap [25] CVPR’24 Transformer 61.8 65.0 67.5 64.8 Multi-granularity approach
MapQR [27] ECCV’24 Transformer 68.0 63.4 67.7 66.4 Query-based representation
HIMap [61] CVPR’24 Transformer 62.6 68.4 69.1 66.7 Hierarchical approach
Mask2Map [10] | ECCV’24 Transformer 70.6 71.3 72.9 71.6 Mask-based approach
MGMapNet [52] | ICLR25 Transformer 71.8 74.3 74.8 73.6 Multi-granularity network

MGMapNet (73.6% mAP) achieving double the performance of InstaGraM.

Second, clear performance progression exists within Transformer methods. Early ap-
proaches (MapTR [23]: 50.3%, MapVR: 51.2%) establish baseline capabilities, while advanced
representation learning methods (PivotNet: 57.6%, BeMapNet: 59.8%) demonstrate steady
improvements. The latest mask-based approaches (Mask2Map: 71.6%, MGMapNet: 73.6%)

represent breakthrough performance levels.

Third, different map elements show varying detection difficulties. Boundary detection
(APpoy.) generally achieves the highest scores across methods, while pedestrian crossing
detection (APpeq.) often represents the most challenging task. MGMapNet demonstrates
balanced performance across all element types, indicating robust general-purpose mapping

capabilities.

Fourth, methods published in 2024-2025 show significant performance leaps. The tran-
sition from query-based approaches (HIMap [61]: 66.7%, MapQR: 66.4%) to mask-based
methods (Mask2Map: 71.6%, MGMapNet: 73.6%) represents a paradigm shift, with mask

guidance providing 5-7% mAP improvements over purely attention-based approaches.

Alternative Dataset Approaches

Several noteworthy methods employ different datasets and evaluation protocols, limiting
direct performance comparison with the nuScenes-based methods discussed above. LaneSeg-
Net [20] proposes Lane Segment perception as a novel map learning formulation, introducing
an E2E network specifically designed for this task. The method incorporates two signifi-
cant innovations: a lane attention module employing a head-to-region mechanism to capture
long-distance attention relationships, and a reference point initialization strategy that en-
hances positional prior learning for lane attention mechanisms. Experimental results on the
OpenLane-V2 dataset demonstrate state-of-the-art performance, validating the effectiveness
of the proposed lane segment formulation. However, due to the fundamental differences in
dataset characteristics and evaluation metrics between OpenlLane-V2 and nuScenes, direct
performance comparison with the methods analyzed in this survey presents limited compa-

rability and therefore warrants separate consideration in future comprehensive evaluations.
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3.2.2 Temporal Prior Information Methods

Temporal prior methods leverage short-term information from consecutive frames to improve
mapping consistency and accuracy. These approaches address temporal instability in frame-
by-frame mapping while maintaining computational efficiency for real-time applications. The
integration of temporal information demonstrates substantial performance improvements over

no-prior baselines, with the best temporal methods achieving over 73% mAP.

Streaming and Memory-Based Approaches

StreamMapNet [54] pioneered streaming temporal fusion with dual strategies: query propa-
gation retaining high-confidence element queries across frames, and BEV fusion aligning and
merging features from consecutive frames. Despite its foundational importance, StreamMap-
Net achieves 63.4% mAP, representing moderate performance among temporal methods. The
relatively lower performance suggests that simple temporal fusion strategies, while beneficial,

require more sophisticated designs to fully exploit temporal information.

SQD-MapNet [42] introduces stream query denoising mechanisms to enhance temporal
consistency, adding controlled noise to previous frame elements and recovering geometric
shapes through denoising. This approach achieves 63.9% mAP, showing minimal improve-
ment over StreamMapNet (0.5% mAP), indicating that denoising alone provides limited

benefits for temporal fusion.

MapTracker [9] adopts a more sophisticated dual-memory mechanism, with BEV mem-
ory modules selecting relevant features from historical frames based on geometric distance,
while vector memory modules filter historical map element queries. This architectural ad-
vancement yields 71.9% mAP, representing an 8.5% improvement over StreamMapNet and

demonstrating the effectiveness of selective memory utilization.

Historical and Predictive Approaches

HRMapNet [56] utilizes historical rasterized maps for enhanced HD mapping, employing
feature aggregation modules to fuse current BEV features with rasterized map features. The
method achieves 67.2% mAP, showing that historical map integration provides meaningful

improvements but falls short of the best temporal approaches.

PrevPredMap [31] integrates high-level information from previous predictions, including
map element categories, confidence scores, and spatial locations. This method achieves 67.6%
mAP, slightly outperforming HRMapNet by 0.4%, suggesting that prediction-level temporal

fusion provides comparable benefits to feature-level approaches.

PriorMapNet [41] leverages prior map information for enhanced performance, achieving
67.1% mAP. The similar performance to PrevPredMap (67.6% mAP) indicates that different
temporal integration strategies converge to comparable effectiveness levels when operating at

similar sophistication levels.
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Advanced Temporal Integration

MapUnveiler [17] employs temporal modeling for map unveiling, achieving 68.0% mAP. While
this represents solid performance, it demonstrates that temporal modeling alone, without

sophisticated integration mechanisms, provides limited advantages over simpler approaches.

HisTrackMap [53] represents a significant breakthrough in temporal prior utilization,
achieving 73.8% mAP through advanced historical tracking mechanisms. This 10.4% im-
provement over StreamMapNet demonstrates that sophisticated temporal tracking and his-

torical information integration can provide substantial performance gains.

The most impressive advancement comes from Uni-PrevPredMap [30], which achieves
74.0% mAP using temporal information alone. This represents the highest performance
among pure temporal methods and demonstrates a remarkable 10.6% improvement over
StreamMapNet, indicating that unified temporal prediction frameworks provide superior tem-

poral information utilization.

Performance Analysis

Table 3.4 demonstrates the effectiveness of temporal prior utilization, showing substantial
improvements over no-prior baselines and revealing the relative effectiveness of different tem-

poral integration strategies.

TABLE 3.4: Performance Comparison of Temporal Prior Methods

Method Conference | APpyeq. | APgiv. | APpou. | mAP | Temporal Strategy
StreamMapNet [54] WACV’24 61.9 66.3 62.1 63.4 Streaming fusion
SQD-MapNet [42] ECCV’24 63.0 62.5 63.3 63.9 Query denoising
PriorMapNet [41] 2024 64.0 69.0 68.2 67.1 Prior integration
PrevPredMap [31] WACV’25 66.3 66.9 64.5 67.6 Prediction fusion
MapUnveiler [17] NeurIPS’24 67.6 67.6 68.8 68.0 Temporal modeling
MapTracker [9] ECCV’24 75.3 69.2 71.2 71.9 Dual-memory
HisTrackMap [53] 2025 76.9 72.7 71.9 73.8 Historical tracking
Uni-PrevPredMap [31] | 2025 76.2 72.3 73.6 74.0 | Unified temporal

Several key performance insights emerge from this analysis. First, temporal methods
clearly stratify into three performance tiers. Basic methods (StreamMapNet, SQD-MapNet)
achieve 63-64% mAP, intermediate methods (PriorMapNet, PrevPredMap, MapUnveiler)
reach 67-68% mAP, while advanced methods (MapTracker, HisTrackMap, Uni-PrevPredMap)
exceed 71% mAP.

Second, the performance gap between basic and advanced temporal methods (10+ mAP
points) exceeds the improvement from no-prior to basic temporal methods (approximately 7-
8 mAP points), indicating that temporal integration sophistication matters more than simple

temporal information inclusion.

Third, methods emphasizing tracking mechanisms (HisTrackMap: 73.8%, MapTracker:
71.9%) outperform those focusing primarily on feature fusion(StreamMapNet: 63.4%), sug-
gesting that explicit temporal correspondence tracking provides superior benefits to implicit

feature-level fusion.

Fourth, Uni-PrevPredMap’s [30] 74.0% mAP represents superior performance achieved
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through balanced integration of temporal and historical priors, specifically using a 50% non-
prior and 50% temporal-prior mixing strategy. This result demonstrates that moderate incor-
poration of historical information achieves optimal model performance, as the unified frame-
work can adaptively leverage both temporal perception continuity and offline map constraints

rather than relying exclusively on any single prior source.

3.2.3 Long-term Historical Prior Methods

Long-term prior methods represent the most sophisticated approach to HD map construc-
tion, incorporating historical map information spanning extended temporal periods. These
methods demonstrate the highest performance gains by leveraging accumulated knowledge

from previous traversals and global map priors.

Neural Map Prior Approaches

Neural Map Prior (NMP) [50] introduced the concept of global neural map priors, employing
cross-attention mechanisms to integrate BEV features with accumulated global prior fea-
tures. The method utilizes a gated recurrent unit (GRU) to dynamically update global map

representations, enabling continuous learning from traversal history.

The neural map prior framework addresses fundamental limitations of single-frame ap-
proaches by maintaining persistent representations of road infrastructure. The cross-attention
integration allows selective incorporation of relevant prior knowledge while adapting to envi-
ronmental changes, demonstrating robustness to seasonal variations and temporary modifi-

cations.

