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ABSTRACT

As urban environments continue to evolve and grow in complexity, accurate,
up-to-date, and pedestrian-aware mapping has become a critical enabler for au-
tonomous systems, smart mobility solutions, and urban planning. This thesis
presents a comprehensive research effort that introduces original methodologies,
platforms, and datasets designed to improve the granularity, adaptability, and con-
textual understanding of urban maps — with a particular focus on sidewalks,
crosswalks, and pedestrian-centric infrastructure.

A key contribution of this work is the design and development of the DELTA
platform — a fully customized multi-sensory data acquisition system built from
scratch within the scope of this thesis. The platform integrates and synchro-
nizes diverse sensing modalities, including high-resolution visual data, LiDAR,
GNSS/IMU, and environmental audio, enabling the collection of rich, multi di-
mensional data along pedestrian routes. The resulting DELTA dataset, which also
functioned as a benchmarking dataset, provides a valuable foundation for high-
definition spatial analysis of often-overlooked pedestrian environments which also
served for benchmarking

Building upon this dataset, the thesis proposes two novel methodological frame-
works to advance urban mapping and localization, street2sat — a generative Al-
based framework that leverages landmark segmentation to synthesize satellite-like
views from ground-level imagery. This approach bridges the visual gap between
street-level and aerial perspectives, improving localization accuracy and enhanc-
ing contextual awareness in complex urban scenarios. Street2GIS — an auto-
mated framework for generating GIS-ready shapefiles from monocular street-view
images. By combining depth estimation, semantic segmentation, and cross-view
synthesis, Street2GIS enables the rapid and scalable creation of georeferenced
representations of key urban features, including roads, sidewalks, buildings, and
vegetation. Both frameworks were evaluated using a combination of the DELTA
dataset and captured data. The evaluation methodology involved quantitative met-
rics — such as localization accuracy, similarity measures, and segmentation per-
formance — as well as qualitative analysis to assess robustness across diverse
urban conditions. The results demonstrate the effectiveness of the proposed ap-
proaches in enhancing spatial accuracy, automation, and situational awareness,
with significant potential benefits for autonomous systems, urban analytics.

Overall, this thesis contributes not only new algorithms and tools but also
an end-to-end methodological framework for advancing pedestrian-centric urban
sensing and mapping. The research outcomes aim to support the creation of safer,
more accessible, and data-driven smart cities.
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1. INTRODUCTION

1.1. Overview and motivation

The rapid pace of urbanization has significantly transformed urban mobility in-
frastructure, requires the development of intelligent systems capable of navigating
complex environments. As cities become more densely populated, autonomous
systems—including micromobility solutions like e-scooters and e-bikes, as well
as delivery robots and self-driving vehicles are being integrated to enhance effi-
ciency, reduce congestion, and improve the overall quality of life. However, criti-
cal gaps remain in how these systems perceive, interpret, and adapt to pedestrian-
centric environments such as sidewalks, crosswalks, and shared paths [AG24].
Unlike vehicular roads, pedestrian environments are less structured more unpre-
dictable, posing unique challenges for autonomous navigation. Factors such as un-
predictable human behavior, varying sidewalk conditions, and the presence of di-
verse street elements introduce complexities that are difficult for autonomous sys-
tems to navigate. While vehicular networks have been extensively mapped, pedes-
trian spaces often lack comprehensive mapping, leading to navigation difficulties.
Autonomous systems require advance perception capabilities to interpret complex
pedestrian environments, including recognizing and predicting human behaviors
and understanding social cues. Additionally, the lack of standardized regula-
tions governing the operation of autonomous systems in pedestrian spaces creates
uncertainties in system design and deployment, hindering widespread adoption
[Mav+23].

Autonomous systems face significant challenges in pedestrian environments,
with shortcomings that impact safety, efficiency, and urban planning. Inadequate
perception and decision-making can lead to accidents, endangering both pedes-
trians and autonomous vehicles, while unreliable navigation limits the benefits of
micromobility and autonomous delivery services. Furthermore, urban planners
lack the data and tools needed to design spaces that seamlessly integrate human
and autonomous traffic [MFD24; RL24]. A multidisciplinary approach is essen-
tial to overcome these challenges [Guo+21]. First, creating high-definition maps
of pedestrian areas using crowdsourcing, LiDAR scanning, and computer vision
can provide a critical data foundation. Second, advancing machine learning al-
gorithms to better interpret complex human behaviors and unstructured environ-
ments will enhance system adaptability. Finally, collaboration among urban plan-
ners, technologists, and policymakers is key to redesigning pedestrian spaces and
establishing clear guidelines and standards for the safe operation of autonomous
systems. By addressing these issues through improved mapping, advanced per-
ception algorithms, cooperative urban planning, and regulatory standardization,
autonomous systems can more effectively navigate the complexities of pedestrian
environments. This progress is vital for realizing the promise of safer, more effi-
cient, and livable cities.
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1.2. Research questions

To address the challenges outlined in section 1.1, this thesis explores the following
research questions:

1.

2.

How can multimodal sensing technologies improve the granularity and con-
textual understanding of pedestrian environments for urban analytics?
What role can generative Al play in bridging different perspectives (ground
and satellite) to facilitate accurate and adaptive mapping and localization in
dynamic urban settings?

. How can automated GIS data generation frameworks advance the mapping

of pedestrian infrastructure to support autonomous navigation and urban
planning?

1.3. Contributions

This thesis collectively addresses the limitations of traditional urban mapping and
localization methods, proposing innovative, scalable, and data-driven solutions to
enhance urban mobility systems. Hence, the main contributions can be summa-
rized as follows:

1.

The DELTA project introduces a novel multimodal sensing platform for
comprehensive pedestrian route analysis. It leverages synchronized data
from visual, LiDAR, audio, and GNSS/IMU sensors, along with dedicated
preprocessing pipelines and specialized tools, to generate rich datasets tai-
lored for sidewalk and pedestrian environments [AVH24].

The street2sat framework employs generative Al to bridge the observational
gap between ground and satellite perspectives, enhancing localization and
mapping accuracy in urban settings [ZH24].

. The Street2GIS framework advances pedestrian infrastructure mapping by

automating GIS data generation from street-view imagery, integrating cutting-
edge techniques like semantic segmentation and cross-view synthesis to
produce precise, georeferenced shapefiles [ZMH25].

1.4. Thesis structure

This PhD thesis unfolds across six constructed chapters, each contributing to a
comprehensive exploration of key aspects of urban mapping, localization, and the
integration of Al techniques The structure of the thesis is designed to guide the
reader through a progressive understanding of the subject matter, from founda-
tional concepts to applications and future research directions. The remainder of
the manuscript is structured as follows.
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Chapter 2 explores the current landscape of mapping and localization tech-
nologies, offering an in-depth analysis of map representations and image-based
localization techniques. This chapter explores geometric, topological, feature-
based, and implicit map representations, alongside classical and deep learning-
based approaches to image localization, providing a comprehensive context for
the research.

Chapter 3 focuses on the design and implementation of a versatile data col-
lection platform. It details the hardware components, including data collection
mechanisms, sensor interfaces, power management systems, and damping solu-
tions, as well as software tools for sensor configuration and integration. This
chapter emphasizes the technical innovation involved in building a robust multi-
sensory platform for urban data acquisition.

Chapter 4 introduces the DELTA dataset, a comprehensive collection of multi-
modal data tailored for urban analysis. It discusses the importance of pedestrian-
centric data, sensor synchronization, and fusion methods. The chapter also ex-
plores data annotation and segmentation techniques for urban features, including
sidewalks, roads, vegetation, and auditory events, showcasing the dataset’s appli-
cability in urban mobility research.

Chapter 5 presents the core contributions of the thesis, detailing two innova-
tive frameworks: street2sat and Street2GIS. The street2sat framework leverages
generative Al and landmark segmentation for urban mapping and localization,
employing template matching and tiled image-maps for precise geolocation. The
Street2GIS framework automates GIS data generation, integrating depth estima-
tion, semantic segmentation, and raster-to-polygon conversion to produce accu-
rate urban feature maps. This chapter evaluates both frameworks, providing in-
sights into their performance and addressing challenges through failure analysis.

Chapter 6 summarizes the thesis’s key contributions to Al-driven urban map-
ping and localization, emphasizing their impact on spatial analysis and naviga-
tion. It outlines future directions such as dataset expansion and model refinement,
while also addressing real-world deployment challenges, including computational
constraints, data privacy concerns, and integration with municipal GIS systems.

20



2. STATE OF THE ART

2.1. Overview of map representations

In the domain of Image-Based Localization (IBL), especially within complex ur-
ban landscapes, the selection of an appropriate map representation is critical for
accurately determining a camera’s location from an image. This selection is influ-
enced by the inherent challenges presented by variability in lighting, perspective,
and dynamic elements like moving objects. To navigate these challenges, IBL uti-
lizes a spectrum of map representations, each tailored to leverage different aspects
of spatial information and image features. The comprehensive categorization of
these map representations includes geometric, topological, and feature-based rep-
resentations, each offering unique benefits and facing specific challenges.

2.1.1. Geometric representations

In the domain of IBL, the creation and utilization of 3D metric maps through
structure-based localization represent a cornerstone technique, harnessing various
sophisticated methodologies to accurately model the environment. These tech-
niques encompass Structure from Motion (SfM) [Akb+06], which reconstructs
the 3D structure from sequences of images without prior information about the
scene; Multi-view Stereo (MVS) [PKF07], which estimates depth information
for each pixel across multiple image views; and Simultaneous Localization and
Mapping (SLAM) [CN11; Dav+07; Dis+01], a dynamic process that concurrently
maps the environment while estimating the robot’s or device’s location and orien-
tation within it. The enrichment of these maps is achieved through the generation
of point clouds—dense aggregations of 3D points that outline the environment’s
surface—and mesh representations that connect these points to form structured
surfaces. Additionally, feature markers like SIFT [Low04], SURF [BTV06], and
ORB [Rub+11] are employed to identify and describe unique points in images,
facilitating accurate matching and localization.

However, the deployment of 3D metric maps is not without challenges. The
computational cost is significant, requiring substantial processing power and re-
sources. Adapting to dynamic environments and addressing occlusions, where
objects or lighting may obscure key features, further complicates the accuracy
and reliability of these maps. Despite these hurdles, the applications of 3D metric
maps are vast, ranging from indoor robot navigation within complex spaces like
warehouses [BR13] to augmented reality experiences [MEM+20] that seamlessly
superimpose virtual objects onto the physical world, and detailed 3D reconstruc-
tion and modeling projects.

Conversely, 2D maps offer a different perspective, emphasizing efficiency and
scalability over the detailed depth information provided by their 3D counterparts.
These maps include satellite images [Hu+18; HL20], which offer broad coverage
with relatively lower resolution; aerial photography [Cai+19], providing detailed
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views of smaller areas with higher resolution; and planimetric maps [SZC20;
Seo+18], which are widely available and informative, albeit lacking in elevation
data. The strengths of 2D maps lie in their efficiency, ease of visualization and
sharing, and adaptability to changes in the environment, making them particularly
suitable for applications like outdoor navigation, route planning and logistics, and
large-scale environmental monitoring. However, they may fall short in delivering
the precision required for specific localization tasks, especially in environments
with repetitive textures or complex terrains.

In an effort to leverage the best of both worlds, hybrid approaches that combine
elements of 3D and 2D map representations have emerged, offering a balanced
solution between the high accuracy of detailed 3D models and the efficiency and
scalability of 2D maps. The choice between these map representations, be it 3D,
2D, or a hybrid form, ultimately hinges on the specific needs and constraints of
the application at hand, underscoring the importance of tailored approaches in the
field of IBL.

2.1.2. Topological representations:

Topological maps [GO15; FENO7] present a unique approach to understanding
environments by focusing on the connectivity and spatial relationships rather than
capturing precise geometric details. These maps can be likened to simplified sub-
way maps [Moul4] that highlight stations and their connections without delv-
ing into exact distances or platform shapes. The essence of topological mapping
lies in its representation through nodes, which symbolize key locations such as
landmarks and intersections, and edges that link these nodes, signifying possi-
ble movements between them. Unlike 3D metric maps, topological maps do not
concern themselves with the physical characteristics of these connections, such as
specific distances or angles.

The advantages of employing topological maps are manifold. They are no-
tably efficient, boasting a smaller data size that facilitates faster processing and
storage compared to their 3D counterparts. This efficiency also extends to scal-
ability, allowing these maps to easily accommodate large environments without
succumbing to overwhelming complexity. Additionally, topological maps are
highly adaptable to dynamic environments, capable of adjusting to changes in
appearance, such as furniture rearrangements, as long as the fundamental connec-
tivity remains intact. Furthermore, they enable symbolic reasoning, supporting
path planning and navigation through the use of graph search algorithms.

However, this mapping approach is not without its challenges. The lack of
precise location information within a node can pose difficulties for tasks requiring
fine-grained precision. The potential for geometric ambiguity also arises, mak-
ing it challenging to distinguish between similar-looking nodes without supple-
mentary information. The localization procedure is further complicated by the
requirement for strong feature extraction and matching methods.
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Several techniques have been developed to construct and utilize topological
maps effectively. Landmark-based methods [Ghr+12] identify nodes with easily
recognizable landmarks, with edges determined by visibility or proximity. Grid-
based [JYM14] approaches partition the environment into a grid, placing nodes
at grid intersections and connecting them based on adjacency. Another method
involves the use of Voronoi diagrams [HYS19], where nodes are positioned at
the centroids of regions closest to specific landmarks, with edges delineating the
boundaries between these regions.

2.1.3. Feature-based representations

In the realm of IBL, maps that prioritize distinctive visual elements offer a strate-
gic balance between computational efficiency and the necessary richness of detail
for accurate localization. These maps focus on leveraging unique, recognizable
features within the environment, such as building facades, statues, or specific sig-
nage, thus requiring less processing power and storage compared to exhaustive 3D
metric mapping. This approach is adaptable to large and dynamically changing
environments and exhibits robustness against variations in lighting and occlusions.

The Bag-of-Words (BoW) model [BMG11] stands out as a principal method
in this context, abstracting images into collections of visual words. This method
draws a parallel with document representation by text words, involving the ex-
traction of local image features, clustering these features into "words" based on
similarity, and then representing images as histograms of these word occurrences.
The BoW model is noted for its efficiency in image retrieval within large databases
and its relative robustness to partial occlusions. It manages to capture some spa-
tial relationships between features, although challenges remain in the accuracy
of feature detection and the need for meticulous vocabulary design. This model
may overlook specific landmark details, necessitating careful consideration in its
application. The BoW model, in particular, highlights the versatility and potential
of IBL systems that focus on unique environmental features, contributing signif-
icantly to advancements in navigation, augmented reality, autonomous driving,
and digital content retrieval. This streamlined approach aligns with the evolving
needs of computational efficiency and detailed environmental understanding in
the modern landscape of urban mobility and planning.

2.1.4. Implicit map representations

Implicit mapping has emerged as a transformative approach in robotics and com-
puter vision, leveraging deep learning to navigate and understand complex en-
vironments directly from raw sensory inputs, such as images or videos. This
methodology represents a paradigm shift from traditional navigation techniques
that rely on explicit feature extraction and landmark identification, towards more
adaptive and scalable solutions that can automatically infer spatial layouts and key
features necessary for navigation.
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The foundation of implicit mapping lies in data-driven models trained on ex-
tensive datasets of environmental imagery. These models, utilizing deep learning
algorithms, learn to encode spatial information in a continuous, memory-efficient
manner that is not predefined, enabling the system to identify crucial navigational
cues solely based on visual inputs. This capability is particularly invaluable in
environments lacking distinct landmarks or in dynamic settings, where traditional
systems might falter.

Implicit maps facilitate global localization, allowing systems to determine their
location within an environment from a single image, without the need for a known
starting point or continuous location tracking. However, the dependency on large,
scene-specific training datasets presents a notable challenge, requiring retraining
or fine-tuning for new environments and thus posing scalability issues.

The integration of implicit mapping with traditional methods, such as surfel-
based representations [BS18], triangle meshes [Gur+11], and octree-based occu-
pancy representations [ Ves+18], alongside advanced techniques like theTruncated
Signed Distance Function (TSDF) [Par+19] and Neural Radiance Fields (NeRF)
[Mil+21], highlights a growing trend towards utilizing neural representations for
mapping and reconstruction. These neural approaches, capable of rendering novel
views or scene geometries, signify a shift towards more dynamic mapping solu-
tions. Recent developments in implicit neural mapping, including iMap [Suc+21],
iSDF [Ort+22], and Neural RGBD [Azi+22], have shown promise in representing
entire indoor scenes with a single Multilayer Perceptron (MLP). Yet, challenges
such as the limited model capacity for larger environments and the high memory
costs of dense voxel structures remain. Solutions like NICE-SLAM [Zhu+22] and
Go-SURF [WBAZ22], which combine shallow MLPs with optimizable local fea-
ture grids, offer improvements in surface reconstruction for larger scenes but still
grapple with scalability and memory efficiency.

Looking forward, the future of implicit mapping lies in enhancing the adapt-
ability and robustness of these systems through hybrid approaches that merge the
strengths of various methodologies. Increasing the interpretability of implicit
map-based systems is essential for integration into safety-critical applications,
where user trust is paramount. Furthermore, improving data efficiency through
techniques like transfer learning, domain adaptation, and few-shot learning is crit-
ical for reducing reliance on extensive training datasets and expanding the appli-
cability of implicit maps to a broader range of environments.

2.2. Overview of image based localization

In the evolving field of IBL, particularly within urban environments, the com-
plexity of accurately identifying a location from an image is compounded by the
inherent variability in lighting, perspective, and dynamic elements such as moving
objects. This variability challenges traditional pixel-by-pixel image comparison
methods, necessitating more sophisticated approaches that utilize both local and
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global image features. These features not only provide a more robust basis for
comparison but also have the advantage of requiring less storage space than full-
resolution images.

Urban settings, with their dense architectural structures and frequent obstruc-
tions of satellite signals, present unique challenges and opportunities for IBL sys-
tems. Applications range from pedestrian localization, where buildings may block
GPS signals, to augmented reality and robotics, which aim to enhance human nav-
igation and provide autonomous vehicle guidance within these complex environ-
ments. The focus on urban spaces is further justified by the abundance of detailed
datasets capturing cityscapes and road networks, making them more accessible
for research and application development compared to rural areas.

IBL methodologies split into two primary categories: indirect and direct meth-
ods. Indirect methods treat localization as an image retrieval problem, providing
an approximate location based on the closest match within a database of known
locations. This approach contrasts with direct methods, which aim to precisely
calculate the six Degrees of Freedom (DoF) pose of the camera or imaging sys-
tem from the image itself. These methods differ fundamentally in their handling
of imagery—focusing on scenes rather than objects—and in their evaluation cri-
teria, prioritizing precision in identifying the exact location.

Extensive reviews and studies have shed light on the myriad approaches to
IBL, highlighting the field’s breadth and the specific challenges of city-scale lo-
calization. The significance of IBL in contemporary research is underscored by its
frequent discussion in recent scholarly articles and its prominence in workshops
and tutorials at major conferences. This attention reflects the critical role of IBL
in advancing navigation and localization technologies, particularly as they apply
to the complex and dynamic nature of urban landscapes.

In essence, a localization system is made up of three key components: the
representation of features, the creation of a map, and the process of matching.
The approach to localization can vary significantly based on the choice of map-
ping technique. The following sections explore global localization approaches,
including classical and deep learning-based methods.

2.2.1. Classical approach

Structure-based localization methods [LLD17; JS11; Tan+21a] employ 3D mod-
els to establish correspondences between specific locations within these models
and corresponding regions in images [Dav+07]. These correspondences are often
established using feature markers, such as SIFT [Low04], SURF [BTV06], ORB
[Rub+11], BRIEF [Cal+10], BRISK [LCS11], FREAK [AOV12].
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The construction of 3D maps is typically accomplished through techniques
such as SfM [Akb+06], multiview reconstruction [MP0O7], SLAM [CN11; Dav+07;
Dis+01], or by augmenting existing 3D models with visual markers [ARS14;
Sib+13]. Structure-based localization, utilizing these 3D models, employs a three-
stage process:

* Feature identification: 2D features are extracted from the captured image.

e Feature matching: These 2D features are matched to corresponding 3D
points within the model.

* Camera pose estimation: The camera’s location and orientation are deter-
mined from the feature matches using the Perspective-n-Point (PnP) [Har+94;
Gao+03] problem. The PnP problem typically requires a minimum of three
correspondences between 2D image points and 3D model points to accu-
rately estimate the camera’s pose.

Recent advancements in PnP and three-Point Perspective (P3P) [HR11; ULH16]
algorithms have significantly enhanced the speed and accuracy of camera pose
estimation, a crucial aspect of structure-based localization. However, PnP algo-
rithms are susceptible to errors introduced by outliers or incorrect data. To over-
come this challenge, they are often employed within robust estimation techniques
like the Random Sample Consensus (RANSAC) algorithm [FB81], which effec-
tively filter out unreliable data and ensure that only valid matches contribute to
the pose estimation process. In larger-scale environments, the extensive number
of 3D points required for accurate localization models can pose significant chal-
lenges. The sheer volume of data can lead to increased memory consumption and
hinder the performance of matching algorithms, potentially leading to ambiguous
or erroneous results. To address these issues, recent research efforts have focused
on developing techniques to minimize model size [LSH10; HQM14], accelerate
matching processes [Che+19; Li+12], and enhance the reliability of matching al-
gorithms [Lar+16; Alc+11]. These advancements aim to optimize the utilization
of computational resources and ensure the robustness of localization systems in
large-scale environments.

Retrieval-based localization stands in contrast to structure-based localization,
which utilizes 3D models to establish correspondences between image features
and specific locations within the environment. Retrieval-based localization em-
ploys a different approach, involving three key steps:

» Feature extraction: A comprehensive feature representation of the captured
image is generated. This representation typically encompasses a variety
of local and global features, capturing the distinctive characteristics of the
image.

» Feature matching: The extracted features are matched to corresponding
features within a database of reference images that have previously been
geotagged. This matching process is typically performed using techniques
such as BoW, which segments local features into discrete visual words and
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represents each image with a sparse histogram of these words.

* Location estimation: The location of the captured image is determined
based on the most similar reference image(s) found in the database. This
estimation can be achieved by identifying the best match or by averaging
the matches of the top-ranking reference images.

Various global feature representations have been employed in retrieval-based
localization for tasks such as loop closure (re-identifying previously visited loca-
tions) and place recognition (identifying new locations as part of a known envi-
ronment). Early methods utilized techniques like Principal Component Analysis
(PCA) [Kro6+01] and color histograms [HEOS; UNOO]. These approaches were
later supplemented by crafted global descriptors like Gist [OT01; OT06], which
demonstrated superior performance in certain scenarios.

In recent years, there has been a growing emphasis on combining local fea-
tures to create a more comprehensive global image descriptor. Techniques such as
WI-SURF [AKBOS8] and BRIEF-Gist [SP11] utilize local feature extraction from
specific points across the image to capture more detailed information. However,
the BoW approach [SZ03] has emerged as the most widely adopted method for
aggregating local features into a singular global descriptor. BoW divides the array
of local features into "visual words" and represents each image with a sparse his-
togram of these words. To further enhance the efficiency of the retrieval process,
BoW is often paired with an inverted index, a technique that accelerates searches
by indexing feature descriptors and storing reference image locations alongside
the corresponding visual words. This indexing method is employed in FAB-MAP
2.0 [CN11], a prominent retrieval-based localization system.

2.2.2. Deep learning approach

Deep learning based approaches to global localization can be categorized into
three main types, based on the nature of the inquiry data and the map used: 2D-
to-2D, 2D-to-3D, and 3D-to-3D localization [Che+20]. In 2D-to-2D localiza-
tion, the process involves estimating the camera pose of an image relative to a 2D
map. This map can be either an explicit map, constructed using a geo-referenced
database of images, or an implicit map, encoded within a neural network. Such
methodologies are pivotal for achieving accurate global positioning across a vari-
ety of applications, including autonomous navigation and augmented reality.
Furthermore, 2D-to-3D localization establishes correspondences between the
2D pixels of images and the 3D points of a scene model, providing a more detailed
understanding of the environment by leveraging the depth information. On the
other hand, 3D-to-3D localization involves matching 3D scans with a pre-built 3D
map, offering precise alignment and integration within three-dimensional space.
These approaches represent the cutting edge in leveraging deep learning for
global localization, highlighting the diverse strategies employed to interpret and
navigate known environments. By utilizing explicit databases of geo-referenced
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images or implicit neural maps for 2D-to-2D queries, establishing pixel-to-point
correspondences for 2D-to-3D localization, or matching 3D scans in 3D-to-3D
localization, these methodologies underscore the flexibility and depth of current
global localization techniques. Each method offers unique advantages, whether in
terms of the simplicity and accessibility of 2D-to-2D localization, the depth and
detail afforded by 2D-to-3D methods, or the comprehensive spatial understanding
enabled by 3D-to-3D approaches.

Explicit map-based localization: Explicit map-based 2D-to-2D localization
uses a database of geo-tagged images to represent the environment. The process is
twofold: initially, image retrieval identifies the closest match within the database
to the query image, and subsequently, pose regression calculates the camera’s
relative pose to these reference images. One challenge in this method is selecting
effective image descriptors for retrieval. Deep learning advancements have led to
the utilization of Convolutional Neural Network (CNN) models to extract image-
level features, significantly improving image matching accuracy. For example, the
introduction of the NetVLAD layer [Ara+16], a trainable component, enhances
the feature extraction capability of CNN’s, making them more adept at identifying
similarities among images for retrieval purposes.

To refine pose estimation, techniques have evolved from relying on epipolar
geometry, which depends on matching local descriptors between images, to di-
rectly regressing relative poses using deep learning [Zho+20; Mel+19]. Innova-
tions such as NN-Net [Las+17] estimate relative poses between a query image
and its nearest references, integrating these estimates with known 3D geome-
tries to deduce the query’s absolute pose. Approaches like Relocnet [BLP18] and
CamNet [Din+19] further refine this process by optimizing global descriptors and
applying a two-stage retrieval method to enhance pose accuracy. These reference-
based methods offer scalability and adaptability across various scenarios without
the need for retraining, balancing accuracy and scalability effectively.

Implicit map-based localization: In contrast, implicit map-based localiza-
tion bypasses the need for a reference database, directly estimating camera poses
from single images through deep neural networks. This approach is embod-
ied by PoseNet [KGC15], which predicts camera poses end-to-end from RGB
images. Despite its innovative use of ConvNet architectures, PoseNet’s initial
models struggled with overfitting and required extensive manual tuning. Subse-
quent enhancements have addressed these issues by incorporating LSTM units
[Wal+17], synthetic data augmentation [WMH17; NB17; PZZ18], advanced neu-
ral architectures [Mel+17; CSR18], and geometry-aware loss functions [KC17].

Further developments include Atloc [Wan+19], which employs an attention
mechanism to focus on relevant image features, and RVL [Hua+19], which uses
a prior-guided dropout to mitigate uncertainties caused by dynamic elements in
the scene. VidLoc [Cla+17] introduces temporal constraints to account for the
sequence of images, enhancing the modeling of visual localization. Adding more
external motion constraints can increase the consistency in predicting posture.
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Implicit map-based localization leverages deep learning’s feature extraction
strengths, particularly in environments lacking distinct features. However, its de-
pendency on scene-specific training limits its applicability to new, unseen envi-
ronments without additional training. Despite these challenges, implicit methods
continue to evolve, integrating semantic learning and pose regression to improve
localization accuracy.

2.3. Conclusion

This chapter has presented a comprehensive review of the state-of-the-art tech-
niques in map representations and image-based localization, with a specific focus
on their applicability to complex, dynamic urban environments. Through the ex-
ploration of geometric, topological, feature-based, and implicit representations,
we have highlighted the strengths and limitations of various mapping strategies,
ranging from precise 3D metric maps to lightweight, memory-efficient neural rep-
resentations. Similarly, the overview of classical and deep learning-based local-
ization methods has revealed a shift from structure-based models and image re-
trieval systems toward scalable, data-driven approaches capable of handling di-
verse environmental conditions. Despite recent advances, existing methods often
struggle with balancing accuracy, computational efficiency, and generalizability
across varying urban morphologies. These insights underscore the need for mul-
timodal, context-aware solutions that leverage complementary data sources and
learning paradigms. The methodologies proposed in the following chapters are
informed by these gaps, aiming to build upon the strengths of existing approaches
while addressing their limitations through the integration of generative Al and
pedestrian-centric sensing.
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3. DESIGN AND DEVELOPMENT OF THE
MULTI-SENSORY DATA ACQUISITION PLATFORM
(DELTA PLATFORM)

The Digital Enhancement for Localization in Tartu Area (DELTA) platform was
developed to address the challenges of acquiring detailed, multimodal data neces-
sary for analyzing urban environments, particularly pedestrian pathways and mi-
cromobility infrastructure. Existing mapping methods often rely on limited data
modalities, making them insufficient for capturing the spatial and contextual com-
plexity required for precise localization, infrastructure planning, and urban navi-
gation in dynamic settings. DELTA was designed to bridge this gap by integrating
diverse sensors to provide a more comprehensive and nuanced understanding of
urban landscapes.

A key shortcoming of conventional mapping techniques is their inability to
effectively capture the dynamic and multi-faceted nature of urban environments.
Urban spaces are not static but inherently dynamic, encompassing not just the
physical layout but also elements like pedestrian flow, vehicular traffic, and a
range of environmental factors [Mir+16]. Traditional mapping approaches might
provide a basic structural layout but fall short in terms of spatial and temporal res-
olution, crucial for reflecting the ever-evolving nature of cities [Zha+18]. Changes
in urban infrastructure, seasonal variations in vegetation, and fluctuating patterns
of pedestrian and vehicular movement are just some examples of the dynamic as-
pects that conventional methods struggle to capture. As a result, these methods
often yield a static and outdated view of the urban landscape, lacking the neces-
sary detail and responsiveness to keep pace with rapid urban changes.

When designing the DELTA platform, the main goal was to build a system that
could collect high-resolution, diverse data for urban planning, mobile robotics,
and autonomous driving research. The focus was on making it modular, com-
pact, and easy to replicate so it could be adapted and used in different settings.
The following sections will provide a detailed overview of the DELTA platform.
They describe the integrated hardware—comprising the data collection rig, sen-
sor interfaces, power management, and vibration control—as well as the software
tools used to configure and optimize sensor performance. Together, these sec-
tions outline the platform’s design and its capabilities for multisensory urban data
collection.

3.1. Overview of the platform

The following sections introduce the DELTA platform (Figure 1), the platform
incorporates an array of sensors and recording devices that allow for accurate and
reliable data collection. A central aspect of the design is the implementation of
a vibration-damping system to minimize external noise and vibrations, ensuring
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Figure 1. DELTA platform: a customized e-scooter multi-sensing platform.

the integrity of the collected data. performance, various isolation strategies were
carefully integrated into the design. The scooter features a modular architecture,
enabling straightforward customization to adapt to various research needs. Its in-
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terface was designed to support real-time monitoring and control of the sensors,
providing ease of use for operators regardless of their technical expertise. This en-
sures that the platform is both practical and efficient for collecting data in diverse
urban scenarios.

3.2. DELTA platform hardware setup

The following sections detail the design and functionality of the DELTA plat-
form, covering key components essential for urban data collection. It begins with
the data collection setup, including the choice of vehicle, custom rig, and on-
board computing system. Next, it explores sensor interfaces, describing how the
stereo camera, LiDAR, GNSS, and IMU integrate with the main board. Power
management strategies are then outlined, ensuring stable and efficient operation
of all components. Finally, the section discusses the damping systems used to
minimize vibrations and enhance data quality, ensuring reliable performance in
diverse urban environments.

3.2.1. Design and setup of the e-scooter—based platform

A high-performance electric scooter was chosen for the data collection platform
because it could easily carry the equipment while providing enough space for both
the instruments and the operator. The Inokim Ox Hero was selected for this job,
featuring a 1000W motor and a 13Ah battery. This setup allows it to handle rough
terrain and steep inclines smoothly. The scooter can reach speeds of up to 45km/h,
making it quick and efficient for urban data collection. On a single charge, it has
a range of up to 60km (without the equipment), making it a reliable and durable
option for long data collection sessions.

To facilitate the crucial task of data collection, the establishment of a robust
platform is essential. For this purpose, a custom-built metal rig was meticulously
engineered and constructed to accommodate the scooter (refer to Figure 2), en-
suring seamless integration of sensors, the damping system, and the compute
board. This rig features a duo of rear shock absorbers equipped with anti-puncture
wheels, securely attached to the scooter’s body using nuts and bolts. This configu-
ration not only enhances the platform’s stability but also ensures the safe housing
of equipment during operation. Furthermore, a pair of angled beams is strate-
gically welded to the rig’s base, creating an optimized space for the placement
of sensors, damping devices, and the compute board. This design consideration
ensures that all components are securely mounted and positioned for optimal func-
tionality, facilitating efficient data gathering in various urban environments.

To effectively manage and process the substantial volume of data generated by
its sensors, the DELTA platform incorporates a Samsung 980 PRO 2 TB PCle 4.0
NVMe M.2 Internal SSD. This choice is predicated on the SSD’s speed, boasting
read/write speeds of up to 7000/5000 MB/s, which is essential for the swift record-
ing and retrieval of sensor data. By mitigating potential delays or bottlenecks. The
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Figure 2. The platform equipment rig, where sensors, damping system, and the compute
board are mounted.

Tascam audio recorder and the Osmo Action 3 camera independently store their
data within their respective storage units, with 32GB and 128GB respectively.

The system uses the state-of-the-art NVIDIA Jetson AGX ORIN development
board to handle the integration and analysis of inputs from its stereo camera, Li-
DAR, GNSS, and IMU modules. The Jetson AGX Orin board, is equipped with
an Arm Cortex-A78AE CPU and an NVIDIA Ampere architecture GPU, along
with the newest deep learning and image processing accelerators and improved
video encode and decode features. This development board is a complete system-
on-module, incorporating CPU, GPU, PMIC, DRAM, and flash storage, thereby
streamlining development processes and reducing both time and cost, it also in-
cludes reference carrier board, power supply, and all necessary components.

Data acquisition and processing tasks are managed directly from the e-scooter,
with all data viewable in real-time on a 14-inch 1080p FHD display (Figure 3(a)).
The display is mounted on the front of the e-scooter for optimal viewing, and is
powered by an external 20000mAh power bank, and connected to the main board
via HDMI cable, allowing the operator to monitor the operation and outcomes of
data collection as it happens. Additionally, a Bluetooth-enabled macro keyboard
(Figure 3(b)) is mounted in front of the screen to allow the user to communicate
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with the scooter’s sensors. The user may enable and/or disable certain sensor
functions while the sensor is collecting data using the dial and six programmable
buttons on this module. It is powered by an integrated rechargeable battery, which
greatly improves convenience of usage.

Figure 3. The platforms interface, (a) FHD display, (b) macro keyboard.

3.2.2. Sensors interfaces

Each sensor inside the system interfaces with the main board using various con-
nection techniques, adapted to their operating requirements and data transfer de-
mands.

The ZED2i stereo camera establishes its connection via a USB 3.0 port, en-
suring high-speed data transfer capabilities essential for processing the rich visual
information it captures. The Ouster LiDAR system consists of two components:
the primary LiDAR unit and an interface box. The LiDAR unit connects to the
interface box, which not only supplies the 24V DC power supply required for the
LiDAR’s functioning, but also serves as a data transmission channel. The interface
box has a breakout point for the LIDAR’s Ethernet connection, as well as an RJ45
connector, which makes it easier to connect the LiDAR to the main board via Eth-
ernet cable. The GNSS module utilizes a USB-C connection to interface with the
main board. The IMU module’s interfacing is slightly more complex, requiring
a serial converter module to facilitate communication with the main board. The
IMU connects to this converter, which then links to the main board using a USB
port. The necessity for the serial converter arises from the IMU’s specific com-
munication protocol, which is not natively supported by the main board’s direct
connections.

3.2.3. Power management

The power management architecture of the platform includes a rechargeable Eco-
worthy 30Ah Lithium Iron Phosphate (LiFePO4) battery, which is to support the
Jetson AGX Orin development board and the large sensor array. Because of its
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30Ah rating, this battery is characterized by a high energy storage capacity, which
means that it can sustain a certain current output for an extended period of time.
This explains the LiFePO4 battery’s flexibility in providing continuous power ac-
cording to demand. It is theoretically possible to provide a constant current of 1
ampere for 30 hours, or 2 amperes for half that time. With this feature, the bat-
tery’s operational usefulness can be assessed in a variety of settings, providing a
reliable baseline for both its lifetime and energy delivery efficiency. Crucially, this
battery contains a BMS, offering vital protection against potential damage due to
over or under-voltage, over-current, excessive temperatures, or short circuits. By
protecting the cell integrity, this BMS makes sure that the platform’s power sup-
ply is safe and operational in a variety of scenarios. By reducing battery waste
and prolonging the life of the power source, such a solution not only improves
the energy supply’s dependability and safety but also supports sustainability and
environmental goals.

To keep the Jetson AGX ORIN board running smoothly and protect it from
power surges, the system includes a 12V DC regulator. This is important because
a fully charged LiFePO4 battery outputs 14.3V, which is higher than what many
components are designed to handle. The regulator adjusts this to a steady 12V,
ensuring a safe and reliable power supply for the Jetson board and preventing any
damage from excessive voltage.

Additionally, the platform utilizes a DC-DC step-up converter to cater to the
Ouster LiDAR'’s specific requirement of 24V. This converter adeptly raises the
regulated voltage to meet the LiDAR’s operational needs without compromising
the integrity or performance of the system. By managing the voltage supplied to
each component, the system ensures that the entire data collection apparatus, in-
cluding the high-demand LiDAR sensor, operates efficiently and effectively. This
comprehensive approach to power management is pivotal in maintaining the opti-
mal performance of all onboard technological components.

As parts of the data collecting system, the Osmo Action 3 camera and the
Tascam DR-07X audio recorder have separate battery systems that allow them to
operate independently.

3.2.4. Damping systems

In order to reduce the effects of vibrations on cameras and sensitive devices, es-
pecially those connected by wires or cables, the integration of a 3-axis camera
gimbal stabilizer (Figure 4 (a)), an anti-vibration plate (Figure 4 (b)), and partic-
ularly the vibration isolator wire mount (Figure 4 (c)) is essential. These systems
use a dual strategy: they either physically separate the camera from the vibra-
tion source or directly reduce the vibrational energy. The use of flexible metal
wires in a parallel arrangement is crucial in this setup. They absorb and disperse
vibrational forces, preventing damage to the attached equipments.
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(a) ()

Figure 4. Damping systems: (a) 3-axis camera gimbal, (b) anti-vibration plate, (c) vibra-
tion isolator wire mount.

To maintain the stability of the stereo camera and LiDAR in dynamic environ-
ments, a 3-axis camera gimbal is used. This stabilizer actively counteracts external
disturbances using a combination of brushless motors and sensors, which work to-
gether to reduce unwanted vibrations and rotational shifts. The system operates
across three key axes: pitch (up/down), roll (forward/backward), and yaw (side-
ways). Each axis is controlled by a dedicated motor, guided by accelerometers
and gyroscopes that continuously detect movement changes. When a disturbance
is detected, the gimbal’s control system processes the sensor data and sends real-
time corrective signals to the motors. These motors then adjust their positions
almost instantaneously, minimizing any tilting or shaking to keep the camera and
LiDAR level and steady. To further reduce vibrations affecting the action camera
and audio recorder, an anti-vibration plate equipped with rubber dampening balls
is utilized. These rubber elements act as shock absorbers, isolating the devices
from external movement and ensuring smooth video recording and clear audio
signals. Finally, both the stereo camera and LiDAR are securely mounted on the
gimbal stabilizer, which is fixed to a rectangular frame and further supported by a
vibration isolator wire mount. This multi-layered stabilization system effectively
minimizes any shakiness and sudden motions caused by the moving platform.

3.3. Software tools for sensors

In this section, I detail the software tools essential for configuring and optimizing
sensor performance and system functionality. These tools enable precise calibra-
tion, customization, and correctt operation of the platform’s sensors and peripher-
als. Except for the ZED SDK—which was installed on the Jetson board—all tools
were run on a Windows operating system.
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3.3.1. U-center: Configuring the ZED-FO9P GNSS

U-center! created and developed by u-blox, is a complete software tool designed
for the detailed examination, managing, and customization of u-blox GNSS mod-
ules. This software is critical for evaluating, configuring, and testing functions like
the AssistNow A-GPS service, as well as conducting in-depth analysis of GNSS
data streams. The program runs on a Windows platform and provides an inter-
active environment for communicating with u-blox devices via the UBX binary
protocol or the NMEA-0183 standard. Its architecture offers real-time viewing
of essential GNSS metrics such as location, velocity, and satellite trajectory. U-
center comes equipped with a number of configuration utilities that enable for fine
modifications to positioning modes, filters, and computational methods. Further-
more, it facilitates firmware administration tasks by providing means for down-
loading and uploading firmware revisions to u-blox modules. Notably, the pro-
gram includes features such as antenna calibration, raw data stream access, and
complete performance analysis tools, as well as logging and replay capabilities for
thorough GNSS data study. The U-center was employed to configure the u-blox
module, tailoring it to enable specific messages for output and disabling those that
were unnecessary, thereby saving both time and memory. Configuring the mod-
ule through the software was also crucial to facilitate the reception of raw GNSS
messages, enhancing the efficiency and precision of data collection.

3.3.2. ZED SDK: Spatial perception framework

The ZED SDK? by Stereolabs provides tools for capturing and analyzing three-
dimensional data from ZED stereo cameras. It enables real-time acquisition of
depth, color, and inertial measurements, generating accurate depth maps and 3D
environment representations. The SDK includes features for object detection,
tracking, and motion analysis, along with visualization tools such as point clouds
and depth fields. Its user-friendly API and real-time processing capabilities make
it a practical choice for developing advanced computer vision applications.

3.3.3. WitMotion: Configuring the IMU

WitMotion? software supports efficient data collection and streaming, including
real-time and delayed modes. It provides tools for visualizing sensor data in
formats like charts, graphs, and 3D models, aiding analysis. The software in-
cludes calibration features to ensure sensor accuracy and reliability and allows
customization of IMU settings to meet specific project requirements. Addition-
ally, it enables data logging and export for further analysis and compatibility with
other platforms or tools. The WitMotion software was used for calibrating the

! Available at: https://www.u-blox.com/en/product/u-center
2 Available at: https://www.stereolabs.com/en-ee/developers/release
3 Available at: https://www.wit-motion.com/searchq.html
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IMU, targeting the gyroscope, accelerometer, and magnetometer for precise ad-
justments. This calibration process was complemented by fine-tuning various pa-
rameters, such as the baud rate and sampling rate, to enhance the sensor’s perfor-
mance in alignment with the specific needs of the project.

3.3.4. miniKeyBoard: Configuring the macro keypad

The mini KeyBoard software enables extensive customization of a programmable
macro keyboard. Users can assign specific actions, such as launching applications
or running scripts, to each of the 16 keys through a user-friendly interface. The
software also supports multiple key assignment layers, allowing for flexible con-
figurations tailored to different tasks or workflows. The miniKeyboard app was
used to control the activation and deactivation of various sensors, including the
stereo camera, LiIDAR, GNSS, and the IMU. This setup enabled me to selectively
turn these devices on or off, providing control over each sensor’s operation as
needed.

3.4. Conclusion

This chapter detailed the design and development of the DELTA platform, a custom-
built, multimodal data acquisition system tailored for pedestrian-centric urban
sensing. By integrating a diverse suite of sensors—including LiDAR, stereo and
monocular cameras, GNSS, IMU, and a high-fidelity audio recorder—into a mo-
bile e-scooter platform, the system enables rich and synchronized environmental
data collection in real-world conditions. Special emphasis was placed on me-
chanical stability, sensor placement, and synchronization techniques to ensure ac-
curate spatial and temporal alignment across modalities. The DELTA platform
not only facilitates the capture of complex multimodal datasets but also serves
as a research-grade testbed for experimentation with sensor fusion, segmentation,
and localization techniques. Its modular and portable design supports adaptability
across various use cases, including sidewalk analysis, soundscape classification,
and urban mapping. The foundation laid in this chapter enables the data-driven
methodologies explored in subsequent chapters and underscores the importance
of tailored hardware solutions in advancing urban perception systems.
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4. HANDLING AND PROCESSING RAW DATA FROM
THE DELTA PLATFORM

The following sections detail the comprehensive approach taken to develop the
DELTA dataset, which focuses on pedestrian-centric urban data collection. First,
the need for such a dataset is discussed, highlighting the limitations of traditional
vehicle-focused datasets and the importance of capturing detailed information
about pedestrian infrastructures. Next, the concept of multimodal data collec-
tion is introduced, emphasizing the integration of various sensor types—such as
GNSS, IMU, stereo cameras, LiDAR, audio, and high-resolution video—to cap-
ture a complete picture of urban environments. Subsequent sections explain how
these diverse sensor inputs are synchronized and fused, ensuring that data from
different sources are accurately aligned both in time and space. This is followed
by an in-depth look at the calibration techniques, 3D-to-2D projection methods,
and sensor fusion strategies employed to enhance the dataset’s precision and re-
liability. Finally, the chapter outlines the data annotation and segmentation pro-
cesses, which are critical for preparing the dataset for advanced machine learning
and autonomous system applications.