Historical Rasterized Map Integration

HRMapNet [56] pioneered the utilization of historical rasterized maps for enhanced map el-
ement detection. The method employs a feature aggregation module to fuse current BEV
features with rasterized map features, enriching representation for improved detection accu-
racy. Vectorized map predictions are subsequently rasterized and integrated into a global
map framework. Similar to P-MapNet’s integration strategy, HRMapNet requires combina-
tion with base architectures to achieve performance improvements. When integrated with
MapTRv2, the framework demonstrates the effectiveness of historical rasterized map informa-
tion for long-term prior utilization, providing substantial performance enhancements through

persistent map representation maintenance.

SD Map Integration

P-MapNet [16] demonstrates effective integration of Standard Definition (SD) maps as com-
plementary prior information. The method rasterizes SD maps, encodes them with CNNs,
and adaptively fuses SD map features with BEV features. This approach leverages readily

available SD map data to provide structural constraints and topological guidance for HD map
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construction, proving particularly beneficial for distant map element detection and structural

correction.

Outdated HD Map Integration

A distinct category of long-term prior methods represents a paradigmatic shift from tra-
ditional HD map generation to HD map updating approaches. These methods leverage
outdated or imperfect existing HD map information to enhance online map construction,
fundamentally changing the problem formulation from creating maps de novo to correcting

and updating existing cartographic resources.

Traditional HD map generation approaches create vectorized maps entirely from sensor
observations without prior cartographic knowledge. In contrast, HD map updating method-
ologies assume the availability of existing map representations that require correction or
temporal synchronization with current environmental conditions. This distinction carries
significant practical implications for autonomous driving deployment, as updating scenarios
reflect real-world operational contexts where some form of prior mapping infrastructure typ-
ically exists. MapEX Framework for Map Updating "Mind the Map" [39] introduces MapEX
as a novel query-based framework specifically designed for HD map updating rather than
pure generation. The method addresses practical scenarios where existing maps contain
temporal inconsistencies or localization errors, identifying three realistic updating scenarios:
minimalist maps requiring element completion, noisy maps requiring spatial correction, and
outdated maps requiring temporal synchronization. MapEX’s technical architecture reflects
this updating paradigm through two key innovations: non-learnable existing (EX) queries
that encode prior map elements as initialization points, and a pre-attribution mechanism
that maintains correspondence tracking between existing and updated map elements. This
approach fundamentally differs from generation methods by providing structured prior knowl-
edge that guides the updating process rather than learning spatial relationships entirely from

sensor observations.

This method demonstrates substantial performance improvements in map updating sce-
narios on the nuScenes dataset. The most significant performance occurs in temporal evo-
lution scenarios where existing HD maps have become outdated due to real-world changes.
In Scenario 3a, which simulates substantial environmental modifications by deleting 50% of
pedestrian crossings and lane dividers while adding new elements and applying warping dis-
tortions, MapEX achieves 85.9% mAP. Scenario 3b accounts for the realistic situation where
substantial portions of maps remain unchanged over time, randomly mixing true HD maps
with perturbed versions (p=0.5), achieving an impressive 93.1% mAP. [39] These scenarios
reflect common real-world situations where painted markers are displaced, intersections are
remodeled, or districts are renovated, but HD maps are only updated every few years to

reduce maintenance costs.

These results establish MapEX as the first method to systematically address HD map up-
dating by directly integrating existing maps corresponding to specific sensor locations. Rather
than generating maps from sensor data alone, the framework leverages sensor observations

to correct outdated existing maps, demonstrating that updating paradigms can achieve su-
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perior performance while reducing computational requirements compared to pure generation
approaches. This updating-focused approach carries important implications for scalable au-
tonomous driving deployment, as it enables efficient map maintenance workflows that build
upon existing cartographic infrastructure rather than requiring complete map reconstruction

for every operational environment.

Uni-PrevPredMap [30] extends this paradigm by establishing a unified prior-informed
framework that systematically integrates temporal perception buffers with simulated out-
dated HD maps, representing a methodological advancement beyond single-prior approaches.
The framework addresses a fundamental limitation in existing methods by recognizing that
temporal perception buffers and cost-efficient alternative maps inherently form complemen-

tary prior sources for online vectorized HD map construction.

The framework introduces two core technological innovations that distinguish it from
existing approaches. The tile-indexed 3D vectorized global map processor enables efficient
3D prior data refreshment, storage, and retrieval through geolocation-synchronized tile par-
titioning, eliminating complex post-processing operations while maintaining real-time per-
formance. Unlike MapEX’s query-based integration approach, this processor implements
dual-axis geospatial indexing where each tile contains discrete map vectors confined to re-
spective geographical boundaries. The tri-mode operational optimization paradigm ensures
operational robustness across three critical scenarios: non-prior initialization, temporal-prior
operation, and temporal-map-fusion-prior navigation. This systematic approach preserves
consistency across different operational modes while reducing dependence on idealized map

fidelity assumptions through balanced integration strategies.

Uni-PrevPredMap [30] introduces three distinct simulation methodologies in Fig 3.1 that
model realistic scenarios where map information becomes temporally inconsistent, represent-
ing a more systematic approach compared to MapEX’s scenario-based modifications. Minor
infrastructure modification applies stochastic displacement magnitudes to statistically 50%
of map vectors with a mean 3-meter displacement, simulating common real-world infrastruc-
ture changes including divider modifications, boundary adjustments, and pedestrian crossing

relocations.

Major infrastructure renovation extends this approach by applying distinct displacement
magnitudes to all map vectors per frame, representing extreme boundary conditions for eval-
uating framework robustness under comprehensive map degradation. Pose misalignment ap-
plies identical displacement magnitudes to all map vectors, simulating systematic positioning

errors that occur in real-world operations due to localization drift or calibration issues.

The fundamental distinction between Uni-PrevPredMap and MapEX lies in their integra-
tion philosophies and architectural implementations. MapEX focuses on direct existing map
integration through non-learnable EX queries and pre-attribution mechanisms, essentially
treating the problem as map updating rather than unified prior fusion. Uni-PrevPredMap
addresses the broader challenge of complementary prior source integration, systematically

combining temporal perception continuity with offline map constraints.

While MapEX demonstrates effectiveness in specific updating scenarios with predeter-

mined correspondence tracking, Uni-PrevPredMap achieves superior performance through

28



Minor =
Infrastructure
Modification |

/
/
LS

Major
Infrastructure A~

Renovation
/
/
N
Pose \ \ g
Misalignment /\

FIGURE 3.1: Comparison between simulated outdated HD maps (orange dashed lines)
and ground truth annotations (green solid lines). [30]

synergistic complementarity between temporal observations and simulated outdated maps.
The framework’s tri-mode optimization strategy enables operational flexibility that MapEX’s
scenario-specific approach cannot match, particularly in environments with varying prior in-

formation availability.

Experimental validation demonstrates the substantial benefits of unified prior integration
compared to single-source approaches. The framework achieves 74.0% mAP in temporal-only
mode and 80.9% mAP when combining temporal and map priors, representing significant
improvements over baseline performance of 64.9% mAP in non-prior scenarios. This perfor-
mance progression empirically confirms the complementary nature of temporal buffers and
simulated outdated maps in enhancing perception stability. The systematic evaluation of
mixing ratios reveals optimal integration strategies, with a 0.50:0.30:0.20 ratio for non-prior,
temporal-prior, and temporal-map-fusion-prior modes achieving balanced performance across
different operational scenarios. Performance adaptively adjusts to displacement magnitude
variations, demonstrating framework robustness under varying map degradation conditions
while maintaining superior performance compared to temporal-only configurations. The su-
perior performance of these unified integration methods stems from their systematic ex-
ploitation of complementary information sources rather than reliance on single-modal prior
knowledge. Unlike approaches that depend exclusively on neural map priors or temporal
features, Uni-PrevPredMap leverages the inherent complementarity between backward tem-
poral continuity and forward-looking topological constraints, establishing a methodological

foundation for robust online HD map construction in dynamic operational environments.

Moreover, recent breakthrough implementations, particularly the RTMap framework [12],
demonstrate how simultaneous localization, mapping, and change detection can be integrated

within a single E2E architecture. RTMap [12] introduces a paradigmatic approach that
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processes multi-sensor observations through hybrid query mechanisms, enabling the system
to simultaneously detect matched map elements, identify outdated information requiring
removal, and incorporate newly observed features. This unified processing eliminates the
temporal delays and error accumulation characteristic of sequential pipelines while enabling

real-time performance suitable for autonomous driving applications.

Performance Analysis

Table 3.5 quantifies the significant performance improvements achieved through long-term

prior integration, based on comprehensive experimental results.

TABLE 3.5: Performance Impact of Long-term Historical Priors

Method Prior Type | w/o w/ A Integration Strategy
HDMapNet [19] SD+HD 27.7 30.7 +3.1 P-MapNet [16]
VectorMapNet [26] | HD 40.9 44.8 +3.9 Neural Map Prior [50]
StreamMapNet [54] | HD 60.4 66.3 +5.9 HRMapNet [56]
MapTRv2 [24] HD 61.5 67.2 +5.7 HRMapNet [56]

3.2.4 Discussions

The comprehensive analysis of prior information utilization reveals fundamental insights into
the evolution and capabilities of HD map construction systems. The progression from no-
prior methods to sophisticated historical prior integration demonstrates a clear trajectory of

performance enhancement and system maturity.

Quantitative Performance Analysis

The performance improvements across different prior information categories demonstrate a
consistent trend: methods incorporating long-term historical priors achieve the most signif-
icant gains, with improvements ranging from 3.0% to 5.9% mAP. The data from Table 3.5
shows that historical rasterized map integration (StreamMapNet [54] and MapTRv2 [24])
provides the largest improvements of approximately 6% mAP, while SD map integration
through P-MapNet [16] offers more modest but still substantial gains of 3.0-3.9% mAP.

Comparing architectural approaches, Transformer-based methods without priors achieve
48.3-66.7% mAP (Table 3.3), while the same architectures with long-term priors reach 66.3-
67.2% mAP (Table 3.5), representing a ceiling effect where sophisticated priors become es-

sential for achieving state-of-the-art performance.

Architectural Implications

The integration of prior information fundamentally alters architectural requirements. No-
prior methods require sophisticated view transformation and feature extraction capabilities,
with Transformer architectures proving superior due to their ability to capture long-range

dependencies essential for map element detection.
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Temporal prior methods introduce memory management challenges but demonstrate that
even simple temporal fusion strategies can provide meaningful improvements in detection
consistency. The dual-memory approaches in MapTracker and streaming mechanisms in
StreamMapNet represent efficient solutions balancing performance gains with computational

overhead.

Long-term prior methods achieve the highest performance ceiling but require sophisticated
data management infrastructures. The neural map prior approach (NMP) [50] and historical
rasterized map integration (HRMapNet [56]) demonstrate that persistent map representa-
tions can provide substantial performance benefits, justifying the additional architectural
complexity. The unified framework introduced by Uni-PrevPredMap [30] represents a sig-
nificant advancement in long-term prior utilization, achieving state-of-the-art performance
through strategic integration of temporal perception buffers and cost-efficient alternative

maps, demonstrating the complementary nature of different prior information sources.

Research Directions

The consistent performance improvements from prior information integration suggest several
promising research directions. Hybrid approaches combining multiple types of prior informa-
tion could yield further gains. The significant improvements from historical rasterized maps

(5.7-5.9% mAP) indicate that persistent map representations deserve continued investigation.

The development of efficient prior information sharing mechanisms could enable collabo-
rative mapping systems where vehicles contribute to and benefit from shared historical knowl-
edge. Additionally, adaptive prior selection based on environmental context and learned prior

representations offer potential for continued advancement in mapping accuracy and reliability.
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Chapter 4

Experiments

The fundamental challenge in deploying learning-based HD mapping and localization systems
lies in the significant discrepancy between idealized experimental conditions and real-world
operational uncertainties. Contemporary research predominantly evaluates these systems
under conservative perturbation assumptions, typically limiting initial pose uncertainties to
2-5 meters and rotational errors to a few degrees. However, this experimental paradigm in-
adequately reflects the harsh realities of autonomous vehicle deployment, where GPS signal
degradation in urban canyons, tunnels, and dense urban environments can introduce posi-
tional uncertainties exceeding 30 meters and heading errors reaching 10°or more. This dis-
parity between laboratory validation and deployment scenarios creates a critical knowledge
gap that undermines the reliability of current systems when transitioning from controlled
experimental settings to real-world operation. The conservative perturbation assumptions
employed in existing literature not only fail to capture realistic sensor uncertainty charac-
teristics but also risk introducing data leakage artifacts where models inadvertently learn

dataset-specific patterns rather than robust spatial reasoning capabilities.

To address these fundamental limitations, this chapter investigates two critical research
questions that directly impact the practical deployment of integrated mapping-localization

systems:

Research Question 1: How does initial pose uncertainty affect map-based
localization robustness? Current localization methods demonstrate excellent performance
under minimal perturbations but their behavior under realistic GNSS degradation scenarios
remains largely uncharacterized. Understanding this relationship is essential for designing

robust systems that maintain operational safety across varying environmental conditions.

Research Question 2: How do pose perturbations impact HD mapping system
performance? While many HD mapping approaches incorporate ablation studies demon-
strating resilience to small pose errors, the impact of realistic localization uncertainties on
mapping quality requires systematic investigation. This understanding is crucial for both
HD map generation and updating scenarios where precise ego-pose estimation directly af-

fects prior map utilization effectiveness.

Our experimental design addresses these questions through carefully controlled perturba-

tion studies that avoid data leakage risks while simulating realistic deployment conditions.
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The investigation spans both fine-grained uncertainties representative of high-precision posi-
tioning systems and large-scale errors characteristic of challenging urban environments. By
systematically varying perturbation magnitudes during both training and testing phases, we
establish empirical foundations for optimal system design parameters that balance robustness

with accuracy requirements.

The experimental findings provide critical insights for architectural design decisions in
integrated mapping-localization frameworks, establishing performance thresholds and robust-
ness characteristics essential for safe autonomous vehicle deployment. These results directly
inform the unified framework proposed in Chapter 5, ensuring that theoretical architectural

advances translate effectively to practical implementation requirements.

4.1 Map Based Localization
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F1GURE 4.1: Comparison of localization robustness under different initial pose pertur-
bation scenarios: (a) no perturbation, (b) XY translation perturbation, (c) orientation
perturbation, (d) combined perturbation (translation + orientation).
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4.1.1 Experimental Design and Motivation

The fundamental challenge in visual localization systems lies in the inherent uncertainty of
sensor measurements in real-world deployment scenarios. GPS receivers typically exhibit
accuracy limitations of 3-20 meters in urban environments, while IMU systems suffer from
drift and calibration errors that compound over time [6]. This discrepancy between idealized
training conditions and practical deployment environments creates a critical domain gap that
significantly impacts system performance. Fig 4.1 shows how to apply combined perturbation

(translation + orientation) to the GT pose.

To address this challenge systematically, we design a comprehensive ablation study that
investigates the impact of initial pose perturbations during both training and testing phases
on the robustness of visual localization systems. The experimental hypothesis posits that
models trained with realistic sensor noise will demonstrate superior performance under actual

deployment conditions compared to models trained with perfect initial pose estimates.

The experimental design follows three core principles. First, we isolate the effects of
translational and rotational uncertainties through carefully designed perturbation configura-
tions. Second, we ensure fair comparison by maintaining identical training procedures across
all configurations, varying only the perturbation parameters. Third, we evaluate all trained
models under multiple test conditions to comprehensively assess their practical applicability

across different deployment scenarios.

4.1.2 Experimental Setup
Dataset and Model Configuration

We conduct experiments using the KITTI dataset, a widely-adopted benchmark for au-
tonomous driving research that provides high-quality camera imagery with precise ground
truth poses obtained from Real-Time Kinematic (RTK) GPS systems. The images are cap-
tured by cameras mounted on a vehicle driving through urban and residential areas, providing
about £20m and £100 of the GT position accuracy through RTK [36].

The KITTI dataset contains stereo images captured by a moving vehicle from different
trajectories at different times, with minimal trajectory revisitation. We split the entire raw
dataset into three subsets: Training, Test1, and Test2. The Training and Test1 sets originate
from the same geographical region, while Test2 represents a different area to evaluate gener-
alization capability. Training is performed on the Training set, with Test1 used for validation
during training, while trajectories within 5 meters of validation data are removed from the
training set to prevent overfitting. The dataset distribution comprises 19,655 training images,
3,773 Testl images, and 7,542 Test2 images.

Our approach builds upon OrienterNet [35], a state-of-the-art visual localization model
pre-trained on the large-scale MGL dataset. We fine-tune this pre-trained model on KITTI
using different initial pose perturbation strategies to assess their impact on localization ro-

bustness.
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Perturbation Configurations

We evaluate five distinct perturbation configurations designed to isolate different aspects of

sensor uncertainty:

o Configuration 1 (Om, 0°): Baseline configuration with no perturbations, representing

idealized sensor conditions

o Configuration 2 (10m, 5°): Moderate perturbations simulating typical GPS and

IMU accuracy in favorable conditions

o Configuration 3 (20m, 0°): Pure translational perturbations to isolate the impact

of GPS positional uncertainty

o Configuration 4 (20m, 10°): Combined perturbations representing realistic sensor

conditions in challenging environments, corresponding to the original OrienterNet setup

o Configuration 5 (30m, 10°): High perturbations simulating degraded sensor perfor-

mance in adverse conditions

During training, perturbations are applied to the ground truth poses using pre-computed
shift values sampled from uniform distributions within the specified radius for both trans-
lational and angular components. This ensures reproducibility across experiments while
maintaining realistic noise characteristics. For testing, we apply the same five perturba-
tion configurations to create a comprehensive 5x5 experimental matrix totaling 25 distinct

train-test combinations.

Training Protocol

All experiments utilize identical training hyperparameters to ensure fair comparison. We
employ a learning rate of 0.0001 and distribute training across three NVIDIA A40 GPUs.
For each configuration, we monitor validation performance and select the best epoch before
overfitting occurs [35]. Configurations with excessive perturbations that fail to converge are

excluded from analysis to focus on practically viable training strategies.

To comprehensively assess model robustness, we evaluate each trained model under all
five test perturbation configurations. This systematic approach enables us to understand how
training perturbations affect performance across different deployment scenarios, from ideal

conditions to challenging real-world environments.

4.1.3 Results and Analysis

Performance Pattern Analysis

Figure 4.2 presents a comprehensive analysis of system performance across translational
and angular perturbation dimensions, revealing critical insights for robust visual localiza-

tion system design. The experimental results demonstrate fundamental differences between
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perturbation-aware and traditional training approaches under realistic deployment condi-

tions.