4.1. Need for pedestrian-centric data

The evolution of urban environments and the integration of diverse mobility so-
lutions, including micro-mobility devices and autonomous vehicles, have signif-
icantly transformed pedestrian pathways, sidewalks, and public spaces into dy-
namic components of urban infrastructure. This transformation underscores the
need for a deeper understanding of pedestrian infrastructure’s role in urban mo-
bility and the advancement of autonomous and mobile robotic systems [FBC23;
ALD21]. The shift towards dynamic pedestrian environments, accommodating
electric scooters, e-bikes, and autonomous delivery robots alongside traditional
foot traffic, raises crucial questions about safety, efficiency, and accessibility in
these shared spaces.

Despite the proliferation of datasets aimed at supporting urban research, a dis-
cernible gap exists in data specifically pertaining to pedestrian-centric aspects of
cities. Traditional datasets, often focused on vehicular perspectives and road net-
works, such as the KITTI vision benchmark suite [Gei+13], Cityscapes [Cor+15],
and Waymo [Sun+20], which have primarily been developed with a focus on
vehicular perspectives and roadways, emphasizing autonomous navigation and
traffic management. However, these datasets tend to overlook the nuanced chal-
lenges specific to pedestrian environments. While UrbanLoco [Wen+20] and
Hong Kong UrbanNav [Hsu+23] incorporate raw GNSS measurements for nav-
igation research, they, too, focus predominantly on vehicle-centric urban areas.
This oversight highlights the critical need for datasets that offer detailed insights
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into pedestrian areas, which are indispensable for developing autonomous systems
that are safe and efficient in both vehicular and pedestrian contexts.

A few existing datasets do address pedestrian dynamics, but often in con-
strained scenarios such as public space crowd behavior or indoor tracking. These
specialized datasets, while useful, do not fully represent the complexity of pedes-
trian activity in urban settings. The need for quality data that captures the intri-
cacies of pedestrian infrastructure is paramount, especially as advancements in
deep learning continue to push the boundaries of computer vision techniques like
semantic segmentation.

Recent research initiatives have pioneered a variety of innovative techniques
for gathering data on pedestrian infrastructure, reflecting a dynamic shift in how
urban environments are studied. For instance, Tile2Net [Hos+23] leverages se-
mantic segmentation of aerial images to chart pedestrian pathways, offering a
bird’s-eye view of urban walkability. SideGuide [Par+20] takes a more nuanced
approach by integrating insights from interviews with individuals who have mo-
bility impairments, crafting a dataset that zeroes in on features critical to sidewalk
accessibility. Another study [Wel+19] taps into Google Street View panoramas to
evaluate the accessibility of sidewalks, showcasing the utility of leveraging readily
available online images for urban studies.

The PESID project [Sun+19] contributes to this growing body of research by
assembling a dataset from labeled photographs that illustrate a variety of sidewalk
scenarios, emphasizing pedestrian safety. Similarly, a study [Nin+22] merges
aerial and street-level imagery to construct a detailed representation of sidewalk
networks, offering a holistic view of pedestrian infrastructure. CitySurfaces [Hos+22]
employs computer vision technology to categorize sidewalk materials through
analysis of street-level images, enriching datasets focused on material types.

In a creative twist, another research effort [Dec+22] utilizes the CARLA sim-
ulator’s 3D virtual environment to simulate scenarios for electric wheelchairs on
sidewalks, illustrating the innovative application of synthetic scenes in data collec-
tion for urban planning. These diverse approaches not only highlight the evolving
landscape of data collection techniques but also underscore the growing recogni-
tion of the critical need for comprehensive datasets. Such datasets are instrumental
in advancing our understanding and capabilities in urban planning, particularly in
enhancing the development and safety of pedestrian infrastructure.

The DELTA dataset aims to compensate the crucial gap in urban mapping and
analysis. By integrating high-fidelity audio-visual data, precise localization, and
robust semantic annotations, it diverges from the conventional road-centric focus
of most urban datasets. Instead, it aims to offer a comprehensive sensory and
localization data collection, emphasizing pedestrian areas.
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4.2. Need for multimodal data collection

The necessity for multimodal data collection in urban mapping and analysis is
rooted in the intricate and dynamic nature of urban environments. This scientific
approach is vital for gaining a comprehensive understanding of these complex
ecosystems. Urban areas are not just physical spaces; they encompass a blend of
pedestrian traffic, vehicular movement, architectural features, and various envi-
ronmental conditions [Jon14]. By employing multimodal data collection, which
involves gathering information through a range of sensory inputs such as visual,
auditory, spatial, and navigational data, a more holistic picture of urban landscapes
emerges. Moreover, multimodal data collection enhances the accuracy and depth
of urban analysis. Different sensors, each capturing unique aspects of the environ-
ment, contribute to a richer, more nuanced dataset. Visual sensors, like cameras,
provide imagery and detail, LiIDAR sensors offer precise spatial measurements,
and audio sensors capture the ambient sounds of an area. The integration of these
diverse data types are essential for training algorithms to safely and effectively
navigate urban settings, enhancing their capability to understand and respond to
the complexities of urban environments. As cities continue to evolve, facing new
challenges such as the rise of micro-mobility solutions and autonomous delivery
systems [ALD21; BAS19; ALD21], the adaptability offered by multimodal data
collection becomes increasingly important. It ensures that the data reflects the
current state of urban environments, facilitating the development of technologies
and solutions that are relevant and effective in addressing contemporary urban
challenges. Figure 5 presents an overview of the platform, showcasing the multi-
sensor datasets, segmentation techniques, sound event classifications, and the area
under study.

4.3. Multimodal integration in the DELTA dataset

The following sections describe how the DELTA dataset integrates multiple sensor
modalities to capture a comprehensive view of urban pedestrian environments.
Each section details a specific sensor—GNSS for precise positioning, IMU for
motion and orientation, stereocameras for depth and spatial context, LIDAR for
accurate 3D mapping, audio recorders for capturing urban soundscapes, and a 4K
camera for high-resolution visual data—and explains its role, functionality, and
how its data is synchronized and fused within the overall multimodal framework.

4.3.1. GNSS

GNSS represent a network of orbiting satellites that provide geo-spatial position-
ing with global coverage. This technology allows GNSS receivers to determine
their location (longitude, latitude, and altitude) to high precision using the sig-
nals transmitted from these satellites. GNSS is widely used in various applica-
tions including navigation, surveying, geophysics, and more. It is the backbone of
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Table 1. ZED-F9P GNSS module features

Feature Description

L1 and L2 GNSS Reception  Receives signals from L1 and L2 bands for
RTK applications.

Communication Ports Offers USB, 12C, UART/Serial, and SPI ports
for data transfer and configuration.

USB Port USB-C connector for configuration and

NMEA sentence viewing.

12C (DDC) Port 12C port for reading NMEA sentences and
handling RTCM data.
UART/Serial UART pins for serial communication, UART2

for RTCM3 correction data.

SPI Port SPI communication option, can disable
UARTI1 and I2C.

Control Pins Includes control pins for geofencing, RTK
mode indication, etc.

Antenna Compatible with U.FL connectors, supports
multi-Band L1/L2 Helical Antenna.

modern location-based services and technologies, enabling accurate and reliable
geographic positioning information.

The GNSS data encompasses raw measurements from multiple satellite con-
stellations, including GPS, GLONASS, Galileo, and BeiDou. This data includes
pseudorange, which provides an initial estimate of the satellite-receiver distance,
and carrier phase data, offering more refined measurements essential for applica-
tions needing heightened accuracy, such as differential GNSS. Doppler shift data
is also included, indicating the rate of change in satellite-receiver distance, useful
for determining the receiver’s velocity.

Each satellite in the dataset is uniquely identified, and the data contains signal
quality metrics like the carrier-to-noise ratio and lock time, which are indicative
of signal strength and duration of continuous tracking, respectively. The UBX-
NAV-PVT message within the dataset provides a detailed navigation solution,
including position, velocity vectors, and temporal information, crucial for real-
time navigation and geospatial data collection. Additionally, the NMEA-GNVTG
message offers information on ground-relative course and speed, augmenting the
dataset’s applicability in pedestrian dynamics studies and urban planning. The
ZED-FI9P GNSS receiver board (Figure 6(a)) is a high-performance module tai-
lored for Real-Time Kinematic (RTK) applications, offering advanced precision in
positioning tasks. It stands out with dual-band GNSS reception, multiple commu-
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nication ports including USB, 12C, UART/Serial, and SPI, and additional control
pins for expanded functionality. Its capability to operate across L1 and L2 bands
significantly enhances positioning accuracy.

The modules key features include a USB C port for straightforward connec-
tivity to platforms like u-center, facilitating easy configuration and monitoring,
alongside compatibility with single-board computers for versatile applications.
The 12C port supports a wide range of operations from reading NMEA sentences
to handling RTCM data, complemented by Qwiic connectors for easy integration
with I12C devices. UART pins provide serial communication, particularly use-
ful for RTCM3 correction data, while SPI communication offers additional data
transfer options, albeit with specific configuration requirements.

The module also boasts control pins for geofencing, RTK mode indication,
pulse-per-second outputs, and essential reset and safeboot functions, enhancing
its control and monitoring capabilities. Antenna connectivity is ensured through
U.FL connectors and an option for an SMA bulkhead, with a preference for a
multi-band L1/L.2 Helical Antenna to optimize signal reception. A detail descrip-
tion of the module specs are presented in Table 1.

The DELTA dataset incorporates a ZED-FOP GNSS module capable of pro-
viding raw GNSS data with a horizontal accuracy of approximately 1.1 meters
(Figure 6(b)) without RTK corrections. While this accuracy is sufficient for many
applications, the dataset also includes raw GNSS measurements, enabling re-
searchers to apply Post-Processed Kinematics (PPK) for enhanced precision. PPK
refines localization data to achieve centimeter-level accuracy by correcting GNSS
signals during post-processing. Unlike RTK, PPK offers greater flexibility as it
does not require immediate proximity t

Figure 6. A visual representation of (a) GNSS module used and (b) the georegistered
trajectory points overlaid on OpenStreetMap.

4.3.2. IMU

An Inertial Measurement Unit (IMU) is a key sensor in various navigation and
tracking systems. It typically consists of accelerometers, gyroscopes, and mag-
netometers, which measure linear acceleration, angular rate, and magnetic field

44



orientation, respectively. These sensors allow the IMU to provide comprehensive

motion data.

Table 2. HWT901B-RS485 MPU9250 9-axis IMU specifications

Parameter Specification

Working Voltage  TTL: 5V-36V

Current <40mA

Size 55mm x 36.8mm x 24mm
Angle: XY Z, 3-axis
Acceleration: X Y Z, 3-axis

Data Angular Velocity: X Y Z, 3-axis
Magnetic Field: X Y Z, 3-axis
Air Pressure: 1-Axis
Time, Quaternion

Output frequency  0.2Hz-200Hz

Interface Serial TTL level

Baud rate 9600 (default, optional)

Table 3. Measurement range and accuracy of the IMU

Sensor Measurement Range Accuracy/ Remark
Accelerometer X, Y, Z, 3-axis Accuracy: 0.01g
+16g Resolution: 16bit
Stability: 0.005g
Gyroscope X, Y, Z, 3-axis Resolution: 16bit
£20000°/s Stability: 0.05°/s
Magnetometer X, Y, Z, 3-axis 0.15uT/LSB typ.
+4900uT (16-bit) PNI RM3100 Mag-
netometer Chip
Angle/ Inclinometer X, Y, Z, 3-axis Accuracy: X, Y-axis: 0.05°
X, Z-axis: +=180° Z-axis: 1° (after magnetic
Y +£90° calibration)

Barometer

(Y-axis 90° is singular point)

1-axis

Accuracy: 1m

The HWT901B-RS485 MPU9250 9-axis IMU (Figure 7(a)) is an advanced
sensor module designed for precise measurement of various motion and environ-
mental parameters, encapsulating a wide array of functionalities within a compact

45



form factor. This sensor module integrates a 9-axis system comprising a 3-axis
accelerometer, a 3-axis gyroscope, and a 3-axis magnetometer, alongside an air
pressure sensor. The accelerometer is responsible for detecting linear accelera-
tions, such as g-forces, which are pivotal in understanding motion dynamics. The
gyroscope measures angular velocity, essential for tracking rotation rates and ori-
entations. The magnetometer, on the other hand, assesses magnetic field strength,
enabling compass functionalities crucial for navigation applications. Addition-
ally, the inclusion of a barometric pressure sensor allows for altitude estimation,
expanding the sensor’s utility in vertical positioning and environmental monitor-
ing. One of the standout features of the HWT901B-RS485 MPU9250 is its high
data output rate, capable of reaching up to 200Hz. This capability ensures the sen-
sor can capture dynamic movements and rapid changes with high fidelity, making
it suitable for applications requiring real-time monitoring and fast response times.
A detailed description of the module is offered in Tables 2 and 3.

The DELTA dataset captures tri-axial acceleration, gyroscope readings, angu-
lar orientation, and magnetometer data, that are all precisely timestamped (Figure
7(b)). When synchronized with GNSS coordinates, this IMU data becomes a
powerful tool for enhancing localization accuracy.

(@) (b)

Figure 7. Example of the IMU module and the different types of data collected from the
Sensor.

4.3.3. Stereocamera

The ZED?2i stereocamera (Figure 8(a)) offers versatile resolution options, includ-
ing 2K at 15 fps, HD at 30 fps, and 720p at 60 fps, with a maximum of 100 fps for
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Table 4. ZED2i stereocamera specifications details.

Camera Specifications

Video Output  2.2K mode, 15 fps; resolution 4416 x 1242
1080p mode, 30/15 fps; resolution 3840 x 1080
720p mode, 60/30/15 fps; resolution 2560 x 720 (stereo passthrough
mode)
WVGA mode, 100/60/30/15 fps; resolution 1344 x 376
Video recording, Native resolution video encoding in H.264, H.265,
lossless format
Video streaming, IP (with ZED SDK)
ISP, New ISP tuned with machine learning for AI and vision tasks

Depth Resolution, Native video (in ultra mode)
FPS, Up to 100Hz
Depth range, 20 cm to 20 m
Field of view, 110° horizontal, 70° vertical, 120° diagonal max.
Technology, Neural stereo depth sensing

Motion Motion sensors, Accelerometer, gyroscope (data rate: 400Hz)
Pose update rate, Up to 100Hz
Position sensors, Barometer, magnetometer (data rate: 25/50Hz)
Technology, 6-DoF visual-inertial stereo SLAM with advanced sen-
sor fusion and thermal compensation
Pose drift, 0.35% translation, 0.005°/m rotation (without loop cor-
rection)

Lens Lens type, Wide-angle 8-element all-glass dual lens with optically
corrected distortion
Aperture, /1.8

Image Sensors Dual 4M pixel sensors with 2-micron pixels
Sensor format, Native 16:9 for a larger horizontal field of view
Sensor size, 1/3” BSI sensor with high low-light sensitivity
Shutter, Electronically synchronised rolling shutter
Camera controls, Adjust resolution, frame rate, brightness, contrast,
saturation, gamma, sharpness, exposure, white balance

fast-moving subjects. It features a 110° horizontal and 70° vertical field of view,
and a depth range of 0.3 to 20 meters. Depth accuracy is within 1% up to 3 meters
and 5% up to 15 meters. These capabilities enable the DELTA dataset to cap-
ture precise spatial data for analyzing complex urban environments. The DELTA
dataset includes 91,411 timestamped stereo image sequences, enabling detailed
temporal analysis. Using the ZED2i camera API, depth maps and point clouds
were generated from the stereo image pairs, complementing RGB images (Figure
8). Depth maps provide object distance and shape information, while point clouds
offer 3D representations of the environment, supporting comprehensive analysis
of urban spaces. Table 4 summarizes the module’s specifications.
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Figure 8. Example of (a) the ZED?2i stereocamera (b) right-side RGB image of the stere-
ocamera, (b) disparity map, (c) and the point cloud generated from the depth camera.

4.3.4. LiDAR

Lidar stands for Light Detection and Ranging. It is a remote sensing technology
that uses laser light to measure distances in an environment. A typical lidar sensor
emits pulsed light waves from a laser into the environment. These pulses bounce
off surrounding objects and return to the sensor. The sensor uses the time it took
for each pulse to return to the sensor to calculate the distance it traveled. This
continuous cycle of pulse emission and detection creates a high-resolution 3D
map—or point cloud—of the surroundings, offering distance accuracy that often
exceeds that of traditional cameras, even those equipped with stereo vision.

For this study, the OS1 mid-range Ouster sensor was selected for distance mea-
surement. The sensor features a 10Hz laser scanner with a range of 170 meters at
over 90% detection probability under sunlight up to 100klx (for objects with 80%
Lambertian reflectivity in 1024 @ 10Hz mode). For objects with 10% reflectivity,
it achieves a 90-meter range under similar conditions. It offers a vertical resolu-
tion of 64 channels and configurable horizontal resolutions of 512, 1024, or 2048.
With a 360° horizontal and 45° vertical field of view (+22.5° to -22.5°) and angu-
lar accuracy of £0.01°, the sensor provides precise and comprehensive coverage.
Its low false-positive rate of 1 in 10,000 enhances reliability. Details are provided
in Table 5.

The LiDAR sensor (Figure 9(a)) collected 15,497 timestamped scans, includ-
ing point clouds (Figure 9(b)), reflectivity channel (Figure 9(c)), and range data
(Figure 9(d)). The LiDAR’s reflectivity data provides critical information about
the surface characteristics of objects, enabling differentiation between materials
and surfaces based on their light reflection properties. This is particularly use-
ful for identifying features such as road markings, building facades, or vegeta-
tion within an urban environment. The range data complements this by precisely
measuring the distance between the sensor and objects, forming the foundation
for accurate 3D spatial representation. Combining reflectivity and range data en-
ables the creation of highly detailed and accurate 3D maps, which are essential
for applications like autonomous navigation, urban planning, and environmental
modeling, where understanding both the geometry and material composition of

48



Point cloud

(b)

L i

RANGE (mm)

(©

@

(@)

(d)

Figure 9. Example of (a) the LIDAR module, (b) point cloud, (c) range and, (d) reflectiv-
ity channel data collected from the sensor.

the environment is crucial.

4.3.5. Audio

In today’s landscape of environmental assessments and soundscape evaluations,
the significance of audio data is increasingly underscored. While urban sounds
were conventionally scrutinized primarily for their contribution to noise pollution,
recent perspectives have shifted towards acknowledging their subjective impact
on human well-being [Sch+23]. Soundscape research has emerged as a pivotal
field, combining in-situ surveys and audio recordings to comprehensively explore
and manage sonic environments [PJ24]. This approach becomes essential when
unraveling the auditory fabric of urban spaces, particularly in pedestrian-rich ar-
eas, where an intricate blend of human activity and environmental cues converge.
The integration of auditory data into the DELTA dataset serves to enhance the de-
velopment of nuanced, context-aware autonomous systems that can engage more
effectively within dynamic pedestrian environments. By integrating this auditory
layer with visual and spatial data, the dataset aims to provide a holistic view of
urban environments, supporting the development of systems that navigate with an
intuition akin to human perception.

The Tascam DR-07X audio recorder (Figure 10(a)) was used for audio cap-
ture. It supports both stereo and mono recording (Figure 10(b)) and records high-
resolution audio in WAV/BWF format at up to 96 kHz and 24-bit depth, ensuring
accurate sound reproduction. Table 6 summarizes the module’s specifications.
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Table 5. LiDAR Ouster OS1 specifications.

Specification

Value

Range (80% Lambertian re-
flectivity, 2048 @ 10Hz
mode)

Range (10% Lambertian re-
flectivity, 2048 @ 10Hz
mode)

Minimum Range

Range Accuracy

Precision (10% Lambertian
reflectivity, 2048 @ 10Hz
mode, 1 standard deviation)
Range Resolution

Vertical Resolution
Horizontal Resolution

Field of View

Angular Sampling Accuracy

100m @ >90% detection probability,
100kIx sunlight
120m @ >50% detection probability,
100klIx sunlight

45m @ >90%
100kIx sunlight
Sm @ >50% detection probability, 100klx
sunlight

detection probability,

0.3m for point cloud data

43cm for lambertian targets, +10 cm for
retroreflectors

0.3 - 1Im: £0.7cm
1-20m: £1lcm
20 - 50m: +£2cm
>50 m: +5cm
0.3cm

64 channels

512, 1024, or 2048 (configurable)

Vertical: 45° (422.5° to -22.5°)
Horizontal: 360°

Vertical: +£0.01° / Horizontal: +0.01°

A 4K camera is used for urban mapping and analysis to capture clear details. Its
high resolution helps with object detection and classification, while the 155° wide
field of view covers a large area of the environment. The video data works well
with other sensors like LIDAR and GNSS to build a complete dataset for analysis.
Lastly the built-in audio records the surrounding sounds. These features make the
Osmo action camera 3 (Figure 11(a)) a useful tool for collecting data for urban

4.3.6. 4K camera

studies and autonomous systems. Table 7 lists its specifications.

50



Tascam Audio File Segment

A A xn
IY’T'\'-rf) \Ft—f‘l"” Vv \f\::“J\r\" \w\,ﬁ“"f

Time (s)

(b)

Figure 10. Example of (a) Tascam audio recorder, and a (b) sample of the captured audio.