The naming convention Kitti_ X Y represents training configurations where uniform
distribution perturbations are applied to initial poses during training, with X indicating
translational perturbation range (in meters) and Y indicating angular perturbation range
(in degrees). For example, Kitti_20_10 indicates training with up to 20m translational and
10°angular perturbations applied to initial poses. The test conditions (e.g., Pure Trans (20m,

0°)) refer to perturbations applied during inference to evaluate model robustness.
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FIGURE 4.2: Visualization results on KITTI dataset test perturbation

Lateral Performance Analysis Across Training Configurations: The lateral MAE
results in Figure 4.2(a) reveal distinct performance patterns across the five test conditions.
Under ideal conditions (Om, 0°), all configurations achieve comparable performance, with
Kitti_0_0 (baseline) achieving the lowest lateral MAE of 0.35m. However, as test condi-
tions become more challenging, dramatic performance divergences emerge. The Kitti_ 0_0
configuration exhibits severe performance degradation, reaching 6.60m lateral MAE under ex-
treme conditions (30m, 10°). In stark contrast, the perturbation-aware training configurations
(Kitti_10_5, Kitti_ 20_10, Kitti_30_10) demonstrate remarkable stability, maintaining lat-
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eral MAE consistently below 1.5m across all test conditions. Notably, Kitti_10_5 achieves
the best overall lateral performance with 0.94m under moderate conditions and only 1.47m
under extreme conditions, representing a 4.5-fold improvement over baseline performance

under challenging scenarios.

Longitudinal Estimation Robustness Under Perturbation Stress: The longitu-
dinal MAE patterns in Figure 4.2(b) demonstrate even more pronounced performance differ-
ences between training approaches. The Kitti_0_0 configuration experiences catastrophic
performance degradation from 0.32m under ideal conditions to 15.77m under extreme condi-
tions, representing nearly a 50-fold increase in error. Pure translational training (Kitti_20_0)
exhibits similar vulnerability with comparable degradation patterns, reaching 15.56m under
extreme conditions. Conversely, perturbation-aware configurations maintain controlled lon-
gitudinal errors across all test conditions. Kitti_ 20_10 demonstrates the most consistent
longitudinal performance, with errors ranging from 1.07m under ideal conditions to 7.51m
under extreme conditions. This represents a substantial improvement in robustness, contain-
ing the error increase to approximately 7-fold rather than the 50-fold degradation observed

in baseline approaches.

Angular Stability Through Mixed Perturbation Training: The yaw MAE anal-
ysis in Figure 4.2(c) reveals the superior angular estimation capabilities of perturbation-
aware training. All configurations start with comparable yaw performance under ideal condi-
tions (approximately 2.4-2.5°). However, as angular perturbations increase in test conditions,
Kitti 0 0 and Kitti_ 20 0 configurations show progressive degradation, reaching 5.94°and
5.30°respectively under extreme conditions. Perturbation-aware configurations with angular
training components demonstrate exceptional angular stability, with Kitti_ 20 10 maintain-
ing the most consistent performance across all conditions, varying only from 2.40°to 2.99°.
This represents less than 0.6°variation compared to the 3.4°variation observed in Kitti_ 0_0

configuration, indicating superior orientation estimation robustness.

Optimal Configuration Selection Through Comparative Analysis: The compre-
hensive performance comparison establishes Kitti_ 20_ 10 as the optimal training configura-
tion across all estimation dimensions. This configuration achieves the best balance between
accuracy preservation and uncertainty tolerance, demonstrating competitive performance un-
der ideal conditions while maintaining superior robustness under challenging scenarios. The
systematic comparison reveals that perturbation-aware training approaches consistently out-
perform both baseline (Kitti_0_0) and pure translational (Kitti_20_0) approaches, with
Kitti_ 20_ 10 showing the most stable performance profile across lateral, longitudinal, and
angular dimensions. The 20m translational and 10°angular perturbation combination in
training effectively prepares the system for realistic deployment uncertainties without com-

promising fundamental estimation accuracy.

The superior performance of Kitti_20_ 10 can be attributed to several key factors. First,
the inclusion of both translational and angular perturbations during training creates a com-
prehensive uncertainty representation that mirrors real-world deployment scenarios, where
sensor noise and calibration errors typically manifest in both spatial and orientational di-
mensions simultaneously. This joint perturbation strategy enables the network to learn ro-

bust feature associations that remain stable under combined uncertainty conditions, unlike
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pure translational training (Kitti_20_0) which fails to capture angular uncertainty charac-
teristics. Second, the 20m/10°perturbation magnitude strikes an optimal balance between
training challenge and learning stability—sufficient to induce meaningful robustness without
introducing excessive noise that could impair convergence or degrade feature learning quality.
This is evidenced by comparing Kitti 20 10 with Kitti_30_ 10, where the increased pertur-
bation magnitude begins to show diminishing returns and occasionally worse performance.
Finally, the mixed perturbation approach functions as an effective data augmentation strat-
egy that implicitly regularizes the learning process, forcing the network to develop invariant
representations that generalize well across the uncertainty space typically encountered in

autonomous vehicle deployment scenarios.

Cross-Condition Stability Analysis
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FI1GURE 4.3: Coefficient of variation analysis across training configurations, showing
dimensional stability contributions for each training configuration.

To quantitatively assess model robustness across deployment scenarios, we conducted
comprehensive stability analysis using coefficient of variation (CV) and maximum-to-
minimum ratio metrics. The coefficient of variation is calculated as CV = o/u, where o
represents the standard deviation and p the mean across all five test conditions, providing a

normalized measure of relative variability independent of absolute performance levels.

Figure 4.3 presents a comprehensive breakdown of coefficient of variation contributions
across training configurations, revealing fundamental differences in dimensional stability char-
acteristics. The stacked visualization clearly demonstrates that mixed perturbation training
configurations achieve dramatically lower total CV values compared to baseline and pure
translational approaches. The kitti_ 2010 and kitti_10_5 configurations exhibit total CV
values of approximately 0.83 and 0.84 respectively, representing superior stability across all
estimation dimensions. This contrasts markedly with baseline (kitti 0_0) and pure trans-
lational (kitti_ 20_0) configurations, which demonstrate total CV values approaching 1.5,

indicating substantial performance variability across deployment conditions.
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It also reveals that angular estimation achieves exceptional stability in mixed perturbation
configurations, with yaw CV contributions remaining minimal across all training approaches.
This pattern indicates that orientation estimation responds particularly favorably to com-
bined uncertainty training, developing robust rotational invariance properties that maintain
consistent performance regardless of deployment perturbation levels. The longitudinal di-
mension consistently contributes the largest portion of total CV across all configurations,
suggesting inherent challenges in forward-backward estimation that require specialized at-

tention in system design and deployment planning.

The comprehensive stability analysis establishes a clear performance hierarchy that aligns
with the MAE-based evaluations presented in Figure 4.2. The kitti_20_10 configuration
emerges as the optimal choice, achieving the lowest total CV while maintaining balanced
performance across all estimation dimensions. The result demonstrates that mixed perturba-
tion training approaches cluster together with significantly superior stability characteristics
compared to traditional methods. The dramatic stability gap between mixed and single-
dimension perturbation approaches validates the critical necessity of angular uncertainty
inclusion in training protocols, transforming visual localization from brittle high-variance
systems to robust deployment-ready solutions suitable for safety-critical autonomous appli-

cations.

Visualization Analysis

To comprehensively evaluate the effectiveness of our perturbation-based training approach, we
present detailed visualization results across three challenging driving scenarios: bidirectional
roads, curved trajectories, and complex intersections. Each visualization includes the camera
view, semantic map, likelihood estimation, and neural feature maps, with ground truth poses
indicated by red arrows, perturbed input poses by blue arrows, and model predictions by black
arrows. The comparison between models trained with 20m/10°perturbations versus baseline
models without perturbation augmentation reveals significant performance differences under

identical test perturbations.
Bidirectional Road Scenarios

Figure 4.4 presents the localization performance in bidirectional road environments, where
symmetric visual features create fundamental challenges for pose estimation. The upper panel
demonstrates the robust performance of our perturbation-augmented model when subjected
to 20m/10°perturbations during inference. Despite the substantial input noise, the predicted
pose (black arrow) closely aligns with the ground truth (red arrow), while the likelihood
map exhibits concentrated activation patterns around the correct location. The neural map
shows focused attention on relevant road features, indicating that the model has learned to

disambiguate between visually similar road segments through robust feature associations.

In contrast, the lower panel reveals significant performance degradation for the baseline
model under identical test conditions. The predicted pose exhibits substantial deviation from
the ground truth, with the likelihood map showing erroneous activation in regions correspond-
ing to the opposing lane. This failure mode is particularly pronounced in bidirectional road

scenarios due to the inherent environmental symmetry. Bidirectional roads present a funda-
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FIGURE 4.4: Visualization results on KITTI dataset test with perturbation on bidi-
rectional road scenario(above: train with perturbation(20m 10°), below: train without
perturbation, blue: Init., red: GT, black: Pred.)

mental challenge for visual localization systems due to their near-identical visual appearance
on opposing sides. Buildings, vegetation, road markings, and other environmental landmarks
often exhibit mirror symmetry across the road centerline, creating what we term "symmet-
ric ambiguity" where perturbed observations may be incorrectly matched to geometrically

similar but spatially incorrect map regions.

Our perturbation-based training strategy effectively addresses this challenge by exposing
the model to pose uncertainties during training, forcing it to learn more discriminative feature
representations that remain invariant to spatial perturbations. The model learns to identify
subtle asymmetric cues and develop confidence estimates that prevent spurious matches with
opposing lane features, demonstrating enhanced robustness in handling environmental sym-

metry challenges.