Table 6. Tascam-DR-07X specifications

WAV / BWF

Sampling Frequency 44.1k / 48k / 96kHz
Bit-depth 16 / 24-bit

MP3

Sampling Frequency 44.1k / 48Hz

Bit-rate for recording
Playback Bit-rate

32k / 64k / 96k / 128k / 192k / 256k / 320k bps
32k to 320k bps, VBR, ID3TAG Ver. 2.4

Number of Channels

2-channel (Stereo) / 1-channel (Mono)

Playback Speed Control

0.5 to 2.0 times (in 0.1 increments) * 44.1k/48kHz only

Built-in Microphone

Unidirectional, Stereo (switchable between A-B and X-Y
positions)

MIC/EXT IN

Connector

Nominal Input Level
Maximum Input Level
Input Impedance

1/8" (3.5mm) Stereo Mini jack (Unbalanced, Plug-in
Power)

-20dBV

-4dBV

18k or more (PLUG IN PWR: OFF) / 2kQ or more
(PLUG IN PWR: ON)

4.4. Experimentation setup

As part of the data collection process, I used the DELTA e-scooter platform to
cover a 3.75-kilometer route around the Delta building in Tartu, Estonia. Through-
out the ride, the platform captured a wide range of data from its onboard sensors,
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Figure 11. Example of (a) the Osmo action camera 3, (b) an RGB image sample, (c) an

Action-cam Audio File Segment
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audio sample from the camera.

Table 7. Osmo action camera 3 specifications

Camera Specifications

Sensor 1/1.7-inch CMOS
Lens FOV: 155°
Aperture: /2.8
Focus Range: 0.3 m to infinity
Audio Output 48kHz; AAC
Standard Recording 4K (4:3): 4096x3072 @24/25/30/48/50/60fps

4K (16:9): 3840x2160@100/120fps

4K (16:9): 3840x2160@24/25/30/48/50/60fps
2.7K (4:3): 2688x2016@24/25/30/48/50/601ps
2.7K (16:9): 2688x1512@100/120fps

27K (16:9): 2688x1512@24/25/30/48/50/60fps
1080p (16:9): 1920x1080@ 100/120/200/240fps
1080p (16:9): 1920x1080@24/25/30/48/50/60fps

including over 15,000 LiDAR scans, more than 91,000 stereo image sequences,
and nearly 46,000 high-resolution 4K images. I also recorded 25 minutes of am-
bient audio and gathered around 1,600 GNSS location points. This dataset offers
a detailed snapshot of a real urban environment and plays a key role in bench-
marking my work on mapping, localization, and pedestrian-focused analysis.
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4.5. Sensor synchronization

4.5.1. Overview of sensor synchronization

Sensor synchronization refers to the process of aligning the timing and data acqui-
sition of multiple sensors to ensure that their measurements are temporally corre-
lated. This is crucial for various applications, such as robotics and autonomous
systems, where accurate sensor integration is required for reliable perception,
decision-making, and real-time interaction with the environment. Achieving syn-
chronization can involve methods such as aligning sampling instants, compensat-
ing for clock drift, and ensuring that all sensor measurements reference a com-
mon time frame. Various approaches are available, including hardware-based
techniques (e.g., master-slave configurations and shared clock sources), external
methods (e.g., trigger signals, GNSS time references, and network synchroniza-
tion protocols), and software-based algorithms. The following sections provides
more detailed exploration of these topics.

Internal synchronization:. Internal synchronization commonly employs two
approaches: the master-slave configuration and the shared clock source method,
each offering unique mechanisms and implications for system design. The master-
slave configuration is a hierarchical approach where one sensor operates as the
master, dictating the timing for data sampling to the other sensors, designated
as slaves. This method hinges on synchronization signals sent from the master
to the slave sensors, ensuring that all sensors in the network sample data con-
currently. While this approach is relatively straightforward to implement, it is
somewhat rigid due to its reliance on a single master device to coordinate the
timing of all data collection activities. This configuration can introduce a single
point of failure in the system; if the master sensor encounters an issue, the en-
tire network’s synchronization can be compromised. Additionally, this method
may be less scalable, as adding more sensors necessitates more complex coordi-
nation and communication from the master device. Alternatively, the shared clock
source method achieves synchronization by connecting all sensors in the network
to a common clock signal. This ensures that each sensor samples data in unison,
based on the same temporal reference. The primary advantage of this approach
is its potential for high accuracy, as all sensors are directly tied to a singular, pre-
cise timing source. In this setup each sensor operates independently in terms of
timing, reducing the risk associated with a single point of failure and facilitating
easier expansion of the sensor network.

External synchronization:. External synchronization can be achieved through
three advanced methods: trigger signals, time reference signals, and network syn-
chronization protocols, each tailored to suit specific scenarios and applications.

A trigger signal method involves an external signal that prompts all sensors
in the system to commence sampling simultaneously. This approach is particu-
larly effective for capturing synchronized data snapshots in response to specific
events. The primary challenge here lies in the need for precise timing control of
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the trigger source to ensure all sensors are activated at the exact same moment.
This method is often employed in applications where event-based data collection
is critical, such as in experimental physics, high-speed photography, or event de-
tection in security systems. The accuracy of synchronization depends heavily on
the reliability and precision of the trigger mechanism.

The use of a dedicated time reference signal, such as the time provided by the
GNSS, offers another strategy for sensor synchronization. By supplying a com-
mon timestamp derived from GNSS time signals, sensors distributed over large
geographical areas can achieve precise time alignment. This method is invaluable
for applications that require consistent time stamps across extensive distances,
including environmental monitoring, geological surveys. The GNSS time signal
provides a universally accurate time source, ensuring that data from disparate sen-
sors can be accurately aligned and compared.

Network synchronization protocols, such as the Network Time Protocol (NTP)
and the Precision Time Protocol (PTP), are designed to synchronize the clocks of
devices across a network. NTP, being one of the oldest and most widely used
protocols, offers millisecond-level accuracy, making it suitable for general data
consistency purposes in computing environments. PTP, on the other hand, can
provide sub-microsecond accuracy, catering to applications that demand higher
precision, such as in telecommunications, power grid control, and financial trad-
ing systems. These protocols ensure that all devices in a network operate on a
consistent timeline, facilitating coordinated data collection and analysis in a con-
trolled network environment.

Software-based synchronization:. When real-time synchronization is not fea-
sible or implemented, two widely used methods for software-based synchroniza-
tion are post-processing alignment and event-based synchronization. Both ap-
proaches offer distinct applications, benefits, and challenges.

Post-processing alignment involves the independent collection of data from
various sensors, followed by the alignment of this data using software algorithms
during the analysis phase. This method is particularly useful in scenarios where
sensors operate on different sampling rates or when real-time synchronization is
not possible. The alignment process typically involves time-stamping data at the
point of collection and subsequently using these timestamps to align the datasets
accurately. The primary advantage of post-processing alignment is its flexibility,
as it allows for the integration of data from a wide variety of sources without the
need for complex hardware or synchronization protocols during data collection.
However, this method can be computationally intensive, requiring significant pro-
cessing power and sophisticated algorithms to match data points accurately across
time. This can introduce delays in analysis and may not be suitable for applica-
tions requiring immediate data interpretation.

Event-based synchronization, on the other hand, relies on the occurrence of
common events as reference points for data alignment. Sensors are configured to
detect specific stimuli, such as sound or light pulses, which serve as markers for
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synchronizing data during post-processing. This approach ensures that despite the
independent operation of each sensor, the recorded data can be precisely aligned
based on the timestamps of these detected events.

Implementing event-based synchronization necessitates precise control over
the generation of synchronization events and the accurate detection of these events
by all involved sensors. This method is particularly effective in controlled envi-
ronments where the timing and characteristics of the synchronizing events can be
tightly managed. While it reduces the computational load compared to arbitrary
post-processing alignment, it requires careful setup and calibration of the sensors
to ensure the reliable detection of synchronization events.

4.5.2. Synchronization of multisensory data on DELTA dataset

In the DELTA project, various post-processing methods were employed for sensor
synchronization using the Jetson board’s internal clock as a common time refer-
ence. The following sections describe how image files from the stereocamera and
action camera — despite lacking a shared clock — were manually matched, how
sensor timestamps were automatically aligned using a KD-tree algorithm, and
how audio recordings from the dedicated audio recorder were synchronized with
the action camera’s audio file to ensure all data sources were properly aligned.
Post-processing method (Manual image file synchronization): To manually
sync images, I built a simple GUI that makes it easy to align photos from the
4K camera with reference images from the stereocamera. It is possible to scroll
through each dataset using the arrow keys and press ’s’ to save an image when it
closely matches the stereocamera reference. While this process takes time, it was
necessary to ensure the 4K images lined up correctly with the other sensor data.
This hands-on approach helped maintain accuracy across different data sources,
making the dataset more reliable for analysis. Figure 12 shows the GUI in action.
Post-processing method (Proximity-based synchronization): In this approach,
each sensor reading is recorded with an exact timestamp. After data collection,
a KD-tree algorithm [Ben75] is used to match each reading to the nearest times-
tamp from the ZED?2i stereo camera, which acts as the reference. This method is
applied to every sensor, aligning their data in time. Even though sensors capture
data at different moments, the KD-tree ensures a synchronized dataset for reliable
cross-sensor analysis.
Post-processing method (Cross-correlation based audio file synchronization):
The subsequent sections detail the methodical approach undertaken to synchro-
nize audio recordings from both the action camera and audio recorder.
Cross-correlation for time lag detection: The cornerstone of the audio syn-
chronization process is the use of cross-correlation, a mathematical operation that
measures the similarity between two signals as a function of the displacement of
one relative to the other. By computing the cross-correlation between two audio
signals, the algorithm identifies the point at which the signals exhibit the high-
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Figure 12. A screenshot of the GUI interface used for manually selecting the matching
images from the stereocamera and the action camera for the purpose of synchronization.

est degree of similarity. This point corresponds to the optimal time lag or shift
required to align the signals in time. The time lag is extracted by finding the max-
imum value in the correlation array, indicating the most aligned position between
the two audio streams.

Sample rate consistency: A prerequisite for accurate cross-correlation and,
consequently, effective synchronization is the consistency of sample rates across
audio signals. Sample rate, measured in hertz, represents the number of samples
of audio carried per second. If the audio signals have different sample rates, they
are resampled to the higher of the two rates. This step ensures that the temporal
characteristics of the signals are preserved and comparable, allowing for a mean-
ingful cross-correlation analysis.

Signal alignment: Signal alignment is the process of adjusting the time po-
sitions of audio signals so that corresponding events in each signal occur simul-
taneously. To achieve this alignment, I use a technique called padding for time
alignment, which involves adding silent audio samples to the beginning or end
of a signal. This padding effectively shifts the signal in time without altering its
content, ensuring that even if recordings start at different moments, they can be
synchronized accurately.

56



Comparison of Audio Segments

Action-cam Audio File Segment

Amplitude

Tascam Audio File Segment

Amplitude
o
S
g

Time (s)

Figure 13. Example showcasing the aligned audio waveforms from the action camera
(top) and the Tascam recorder (bottom), demonstrating synchronization over a 5s interval
with corresponding time(s) and amplitude variations.

Figure 13 illustrates a segment where the two audio files have been success-
fully synchronized, demonstrating the effectiveness of this adjustment in achiev-
ing temporal coherence between different audio sources.

4.6. Sensor fusion

Sensor fusion, also known as multisensor fusion, is a crucial technique in various
fields, including robotics, autonomous vehicles, and navigation systems. It en-
tails combining data from multiple sensors to enhance the accuracy, robustness,
and overall performance of a system. By leveraging the strengths of diverse sen-
sors, sensor fusion addresses the limitations of individual sensors, yielding more
comprehensive and reliable information.

4.6.1. Overview of sensor fusion

Sensor fusion can be categorized into various approaches based on the level of
fusion and the type of sensors involved. Here’s a breakdown of the prominent
variations:

Data-level fusion: This approach involves directly merging raw data collected
from various sensors. The process does not account for the spatial or temporal
relationships between the data points. Instead, it focuses on acquiring relevant
elements from each sensor’s output and combining them into a single, cohesive
data representation. This form of fusion is particularly useful in creating a broad
overview of the sensed environment.

Feature-level fusion: In this method, the focus is on utilizing specific features
extracted from each sensor’s data. These features could include distinctive points,
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edges, or textures, which are then used to establish correspondences between dif-
ferent sensor readings. By aligning and matching these features across various
sensors, the system can identify corresponding objects or regions in the environ-
ment. This approach enhances the system’s ability to interpret and understand
complex scenarios by providing a more nuanced view of the surroundings.

Decision-level fusion: This approach takes a more holistic view, integrating
sensor data at the crucial stage of decision-making. Here, the information de-
rived from different sensors is synthesized at a higher level, where it informs key
decisions. These decisions could range from obstacle avoidance in autonomous
vehicles to route planning in navigation systems. By combining sensor inputs at
this stage, the system can make more informed, accurate, and reliable decisions
based on a comprehensive understanding of its environment.

Sensor fusion algorithms try to combine different sensor data into an over-
all view of the world. The topic of sensor fusion includes a variety of algo-
rithms, each tailored to specific scenarios and system requirements. Among the
most well-known and established are the Kalman filter [WB+95], particle filter
[Dju+03], and Bayesian networks [HW95]. The Kalman filter has been recog-
nized for its effectiveness in cases where system dynamics and noise are linear
and Gaussian. It uses a two-step model: prediction and update. The prediction
step projects the current condition forward in time, while the update step mod-
ifies the projection depending on new measurements. It is an optimal estimator
under its operational assumptions and is renowned for its computing efficiency,
making it ideal for applications such as vehicle tracking and navigation. How-
ever, the Kalman filter has its constraints, especially when dealing with non-linear
dynamics or non-Gaussian noise. Here, the particle filter shines, offering a robust
alternative for non-linear and non-Gaussian processes. Representing the state dis-
tribution with a swarm of weighted particles, it adapts to new measurements by
updating the weights and resampling to focus on probable states. The particle
filter is versatile and powerful but can suffer from computational intensity and
challenges with high-dimensional state spaces.

Given the complexity and non-linearity of real-world environments, it is cru-
cial to choose a sensor fusion algorithm that can handle such conditions effec-
tively. This leads us to the technique of 3D to 2D projection, a method that in-
volves transforming three-dimensional LiDAR data into a two-dimensional image
plane. This technique is particularly compelling because it directly leverages the
high-resolution and rich color data from cameras, and the precise depth informa-
tion from LiDAR, thus capitalizing on the strengths of both sensing modalities.

In this work, a custom calibration and projection methodology was designed to
achieve data-level fusion between LiDAR and camera data. The technique places
raw 3D LiDAR outputs directly onto 2D camera images by mapping each point
into the camera’s coordinate system, making it possible to overlay LiDAR data
onto the camera image. Consequently, this method is categorized as data-level
fusion.
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4.6.2. LiDAR-to-camera calibration and projection

Fusing LiDAR depth data with the color and texture details of a camera pro-
vides a rich, multidimensional view of the environment. Achieving this fusion
involves carefully aligning coordinate systems and calibrating both intrinsic and
extrinsic camera parameters so that 3D LiDAR data maps accurately onto 2D im-
ages.
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Figure 14. Coordinate systems involved in camera projection (sourced from [24]).

Overview of 3D-to-2D projection. Points in the world coordinate system
are represented by (X,,,Y,,,Z,) and have a defined origin, orientation, and scale
(Figure 14). These points are transformed into the camera coordinate system,
(X, Y, Z.), according to the camera’s location and orientation. Finally, the pixel
coordinate system, (u,v), describes how the camera perceives these points on a 2D
image plane. Intrinsic parameters—focal length (fy, f;), principal point (Cy,Cy),
and skew s—populate the projection matrix P, typically of size 3 x 4. Homoge-
neous coordinates manage rotations, translations, and scaling. The relationship
between these systems can be written as:

Xe Xy
Y Y,
=P 4.1
Z. Z, 4.1
1 1
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Depth normalization is then applied by dividing each (X,Y,Z) by Z, ensuring
correct depth representation before projecting the points to (u,v) on the image.

Projection matrix
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Figure 15. Overview of the 3D-to-2D projection mathematical concept.

Calibration setup and data collection. A target-based calibration approach
was used to align LiDAR data with camera imagery. A black square target, shown
in Figure 16, was placed at a known distance and orientation. The LiDAR and
camera were mounted on a stable frame in a vertical orientation to capture this
static scene. Because LiDAR resolution is limited in the vertical axis, specific
attention was directed to target size and distance, ensuring edges and corners re-
mained clearly visible to both sensors.

Data preprocessing. Raw point clouds and camera images were collected for
calibration. During preprocessing, the LiDAR point clouds underwent manual
filtering based on depth and azimuth criteria to remove irrelevant sections and
retain only the target. Figure 17 illustrates the result of isolating the black target
in 3D space.

Correspondence establishment. Eight key 3D points (corners and edges)
were identified on the target after filtering. These points were manually matched
to their 2D locations in the camera images by means of a custom GUI (Figure 18).
Transformation matrix parameters, including rotation and translation, were ad-
justed with sliders in the interface, ensuring precise alignment between the 3D
LiDAR points and the camera’s 2D features.

Calibration parameter estimation. The matched points formed the basis for
estimating extrinsic calibration parameters. OpenCV’s solvePnP function was
employed to compute rotation (R) and translation (z). Intrinsic camera parameters
(e.g., fx, fy,cx,cy) and distortion coefficients were also considered. This step de-
termines how the 3D coordinates of the target map onto the camera’s 2D plane,
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LiDAR and camera placement

Figure 16. Target-based calibration setup, ensuring both LiDAR and camera have a clear
view of the planar surface.

expressed by:
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Projection. Once the rotation and translation vectors were estimated, I used
OpenCV’s projectPoints function to re-project the LiDAR point cloud onto the
camera image. This step applies the extrinsic calibration parameters—namely, the
rotation and translation—to accurately place the 3D data within the 2D camera
view. Figure 19 illustrates the entire workflow and shows the final outcome of
projecting the 3D points onto the target image.

(@) ®)

Figure 17. (a) Full scene LiDAR point cloud, (b) isolated point cloud of the black target.
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Figure 18. A custom GUI for LiDAR-to-camera alignment. Transformation matrix pa-
rameters can be fine-tuned for accurate matching of 3D points to 2D image locations.

4.7. Data annotation and segmentation

Data annotation is a key step in Al and machine learning, where data—such as
images, videos, or text—is labeled to help models recognize and understand pat-
terns. This process is especially important for supervised learning, where models
rely on well-labeled datasets to learn and improve. Annotation basically has two
main steps: first, the data is labeled, and then it is reviewed to ensure accuracy.
This approach helps create reliable datasets that improve the performance of ma-
chine learning models.

4.7.1. Overview of data annotation and segmentation

There are several forms of data annotation, each tailored to different types of data
and intended outcomes:

Image annotation: This involves the identification and labeling of images
using techniques such as bounding boxes, polygonal segmentation, or pixel-wise
segmentation masks. Such annotations can delineate objects within an image,
classify entire images, or segment images into constituent parts, thereby aiding in
object recognition, scene understanding, and more.
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Figure 19. Calibration workflow, from isolating the target in the LiDAR point cloud (top
image) to projecting the computed 3D points onto the camera image (bottom image) using
projectPoints.

Video annotation: Similar to image annotation but applied across video frames,
video annotation can track the movement of objects over time, recognize actions,
and analyze behaviors. It is instrumental in applications requiring temporal and
spatial analysis, such as surveillance systems and dynamic scene understanding.

Audio annotation: This involves labeling or tagging audio recordings to iden-
tify and classify specific sounds, speech, or acoustic features within them. This
process enables machine learning models to recognize patterns, such as spoken
words, music genres, environmental sounds, or emotional cues in speech, in new
audio data.

Text annotation: This pertains to the categorization or tagging of text data
with metadata, labels, or classifications. It supports Natural Language Processing
(NLP) tasks like sentiment analysis, topic classification, and entity recognition,
enabling machines to comprehend and generate human-like text responses.
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Data annotation can be performed manually, where human annotators label the
data, or automatically, through semi-supervised learning techniques that leverage
algorithms to annotate data, which is then refined by human oversight. The choice
between manual and automatic annotation hinges on the required accuracy, com-
plexity of the data, and available resources.

The importance of data annotation extends beyond industries, including appli-
cations in healthcare for medical imaging analysis, and automotive for building
autonomous vehicle navigation systems, among others. Data annotation not only
improves the quality and reliability of machine learning models, but it also ac-
celerates the progress of intelligent technologies across industries by making it
easier to construct Al-enabled solutions. There are several key aspects of image
annotation:

Image classification. Image classification plays a crucial role in the field of
computer vision, where it involves assigning images to predefined categories us-
ing machine learning techniques. This process typically uses labeled datasets
containing diverse image classes—such as "leopard" or "motor scooter" (20)—to
train classifiers like convolutional neural networks (CNNs). These CNNs excel in
extracting discriminative features from the training images, which enables them
to recognize patterns effectively. Once trained, these classifiers can apply their
learned data representations to accurately identify and categorize new, unseen im-
ages, thus automating the classification process. The effectiveness of these models
is assessed based on their precision and recall, which measure their ability to cor-
rectly and consistently classify images within the categories they have learned.
This capability is fundamental for applications that require reliable and automatic
image understanding.

Object recognition/detection. Object recognition and detection refine the pro-
cess of image annotation by focusing on labeling individual objects within an
image, rather than assigning a single label to the whole image. For instance, in
an image featuring a car, a bicycle, and a dog (21), each object would be sep-
arately identified and labeled. In addition to recognizing and labeling multiple
entities within a single image, this approach involves defining the boundaries of
each object using techniques like bounding boxes or pixel-wise segmentation.

Segmentation. Image segmentation elevates the process of annotation by par-
titioning an image into distinct regions, each representing a unique object or a
specific area of interest. This intricate form of annotation is crucial for tasks that
require an in-depth understanding of an image’s content at a pixel level. Segmen-
tation comes in three main varieties:

Semantic segmentation [LSD15] (Figure 22(b)) : This type goes beyond mere
detection. It involves classifying each pixel in an image into categories, making
it possible to group different parts of the image by their class. For example, in a
street scene, semantic segmentation would classify pixels as belonging to roads,
buildings, cars, pedestrians, etc., often without distinguishing between different
instances of the same class.
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Figure 20. Five labels considered most probable for image classification for each image
shown (source [KSH12]).

e

Final detections

Class probability map

Figure 21. Visualization of the YOLO object detection process: (left) input image with
an S x S grid, (top middle) bounding boxes with confidence scores, (bottom middle) class
probability map, and (right) final detections (source [Red+16])

Instance segmentation [He+17] (Figure 22(c)): This type provides a more nu-
anced understanding by not only labeling every pixel of an object but also differ-
entiating between individual instances. For instance, it would distinguish between
each car on a road, assigning a unique identifier to each one.
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(a) image

(c) instance segmentation (d) panoptic segmentation

Figure 22. Types of segmentation, (a) street level image, (b) semantic segmentation, (c)
instance segmentation and, (d) panoptic segmentation (source [Kir+19]).