Curved Road Scenarios
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FIGURE 4.5: Visualization results on KITTT dataset test with perturbation on curved
road scenario(above: train with perturbation(20m 10°), below: train without pertur-
bation, blue: Init., red: GT, black: Pred.)

Figure 4.5 illustrates the localization performance in curved road environments, which

present unique challenges due to their geometric complexity and varying curvature profiles.
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The upper panel showcases the remarkable resilience of the perturbation-augmented model,
where despite the initial pose estimate (blue arrow) being severely displaced to the road-
side, the model’s prediction (black arrow) achieves near-perfect alignment with the ground
truth (red arrow). The likelihood map exhibits sharp, concentrated activation around the
correct location, while the neural feature map demonstrates focused attention on relevant

road geometry and landmark features.

Conversely, the lower panel reveals a critical failure mode of the baseline model charac-
terized by longitudinal drift along the curved path. The predicted pose exhibits significant
displacement in the direction of the road curvature, with the likelihood map showing dif-
fuse or misaligned activation patterns. This phenomenon occurs because consecutive road
segments along curved trajectories exhibit similar cross-sectional profiles but differ in their

longitudinal position, creating geometric ambiguity for localization systems.

Curved road environments introduce several fundamental difficulties including geomet-
ric ambiguity where points along a curved trajectory may exhibit similar local geometric
properties, limited distinctive features in relatively homogeneous environments, perspective
distortion from varying viewpoints, and temporal correlation dependency that becomes un-
reliable under large initial pose errors. Our perturbation-based training strategy effectively
addresses these challenges by forcing the model to learn robust feature representations that re-
main discriminative even under substantial pose uncertainties, encouraging the development

of global contextual understanding rather than reliance on local geometric cues alone.

Complex Intersection Scenarios

FIGURE 4.6: Visualization results on KITTI dataset test with perturbation on in-
tersection scenario(above: train with perturbation(20m 10°), below: train without
perturbation, blue: Init., red: GT, black: Pred.)

Figure 4.6 presents the localization performance in intersection environments, representing
one of the most challenging scenarios for autonomous vehicle localization systems. Intersec-
tions are characterized by rich semantic information from multiple converging road segments,
diverse infrastructure elements, and dynamic occlusions from moving vehicles, creating both

opportunities and challenges for accurate pose estimation.

The upper panel demonstrates exceptional robustness of the perturbation-trained model,

where despite the initial pose (blue arrow) being displaced to an adjacent lane, the model
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successfully recovers the correct position and orientation with near-perfect alignment be-
tween predicted and ground truth poses. The likelihood map shows concentrated activation
around the true vehicle position, while the neural feature map reveals focused attention on
discriminative intersection features such as lane markings, traffic infrastructure, and building

facades.

In stark contrast, the lower panel reveals a catastrophic failure of the baseline model,
exhibiting both translational and rotational errors. The predicted pose shows significant
deviation not only in position but also in heading angle, as evidenced by the misaligned black
arrow orientation. The likelihood map displays diffuse or multi-modal activation patterns,

suggesting uncertainty in pose estimation across multiple plausible but incorrect locations.

Urban intersections present a unique combination of challenges and opportunities for vi-
sual localization systems. While they offer rich semantic context through abundant visual
landmarks including traffic signals, road signs, lane markings, and distinctive architectural
features, they simultaneously present difficulties through dynamic occlusions from moving
vehicles and pedestrians, orientation ambiguity from multiple possible heading directions,
scale variations due to open intersection geometry, and complex lighting conditions. The
critical angular error observed in the baseline model highlights a fundamental weakness in
handling orientation estimation under pose uncertainty, which is particularly crucial in inter-
section scenarios for distinguishing between different travel directions and ensuring correct

lane assignment.

The comprehensive visualization analysis across these three challenging scenarios demon-
strates that perturbation-augmented training significantly enhances localization robustness
by enabling models to learn discriminative features that remain effective under substantial
pose uncertainties. The approach proves particularly valuable in complex geometric envi-
ronments where traditional localization methods are susceptible to symmetric ambiguities,

geometric drift, and orientation errors.

4.2 HD Mapping

4.2.1 Experimental Design and Motivation

The fundamental challenge in online vectorized map perception systems lies in the critical
dependence on accurate vehicle localization for historical map maintenance and retrieval. In
autonomous driving scenarios, ego-pose estimation systems typically exhibit inherent uncer-
tainties due to GPS accuracy limitations ranging from centimeters to tens of meters in urban
environments, combined with IMU drift and calibration errors that accumulate over time.
This localization uncertainty directly impacts the core functionality of HRMapNet, where
precise ego-pose information is essential for both updating the global historical rasterized

map and retrieving relevant local map regions during online perception.

To address this challenge systematically, we design a comprehensive robustness evalua-
tion that investigates two distinct scenarios across different baseline methods: (1) fine-grained

localization uncertainties representative of high-precision positioning systems, and (2) large-
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scale initial pose errors that may occur during system initialization or under challenging en-
vironmental conditions. We evaluate both MapTRv2 and MapQR integrate with HRMapNet
which do not apply initial pose error as baseline methods to demonstrate the generalizability

and comparative robustness of our design.

4.2.2 Experimental Setup
Dataset and Model Configuration

We conduct experiments using the nuScenes dataset with two state-of-the-art baseline meth-
ods: MapTRv2 [24] and MapQR, [27], both integrated with the HRMapNet [56] framework.
Models are trained for 24 epochs on the standard nuScenes training split and evaluated on
the validation set. All robustness evaluations utilize identical pre-trained model weights for

each baseline to ensure fair comparison across perturbation configurations.

Two-Scale Perturbation Strategy

We evaluate localization robustness using two complementary experimental designs:

Fine-Scale Perturbations: We inject small-scale Gaussian noise to simulate high-
precision localization system uncertainties. Translation noise spans o; € {0,0.05,0.1,0.2}
meters, representing GPS accuracies from perfect to typical urban conditions. Rotation
noise covers o, € {0,0.005,0.01,0.02} radians (approximately {0°,0.3° 0.6° 1.1°}), reflecting

realistic IMU heading uncertainties.

Large-Scale Perturbations: To evaluate system behavior under significant localiza-
tion failures, we design a second experimental regime with substantially larger noise levels.
Translation errors span four levels with standard deviations oy € {0, 1.67,3.33,6.67} meters,
corresponding to 99.7% confidence intervals of approximately {0,5, 10,20} meters. Rotation
errors cover o, € {0,0.0291,0.0582} radians (approximately {0°,5°, 10°}), simulating compass

failures or significant heading estimation errors.
4.2.3 Results and Analysis
Fine-Scale Robustness Performance

TABLE 4.1: MapTRv2+HRMapNet performance under fine-scale localization uncer-
tainties. Results show mAP under varying translation (o) and rotation (o,) noise

levels.
o, (m) / o, (rad) | 0.000 0.005 0.010 0.020
0.00 67.2 66.7 66.2 64.4
0.05 66.6 66.6 65.9 64.2
0.10 66.7 66.3 65.9 64.2
0.20 66.1 65.3 64.8 63.6

Figure 4.7(a) and (b) present comprehensive heatmap visualizations of fine-scale robust-
ness performance for MapTRv2+HRMapNet and MapQR+HRMapNet, respectively. The
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TABLE 4.2: MapQR+HRMapNet performance under fine-scale localization uncer-
tainties. Results show mAP under varying translation (o;) and rotation (o,) noise

levels.
oy (m) / o, (rad) | 0.000 0.005 0.010 0.020
0.00 72.7 72.4 71.9 70.0
0.05 72.7 72.3 71.8 70.0
0.10 72.4 72.3 71.6 69.8
0.20 717 71.5 71.0 69.1

visual analysis reveals distinct robustness characteristics between the two baseline methods
when subjected to initial pose perturbations that affect both historical map updating and

prior map retrieval processes.

The heatmap in Figure 4.7(a) demonstrates MapTRv2+HRMapNet’s vulnerability to lo-
calization uncertainties, with baseline performance of 67.2 mAP degrading progressively as
perturbations increase. As detailed in Table 4.1, the visualization shows clear performance
degradation patterns, with the most severe impact occurring under combined translation and
rotation noise. At the extreme fine-scale condition (o; = 0.2m, o, = 0.02 rad), performance
drops to 63.6 mAP, representing a 3.6-point degradation from baseline. The color gradi-
ent clearly illustrates how rotation noise exhibits a more pronounced impact than translation
noise, suggesting that heading errors significantly compromise the model’s ability to correctly

align historical map information during both updating and retrieval operations. In contrast,

(a) MapTRv2+HRMapNet Fine-Scale Robustness (b) MapQR+HRMapNet Fine-Scale Robustness
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FiGURE 4.7: HRMapNet mapping results on Nuscenes dataset with different test
perturbation

Figure 4.7(b) reveals MapQR-+HRMapNet’s substantially better robustness profile, main-
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taining higher performance levels across all perturbation conditions. As shown in Table 4.2,
starting from a superior baseline of 72.7 mAP, the system demonstrates remarkable resilience,
degrading only to 69.1 mAP under the most challenging fine-scale conditions. The heatmap
visualization shows a more gradual color transition compared to MapTRv2+HRMapNet, in-
dicating more stable HD mapping performance when prior map utilization is compromised
by pose uncertainties. This suggests that MapQR’s query-based architecture maintains more
robust spatial reasoning capabilities for historical map integration even when initial pose

estimates contain errors.

The side-by-side heatmap comparison reveals that MapQR+HRMapNet maintains a con-
sistent 5.5-point performance advantage over MapTRv2+HRMapNet across all fine-scale per-
turbation levels. This consistent gap indicates that MapQR’s architectural design provides
superior resilience to the dual challenges of inaccurate map updating and compromised prior

map retrieval that result from pose estimation errors.

TABLE 4.3: MapTRv2+HRMapNet performance under large-scale initial pose errors.
Results show individual category performance and overall mAP under substantial
localization uncertainties.

Translation / Rotation | APgiy. APped. APpou. mAP
Om + 0° 67.5 65.4 68.4 67.1
Om + 5° 60.9 62.3 64.0 62.4
Om + 10° 54.4 58.1 56.9 56.5
5m + 0° 44.1 42.4 45.9 44.1
5m + 5° 43.9 41.4 45.2 43.5
5m + 10° 43.4 39.7 43.5 42.2
10m + 0° 35.8 29.0 37.7 34.2
10m + 5° 36.7 27.9 37.9 34.2
10m + 10° 37.3 27.7 37.5 34.2
20m + 0° 31.9 23.7 36.8 30.8
20m + 5° 32.2 23.3 36.5 30.7

20m + 10° 33.2 23.3 36.6 31.0

TABLE 4.4: MapQR+HRMapNet performance under large-scale initial pose errors.
Results show individual category performance and overall mAP under substantial
localization uncertainties.

Translation / Rotation | APgiy. APped. APpou. mAP
Om + 0° 73.5 72.1 72.7 72.7
Om + 5° 66.8 68.8 67.4 67.7
Om + 10° 61.1 64.5 60.7 62.1
5m + 0° 50.5 47.3 49.7 49.2
5m + 5° 49.6 47.6 49.3 48.8
5m + 10° 49.9 45.8 48.0 47.9
10m + 0° 44.8 37.9 44.1 42.3
10m + 5° 44.8 38.1 44.9 42.6
10m + 10° 45.9 37.7 44.9 42.8
20m + 0° 43.4 36.9 45.5 41.9
20m + 5° 43.7 36.6 46.1 42.1

20m + 10° 44.3 37.2 46.7 42.7

Figure 4.7(c) provides a comprehensive bar chart comparison of both methods across

twelve different large-scale perturbation conditions, revealing critical insights about HD map-
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ping system behavior under significant initial pose errors that severely impact both historical

map maintenance and prior knowledge utilization.

The bar chart demonstrates that both systems experience sharp performance drops when
translation errors reach 5 meters, representing a critical threshold in the effectiveness of prior
map integration. According to Tables 4.3 and 4.4, MapTRv2+HRMapNet degrades from 67.1
mAP to 44.1 mAP and MapQR+HRMapNet drops from 72.7 mAP to 49.2 mAP, represent-
ing approximately 34% and 32% performance reduction respectively. This 5-meter threshold
represents a critical breakdown point where the spatial misalignment between current obser-
vations and historical map data becomes too severe for effective integration, fundamentally

compromising the core value proposition of prior map utilization in HD mapping systems.

At extreme perturbation levels (20m + 10°), the performance gap between methods be-
comes even more pronounced. As detailed in the tables, MapQR+HRMapNet maintains
42.7 mAP while MapTRv2+HRMapNet degrades to 31.0 mAP, representing a substantial
11.7-point advantage. This demonstrates that even when initial pose errors catastrophically
compromise both map updating accuracy and prior map retrieval effectiveness, MapQR’s ar-
chitecture maintains significantly better HD mapping capabilities, suggesting superior learned
representations that can partially compensate for spatial misalignment. Although map con-
struction is essentially a point set prediction task, MapQR utilizes instance queries rather
than point queries. These instance queries are scattered for the prediction of point sets and
subsequently gathered for the final matching. The base map instance queries are scattered to
different reference points and added with positional embeddings, then these scattered queries

are gathered back to enhance information within each map instance [27].

The large-scale results also show that rotation errors exhibit diminishing impact at large
translation scales. Both tables confirm that when translation errors exceed 10 meters, the
additional impact of rotation perturbations becomes minimal, indicating that spatial dis-
placement errors dominate over orientation errors in disrupting the historical map integration

process.

Semantic Category-Specific Robustness Analysis

The detailed performance breakdown across map element categories in Tables 4.3 and 4.4
reveals critical insights into how different HD map semantic elements respond to pose per-

turbations that affect prior map utilization effectiveness.

Pedestrian(ped.) crossing detection exhibits the most severe degradation under pose per-
turbations across both baseline methods. Table 4.3 shows pedestrian performance degrading
from 65.4 mAP at perfect localization to 23.3 mAP under extreme conditions (20m + 10°),
representing a catastrophic 64% performance loss. Similarly, Table 4.4 demonstrates pedes-
trian prediction dropping from 72.1 mAP to 37.2 mAP, indicating a 48% degradation. This
heightened vulnerability reflects the discrete, spatially-precise nature of pedestrian crossings,
which require exact spatial correspondence between current observations and historical map
data for successful detection. When pose errors disrupt this correspondence, the prior map

information becomes counterproductive rather than beneficial for crosswalk detection.

Road boundary(bou.) detection demonstrates superior robustness to pose perturbations
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across both architectures. Table 4.3 shows boundary detection maintaining relatively stable
performance from 68.4 mAP to 36.6 mAP, representing a 46% degradation, while Table 4.4
preserves boundary performance from 72.7 mAP to 46.7 mAP, showing a 36% degradation.
This resilience stems from the continuous, extended spatial characteristics of road boundaries,
which provide redundant spatial cues that maintain partial utility even when pose errors
misalign historical map information. The geometric continuity of boundaries enables the HD
mapping system to leverage prior map knowledge effectively even under significant spatial

displacement.

Lane divider(div.) detection exhibits intermediate robustness characteristics, with per-
formance patterns falling between the extreme vulnerability of pedestrian crossings and the
resilience of boundaries. Table 4.3 shows divider performance decreasing from 67.5 mAP to
33.2 mAP, representing a 51% degradation, while Table 4.4 demonstrates degradation from
73.5 mAP to 44.3 mAP, showing a 40% degradation. This intermediate sensitivity reflects
the linear but segmented nature of lane dividers, which provides some spatial redundancy for
prior map utilization but lacks the extensive coverage that makes boundary detection robust

to spatial misalignment.

The comparative analysis also reveals that MapQR+HRMapNet’s architectural advan-
tages are most pronounced for the most vulnerable semantic category. At extreme perturba-
tion levels (20m + 10°), MapQR-+HRMapNet maintains 37.2 mAP for Ped compared to Map-
TRv2-+HRMapNet’s 23.3 mAP, representing a 60% performance advantage precisely where
prior map integration faces the greatest challenges. This demonstrates that MapQR’s [56]
query-based attention mechanisms provide superior capability for maintaining semantic de-
tection performance when historical map information becomes spatially misaligned, offering
critical advantages for safety-critical HD mapping applications where localization quality

cannot be guaranteed.

Visualization Analysis
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FIGURE 4.8: MapTRv2+HRMapNet visualization results on Nuscenes dataset with
different test perturbation of night scenario
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Figures 4.8, 4.9, and 4.10 present qualitative comparisons across three challenging envi-
ronmental scenarios where historical map integration provides substantial benefits under ideal

localization conditions but demonstrates vulnerability when subjected to pose perturbations.

The visualization analysis across night scenarios in Figure 4.8 demonstrates the fun-
damental challenge that poor lighting conditions pose for online map perception systems.
Under perfect localization conditions (No Perturbation), the integration of historical raster-
ized maps enables the system to maintain robust detection of road boundaries, lane dividers,
and pedestrian crossings despite severe visibility limitations that would otherwise compro-
mise sensor-only perception. The surround view images clearly show challenging lighting
conditions with limited visibility of lane markings and road structures, yet the ground truth
comparison reveals that historical map integration successfully compensates for these sensory

limitations.

However, the progressive degradation becomes evident as pose perturbations increase.
Under 10m 5°perturbation conditions, the visualization reveals noticeable misalignment be-
tween predicted map elements and their true spatial positions, with particular deterioration
in the detection of discrete elements such as pedestrian crossings. The 20m 10°perturbation
results demonstrate severe spatial misalignment where the historical map information be-
comes counterproductive, leading to false detections and missed critical road infrastructure.
This degradation occurs not merely due to noise interference but fundamentally because the
spatial displacement causes the original 200mx100m historical map segment to no longer
adequately cover the current perception region, resulting in incomplete prior knowledge for

map reconstruction.
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FIGURE 4.9: MapTRv2+HRMapNet visualization results on Nuscenes dataset with
different test perturbation of rainy scenario

The rainy scenario analysis in Figure 4.9 reveals similar patterns of performance degrada-
tion under adverse weather conditions. The surround view images demonstrate how precipita-
tion affects visual perception quality, creating additional challenges for feature detection and
spatial reasoning. Under ideal pose conditions, the historical map integration maintains high-
quality vectorized map generation despite the compromised visual input. The ground truth

comparison shows accurate detection of complex road geometry including curved boundaries
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and intersection configurations that would be difficult to perceive reliably from sensor data

alone under these weather conditions.