Panoptic segmentation [Kir+19] (Figure 22(d)): This comprehensive approach
merges the capabilities of semantic and instance segmentation. It provides a com-
plete view by simultaneously distinguishing between the class of each pixel and
identifying individual instances of objects. In fields like medical imaging, au-
tonomous vehicle navigation, and satellite image analysis, segmentation is essen-
tial. It allows for precise delineation of objects and a clear understanding of their
spatial dynamics, leading to more accurate diagnoses, safer autonomous driving,
and better geographical data interpretation. The success of these applications
hinges on the accurate and granular analysis that segmentation provides.

Annotation process. There are primarily three methods used in the annotation
process: manual, automated, and hybrid annotation. Manual annotation relies on
human expertise to accurately label data, while automated annotation utilizes pre-
trained algorithms to speed up the process. Often, a hybrid approach is employed,
combining both methods to balance efficiency and accuracy. Understanding these
methods and their implications is essential for effectively training and deploying
machine learning models in various applications.

Manual annotation: This process involves human annotators carefully label-
ing images by identifying and marking objects, features, or areas based on the
project’s needs. Specialized software tools help make the task more efficient, of-
fering features like zooming, drawing bounding boxes or polygons, and assigning
labels to different elements. While manual annotation is highly accurate, espe-
cially for complex images that require understanding subtle details, it is also time-
consuming and expensive, requiring significant human effort—especially for large
datasets.
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Automated annotation: It involves using pre-trained machine learning or
deep learning algorithms to label elements in images. These algorithms, trained
on extensive datasets, are adept at identifying and labeling standard elements in
new images, making them highly efficient for straightforward tasks like creating
segment masks or recognizing common objects. Automated tools, which utilize
pre-trained models tailored for specific tasks, offer rapid processing capabilities,
handling large volumes of data much faster than human annotators. However,
they may lack the accuracy of manual annotation, particularly in complex sce-
narios where nuanced understanding of context is crucial. Their performance can
falter with images that deviate significantly from their training data.

Hybrid approach: It combines the strengths of both manual and automated
methods. Initially, automated tools perform a first pass of annotation, which is
then reviewed and refined by human annotators. This strategy leverages the speed
of automated tools while ensuring the accuracy through manual review. It signifi-
cantly reduces the workload on human annotators by handling simpler tasks auto-
matically, thus making the overall process more efficient. Furthermore, the hybrid
approach allows for quality control, as human annotators can correct any errors or
inaccuracies introduced by the automated tools, resulting in a high-quality, accu-
rately annotated final dataset.

The Segment Anything Model (SAM) provided by Roboflow [Rob24] was
used for annotating images within two distinct datasets: sidewalks and pedestrian
route segmentation, and landmark segmentation. This process entailed upload-
ing my datasets to the platform, enabling me to harness Roboflow’s user-friendly
labeling and augmentation tools to prepare my labeled data for training.

4.7.2. Sidewalk and pedestrian route segmentation on visual DELTA
dataset

Sidewalk and pedestrian route segmentation is a crucial task in autonomous navi-
gation, pedestrian navigation, and urban planning. This task aims to identify and
extract the regions occupied by sidewalks and pedestrian paths from urban scenes.
Accurate sidewalk and pedestrian route segmentation is essential for various ap-
plications, including:

* Autonomous navigation: Autonomous vehicles and robots need to be able
to recognize and follow sidewalks and pedestrian paths in order to navigate
safely and efficiently.

* Pedestrian navigation: Pedestrian navigation systems need to be able to
provide accurate and reliable information about the location of sidewalks
and pedestrian paths in order to help pedestrians find their way around.

e Urban planning: Urban planners need to be able to understand the use of
sidewalks and pedestrian paths in order to make informed decisions about
urban design and infrastructure.
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In the DELTA project, a focused approach to sidewalk and pedestrian route
segmentation was developed, emphasizing the integration of multimodal data and
advanced deep learning techniques. At the heart of this process is the use of the
SegFormer architecture, introduced in a 2021 study [Xie+21]. SegFormer is an
image segmentation model that uses Transformer models in a simpler and more
efficient way. Its hierarchical encoder extracts features at multiple scales without
relying on positional encodings, allowing it to work well with different image
resolutions. The model also uses overlapping patch embeddings and a hybrid
downsampling method to improve feature extraction.

/ Y
Stereocamera Stereocamera 1\ 4K camera 4K camera

Figure 23. Examples of segmenting sidewalks and pedestrian routes: Six segmented im-
ages from LiDAR (reflectivity channel), stereo-camera (right-side camera), and 4K cam-
era are displayed with color-coded labels (highlighted in red) from different geographical
locations.

Contrary to the complex decoders prevalent in other Transformer-based seg-
mentation models [Dos+20], SegFormer adopts a straightforward multilayer per-
ceptron decoder. This lightweight decoder aggregates multi-scale information
from the encoder, effectively capturing both the local and global context with
a minimal parameter footprint. The integration of the encoder and decoder within
a unified framework enhances the model’s efficiency by eliminating the need for
separate training stages. Moreover, the simplicity of the SegFormer architecture
facilitates ease of understanding and implementation, promoting further explo-
ration and development in the field. I implemented the SegFormer architecture
across three distinct datasets—each comprising 950 images (for a total of 2850
images)—characterized by varying resolutions and data types: a high-resolution
4K monocular camera (4096 x 3072), a stereocamera (720 x 405), and LiDAR
reflectivity images (1024 x 64). This approach enables to address the unique
challenges posed by each dataset and assess the precision of segmentation out-
comes enables addressing the particular issues given by each dataset and evalu-
ating the precision of segmentation findings. Notably, the 4K monocular camera
dataset achieved the highest accuracy in segmentation, illustrating the importance
of high-resolution, textured data. However, both the stereocamera and LiDAR
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datasets also provided valuable insights, albeit with varying levels of precision.
Table 8 presents the performance evaluation metrics for models applied to the
reflectivity channel, 4K, and ZED?2i datasets, highlighting their segmentation and
classification capabilities. The reflectivity channel model achieved a Dice co-
efficient of 0.8452, supported by a frequency-weighted accuracy of 0.9829 and a
mean loU of 0.8461, indicating reliable prediction accuracy and classification per-
formance. The model trained on the 4K dataset outperformed others, achieving
the highest Dice coefficient of 0.9676, a mean IoU of 0.9603, and a frequency-
weighted accuracy of 0.9847, reflecting exceptional segmentation and predictive
accuracy. Similarly, the ZED2i dataset model delivered robust results, with a Dice
coefficient of 0.9384, a mean IoU of 0.9267, and a frequency-weighted accuracy
of 0.9774, showcasing its strong segmentation performance and classification re-
liability.
Table 8. Results of segmentation model evaluation on three datasets (DC: Dice Coeffi-
cient, FWA: Frequency Weighted Accuracy).

Dataset DC FWA Mean IoU
Reflectivity channel (0.8452 0.9829 0.8461
4K 0.9676 0.9847 0.9603
ZED2i 0.9384 0.9774 0.9267

The diversity of sensor types requires the creation of specialized models. For
instance, while models trained on the 4K monocular camera excel in processing
rich texture and color details, they may not perform as well on data from stere-
ocameras or LiDAR, where the details and resolution differ significantly. More-
over, employing a multisensor approach with models specialized for each sensor
type introduces a critical fail-safe mechanism, particularly crucial in applications
like autonomous vehicles where reliability is paramount. This redundancy en-
ables the system to switch between data sources and models depending on the
situation, ensuring continuous operation even if one sensor fails or its data quality
is compromised by environmental factors.

4.7.3. Audio classification on the auditory DELTA dataset

In the evolving landscape of environmental assessments, the field of auditory anal-
yses is gaining prominence alongside traditional visual evaluations, offering a
fresh perspective on urban soundscapes. Historically, urban sounds have been
relegated to the category of noise pollution, with a focus on measuring and mit-
igating outdoor noise—especially that originating from vehicles and industrial
activities—due to its adverse effects on human health and well-being. This con-
ventional approach often simplified the rich tapestry of urban sounds into mere
decibel levels, neglecting the complex auditory experiences these soundscapes
provide [YK13; Mor+18].
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The recent shift towards soundscape evaluations marks a significant departure
from earlier methodologies. This new paradigm promotes a comprehensive ap-
proach, taking into account not only the physical properties of sound but also
the subjective human experiences of auditory settings. Soundscape [PM85] re-
search advocates for a nuanced approach to managing urban sonic environments,
recognizing the impact of sound on individuals perceptions and experiences of
urban spaces. Methodologies in soundscape evaluation typically involve direct
observations and in-situ surveys aimed at understanding auditory perceptions as-
sociated with specific locales [BC21; DM23]. Advances in technology, such as
head-mounted displays and virtual reality [LL23], are being leveraged to simu-
late urban environments for research purposes, focusing on aesthetic preferences
and satisfaction levels among participants. Despite these innovations, the appli-
cation of such methodologies often faces limitations in urban contexts, affecting
the broader applicability of findings. A notable challenge in expanding sound-
scape studies lies in the difficulty of automatically extracting sound sources from
recordings within the dynamic and unstructured urban settings [Nog+22]. This
limitation hampers the scalability of soundscape research, restricting its applica-
tion across larger geographical areas. However, the diversity of sound sources in
urban environments, particularly in pedestrian zones, plays a crucial role in defin-
ing the auditory landscape. These sounds, ranging from human activities to nat-
ural environmental cues, are vital for understanding and navigating urban spaces.
Against this backdrop, auditory event classification emerges as a critical compo-
nent of audio signal processing and machine learning, tasked with identifying and
categorizing distinct sounds within an audio stream. This process is foundational
to applications in environmental monitoring and urban soundscaping, beginning
with the collection of high-quality audio data. By addressing the challenges in
soundscape evaluation and leveraging advancements in auditory event classifica-
tion, it is possible to enrich our understanding of urban environments. This ex-
tensive approach not only enhances environmental assessments but also paves the
way for creating more context-aware and improved autonomous systems capable
of safely interacting with the dynamic nature of urban pedestrian spaces.

Implementation of audio event classification. The methodology for audio event
classification in the DELTA dataset leverages deep learning models such as YAM-
Net [Yu+20], which is pre-trained on Google’s AudioSet [Gem+17]. AudioSet
provides a diverse categorization of audio clips, enhancing YAMNet’s ability to
recognize a wide range of audio events. Additionally, for classifying environ-
mental sounds, we selected a subset of the ESC-50 dataset [Pic15]. From its 50
categories, 13 that are most relevant to the urban environments were chosen for
focused training and validation, ensuring that the model is fine-tuned to detect au-
dio events specific to urban environments and pedestrian spaces. Building upon
the methodology proposed by [VMM22], the classification process starts by nor-
malizing the amplitude range of the audio files, which created a consistent base
for analysis. The audio signals were then converted into a visual representation,
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specifically spectrograms, to facilitate the classification task. Spectrograms are vi-
sual illustrations of the spectrum of frequencies of a signal as it varies with time.
In this case, they provided detailed insights into the frequency distribution and en-
ergy patterns within the audio data. The YAMNet’s parameters, such as sampling
rate and frame hop time, were aligned with the characteristics of the audio signals
to ensure a precise temporal representation. Stereo audio files were converted into
mono format by averaging the channels to meet YAMNet’s input standards. Fol-
lowing this preprocessing, YAMNet analyzed each audio segment and produced
detailed spectrograms along with class activation maps. The class activation maps
provided probabilistic evaluations of various audio event categories, enhancing
the model’s ability to classify environmental sounds. The preprocessing stage for
audio event classification using YOLOvS [Ult24] involves a series of transforma-
tions to convert the audio signal into a suitable visual representation for the model.
Here is a detailed breakdown of the steps involved:

Fourier transformation: The process begins with a Fourier transformation,
which decomposes the time-based audio signal into its constituent frequencies.
This mathematical operation is critical for revealing the frequency components of
the audio signal. To mitigate spectral leakage—a phenomenon that can distort the
frequency spectrum—a window function is applied to the audio signal before the
Fourier transformation.

Windowing and frame segmentation: Post-Fourier transformation, the audio
signal is segmented into overlapping frames. Each frame is then processed with
a Hanning window, which smoothens the signal and minimizes discontinuities at
the frame boundaries. The Hanning window function is essential for preserving
the signal’s continuity when analyzed frame by frame.

Spectrogram creation and logarithmic scaling: A Fast Fourier Transform (FFT)
is performed on the windowed frames to compute their frequency content. The re-
sulting spectrogram is a two-dimensional representation of the signal’s frequency
and time information. Applying logarithmic scaling to the frequency axis of the
spectrogram emphasizes the lower frequencies, which aligns the representation
more closely with human auditory perception.

Decibel conversion: To enhance the spectrogram, the magnitude of the FFT
is converted into decibels (dB). This conversion to a logarithmic scale allows for
a more meaningful representation of the signal’s dynamic range and brings the
spectrogram in line with the way humans perceive sound intensity.

Visual representation: The transformed spectrogram is then converted into a
visual image using a colormap that encodes amplitude or energy levels into color
intensities. This image serves as an intuitive visual representation of the sound,
illustrating the temporal evolution of its frequency components.

After these preprocessing steps, the resulting images (spectrograms) are ready
to be used as input data for the YOLOvVS8 model. YOLOVS, primarily known for
visual object detection, can then be trained on these spectrograms to classify audio
events. By treating the spectrograms as images, YOLOVS can leverage its object
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Figure 24. Validation results from YOLOvVS8 audio classification model, (b) spectrograms
for validation audio samples with true labels versus (¢) model predictions, depicting sound
signatures for various sources.

detection capabilities to identify and categorize different sound events based on
patterns within the spectrogram. Using this method, we trained a YOLOvS8 model
to classify various sounds based on their visual representations. The training pro-
cess demonstrated a steady decrease in loss and a corresponding improvement in
accuracy, achieving a top-1 accuracy of 69.2% and a top-5 accuracy of 92.3%, as
shown in Figure 24(a). Additionally, Figure 24(b), (c) provides a visual compar-
ison of actual and predicted sound classifications using spectrograms, illustrating
the model’s capability to distinguish sound signatures from diverse sources. The
spectrograms reveal the frequency distribution and energy patterns in the audio,
while the class activation maps show the probabilities of different audio events.
An example of YAMNet’s output for a sample audio segment is shown in Fig-
ure 25.

4.8. DELTA dataset

The DELTA dataset is a multimodal urban sensing resource collected using a
custom-built e-scooter platform equipped with a suite of synchronized sensors.
Designed to support detailed pedestrian-centric analysis, the dataset integrates
spatial, visual, auditory, and motion-based data to facilitate tasks such as map-
ping, localization, segmentation, and environmental understanding. The dataset
includes the following components:

* LiDAR Data: 15,497 LiDAR scans were captured using the Ouster OS1
sensor, providing 3D point clouds with range and reflectivity channels.
These are used for spatial mapping and segmentation tasks.

» Stereo Images: 91,411 stereo image sequences were collected using the
ZED?2i stereocamera, including left/right RGB images and disparity maps
for depth estimation and 3D reconstruction.
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Figure 25. Audio analysis visualizations generated using YAMNet. The top panel shows
the normalized stereo waveform of the audio chunk. The middle panel presents the cor-
responding spectrogram, indicating frequency content over time with color intensity rep-
resenting energy levels. The bottom panel illustrates the class activation map, displaying
the probabilities of various audio event classes detected across the audio timeline.

* High-Resolution 4K Images: 45,957 RGB frames were recorded using the
Osmo Action 3 camera, offering high visual detail suitable for semantic
analysis.

* GNSS Data: 1,598 raw GNSS points were recorded via the ZED-F9P RTK
receiver, enabling accurate geo- positioning and trajectory reconstruction.

e IMU Data: Inertial measurements from the HWT901B 9-axis IMU include
accelerometer, gyroscope, and magnetometer readings, supporting motion
tracking and pose estimation.

e Audio Data: 25 minutes of raw ambient audio were captured using the
Tascam DR-07X recorder.

» Sidewalk and Pedestrian Path Segmentation Models:

* A custom segmentation model trained on 4K action camera images, opti-
mized for high-resolution visual inputs under diverse lighting conditions.

* A custom segmentation model trained on single-view stereo images from
the ZED2i camera

* A custom segmentation model trained on the reflectivity channel of LiDAR
data, effective in challenging visual conditions where traditional RGB cues
may be weak or inconsistent.
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* Audio Event Classification Data: The dataset includes geotagged and clas-
sified environmental audio events, generated using deep audio classifica-
tion models (e.g., YAMNet and YOLOVS). Each sound event (e.g., vehicle
noise, footsteps, construction) is timestamped and linked to GPS coordi-
nates, enabling spatiotemporal analysis of the urban soundscape.

The dataset supports diverse applications in pedestrian infrastructure mapping,
context-aware navigation, and multimodal Al research.

4.9. Discussion

The development and deployment of the DELTA platform mark a significant
step toward capturing rich, multimodal data in pedestrian-centric urban environ-
ments. The platform successfully integrates a diverse range of sensors—including
LiDAR, stereo and monocular cameras, GNSS, IMU, and an audio recorder—into
a compact, mobile system capable of high-resolution data collection. The syn-
chronization and calibration procedures outlined in this chapter have enabled the
generation of a temporally aligned and spatially coherent dataset, suitable for tasks
such as localization, segmentation, and contextual urban analysis.

Despite these contributions, several limitations in the current implementation
of the DELTA platform must be acknowledged. First, while the platform offers
high spatial fidelity, the collected data are inherently constrained by the hardware
limitations of mobile platforms. Factors such as vibration, occlusion, and variable
lighting conditions can introduce noise and inconsistency, particularly in visual
and depth data. Although damping systems were integrated to mitigate vibrations,
subtle sensor misalignments and drift may still affect the accuracy of downstream
fusion and perception tasks.

In addition, the scope of data collection is geographically limited to the area
surrounding the Delta building in Tartu, which may affect the generalizability of
models trained on this dataset. Environmental diversity, such as changes in ur-
ban density, architectural style, and ambient soundscape, remains relatively con-
strained in the current version. The duration of audio recordings and the coverage
area for pedestrian activity could also be extended in future iterations to support
broader soundscape analysis.

Finally, while the dataset includes specialized models for sidewalk and pedes-
trian route segmentation from different sensor streams, their comparative perfor-
mance under various environmental conditions is not extensively benchmarked
in this chapter. Moreover, the integration of geotagged audio events—though
promising—has not yet been leveraged for multimodal fusion or contextual in-
ference.
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Overall, this chapter lays the technical and methodological groundwork for
multimodal urban data acquisition and sets the stage for the higher-level mapping
and localization frameworks described in subsequent chapters. Addressing the
current limitations through improved sensor integration, wider geographic cover-
age, and tighter fusion strategies will further enhance the value and applicability
of the DELTA dataset in real-world scenarios.

4.10. Conclusion

This chapter presented the complete pipeline for handling and processing the raw
multimodal data collected by the DELTA platform. It detailed the procedures
for data synchronization, calibration, preprocessing, and alignment across diverse
sensor modalities, including LiDAR, stereo and monocular images, audio, GNSS,
and IMU data. Special attention was given to managing the challenges of cross-
sensor fusion, such as temporal misalignment, noise filtering, and spatial corre-
spondence, which are critical for ensuring consistency and reliability in down-
stream tasks. The chapter also introduced three distinct segmentation models de-
veloped from 4K camera images, stereo imagery, and LiDAR reflectivity data to
extract pedestrian pathways and sidewalks. Additionally, a geotagged audio clas-
sification pipeline was described, providing an auditory layer for environmental
context. Together, these processing steps transform raw, unstructured sensor data
into structured, fused datasets suitable for semantic mapping, localization, and en-
vironmental analysis. Importantly, the dataset captured from the DELTA platform
only served as a benchmark for evaluating the performance and generalizability
of the street2sat and Street2GIS frameworks presented in the subsequent chapters.
Furthermore, for each of the following frameworks, I have compiled a new image
dataset to train the corresponding models.
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5. URBAN MAPPING AND LOCALIZATION

Urban localization and the generation of Geographic Information System (GIS)
data are foundational to modern urban planning, autonomous navigation, and mo-
bility solutions [LT10]. GIS refers to a framework for gathering, managing, and
analyzing spatial and geographic data. It integrates various data types to create
detailed maps and models of urban environments. High-precision urban local-
ization enables the accurate mapping of streets, landmarks, and infrastructure.
Meanwhile, robust GIS data equips urban planners with comprehensive spatial
insights, supporting the development of transportation networks, public safety
initiatives, and sustainable city designs. Together, these components ensure that
dynamic urban environments and emerging mobility technologies are easily in-
tegrated. The following sections presents two complementary frameworks de-
signed to address the challenges in these domains. In the first framework, the goal
was to understand whether linking street-view images with overhead perspectives
could yield a richer, more context-aware environment for navigation tasks. By
deploying landmark segmentation models and leveraging a generative network
(street2sat), the study explored the feasibility of translating ground-level inputs
into satellite views, thus creating a foundational database of spatially indexed and
visually aligned tiles. This line of inquiry was not simply about achieving strong
quantitative localization results; rather, it was about discovering how these differ-
ent modalities interact, how features complement or overlap, and which aspects
of the urban environment prove most influential in geospatial reasoning.

Building on the insights obtained from this initial exploration—such as the
importance of granular pedestrian data, the complexity of accurately represent-
ing different urban features, and the challenges of maintaining reliable alignment
between imagery and coordinates—the research advanced to the second frame-
work: Street2GIS. This new framework was developed as a direct response to the
lessons learned from the first approach. While the initial methodology demon-
strated the potential of image synthesis and landmark-based localization, it also
highlighted the need for a more robust, multimodal pipeline that could generate
detailed, georeferenced shapefiles directly from imagery and positional data.

By integrating depth estimation, semantic segmentation, and advanced cross-
view modeling techniques, Street2GIS aimed to produce rich, GIS-ready outputs
that not only offer improved localization capabilities but also support broader ur-
ban planning and navigation applications. In essence, the first framework illumi-
nated how generative transformations between different viewpoints could inform
localization tasks, the second framework took these insights further, automating
and refining the GIS data generation process to achieve a more comprehensive and
precise spatial understanding thereby paving the way for more accurate, adaptive,
and context-aware localization solutions.
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5.1. street2sat: Generative Al based mapping and localization

Image-based localization plays a central role in computer vision, robotics, and
navigation, enabling precise camera pose estimation for applications ranging from
augmented reality to autonomous vehicles [DMR18; SLK11]. Traditional IBL
methods rely on matching images to detailed 3D maps generated through tech-
niques like LiDAR and photogrammetry, but these approaches face challenges
due to high costs, storage demands, and limited scalability [LLD17; FLG14;
Wan+21a]. This has led to a shift toward learning-based methods, which offer
better adaptability but still struggle with scene variations and complex 2D-3D
matching [Ge+20; ZYC21; Sar+19; Wan+21b; Sar+20]. Alternatives like ground-
to-satellite cross-view localization reduce map size but introduce accuracy and
cost concerns [Shi+20; LL.19; Hu+18; Xia+22], while sensor-based approaches
using LiDAR or radar provide precision at a high financial cost [Che+21; Lu+19;
Ado+22; Tan+21b]. 3D maps are accurate but resource-heavy [SMT18], satellite
imagery provides broader views with limited detail [ZYC21; LL19], and plani-
metric maps like OpenStreetMap are accessible but lack depth and environmental
cues [SZC20; Seo+18].