The perturbation analysis reveals that rainy conditions compound the challenges of pose
uncertainty, creating a multiplicative effect on mapping quality degradation. The 10m
5°perturbation results show more severe performance degradation compared to clear weather
conditions, suggesting that environmental challenges reduce the system’s tolerance for local-
ization errors. At extreme perturbation levels (20m 10°), the combination of adverse weather
and pose uncertainty leads to substantial mapping failures, with missed road boundaries and
incorrectly positioned lane markings. This demonstrates that the overlapping semantic infor-
mation between misaligned historical map segments becomes insufficient to support reliable

map reconstruction when environmental conditions already stress the perception system.
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F1GurE 4.10: MapTRv24+HRMapNet visualization results on Nuscenes dataset with
different test perturbation of occulusion scenario

The severe occlusion scenario in Figure 4.10 presents perhaps the most challenging con-
ditions for online map perception, where large vehicles and infrastructure elements block
critical road features from sensor observation. The surround view images show significant oc-
clusion of road markings, boundaries, and pedestrian infrastructure that would render sensor-
only mapping systems ineffective. Under perfect localization, the historical map integration
demonstrates exceptional capability in maintaining complete road structure detection despite
extensive sensory occlusion, validating the core value proposition of prior map utilization in

HD mapping systems.

The visualization reveals that occlusion scenarios exhibit the most severe sensitiv-
ity to pose perturbations among the three challenging conditions examined. The 10m
5°perturbation already shows substantial degradation in mapping quality, with misaligned
road boundaries and incomplete lane structure detection. This heightened sensitivity occurs
because occlusion scenarios provide limited redundant visual information that could compen-
sate for spatial misalignment between current observations and historical map data. Under
extreme perturbation conditions (20m 10°), the mapping system fails to maintain coherent
road structure representation, as the combination of sensory occlusion and spatial misalign-

ment creates a condition where neither current sensor data nor historical map information
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provides sufficient spatial context for reliable perception.

The comprehensive visualization analysis across these challenging scenarios reveals that
pose perturbations could cause degradation in historical map integration. The primary ef-
fect involves direct spatial misalignment between current sensor observations and retrieved
historical map segments, disrupting the correspondence necessary for effective map updating
and retrieval. The secondary effect involves the loss of spatial coverage, where pose errors
cause the historical 200mx100m map segments to inadequately cover the current percep-
tion region, leading to incomplete prior knowledge that cannot support comprehensive map

reconstruction.
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Chapter 5

Integration Framework Design

The traditional paradigm of HD mapping and localization processing fundamentally limits
system performance through error propagation and suboptimal resource utilization. Con-
temporary research demonstrates that the intrinsic coupling between spatial perception and
pose estimation creates opportunities for joint optimization that significantly exceed the
capabilities of independently designed components. This architectural evolution represents
more than incremental improvement; it constitutes a fundamental reconceptualization of how

autonomous systems interact with their spatial environment.

The mathematical foundation for this integration lies in the shared optimization landscape
where mapping accuracy and localization precision are inherently interdependent. When
vehicle pose uncertainty propagates into map construction errors, these errors subsequently
degrade future localization attempts, creating a compounding effect that limits long-term
system performance. Recent work such as RTMap [12] demonstrates that unified frameworks
can address this challenge by treating pose estimation and map construction as coupled
optimization problems. As shown in their experimental results, such joint approaches can
achieve improved performance compared to sequential processing, particularly when dealing
with map updates and change detection scenarios. Building on these insights, our proposed

framework explores similar integration strategies for HD mapping and localization tasks.

5.1 End-to-End Online Processing Architecture

5.1.1 Multi-View Camera Input and BEV Encoder

The architecture employs a surround-view camera configuration following established prac-
tices from HDMapNet [19] and BEVFormer [22]. This unified input strategy captures com-
prehensive 360-degree environmental coverage while maintaining computational efficiency
through parallel feature extraction across all viewpoints, providing the semantic richness

necessary for both HD mapping and precise localization tasks.

The BEV encoder backbone transforms multi-perspective camera observations into uni-
fied bird’s-eye view representations, addressing the fundamental challenge of viewpoint de-

pendency in multi-camera systems. The transformer-based view transformation projects
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FIGURE 5.1: End-to-end architecture for simultaneous HD mapping and localization.
Multi-view camera inputs are processed through a BEV encoder backbone while hybrid
prior maps undergo representation-specific encoding. The novel two-stage coarse-to-
fine decoder leverages rasterized temporal maps for rapid initial estimation and vec-
torized historical maps for precision refinement, generating dual outputs: vectorized
HD maps and 6-DOF pose estimates. The offline dual-layer storage system maintains
vectorized historical maps and rasterized temporal maps with intelligent tile-indexed
organization.

perspective features into metrically consistent overhead coordinates, eliminating perspective
distortions that would otherwise accumulate during map fusion operations, particularly for

distant objects where geometric accuracy proves critical for precise localization.

5.1.2 Hybrid Map Representation Integration

Building upon the rasterization philosophy demonstrated in MapVR [55], which reveals that
"integrating the philosophy of rasterization into map vectorization" significantly enhances
performance through superior sensitivity to geometric deviations, we propose a novel hybrid
representation strategy that leverages the complementary advantages of both vectorized and

rasterized map formats across different temporal scales.

Representation Selection Rationale: Contemporary localization approaches face a
fundamental trade-off between geometric precision and neural network compatibility. While
BEV-Locator [57] achieves superior lateral pose estimation using vectorized HD maps, it op-
erates as an unexplainable black-box with limited yaw angle estimation performance. Con-
versely, rasterized representations enable explainable dense correspondence establishment but

sacrifice geometric precision through discretization.

Our hybrid approach addresses these limitations through intelligent representation se-
lection based on temporal characteristics and processing requirements. Following MapVR’s

insights that rasterization provides 'precise and geometry-aware supervision" while main-
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taining computational efficiency, we design a representation-aware processing pipeline that

optimizes both accuracy and explainability.

Temporal-Aware Map Encoding: The map encoder processes different representa-

tions optimized for their respective temporal and geometric characteristics:

VectorEncoder(Mp;storicat)  for stable geometric precision
Mencoded = (51)
RasterEncoder(Miempora;)  for dynamic dense correspondence

This selective encoding strategy enables optimal representation utilization while main-
taining computational efficiency through specialized processing pathways tailored to each

format’s strengths.

5.1.3 Novel Representation-Aware Coarse-to-Fine Decoder

Drawing inspiration from MapLocNet’s coarse-to-fine registration strategy [48] and MapQR’s
query-based attention mechanisms [56], we propose a novel two-stage architecture that nat-
urally leverages our hybrid representation storage system to achieve progressive accuracy
refinement. Unlike traditional approaches that utilize different network feature scales, our
method exploits the inherent complementary characteristics of temporal and historical map

representations.

Architectural Philosophy: The design addresses the fundamental trade-off between
responsiveness and precision by utilizing representation-specific strengths: rasterized tempo-
ral maps provide rapid dense correspondence for coarse estimation, while vectorized historical
maps enable geometric precision for fine refinement. This approach eliminates the need for

multi-scale feature storage while enabling focused computation on relevant spatial regions.

Stage 1 - Temporal-Based Coarse Estimation: The coarse stage utilizes rasterized

temporal maps to establish rapid initial spatial correspondences:

[Mcozzrsey Pcoarse] = CO&I’SGDGCOdeI‘(FBEv, Mtemporal) (52)

where Miemporai Tepresents recently observed rasterized map information that enables
efficient dense correspondence matching through grid-based attention mechanisms. The ras-
terized format facilitates comprehensive spatial coverage while maintaining computational
efficiency, providing robust initialization that effectively handles dynamic environmental con-

ditions.

The temporal-based approach leverages pixel-wise correspondences to establish broad
spatial relationships between current BEV observations and recent environmental changes.
This stage prioritizes coverage and responsiveness over precision, generating spatial attention

priors that guide subsequent fine-stage processing toward relevant geometric regions.

Stage 2 - Historical-Based Fine Refinement: The fine stage incorporates vectorized
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historical maps through pose-guided rasterization to achieve sub-pixel geometric precision:

Mrefined = POS@GUidedRaSterize(Mhistofrical’ Peoarse; Ufine) (53)

[Mfine7 Pfine] = FineDeCOder(FBEV7 Mrefineda Pcoarse) (54)

where Peourse provides spatial attention guidance and oy, determines the resolution
requirements for precision refinement. The pose-guided rasterization utilizes MapVR’s differ-
entiable rasterization approach [55] to convert relevant portions of vectorized historical maps

while preserving geometric precision essential for accurate localization.

5.2 Offline Map Maintenance Architecture

5.2.1 Dual-Layer Hybrid Representation Storage

Following the dual-layer architectural concept from Uni-PrevPredMap [30], we propose a
novel hybrid representation storage system that strategically leverages different map formats
to optimize the trade-off between storage efficiency and neural processing compatibility across

temporal scales.

Historical Layer - Vectorized Storage: Long-term stable infrastructure elements
are maintained in vectorized format to preserve geometric precision and storage efficiency.
Vectorized elements support complex geometric operations, semantic queries, and precise
spatial relationships while enabling conservative update policies that preserve map integrity

across extended temporal periods.

Temporal Layer - Rasterized Storage: Recent observations and dynamic environ-
mental changes are stored in rasterized format to enable direct neural network processing
without conversion overhead. This representation facilitates rapid dense correspondence
matching, real-time map updates, and change detection operations while maintaining na-

tive compatibility with transformer-based architectures.