To build a comprehensive urban map, I start by collecting georeferenced im-
ages from two perspectives: street-level and satellite views. These images, taken
along paths typical of delivery robots and micromobility devices, capture the spa-
tial details needed for mapping. Next, the collected images are processed using
two specialized deep learning models. First, a custom landmark segmentation
model identifies key urban features—such as buildings, statues, and bridges—in
the street-level images. Simultaneously, a generative model called street2sat trans-
forms these street-level images into corresponding satellite views, effectively bridg-
ing the gap between ground-level and aerial perspectives. After processing, all
data are organized into a contextual tiled image-map. This map arranges the tar-
get area into a grid of down-sampled satellite tiles, each enriched with geocoor-
dinates, timestamps, and the detected landmark information, forming a detailed
spatial database.

For localization, when a new street-level image is received, it is first analyzed
by the landmark segmentation model to detect any known landmarks. These land-
marks guide a template matching process that searches the tiled map for similar
landmarks. At the same time, the street2sat model generates a satellite view of
the input image. By comparing this generated view with the corresponding tiles
in the map, the framework identifies the best match and assigns the best latitude
and longitude to the input image. Figure 26 provides a visual summary of the
proposed framework.
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5.1.1. Experimentation setup

For this specific framework, an Osmo 3 action camera in conjunction with a
ZED-F9P GNSS module was utilized, as illustrated in Figure 27(a). This con-
figuration enabled the georeferencing of images at an average interval of 3.89
meters between consecutive shots. To ensure comprehensive coverage, two thor-
ough sweeps of the target area was conducted: one in a clockwise direction as
shown in Figure 27(b) and another in a counter-clockwise direction, as shown in
Figure 27(c), which covered a total distance of 3.19 kilometers. This approach
was specifically designed to replicate the navigation patterns of delivery robots
and micromobility devices, capturing dual perspectives from the same locations
to document a wide range of visual cues encountered on sidewalks and pathways.
At each capture point, three types of data were collected: RGB street-view im-
ages, geocoordinates, and timestamps
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5.1.2. Landmark segmentation

Image-based landmark segmentation is the task of identifying and delineating
landmarks in images. Landmarks are typically defined as prominent and distinc-
tive features that serve as reference points for navigation and localization. Image-
based landmark segmentation is a critical step in various applications, including
autonomous navigation, urban planning, and augmented reality. Traditional meth-
ods for image-based landmark segmentation have relied on hand-crafted features
and rule-based algorithms. These methods are often brittle and can struggle to
generalize to new datasets or environments. Deep learning-based approaches have
emerged as a powerful alternative for image-based landmark segmentation. These
approaches utilize CNNs to learn discriminative features from images and seg-
ment landmarks automatically. CNNs are composed of layers of convolutional
filters that extract different features from images. These features are then pro-
cessed through a series of pooling layers that reduce the spatial dimensions of the
feature maps while preserving their most salient features.

YOLOVS [Ult23] excels in image segmentation with its fast, accurate, and ver-
satile design, making it ideal for use in autonomous vehicles and robotics. Its
core features include the Feature Pyramid Network (FPN) for detecting and seg-
menting objects across various scales, enhanced by the Path Aggregation Network
(PAN) for detailed image representation. The architecture is further refined with
techniques like cross-stage partial convolution and bidirectional feature pyramid
for efficient and comprehensive feature integration. YOLOv8 uses Focal Loss to
focus training on difficult cases, improving accuracy, and employs high-resolution
heads for fine detail processing. Notably, it introduces an anchor-free detection
mechanism and an adaptive inference strategy, optimizing performance and com-
putational efficiency. These advancements position YOLOVS at the forefront of
object detection technologies.

In this research, SAM [Kir+23] alongside the YOLOvS8-based architecture was
implemented to perform image segmentation, harnessing SAM’s robust perfor-
mance in zero-shot learning to reduce the typically burdensome task of manual
labeling required for dataset preparation. Initially, SAM was used to annotate
around 800 street-level images, focusing on 27 unique landmarks near the Uni-
versity of Tartu DELTA building. The use of SAM significantly accelerated the
data preparation process while improving segmentation accuracy. Finally, a seg-
mentation model based on the YOLOvS8 framework was applied to the annotated
images. Figure 28 showcases examples of the landmark segmentation model in
operation.
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Figure 28. Examples of landmark segmentation on street view images in Tartu Estonia.

To assess the effectiveness of the semantic segmentation method, its preci-
sion and mean Average Precision (mAP) for both bounding boxes and masks over
several epochs was evaluated. These metrics serve as essential indicators of the
model’s proficiency in identifying and categorizing landmarks within urban in-
frastructure analysis. the evaluation specifically concentrated on precision (B)
and mAP50 (B) for bounding boxes, along with precision (M) and mAP50 (M)
for masks. The analysis of results from the initial, median, and final epochs re-
veals a significant enhancement in the model’s capacity for precise segmentation
and landmark recognition. This improvement is detailed in Table 9, providing an
overview of the segmentation quality metrics across several epochs.

5.1.3. The street2sat generative model

The street2sat component is a generative model specifically designed to synthesize
satellite view imagery from corresponding street-level viewpoints. To achieve
this, the pix2pix conditional Generative Adversarial Network (cGAN) framework
[Iso+17] was implemented, which operates on paired training data comprised of
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Table 9. Overview of the custom segmentation performance metrics across several epochs
(B=Bounding boxes, M=masks).

Metric Initial Median Final

Precision (B) 0.69 0.78 0.76
mAP50 (B) 0.43 0.76 0.79
Precision (M)  0.69 0.78 0.73
mAP50 (M) 0.42 0.76 0.75

Table 10. Training loss metrics at epoch 1000, iteration 800.

Metric Value

G_GAN Loss 10.547
G_LI1 Loss 26.373
D _Real Loss 0.000
D_Fake Loss 0.001

street-level images and their georeferenced aerial counterparts. The center of a
specific square region of interest is indicated by geospatial coordinates obtained
from a GNSS module, which are defined as:

Square Area = [(lon —d,lat —d),(lon+d,lat +d)] (5.1)

This ensures that each street-level image is consistently matched with the cor-
responding satellite view of the exact location, providing precise ground truth for
training. The training procedure was configured to support stable and effective
model convergence. A batch size of 1 and an initial learning rate (/r) of 0.0002
were used. The training routine consisted of 500 initial epochs at a fixed learning
rate, followed by an additional 500 epochs during which the learning rate was
gradually reduced according to:

5.2)

epoch
Ir = Irinitial <1 - P >

Hepochs + Mepochs_decay

Here, Iriniial denotes the initial learning rate, epoch is the current epoch index,
Nepochs 18 the number of epochs before decay, and 7epochs_decay Specifies the dura-
tion of the decay period. All training images were uniformly resized to 256 x 256
pixels to ensure dimensional consistency and computational efficiency. Table 10
provides a snapshot of the training loss data for the generative model at epoch
1000 and iteration 800. The data includes metrics for generator and discriminator
losses, highlighting the model’s performance at this stage of training.

To address these limitations, my approach uses generative Al and custom land-
mark segmentation to convert street-level images into satellite-style views, im-
proving localization by combining ground and aerial perspectives. This method
enhances feature matching and spatial awareness, offering a scalable and cost-
effective alternative. Furthermore, generative models can fuse diverse urban data,
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enabling richer, more adaptable map representations for dynamic city environ-
ments [KGR22].

The main idea behind generating satellite images from street-level images
comes down to two key benefits. First, aerial images provide a bird’s-eye view
that complements ground-level perspectives, making it easier to identify and align
important features. This top-down perspective is especially useful in urban ar-
eas, where buildings, vehicles, and pedestrians create complex scenes with many
obstacles. By combining both views, we can improve localization accuracy de-
spite these challenges. Second, the wide field of view from an aerial image gives
the model a much richer understanding of the surrounding space. This helps in
matching features and making sense of the scene more effectively. By integrating
both viewpoints, we create a more reliable and detailed understanding of urban
environments, ultimately improving localization strategies. Figure 29 illustrates
an example of the street2sat model, which generates satellite images using only
street-level images. The results demonstrate how this approach preserves impor-
tant environmental details and spatial relationships, leading to a more robust and
context-aware localization system.

5.1.4. Contextual tiled image-map based mapping

The concept of the contextual tiled image-map introduces an innovative approach
to urban mapping by creating an ordered sequence of generated satellite view im-
ages, each embedded with contextual data, such as its index position relative to
other tiles, specific geolocation, and the identifiable landmarks within its field of
view from the street-view (see Figure 30). This ordered arrangement not only
offers a practical view of a vehicle’s trajectory and orientation but also effec-
tively creates a detailed mosaic that reflects the real-world environment, aiding in
navigation through the urban landscape. For creating the tiled image-map a wide-
angle camera paired with a ZED-FOP GNSS module (Figure 31(a)) was used to
capture georeferenced images at an average interval of 3.89 meters, executing two
full sweeps of the targeted region Figure 31(b) and (c). This approach, designed
to mimic the navigational patterns of delivery robots or micro-mobility devices,
was aimed at securing dual perspectives from identical locations to encompass the
varied visual cues encountered on sidewalks and pathways. Subsequently, these
images were synthesized into a large, coherent visual map, referred to as the tiled
image-map Figure 31(d).

The orderly placement of these tiles serves a dual purpose: in addition to pro-
viding comprehensive spatial coverage, it encodes valuable orientation informa-
tion within each tile. This encoding is made possible by leveraging data from a
landmark segmentation model, which informs the system about the visible land-
marks when oriented in a specific direction. Furthermore, each tile is more than
just a visual representation, it is a repository of precise geographical coordinates
that indicate the tile’s center. The incorporation of geolocation data into the image
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(a)

Figure 29. Examples of the street2sat model generating satellite images using only street-
level input: (a) The original street-level image, (b) the corresponding satellite view from
the same location sourced from OpenStreetMap, and (c) the satellite view generated by
the street2sat model based solely on the street-level image.

adds an important layer of spatial context, empowering accurate localization and
navigation based on the generated image-maps. Each tile in this method is gener-
ated using the street2sat image-to-image translation model. Instead of relying only
on satellite or aerial images, this approach lets the model create its own representa-
tion of the map. This has two advantages: first, it prioritizes only the most relevant
details for localization, rather than capturing everything in high detail. Second, it
allows the model to encode scene geometry and appearance in a way that is more
useful for the task, making localization more efficient. Beyond their visual repre-
sentation, image-tiled maps offer significant practical advantages. They are highly
scalable, enabling efficient mapping of large areas by breaking them into smaller,

85



Contextual data
Ay ’ i WL 7 associated to each tile
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Geocoordinates
(58.3856, 26.7245)

Figure 30. An example of the contextual data included in each tiled image-map.

manageable tiles. Their lightweight and easy-to-load structure also makes them
well-suited for mobile and real-time applications, reinforcing their role in modern
geospatial and navigation systems.

5.1.5. Template matching based localization

Image-based template matching is a widely used technique for object detection
and recognition [MH21]. It involves comparing a small image fragment, known
as a template, to a larger image in order to locate the location of the template
in the larger image. The basic principle of image-based template matching is to
compare the pixel values of the template to the corresponding pixel values in the
larger image. This is typically done using a similarity metric, such as the cross-
correlation [His+15a] or sum of squared differences [His+15b]. The similarity
metric measures the degree to which the template and the larger image match,
and a high value of the similarity metric indicates that the template is likely to be
present in the larger image.

There are a variety of methods for template matching, each with its own strengths
and weaknesses. Some common methods include:

Correlation-based matching [ZHGO06]: This is the simplest and most com-
mon method of template matching. It involves calculating the cross-correlation
between the template and the reference image.

Summed-Area Tables (SATs) [LSR21]: SATs are a more efficient method of
template matching that can be used for large images. They store the sum of the
pixels in each row and column of the reference image, which allows for faster
comparisons with the template. Hough transform [Di +12]: The Hough trans-
form is a more specialized method of template matching that is particularly well-
suited for detecting objects with curved boundaries. It involves transforming the
image into a parameter space where points corresponding to possible matches for
the template can be identified.
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To perform localization using a contextual tiled image-map, an image query is
fed into two key processes. First, the image is processed by a landmark segmen-
tation model that identifies recognizable landmarks. These landmarks refine the
template matching algorithm by narrowing down the search area to specific tile
locations within the image-map. This narrowed set of locations, represented by
the set V, which corresponds to the valid indexes derived from the landmark data
and indicates the tile locations most likely to contain the identified landmarks.
Following this, the street-level input image is transformed into its corresponding
satellite view using the street2sat model, S. The template matching algorithm em-
ploys Normalized Cross-Correlation (NCC) to systematically compare the gen-
erated satellite view S against segments of a larger reference map (tiled-image
map). The correlation coefficient for each segment is computed using the follow-
ing equation:

Loy [S&LY) I +xy+Y)]
\/Zx/.y’ S(xlvy,)z : Zx/,y’l(x_‘_xlvy"i'y/)z

where I represents the reference image, and x',y’ are coordinates relative to
the segment being examined. R(x,y) provides a measure of similarity between the
satellite view and the reference map segment at position R(x,y). The search for the
best match is focused on the regions indicated by the set V, which comprises the
tile locations linked to the recognized landmarks. Once the best match is found, its
geographical location is determined by calculating the tile number, which reflects
the segment’s position within the reference map. This calculation is performed
using the equation:

R(x7y) =

i

TileNumber = (y) -TOW Steps + (x) +1.
step size step size

The system then uses this tile number to cross-reference a lookup table that
retrieves the corresponding latitude and longitude, effectively estimating the best
geographical coordinates of the identified segment. By integrating both the spatial
context provided by the landmark data (through the set V') and the visual compar-
ison enabled by the generated satellite view, this methodology ensures a focused
and efficient search within the template matching process. Figure 32 illustrates
the template matching algorithm in action.

5.1.6. Experiment and results

To investigate the potential of the proposed localization methodology, a focused
experimental setup was designed using an unseen subset (a total of 113 images) of
the DELTA dataset [AVH24]. The dataset, comprising street-level images anno-
tated with geolocations, presented a suitable testbed for examining how effectively
the pipeline could bridge the gap between image-based inputs and spatial reason-
ing. Rather than emphasizing on specific numerical outcomes, the primary goal
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Best match found at: (1688, 1588) with value: ©.88085802847252655

Tile number of the best match: 436

Time taken for the matching: 8.886650269332385742 seconds

GPS coordinates for the matched tile: Latitude = 58.386213, Longitude = 26.725367931045763

500
1000
1500 j.
2000

2500

0 500 1000 1500 2000 2500

Figure 32. Template matching result showing the best match at image coordinates (1600,
1500) with a similarity value of 0.08. The matched area is visualized (white bounding
square), along with the GPS coordinates for the matched tile.

of these experiments was to gain deeper insights into the underlying mechanisms
that guide the methodology’s performance. Employing the Haversine formula and
supplementary statistical measures such as Mean Absolute Error (MAE) and Root
Mean Square Error (RMSE) allowed for a detail understanding of how closely the
predictions aligned with actual geographic locations. By examining these metrics,
the study aimed to uncover patterns and potential improvements in the approach,
providing a richer perspective on the method’s capacity to support robust geolo-
cation tasks. Although the quantitative results are summarized in Tables 11 and
12, the emphasis remains on learning from these indicators to refine and advance
the methodology.

Haversine distance calculation. The Haversine formula computes the shortest
distance between two points on the Earth’s surface, based on their latitude and
longitude. This method allowed us to derive the actual distance errors for each
prediction. The formula is expressed as follows:

d =2 x 6371 x arcsin (va),
Alat Al
a = sin’ (%) + cos(lat;) x cos(laty) X sin’ (%) ’

where Alat and Alon are the differences in latitude and longitude, respectively,
lat; and lat, are the latitudes of the true and predicted locations, and 6371 repre-

(5.3)
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sents the Earth’s radius in kilometers.

The results of the Haversine distance analysis are summarized in Table 11,
indicating a mean error of 0.1175 km, a median error of 0.0739 km, and a standard
deviation of 0.1219 km.

Table 11. Haversine distance calculation results.

Metric Value (km)
Mean Error 0.1175
Median Error 0.0739

Standard Deviation of Error 0.1219

MAE and RMSE. To gain additional insight into prediction accuracy, the MAE
and RMSE, which measure the average and squared average deviations, respec-
tively, between true and predicted geocoordinates. These metrics provide comple-
mentary perspectives on prediction reliability. The formulas are as follows:

1 n
MAE = ;Z|yi—xi|a (5.4)
i=1

(vi — xi)?, (5.5

S| =

RMSE =

i=1

where y; and x; represent the true and predicted geocoordinate values, respec-
tively, and # is the total number of predictions. The calculated MAE and RMSE
values for latitude and longitude are presented in Table 12. These results demon-
strate low error margins, highlighting the practicality of the localization system.

Table 12. MAE and RMSE results.

Metric Latitude Longitude

MAE 0.00093 0.00070
RMSE 0.00141 0.00107

5.1.7. Failure analysis

In the localization prediction results, two primary sources of inaccuracies were
identified. The first stems from challenges in landmark classification, influenced
by several factors. In some cases, the absence of distinguishable landmarks in cer-
tain locations (Figure 33(a)) deprives the system of crucial spatial context needed
for precise localization. Additionally, even when landmarks are present, they may
be obscured by vegetation, urban structures, or other visual obstructions (Fig-
ures 33(b) and 33(c)), preventing effective recognition. Furthermore, system lim-
itations such as inadequate visibility or insufficient training of the landmark de-
tection model can result in missed identifications (Figure 33(d)).
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Figure 33. Analysis of the system failure scenarios: (a) lack of distinguishable landmarks
in the scene, (b) landmarks concealed by vegetation such as trees, (c) obstruction caused
by urban structures or elements, (d) diminished visibility due to sun glare and constraints
arising from inadequate model training.

The second key issue arises from inaccuracies in the satellite view generation
by the street2sat model (Figure 34). When this model produces an imprecise rep-
resentation of the urban environment, it disrupts the subsequent template matching
process, leading to localization errors. These challenges highlight the critical need
to enhance both the reliability of landmark classification and the fidelity of gener-
ated satellite views to improve the overall accuracy of the geolocation prediction
system.

5.2. Street2GIS: An automated GIS data generation framework

The rapid evolution of autonomous navigation technologies is revolutionizing
transportation systems, with a particular focus on delivery robots and micromo-
bility services [Alv+24]. These systems depend on accurate and dynamic GIS
data to navigate urban landscapes efficiently and safely [HL24]. High-resolution
GIS datasets are essential for optimizing route selection, avoiding obstacles, and
ensuring compliance with traffic and pedestrian regulations [Xia+24]. Despite
the growing emphasis on these technologies, there remains a significant gap in
the availability of detailed pedestrian infrastructure data compared to vehicular
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Figure 34. The street2sat model encountering challenges in accurately generating satel-
lite views from street-level imagery: (a) street-level view from the DELTA dataset, (b)
corresponding actual satellite view of the same location, and (c) satellite view synthe-
sized by the street2sat model.

infrastructure as mentioned before. While road networks and vehicle pathways
are well-represented in existing GIS databases, pedestrian pathways, including
sidewalks and crosswalks, are often overlooked. This imbalance creates chal-
lenges for autonomous delivery robots and micromobility systems, which rely
heavily on pedestrian infrastructure for operation. Research indicates that con-
ventional methods for collecting GIS data fail to adequately capture the intricate
and dynamic nature of pedestrian environments, leaving critical aspects underrep-
resented [LVD20].

Traditional data collection techniques, such as manual surveys and satellite
imaging, are particularly ill-suited to the demands of pedestrian infrastructure
mapping. These methods are labor-intensive, error-prone, and slow, resulting in
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datasets that quickly become outdated. Key pedestrian-specific features, such as
temporary obstructions, sidewalk conditions, and crosswalk updates, are often
missed or inaccurately represented, making it difficult for autonomous systems to
operate effectively. Without reliable and current GIS data, autonomous delivery
robots and micromobility services face increased risks of inefficiency, compro-
mised safety, and regulatory non-compliance [TTB21].

In urban environments with high pedestrian activity—such as city centers or
university campuses—the limitations of existing GIS data are even more pro-
nounced [Alv+24]. Frequent changes in sidewalk conditions caused by con-
struction, events, or temporary blockages exacerbate the challenges faced by au-
tonomous systems. These gaps in data can lead to navigation failures, such as
robots encountering dead ends or violating pedestrian right-of-way rules, under-
scoring the urgent need for more detailed and up-to-date pedestrian infrastructure
mapping [JF19].

The automation of urban feature extraction—encompassing roads, sidewalks,
buildings, and vegetation—from aerial and street-level imagery has emerged as
a cornerstone for advancements in urban planning, smart city development, au-
tonomous navigation, and GIS integration. Recent advances in deep learning,
particularly with CNNs and Generative Adversarial Networks (GANs), have sub-
stantially improved the precision and efficiency of extracting these features from
remote sensing data [LN23]. Equally significant is the automated generation of
GIS shapefiles, which capture geographic features and their attributes, enabling
robust applications in urban infrastructure mapping [XK15] and autonomous sys-
tems [LN23].