This hybrid storage strategy exploits distinct temporal-accuracy characteristics: vector-
ized historical maps provide persistent geometric constraints with storage efficiency, while
rasterized temporal maps ensure neural processing efficiency with immediate availability.
This separation enables optimal resource utilization while preserving both long-term stabil-

ity and short-term responsiveness.

5.2.2 Hybrid Tile-Indexed Storage and Retrieval Method

Extending the tile-indexed approach from Uni-PrevPredMap [30], our offline system em-

ploys sophisticated spatial indexing that accommodates both vectorized and rasterized
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map formats within unified tile structures. Each tile represents a discrete geographi-
cal region indexed through Universal Transverse Mercator (UTM) coordinates (i,j) =
|(UT Megst, UT Myortn) /1], where I denotes the tile dimension corresponding to the perception

range.

Unified Tile Organization: Each tile maintains both representation layers within con-

sistent spatial structures:

Tlle(’b,j) = {Hyector(/i7j)7 ﬁaster(ia ])} (55)

The historical vectorized layer preserves lane centerlines, boundary polygons, and traffic
sign locations as continuous mathematical objects with parametric curves and precise coor-
dinate references. The temporal rasterized layer stores recent observations as dense grids
aligned with identical UTM coordinate systems, maintaining spatial consistency with vector-

ized elements while enabling direct neural processing.

Spatial Coverage and Retrieval: The retrieval mechanism employs UTM coordinate
analysis to ensure complete spatial coverage for both representation layers through boundary-

aware adjacency selection:

{iv — 1,3t} if UTMeaqq mod I < 1/2

I=q{i} if UT Meqsr mod [ =1/2 (5.6)
{ityig + 1} if UTMege mod I > 1/2

{jr — 1,ji} if UT Myygpe, mod [ < 12

J =1 {ji} if UT Mygper, mod [ = 1/2 (5.7)
(e je + 1} if UT Mygpen, mod 1 > 1/2

This selection strategy ensures comprehensive environmental information retrieval for
both vectorized historical data and rasterized temporal observations, preventing perception

gaps while maintaining computational efficiency through spatial locality principles.
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Chapter 6

Discussion

6.1 Research Contributions and Impact

This thesis makes several significant contributions to the autonomous driving research com-
munity. First, it provides the first comprehensive survey that systematically bridges HD
mapping and localization domains, establishing a unified taxonomic framework for compar-
ative analysis. The systematic categorization of methods based on prior information uti-
lization and architectural approaches provides a structured foundation for future research
directions. Second, the identification of optimal integration points where mapping and local-
ization tasks mutually reinforce rather than constrain each other establishes critical design
principles for next-generation autonomous systems. The demonstration that both domains
converge on similar technical foundations validates the feasibility of unified architectural ap-
proaches while highlighting the importance of semantic-geometric correspondence learning.
Third, the experimental analysis provides quantitative evidence for the critical importance
of realistic uncertainty modeling in both training and evaluation protocols. The establish-
ment of performance degradation thresholds and robustness characteristics across different
environmental conditions provides practical guidance for system deployment and operational

safety requirements.

6.2 Limitations and Future Work

Several limitations of current approaches emerged through this analysis. The conservative
perturbation assumptions employed in existing methods, typically limited to 2-5 meter uncer-
tainties, inadequately simulate realistic GNSS deviations that frequently exceed 10-20 meters
in challenging urban environments. This discrepancy between experimental validation con-
ditions and actual deployment scenarios suggests that while current methods demonstrate
excellent refinement capabilities, their robustness for global relocalization scenarios remains
inadequately characterized. The computational complexity scaling of multi-modal approaches
presents challenges for real-time deployment, particularly for cost-sensitive applications where
sophisticated sensor synchronization and processing pipelines may limit practical adoption.

The trade-off between localization accuracy and system complexity requires continued inves-
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tigation to achieve optimal performance-efficiency balance. Future research should prioritize
the development of adaptive integration strategies that can dynamically adjust processing
based on available prior information and environmental conditions. The investigation of col-
laborative mapping systems where vehicles contribute to and benefit from shared historical
knowledge represents a promising direction for scalable autonomous driving deployment. Ad-
ditionally, the exploration of learned prior representations and hybrid approaches combining

multiple types of prior information could yield further performance improvements.

6.3 Conclusion

The convergence of learning-based HD mapping and localization technologies represents a
fundamental evolution in autonomous driving system architecture. This thesis demonstrates
that the traditional separation between mapping and localization processes constitutes an
artificial constraint that limits system performance and adaptability. The systematic anal-
ysis reveals that integrated approaches can achieve superior accuracy, robustness, and effi-
ciency compared to sequential processing paradigms. The architectural insights and experi-
mental findings presented in this work provide a foundation for developing next-generation
autonomous driving systems capable of maintaining precision while adapting to dynamic
operational environments. The unified framework for understanding mapping-localization
integration will inform future research and development efforts toward truly end-to-end au-
tonomous driving capabilities that can operate reliably across diverse and challenging real-
world conditions. The successful completion of this thesis, conducted through collaborative
efforts between academic research at the University of Twente and industry expertise at Sca-
nia, demonstrates the value of bridging theoretical advancement with practical deployment
requirements. The findings contribute to the broader goal of developing scalable, safe, and
efficient autonomous transportation technologies that can adapt to the evolving demands of

modern mobility systems.
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Appendix A

Appendix

In this appendix, we provide additional experimental results and materials to supplement the

findings presented in the main text.

A.1 Localization Experiments Results

Localization experiments results from different train and test configuration matches.

TABLE A.1l: Performance under ideal test conditions (Test: Om, 0°)

Training XY Pert. Yaw Pert. Lateral Longitudinal Yaw Lateral Longitudinal Yaw
Config (m) () MAE(m) MAE(m) MAE(°) RQIm(%) RQ@1m(%) R@1°(%)
kitti_0_0 0 0 0.352 0.322 2.513 94.43 95.20 33.68
kitti_10_5 10 5 0.672 1.067 2.468 76.53 48.50 31.48
kitti 20 0 20 0 0.389 0.344 2.272 92.31 94.21 34.50
kitti_20_10 20 10 0.677 1.066 2.396 76.53 48.65 32.05
kitti_ 30 _10 30 10 0.701 1.082 2.391 73.91 47.52 32.56

TABLE A.2: Performance under moderate test perturbations (Test: 10m, 5°)

Training XY Pert. Yaw Pert. Lateral Longitudinal Yaw Lateral Longitudinal Yaw
Config (m) () MAE(m) MAE(m) MAE(°) RQIm(%) RQ1m(%) R@1°(%)
kitti_0_0 0 0 2.111 5.418 4.053 56.54 17.75 28.80
kitti_10_5 10 5 0.940 2.827 2.768 73.10 41.75 29.38
kitti_20_0 20 0 1.792 5.431 3.819 59.20 17.97 29.24
kitti_ 2010 20 10 0.925 2.868 2.662 73.53 41.63 30.06
kitti_30_10 30 10 1.004 2.912 2.738 70.18 40.80 30.50

TABLE A.3: Performance under pure translational test perturbations (Test: 20m, 0°)

Training XY Pert. Yaw Pert. Lateral Longitudinal Yaw Lateral Longitudinal Yaw
Config (m) (°) MAE(m) MAE(m) MAE(°) RQ@1m(%) RQ1m(%) RQ@1°(%)
kitti_0_0 0 0 4.029 10.129 4.839 48.70 14.92 26.86
kitti_10_5 10 5 1.152 5.228 2.924 70.26 38.17 28.85
kitti_20_0 20 0 3.395 10.092 4.484 52.16 14.89 27.63
kitti_20_10 20 10 1.137 5.190 2.826 70.83 38.07 29.45
kitti_30_10 30 10 1.307 5.329 2.968 67.21 36.86 29.63

A.2 Mapping Experiments Visualization

More visualization results of complex environments in mapping experiments.
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FIGURE A.1: Visualization results of mapping experiments
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FIGURE A.2: Visualization results of mapping experiments
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TABLE A.4: Performance under realistic test perturbations (Test: 20m, 10°)

Training XY Pert. Yaw Pert. Lateral Longitudinal Yaw Lateral Longitudinal Yaw
Config (m) ) MAE(m) MAE(m) MAE(°) RQIm(%) R@1m(%) R@1°(%)
kitti_0_0 0 0 3.964 10.096 4.923 48.98 15.02 27.04
kitti_10_5 10 5 1.161 5.231 2.923 70.37 38.23 28.87
kitti_20_0 20 0 3.332 10.023 4.523 52.51 14.80 27.83
kitti_20_10 20 10 1.130 5.190 2.832 70.87 38.12 29.46
kitti_30_10 30 10 1.314 5.319 2.963 67.26 36.90 29.65
TABLE A.5: Performance under extreme test perturbations (Test: 30m, 10°)
Training XY Pert. Yaw Pert. Lateral Longitudinal Yaw Lateral Longitudinal Yaw
Config (m) () MAE(m) MAE(m) MAE(°) RQIm(%) RQ1m(%) R@1°(%)
kitti_0_0 0 0 6.596 15.766 5.941 43.01 12.44 24.61
kitti_10_5 10 5 1.470 7.767 3.059 68.77 36.00 28.60
kitti_20_0 20 0 5.778 15.562 5.299 47.11 12.94 25.48
kitti 20_ 10 20 10 1.482 7.512 2.990 69.16 35.99 28.98
kitti_30_10 30 10 1.821 7.879 3.171 65.50 34.59 29.05
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