Here I highlight recent innovations in deep learning and GAN-based method-
ologies, emphasizing their role in automating urban feature extraction and the
generation of GIS shapefiles. These tools have revolutionized how high-resolution
aerial and street-view imagery are utilized to create GIS-compatible datasets, di-
rectly supporting urban mobility, planning, and navigation systems. For example,
deep learning models such as those by [Nin+22] demonstrate high accuracy in ex-
tracting sidewalk features, achieving precision and recall rates nearing 0.9. Sim-
ilarly, [Luo+19] developed techniques to create digital sidewalk inventories from
aerial images, boasting prediction accuracies of up to 92.6%, providing valuable
resources for active mobility and urban accessibility initiatives. Scalable tools
like Tile2Net [Hos+23] have further expanded the field by employing semantic
segmentation to delineate sidewalks, crosswalks, and footpaths, producing de-
tailed GIS shapefiles critical for pedestrian infrastructure planning and routing. In
the realm of road network extraction, CNN-based methods have proven transfor-
mative. For instance, [Man19] utilized deep learning to detect and classify road
segments, creating GIS-compatible shapefiles essential for urban navigation and
smart city frameworks. Reviews such as [Liu+24b] underscore the effectiveness
of CNNs and semi-supervised learning approaches for extracting complex road
networks from remote sensing imagery.
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GAN-based innovations have also pushed boundaries in urban feature map-
ping. The SW-GAN framework by [Che+22] integrates weakly labeled and pre-
cisely annotated data, enabling accurate road extraction in regions with limited la-
beled datasets. For building footprint extraction, [Li+21b] proposed a GAN-based
model capable of refining segmentation outputs from aerial images into accurate
polygonal shapefiles, supporting applications in urban modeling and disaster man-
agement. A notable trend is the integration of aerial and street-view data to miti-
gate occlusion issues and improve extraction accuracy. By combining these data
sources, as demonstrated by [Nin+22], researchers have significantly enhanced
the completeness and quality of urban feature maps. These advancements mark
a pivotal shift toward more efficient, scalable, and detailed GIS workflows, fa-
cilitating applications across diverse domains such as urban planning, pedestrian
routing, and autonomous navigation.

To enhance the efficiency of GIS data collection and updates, I have proposed
a framework named Street2GIS that employs a multimodal system to automate
the generation of georeferenced shapefiles from street-view imagery and GPS
data. This system identifies and classifies urban features such as roads, side-
walks, buildings, and vegetation within a 70-meter radius of the site where the
street-level image was provided. The framework ensures consistency by aligning
its outputs with official datasets, preserving the integrity of existing urban layouts
and avoiding significant alterations to network connectivity. Its efficient and scal-
able design offers a practical solution for generating GIS data, with the capability
to operate close to near real-time. By incorporating pedestrian infrastructure data
into GIS workflows, this framework aims to address challenges posed by dynamic
urban environments and supports incremental improvements in urban mobility so-
lutions. The near real-time functionality is particularly valuable in GPS-denied
areas, where it can enhance the geolocalization process by relying on visual and
contextual data to provide accurate spatial mapping. This capability not only im-
proves the accuracy of GIS datasets in challenging environments but also offers a
robust tool for updating critical urban data more effectively.

Street2GIS is an automated tool designed to generate accurate GIS shapefiles
from street-view imagery and geospatial data, combining computer vision with
geospatial processing to create detailed environmental maps for applications such
as autonomous navigation, urban planning, and environmental monitoring (re-
fer to Figure 35). It operates through a multi-step process that integrates both
ground-level and aerial perspectives. The system begins with a street-view image
and its geospatial coordinates, which are used to retrieve corresponding satel-
lite imagery from Esri’s World Imagery service. A monocular depth estima-
tion model then processes the street-view image to predict depth, reconstructing
a three-dimensional structure from a single two-dimensional input. This depth
information enhances spatial mapping by capturing distances and scaling rela-
tionships within the scene. Using the depth map, street-view image, and satellite
tile, the framework generates a semantic segmentation map from a top-down view,
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identifying key urban features such as roads, sidewalks, buildings, and vegetation.
From this, two essential outputs are derived: an elevation map, which represents
terrain variations to ensure proper alignment of infrastructure, and an environmen-
tal feature map, which accurately delineates roads, sidewalks, and other elements.
These outputs are then converted into a geo-referenced TIFF and transformed into
a GIS shapefile, a widely used format for spatial analysis and integration with
other geospatial datasets. The entire process is fully automated and accessible
via a command-line interface, making GIS data generation faster and more ef-
ficient. Street2GIS leverages deep learning-based monocular depth estimation,
aerial semantic segmentation and cross-view image synthesis to create accurate
top-down maps. By transforming street-level images into rich spatial models, the
framework provides a scalable, cost-effective, and accessible solution for urban
mobility, infrastructure planning, and autonomous navigation.

The following sections detail the key components and evaluation methods of
the Street2GIS framework. First, the data collection process is described, Next,
the framework’s depth estimation techniques are presented. Subsequent sections
discuss the methods for semantic segmentation and environmental feature map-
ping achieved by integrating aerial and ground perspectives. Additional content
covers the training data preparation, including the raster-to-polygon conversion
process, and the techniques employed for spatial alignment and similarity assess-
ment to validate the generated GIS data. Finally, the optimization process and
evaluation metrics are presented, highlighting the framework’s accuracy and reli-
ability in modeling complex urban environments.
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5.2.1. Experimentation setup

For my data collection process, I equipped an e-scooter with a wide-angle ac-
tion camera to capture as much environmental detail and features as possible. A
GNSS module was mounted on a backpack connected to a laptop for reading and
recording geo-coordinates (Figure 36(a)). The camera was set to capture images
at a rate of 24 frames per second, while the GNSS module recorded data at 1Hz.
I was able to synchronize an image by knowing its timestamp and frequencies for
both devices with their corresponding geolocation data during post-processing.
The data collection spanned approximately 11.47 kilometers in Tartu, resulting in
59,185 frames and 2,466 GPS points. After filtering and processing, the dataset
was refined to 2,463 images with corresponding coordinates. Each image, origi-
nally at 1920x1080 pixels, was resized to 256x256 pixels for training purposes.
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Figure 36. The image illustrates the geographic extent of the data collection area as
represented on OpenStreetMap.
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5.2.2. Depth estimation

The framework utilizes state-of-the-art depth estimation model to extract the spa-
tial structure of urban environments from both ground-level and aerial perspec-
tives, enhancing the precision of GIS outputs. For ground-level analysis, the
Depth-Anything-v2 model [Yan+24] was used to generate detailed depth maps
from monocular street-view images, as depicted in Figure 37(a). These depth
maps provide a three-dimensional understanding of the environment, which sig-
nificantly improves semantic segmentation and facilitates accurate extraction of
urban features such as roads, sidewalks, buildings, and vegetation. By recon-
structing the spatial relationships within the scene, the model enables more precise
mapping of ground-level infrastructure.

To enhance this ground-level approach, the concept of depth estimation was
extended to satellite imagery, addressing the inherent limitations of overhead im-
ages that lack explicit depth information. As shown in Figure 37(b), the Depth-
Anything-v2 model is applied to extract elevation data, capturing vertical vari-
ations across both natural and man-made environments. This process produces
detailed elevation maps that enhance the spatial accuracy of GIS outputs by mod-
eling critical infrastructure features such as overpasses, bridges, terrain contours,
and building heights. The integration of these depth maps into the GIS work-
flow ensures a comprehensive and precise representation of urban environments,
bridging the gap between ground-level and aerial perspectives.

~

Figure 37. Examples of depth estimation applied to street-level and satellite images: (a)
Street-level images (top row) with their corresponding depth estimations (bottom row),
and (b) satellite images (top row) with their resulting elevation maps (bottom row).

5.2.3. Generating satellite view semantic segmentation

The semantic segmentation approach combines ground-level and aerial views to
create highly accurate maps of urban environments. At the heart of this process is
the CrossMLP1 architecture, an advanced model inspired by the Cascaded Cross
MLPMixer framework [RTS21]. This model uses street-view RGB images along-
side satellite images to develop a deeper understanding of spatial relationships.
By doing so, it accurately identifies and segments urban features like streets,
sidewalks, buildings, and green spaces. The integration of the detailed context
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from street-level images with the extensive coverage of satellite imagery allows
CrossMLP1 to capture complex spatial patterns that might otherwise be missed,
ensuring that the semantic maps it produces closely mirror real-world layouts for
thorough urban analysis.

To effectively train the CrossMLP1 network, I created a new dataset by pairing
proprietary street-view images with their geographic coordinates, which were then
used to retrieve corresponding satellite images. This dual-view dataset allowed
the network to learn how ground-level and aerial perspectives relate to each other.
To ensure accuracy and proper alignment, a semi-automated process was used.
First, satellite images were processed using the K-means algorithm to classify
key features into broad categories such as roads, sidewalks, buildings, and vege-
tation. These initial classifications were then refined by overlaying high-precision
geospatial vectors from the Estonian Topographic Database [Lan20], improving
the dataset’s overall quality and detail. Attributes such as street widths, building
polygons, and green space boundaries were defined based on the database’s meta-
data. Sidewalks were defined as spaces without vegetation, roads, and buildings,
ensuring their clear separation from other urban features. Each semantic layer was
cross-referenced and verified for spatial accuracy to reflect real-world dimensions
and arrangements. The data preparation resulted in high-quality annotations for
training the CrossMLP1 network, allowing it to generate highly reliable semantic
maps. By combining street-level and aerial views, the approach ensures accu-
rate feature mapping while offering a scalable way to map complex urban areas.
This framework can support applications in urban planning, GIS, and autonomous
systems, providing a practical tool for analyzing and modeling urban spaces.

5.2.4. Generating road, sidewalk, building and vegetation

The approach for generating environmental feature rasters for urban elements such
as roads, sidewalks, buildings, and vegetation relies on two enhanced CrossMLP
architectures, CrossMLP2 and CrossMLP3. These models are specifically de-
signed to capture the complex relationships between satellite semantic segmenta-
tion, RGB imagery, and elevation data, enabling detailed spatial mapping without
the need for extensive manual annotation.

To simplify the annotation process, existing GIS datasets were used as a foun-
dation for generating large-scale labels. By utilizing the bounding box of each
satellite tile, corresponding urban feature polygons from the Estonian Topographic
Database were identified and retrieved. These polygons were rasterized into an-
notated image tiles, with each class—such as sidewalks, roads, buildings, and
vegetation distinctly labeled. This automated approach ensured accurate ground
truth annotations for training the network. The annotated dataset provided a com-
plete representation of geographic features, allowing the network to learn the spa-
tial distribution and structural characteristics of each class. This facilitated the
model’s ability to produce highly detailed and precise spatial representations.
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To further enhance the model’s spatial understanding, elevation data was inte-
grated into the training dataset. This was achieved by applying a depth estimation
model to the satellite RGB imagery, generating clear height maps that depicted
variations in terrain and infrastructure elevation. The inclusion of these elevation
maps allowed the model to account for vertical changes in the environment, im-
proving its ability to place roads, buildings, and vegetation accurately in spatial
representations. By incorporating this additional layer of data, the model gained a
better understanding of how height influences urban layouts, leading to more ac-
curate and realistic outputs. Figure 38 illustrates the different types training data
used for each CrossMLP block.

5.2.5. Training data description

To train each CrossMLP block, I employed a modified Pix2Pix framework with a

U-Net generator [Iso+17]. The training process utilized the Adam optimizer with

a learning rate of 2 x 10~* and a batch size of 8. The model was trained for a total

of 30 epochs, split into two phases: 15 epochs with a fixed learning rate, followed

by 15 epochs with linear decay. Additionally, an early stopping condition was

implemented, monitoring the loss function for improvements every five epochs.
The loss functions used during training included:

* Adversarial Loss: Encouraging realistic output generation.

* L1 Reconstruction Loss: Weighted by 100 to enforce structural similarity
between predictions and targets.

* Segmentation Loss: Weighted by 1 to prioritize accurate classification of
GIS features.

The dataset was divided into training and validation sets, with 70% of the data
(1,725 images) allocated for training and 30% (738 images) for validation. The
training process utilized three NVIDIA GeForce RTX 3060 GPUs, each equipped
with 12 GB of memory, and required a total of 8 GB of memory for each model.
On average, training each epoch took 3.5 minutes. The same hyperparameters and
methodology were applied to train all CrossMLP models, ensuring consistency
across experiments.

This training setup, using diverse input modalities, allowed CrossMLP models
to learn robust spatial relationships. By combining depth and semantic cues from
street-view and satellite imagery, the framework improved GIS feature prediction,
generating raster representations of urban elements like roads, sidewalks, build-
ings, and vegetation. The next step is to convert these pixel-based outputs into
vector polygons.

5.2.6. Raster to polygon conversion

Raster and vector data formats in GIS serve complementary roles: raster data,
such as TIFF images, provides pixel-based representations of spatial features,

100



CrossMLP1

CrossMLP2

CrossMLP3

@ b © )

Figure 38. Inputs, targets, and clues used in training the CrossMLP models are illustrated
across three rows: First row: (a) Input street-view RGB image, (b) target semantic seg-
mentation map, (c) depth representation clue for the street-view, and (d) satellite RGB
image clue. Second row: (a) Input satellite RGB image, (b) target road and sidewalk net-
work, (c) semantic satellite representation clue, and (d) satellite depth representation clue.
Third row: (a) Input satellite RGB image, (b) target building and vegetation placements,
(c) semantic satellite representation clue, and (d) satellite depth representation clue.

while vector data, like shapefiles, uses geometric shapes—points, lines, and poly-
gons—to define spatial elements more precisely. Converting raster images into
vector polygons is a critical process that bridges these formats, enabling scalable
and detailed spatial analysis.

The conversion process begins with raster image preprocessing to enhance key
features while minimizing noise. Contrast adjustments are applied to emphasize
essential elements, making them more distinguishable from the background. A
Gaussian blur is then used to smooth high-frequency noise, creating cleaner in-
puts for segmentation. The preprocessed image is thresholded into a binary for-
mat, segmenting the desired features by separating foreground elements from the
background based on pixel intensity. To improve the integrity of these features,
morphological operations, such as gap filling and edge smoothing, are applied,
ensuring continuity in the binary representation.

Once the binary raster image is refined, it is transformed into vector format.
This vectorization step involves tracing the boundaries of connected pixel regions

101



to generate polygonal shapes that represent spatial features. These polygons cap-
ture the structure and layout of the original raster data in a geometric format suit-
able for GIS applications. After vectorization, additional refinement ensures the
usability and accuracy of the resulting polygons. Geometric simplification re-
duces the complexity of the shapes by smoothing unnecessary details, making the
dataset more manageable for analysis. Smaller, less significant polygons are fil-
tered out based on their area, retaining only the most relevant features in the final
output. This systematic process of raster-to-polygon conversion enables the trans-
formation of pixel-based spatial data into detailed, scalable vector representations,
facilitating more advanced spatial analysis and integration with other geospatial
datasets.

5.2.7. Alignment and similarity measurement method

To validate the accuracy of the Street2GIS framework in generating GIS data, I
developed and implemented a method for spatial alignment and similarity assess-
ment between the generated GIS outputs and reference datasets. This approach
combines feature-based alignment with structural similarity measurement to en-
sure precise evaluation of the framework’s performance.

Alignment method. Accurate spatial alignment is a critical component of vali-
dating GIS data. To evaluate how effectively the Street2GIS framework captures
spatial features, I implemented a multi-step spatial registration process to align
generated images (I,) with their corresponding reference images (/).

Keypoint detection and matching: I employed the Oriented FAST and Ro-
tated BRIEF (ORB) algorithm [Rub+11] to detect and describe keypoints in both
I, and I, due to its computational efficiency and robustness to rotation and scale
changes. The algorithm combines the FAST keypoint detector with the BRIEF
descriptor, adding orientation and multi-scale capabilities to enhance its perfor-
mance in diverse scenarios. Keypoint descriptors generated by ORB were matched
using a brute-force matcher with Hamming distance as the similarity metric. To
ensure high-quality matches and minimize false positives, I applied Lowe’s ratio
test, retaining only matches that satisfy the condition:

distance(d;,d )
distance(d;,d )

where T = 0.75 is the ratio threshold. This step ensured that only reliable
matches were used for further processing.

Homography estimation: Using the filtered matches, I estimated a homogra-
phy matrix H with the RANSAC algorithm [FB81]. The homography matrix maps
points from the generated image to the reference image, accounting for projective
transformations. The relationship is expressed as:

<1,
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where (xg,y,) and (x,,y,) represent corresponding coordinates in the gener-
ated and reference images, respectively. RANSAC iteratively selects subsets of
matches to compute H, mitigating the influence of outliers and ensuring robust
transformation.

Warping and refinement: With the estimated homography matrix H, [ warped
I, to align it with 7, correcting for perspective distortions and spatial misalign-
ments. The warping process applied the transformation to each pixel in /,, pro-
ducing an aligned image I;:

Iy = warp(I, H).

To achieve sub-pixel alignment accuracy, I further refined the registration using
the enhanced correlation coefficient algorithm [EPOS]. This algorithm optimized
warp parameters W by maximizing the correlation coefficient p between Ié and
I

_ Zx,y (I,(x,y)—/.t,) (Ié’,(x,y;W)—[.Lg)
\/Zx,y (Ir(x7y> - “V)ZZx,y (Ié(x,y;W) - 'u8)2

where 1, and (i, are the mean intensities of /. and Ig,, respectively. The ECC
optimization process ensured precise alignment, even at sub-pixel levels.

By integrating ORB for keypoint detection, RANSAC for homography esti-
mation, and ECC for alignment refinement, I developed a robust methodology
to align generated GIS images with ground truth data. This alignment process
ensures accurate registration, enabling precise spatial feature comparisons and
validating the effectiveness of the Street2GIS framework.

Similarity measurement. To evaluate the similarity between the aligned images
produced by the Street2GIS framework and the reference images, I implemented
a method using the Structural Similarity Index (SSIM) as described in [Wan+04].
SSIM provides a quantitative measure of visual similarity by analyzing brightness,
contrast, and structural patterns, producing a score between 0 and 1, where 1
indicates perfect similarity.

The process begins by converting both the generated image (/) and the ref-
erence image (/) to grayscale to simplify the comparison and focus exclusively
on structural content without the influence of color. Let the grayscale images be
denoted as Ié and I, respectively. To ensure a fair comparison, both grayscale
images are resized to identical dimensions if necessary. Specifically, after align-
ment, the reference image (I)) is resized to match the dimensions of the generated
image (Ig,).

P

)

103



The SSIM index is then computed between Ig, and I/ using a Gaussian weight-
ing function to account for local variations in luminance and contrast. The SSIM
index is calculated as follows:

(2%#1; +C) (26121; +G)

SSIM(I,,1) = :
(1 + 1 +C1) (o) + 05 +Co)

8r

where:

* ur and py are the mean intensities of Ig, and I/, computed using a Gaussian
kernel.

* o7 and o7, are the variances of I and I}, representing local contrast.
8 r

s o is the covariance between Ié and I/, reflecting their structural similarity.

e (1 and C, are constants to stabilize the division when the denominators
are close to zero, defined as C; = (K{L)? and C; = (K,L)?, where L is the
dynamic range of pixel values (e.g., 255 for 8-bit images), and K; and K,
are small constants (e.g., K1 = 0.01, K, = 0.03).

In addition to computing the SSIM index, an SSIM map is generated, which
provides a pixel-wise similarity measure across the entire image. This map visu-
ally highlights regions of dissimilarity, offering valuable insights into areas where
the generated data deviates from the reference. Such visual analysis is important
for identifying specific aspects of the model’s performance that may require im-
provement, thereby aiding in iterative refinement of the framework. By employing
SSIM and generating detailed similarity maps, I established a robust method for
quantitatively and visually assessing the alignment and similarity of GIS outputs,
ensuring the validity and reliability of the Street2GIS framework.

Optimization. To optimize the alignment and similarity between the generated
images and the reference images, a systematic parameter optimization process
was implemented. This focused on fine-tuning critical parameters during feature
detection, matching, and homography estimation stages to achieve the highest
possible SSIM score. The primary parameters optimized included the number of
ORB features (Norg), the match ratio threshold (7) in Lowe’s ratio test, and the
RANSAC reprojection threshold (€).

Number of ORB features (Norp). The ORB algorithm was utilized to detect
and describe keypoints in both the generated image (I,) and the reference image
(I;). The parameter Norp determines the maximum number of keypoints extracted
from each image. Adjusting Norp impacts the richness of feature representation:

* Increasing Nogrp improves the likelihood of finding accurate correspon-
dences between images, enhancing homography estimation and alignment
accuracy. However, it increases computational complexity due to the greater
number of matches evaluated.

* Decreasing Nogrp reduces computational load but risks insufficient key-
points, potentially degrading alignment quality.

104



Match ratio threshold (7). Lowe’s ratio test was applied during the matching
stage to filter ambiguous matches. For each keypoint descriptor in [,, the two
nearest neighbors in I, were identified based on Hamming distance. The match
ratio threshold 7 determined the strictness of the filtering:

* Alower 7 (e.g., T = 0.6) ensures stricter matching, reducing false positives
but potentially discarding valid matches.

¢ A higher 7 (e.g., T = 0.8) allows more matches to pass, increasing potential
inliers but also introducing more outliers.

RANSAC reprojection threshold (€). The RANSAC algorithm was employed
to estimate the homography matrix H by selecting inlier matches. The reprojec-
tion threshold € defined the maximum allowable distance between observed and
projected points for a match to qualify as an inlier:

* A smaller € (e.g., € = 1.0) enforces stricter criteria, improving alignment
precision but risking insufficient inliers due to noise.

e A larger € (e.g., € = 5.0) relaxes the criteria, increasing inlier count but
potentially introducing more outliers.

Iterative optimization process. To determine the optimal parameters, 1 con-
ducted an iterative grid search over combinations of ® = {Nogrg, 7, €}. The opti-
mization process included:

1. Defining parameter ranges: Reasonable ranges for each parameter were

established based on prior knowledge and testing:
¢ Norg: Values from 500 to 2000.
* 7: Values between 0.6 and 0.8.
e ¢g: Values from 1.0 to 5.0 pixels.

2. Executing grid search: All parameter combinations were systematically
evaluated by performing the alignment process for each set.

3. Calculating SSIM: For each combination, the SSIM index between the
aligned image (Ié) and the reference image (I/) was computed.

4. Selecting optimal parameters: The parameter set ®* yielding the highest
SSIM score was identified:

©" = argmax SSIM(I,1; ©).
c)

5. Validating robustness: The optimal parameters were validated on a sepa-

rate dataset to ensure generalizability and robustness.

Enhancements achieved. The optimization process significantly improved the
quality of alignment and similarity. Adjusting Norg balanced keypoint richness
and computational efficiency. Fine-tuning 7 improved the reliability of matches,
while calibrating € enhanced the RANSAC algorithm’s robustness against out-
liers. These adjustments led to higher SSIM scores, reflecting improved structural
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similarity and visual fidelity between the aligned images. Ultimately, this opti-
mized pipeline ensured accurate and reliable validation of the Street2GIS frame-
work.

5.2.8. Evaluation results

This section evaluates the performance of the Street2GIS framework across sev-
eral key dimensions: computational efficiency, semantic segmentation accuracy,
alignment and similarity metrics, and robustness.

Computational efficiency. The computational performance of the Street2GIS
framework was assessed by analyzing the number of parameters and execution
times for its key components. Table 13 summarizes these results.

Table 13. Number of parameters and execution time per block.

Blocks Parameters (V,,) Execution Time (s)
Monocular Depth - 0.647
CrossMLP1 215,951,000 0.063
CrossMLP2 & 3 403,823,000 0.063
Others - 0.983

The monocular depth estimation module processed images in 0.647 seconds.
CrossMLP1, the first Cross MLPMixer network with approximately 216 million
parameters, completed processing in 0.063 seconds. Remarkably, the combined
CrossMLP2 and CrossMLP3 networks, despite having almost double the param-
eters, executed within the same timeframe of 0.063 seconds. This efficiency is at-
tributed to the architectural design of the combined CrossMLP2 and CrossMLP3
modules, which effectively integrates the two networks. CrossMLP2 specializes
in roads and sidewalks, while CrossMLP3 focuses on buildings and vegetation.
By treating these features as distinct classes, the framework ensures specialized
processing without significant computational overhead. Parallel processing and
optimized resource allocation further enhance efficiency.

The total pipeline execution time is approximately 1.75 seconds, making the
framework capable of near real-time processing. For instance, the framework is
optimized for pedestrian environments, where movement is relatively slow, allow-
ing one frame to be processed every two seconds while incorporating GIS features
within a 70-meter radius. This performance highlights the framework’s practical-
ity for dynamic GIS data updates, ensuring timely and efficient processing for
real-world applications.

Semantic segmentation performance. The semantic segmentation performance
of the Street2GIS framework was evaluated using precision, recall, F1-score, and
support percentage for each class. Table 14 summarizes the results for the four
semantic classes: Sidewalk, Roads, Buildings, and Vegetation.

The results demonstrate high precision and recall across all classes, with an
overall Fl-score exceeding 90%. The Sidewalk class achieved the highest F1-

106



Table 14. Performance comparison of semantic classes in CrossMLP1 during training.

Class Precision Recall F1-Score Support (%)
Sidewalk 90.4% 92.1% 93.7% 41.2%
Roads 89.3% 90.0% 89.6% 17.6%
Buildings 92.1% 94.5% 93.3% 14.7%
Vegetation 85.7% 88.2% 86.9% 26.5%
Overall Average 90.2 % 89.7% 90.2% 100%

score of 93.7%, reflecting the model’s strong capability in accurately identifying
sidewalks. Similarly, Buildings performed robustly, with precision and recall ex-
ceeding 92%. The Vegetation class exhibited slightly lower performance, with
an Fl-score of 86.9%. This slight reduction may be attributed to the complexity
of urban green spaces, potential occlusions in the imagery, or limited representa-
tion in street-view compared to satellite imagery. Nevertheless, the performance
remains reliable for practical applications. These metrics highlight the efficacy of
the semantic segmentation component within the Street2GIS framework, ensur-
ing accurate and detailed spatial representations suitable for dynamic urban GIS
applications.

Table 15. Performance comparison of semantic classes in CrossMLP2 and CrossMLP3.
(R-S) represents roads and sidewalks, while (B-V) represents buildings and vegetation.

Class Alignment Similarity Best  Worst
CrossMLP2 (R-S) 89% 79.3% 84.6% 53.5%
CrossMLP3 (B-V) 93% 81.5% 88.6% 55.6%
Overall Avg 91% 80.4% - -

Alignment and similarity evaluation: In evaluating the outputs of the Street2GIS
framework, pixel-wise comparison alone proved insufficient due to inherent zoom
effects and spatial distortions in the generated data. As the framework focuses on
predicting GIS elements, such simplistic evaluation methods fail to capture its full
capabilities. To address this, I implemented alignment and similarity metrics to as-
sess the spatial accuracy and visual consistency of the outputs. Table 15 presents
the alignment and similarity metrics for CrossMLP2 and CrossMLP3. Align-
ment measures how well the spatial positioning of predicted features matches
the ground truth, while similarity evaluates visual resemblance. High alignment
scores indicate that the model effectively captures the spatial configuration of ur-
ban features, whereas slightly lower similarity scores highlight challenges related
to lighting, occlusions, and perspective distortions.

Figure 39 illustrates example outputs generated by the proposed framework
for extracting and mapping urban GIS components, specifically roads, sidewalks,
buildings, and vegetation. The top row demonstrates the precision of the model in
capturing road and sidewalk connections, closely matching the ground truth data.
The bottom row highlights the framework’s capability to accurately segment and
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classify buildings and vegetation areas. The rightmost column provides a clear
visualization by overlaying predicted outputs onto satellite imagery, showing that

the framework maintains high geometric fidelity even in complex urban settings.
Satellite view Ground truth Our framework Map overlaid
N 7 { N \

Road & Sidewalks

Building & Vegetation

Figure 39. Examples of roads, sidewalks, buildings, and vegetation extracted by the
framework, shown alongside their ground truth data. The last column displays overlaid
shapefiles on satellite imagery for clarity.

To assess the impact of incorporating street-view imagery, I compared two sce-
narios: one using only satellite images and another integrating both satellite and
street-view data. Figure 40 visualizes these scenarios, highlighting the improved
spatial accuracy and feature distinction achieved with street-view integration. The
inclusion of street-view data enhanced the model’s ability to capture intricate ur-
ban features and address ambiguities present in satellite imagery.

U e

-

without street-view

with street-view

Figure 40. Effectiveness of the framework with and without street-view data.

To further validate the robustness of the framework, I evaluated its perfor-
mance on the DELTA dataset [AVH24], which includes urban environments cap-
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Figure 41. Examples of applying the framework to the DELTA dataset.

tured during different season. As shown in Figure 41, the framework effectively
generated road and sidewalk networks but encountered challenges with building
and vegetation placement due to seasonal variations. Table 16 compares the align-
ment and similarity metrics across both scenarios (with and without street-view
data), demonstrating the advantage of street-view integration in minimizing tem-
poral and seasonal inconsistencies.

Table 16. Performance comparison of shapefile classes: Roads and Sidewalks (R-S), and
Buildings and Vegetation (B-V), with and without street-view data.

Class Alignment Similarity Best  Worst
With SV (R-S) 85% 78.9% 83.1% 54.7%
Without SV (R-S) 81% 72.3% 782% 46.3%
With SV (B-V) 79% 77.2% 80.4% 51.5%
Without SV (B-V) 76% 71.6% 752% 42.1%

The evaluation demonstrates that integrating street-view imagery substantially
enhances alignment and similarity metrics, especially for roads and sidewalks,
while mitigating challenges posed by seasonal variations, particularly in the rep-
resentation of buildings and vegetation. The framework effectively captures spa-
tial relationships, enabling reliable and dynamic GIS data updates, showcasing its
practicality for real-world urban applications.

5.3. Discussion

While the proposed street2sat and Street2GIS frameworks demonstrate promis-
ing capabilities in bridging ground-level perception with geospatial intelligence,
several methodological limitations should be acknowledged to contextualize their
performance and guide future improvements.

The core limitation of street2sat lies in the generalizability of the generative
model across diverse urban morphologies. The framework relies on the accuracy
of landmark segmentation and the ability of the generative network to translate
dynamic street-level inputs into coherent satellite-like outputs. However, varia-
tions in lighting, occlusions from vegetation or urban elements, and architectural
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diversity across cities pose challenges that the current model struggles to consis-
tently overcome. In addition, the generated satellite views are synthesized rather
than grounded in physical sensor data, inaccuracies in perspective alignment and
scene geometry can arise, particularly in areas with limited landmark visibility or
ambiguous visual cues. Although the template matching approach for localiza-
tion works well in controlled situations, its usefulness in dynamic urban settings
is limited due to its potential sensitivity to scale, and temporal variations.

For Street2GIS, a significant limitation is the dependency on the quality and
consistency of depth estimation and semantic segmentation. While the pipeline
integrates depth cues and semantic features to generate GIS-compatible shape-
files, errors in segmentation boundaries or depth artifacts can propagate through
the raster-to-polygon conversion stage, leading to misaligned or distorted geospa-
tial outputs. Furthermore, the framework currently assumes a relatively static ur-
ban scene and does not explicitly handle temporal variability, such as occlusions
caused by moving objects or seasonal landscape changes. Another challenge is the
lack of a large-scale comparative evaluation with official municipal GIS datasets.
Although initial results are encouraging, a more systematic validation across dif-
ferent cities, terrains, and satellite sources is required to fully assess the robustness
and long-term scalability of the approach.

Both frameworks also share broader limitations common to vision-based sys-
tems. These include sensitivity to sensor noise, potential biases in training datasets,
and the computational cost of inference when deployed on edge devices. In ad-
dition, integrating these methods into existing urban data infrastructures remains
a non-trivial challenge due to format compatibility, lack of real-time updating
mechanisms, and limited standardization in city-level GIS workflows.

5.4. Conclusion

This chapter introduced two complementary frameworks that address the chal-
lenges of pedestrian-centric urban mapping and localization using multimodal
data. street2sat leveraged generative Al to transform ground-level imagery into
satellite-style views, enabling cross-view localization without the need for ex-
tensive 3D maps. Meanwhile, Street2GIS focused on generating GIS shape files
through a modular pipeline combining depth estimation, segmentation, and raster-
to-polygon conversion. Both frameworks demonstrated promising results in ex-
tracting meaningful geospatial information from ground-based sensor data and
highlighted the value of integrating visual semantics, depth cues, and spatial rea-
soning for urban understanding.

The chapter also emphasized the versatility of these approaches in addressing
different real-world constraints, such as limited sensor coverage, changing envi-
ronmental conditions, and the need for scalable solutions. The DELTA dataset
served as a benchmark to evaluate model performance under realistic urban sce-
narios, validating the generalizability and robustness of both frameworks. While
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the results are encouraging, the work also revealed limitations in segmentation ac-
curacy, cross-view matching under structural variation, and challenges in aligning
outputs with official GIS standards. These insights form the basis for future re-
search into more tightly coupled fusion architectures, improved scene understand-
ing, and deeper integration with municipal data systems. Overall, the methodolo-
gies proposed in this chapter move toward scalable, adaptive, and context-aware
solutions for urban localization and geospatial intelligence.
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6. CONCLUSION

6.1. Summary of contributions and conclusion

This doctoral thesis explores urban localization and mapping through an inte-
grated framework of innovative datasets, multimodal sensing strategies, image-
based localization techniques, and automated GIS generation methods. By as-
sembling and analyzing the DELTA dataset, a high-resolution multimodal repos-
itory of urban pedestrian pathways, the research introduces foundational insights
into complex urban environments, where sensor fusion and spatiotemporal vari-
ability play pivotal roles. Leveraging generative Al models for IBL and land-
mark recognition, the work bridges ground-level and overhead imagery, enhanc-
ing localization accuracy and contextual understanding in rapidly changing urban
settings. Finally, the Street2GIS framework demonstrates the capacity for auto-
mated shapefile generation from minimal inputs, successfully integrating monoc-
ular depth estimation, semantic segmentation, and cross-view image synthesis to
produce reliable, detailed geographic information. Collectively, these advances
expand the frontiers of urban mapping and navigation. They highlight the value
of collecting diverse sensory data, adapting to varied environmental conditions,
and employing sophisticated computational models that can generalize across dif-
ferent locations and time periods. Taken together, these insights form a robust
and scalable foundation for context-aware mapping, setting the stage for next-
generation autonomous navigation systems, city planning tools, and smart mobil-
ity solutions.

6.2. Real world deployment considerations

The deployment of the proposed frameworks—DELTA data acquisition, street2sat
localization, and Street2GIS mapping—into real-world urban environments intro-
duces several practical constraints that warrant critical consideration.

One key challenge is the computational cost associated with running deep
learning models and multimodal fusion pipelines on embedded or mobile plat-
forms. While training for both street2sat and Street2GIS was performed offline
using high-performance computing resources, real-time inference on resource-
constrained devices (e.g., e-scooters or delivery robots) remains non-trivial. Mod-
els involving image synthesis, segmentation, and cross-view matching can be
computationally intensive and may not be suitable for direct deployment with-
out optimization. Future work will explore model compression, quantization, and
edge-focused architectures such as MobileNets or transformer distillation to en-
sure that these methods can operate efficiently in on-device settings.
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In addition, the collection and processing of visual and audio data in pub-
lic spaces raise important data privacy concerns. Although the DELTA platform
was used exclusively for research in publicly accessible areas, scaling this sys-
tem to real-world urban deployments must adhere to privacy regulations such
as the GDPR. This includes considerations like automatic face and license plate
anonymization, consent-based data collection in semi-private areas, and restric-
tions on audio recording in sensitive zones. Implementing on-device data filtering
and anonymization prior to storage or transmission will be essential for ethical
and legal compliance.

Lastly, integration with municipal GIS workflows presents practical hurdles.
While Street2GIS produces GIS-compatible shapefiles, each municipality may
have its own standards, schemas, and update protocols that must be respected.
Real-world deployment would require robust tools for aligning generated data
with existing infrastructure records, handling data versioning, and validating the
semantic consistency of detected features. Furthermore, the lack of standardized
APIs or shared formats between deep learning-based pipelines and legacy GIS
systems poses an interoperability barrier. Future work will aim to establish col-
laborative pilot projects with local governments and urban planning agencies to
validate integration procedures and build tools that bridge this gap effectively.

By addressing these deployment challenges, the methodologies proposed in
this thesis can be translated into scalable, compliant, and usable systems that not
only advance academic research but also contribute meaningfully to real-world
urban sensing and planning.

6.3. Future works

Looking ahead, several key avenues for future research and development emerge:
Data Expansion and Diversity: A critical next step is broadening the geographic,
temporal, and environmental scope of collected datasets. By expanding data ac-
quisition beyond initial focus regions and incorporating multiple seasons, times of
day, and varied weather conditions, these datasets will become more representa-
tive of real-world complexity. Integrating additional mobility platforms—such as
e-scooters and other lightweight vehicles—will facilitate more frequent and wide-
ranging data updates, ensuring that models remain current and accurately reflect
evolving urban landscapes.

Sensor fusion and localization enhancement: A key avenue for future work is
the development of tightly coupled sensor fusion strategies that combine GNSS,
IMU, and vision-based odometry to improve pose estimation in signal-degraded
environments. Integrating these modalities within a unified probabilistic or learning-
based framework would allow for drift correction and more robust trajectory es-
timation, especially in dense urban areas or areas with limited satellite visibility.
Such fusion architectures will enable more consistent localization over longer dis-
tances and support real-time deployment on resource-constrained platforms.
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Acoustic localization and soundscape-informed mapping: Another promising
direction lies in the use of environmental sound patterns for spatial reasoning. In-
vestigating the potential of acoustic SLAM—Ieveraging ambient soundscapes for
location estimation—could complement existing visual and LiDAR-based tech-
niques, especially in low-light or visually ambiguous settings. Coupling acoustic
cues with generative mapping techniques may offer a low-cost alternative to full
3D reconstruction in certain applications, while also enabling a deeper under-
standing of urban ambiance and pedestrian experiences.

Enhanced multimodal fusion and contextual understanding: Future research
should investigate improved sensor fusion strategies, integrating audio, visual,
LiDAR, GNSS, and other modalities for richer contextual insights. Advanced
scene understanding models, including transformer-based architectures and atten-
tion mechanisms, can further enhance object recognition and spatial reasoning.
By refining the coordination between ground-level and overhead imagery through
generative Al and cross-view synthesis, it will become possible to produce consis-
tent, high-fidelity representations of urban environments with greater adaptability
to environmental changes and seasonal shifts.

Algorithmic robustness and generalization: Efforts should focus on algorith-
mic improvements that address scaling, computational efficiency, and domain
adaptation. Enhancing models to handle novel or rapidly changing scenarios,
reducing their susceptibility to seasonal or geographic biases, and ensuring effi-
cient resource usage are all critical for deploying these technologies in real-time,
on-device applications.

Dynamic, real-time updating and global applicability: Implementing mech-
anisms for near real-time database updates will allow continuous adaptation to
infrastructural modifications, construction projects, or evolving pedestrian and ve-
hicle behaviors. Strategies to generalize beyond a single city or region—through
extensive data augmentation, larger training corpora, and advanced domain adap-
tation—will help ensure global applicability, supporting diverse urban landscapes
worldwide.

Interdisciplinary collaboration and standardization: Engaging with urban plan-
ners, local governments, and industry stakeholders will facilitate the integration
of these tools into city planning and intelligent transportation frameworks. Estab-
lishing common standards and open data initiatives will encourage broader col-
laboration, accelerating innovation and the adoption of these methodologies on a
wider scale.
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7. APPENDIX A

7.1. Reference architecture for the development of the DELTA

dataset
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Fully synchronized multimodel dataset

Semantic segmentation models
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Figure 42. DELTA dataset reference architecture
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SISUKOKKUVOTE

Multimodaalne lahenemine kaardistamise ja lokaliseerimise
tapsustamiseks, integreerides generatiivset tehisintellekti ja
jalakaijatele-orienteeritud andmeid.

Ténapéeva linnad on elujoulised ja keerulised keskkonnad, kus kdnniteed, jalgrat-
tateed, soiduteed ja tilekdigurajad sulanduvad tihisteks avalikeks ruumideks. Ku-
na innovaatilised liikumislahendused, nagu pakirobotid ja elektrilised tdukerattad,
jagavad jalakdijatega samu teid, on vajadus tidpsete, detailsete ja pidevalt uuene-
vate kaartide jirele suurem kui kunagi varem. Traditsioonilised kaardid on aga
tavaliselt kujundatud autokesksete teede jaoks, jittes jalakéijatele moeldud alad,
nagu konniteed, iilekdigurajad ja jagatud ruumid, suhteliselt kaardistamata. See
tdhendab, et selliseid olulisi alasid ei uuendata tihti ja piisava tdpsusega. Samas
see info on vajalik uuenduslike liikuvustehnoloogiate ja kaasava linnaplaneeri-
mise toetamiseks.

See doktoritod lahendab seda probleemi, kasutades tdiustatud multimodaalseid ja
mitmesensorilisi andmekogumise meetodeid. Need meetodid vdimaldavad oluli-
selt tdiustada linnade kaardistamist ja lokaliseerimist. Selle asemel, et tugineda
ainult satelliitpiltidele v3i aegandudvale késitsi uuendamisele, rakendatakse te-
hisintellekt (Al), et automatiseerida ja parandada kaardistamisprotsessi. Arenda-
des uusi tehnikaid, loob see t60 ainulaadseid kaardiperspektiive, ithendab efek-
tiivselt erinevaid vaatenurki ja lihtsustab linnakaartide loomist.

Mitmekesiste reaalsete andmete kogumiseks linnakeskkonnas kohandas t66 autor
elektrilise tdukeratta, mis on varustatud tdiustatud sensorite komplektiga. See hol-
mab stereokaameraid, mis jdddvustavad detailset visuaalset infot, nagu vérvid ja
tekstuurid, LiDAR-andureid tipseks siigavus- ja kaugusmodtmiseks, GPS-i tip-
seks asukohajilgimiseks ja audiosalvestit, mis jaddvustab keskkonnahelisid, nagu
mooduvad sdidukid voi ehitusmiira. See spetsiaalne liikuv platvorm véimaldab
ulatuslikku ja tdhusat andmete kogumist just kdnniteedel ja teistele jalakiijatele
moeldud aladele. Kdik need multimodaalsed andmed on ithendatud spetsiaalses-
se andmekogusse nimega DELTA, mis on pithendatud just jalakiijate radadele.
Selle andmekogu pohjal todtas autor vilja spetsialiseeritud Al-raamistiku nime-
ga street2sat, mis teisendab tdnavatasandi pildid satelliidivaadeteks. See ldhene-
mine ithendab maapinna pilte Shuvaadetega, voimaldades tdpsemat kaardistamist
ja paremat lokaliseerimist, tuvastades ja ithendades olulisi linnamaastiku tunnu-
seid. Uhendades sujuvalt erinevaid vaateid, aitab street2sat luua kontekstiteadlik-
ke kaarte, mis on {ihtsemad ja kasulikumad erinevateks rakendusteks.
Eesmirgiga muuta kogutud andmed linnaplaneerimise ja navigatsioonisiisteemide
jaoks praktilisemaks, tootas too autor vélja tdiendava raamistiku nimega Street2GIS.
See raamistik automatiseerib GIS-andmete loomise, teisendades siigavus- ja vi-
suaalset infot standardsetesse GIS-formaatidesse, nagu shapefile’id, mis kaardis-
tavad selgelt olulised linnamaastiku tunnused, nagu teed, kdnniteed, hooned ja tai-
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mestik. Street2GIS iihendab siigavushinnangu, mis jiddvustab kaugusi ja ruumili-
si seoseid, ning semantilise segmenteerimise, mis tuvastab ja mirgistab stseeni
erinevaid elemente. Integreerides need protsessid sujuvasse toovoogu, véimaldab
Street2GIS tohusalt luua tdpseid GIS-andmeid, toetades paremat linnakeskkonna
analiiiisi ja otsuste tegemist.

See Al-pohine kaardistamislihenemine aitab kaasa ligipddsetavamate, reageeriva-
mate ja kaasavamate linnakeskkondade loomisele. Parema ja detailsema teabega
jalakdijate ruumide kohta saavad linna planeerijad ja poliitikakujundajad paremi-
ni kujundada infrastruktuuri, mis teenib k&igi linnaelanike, sealhulgas jalakiijate,
jalgratturite ja litkumisraskustega inimeste mitmekesiseid vajadusi. Lisaks toe-
tab see terviklik kaardistusstrateegia tohusalt uuenduslikke linnatehnoloogiaid,
nagu autonoomsed pakirobotid ja intelligentsed transpordisiisteemid, vdimalda-
des neil turvalisemalt ja tdhusamalt navigeerida kaasaegsete linnade keerulises ja
diinaamilises maastikus. Kuna linnakeskkonnad jitkavad arenemist ja kasvamist,
on oluline votta kasutusele paindlik, innovaatiline ja andmepdhine lihenemine ja-
lakdijate alade kaardistamiseks. See tagab turvalisemad ja kaasavamad avalikud
ruumid ning voimaldab linnadel tuleviku liikuvusuuendusi téhusalt rakendada,
edendades jitkusuutlikku linnakasvu, mis tuleb kasuks koigile kogukonna liik-
metele.
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