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« The unreal is more powerful than the real. Because noth-
ing is as perfect as you can imagine it. Because it’s only in-
tangibles, ideas, concepts, beliefs, fantasies that last. Stone
crumbles. Wood rots. People, well, they die. But things
as fragile as a thought, a dream, a legend, they can go on
and on. If you can change the way people think. The way
they see themselves. The way they see the world. You can
change the way people live their lives. »

— Chuck Palahniuk, Choke





Abstract

Pan-scalar maps are interactive digital maps that allow users to navigate through
space at varying levels of detail and scales. While these maps are now commonplace,
there is still room for design improvements. The LostInZoom (LiZ) project aims to
enhance navigation in such maps by improving their content and display, and by
exploring new interaction methods.

As part of the LiZ project, this thesis investigates the concept of pan-scalar
landmarks—specific features or groups of features that remain salient or recognizable
across multiple zoom levels, thereby supporting user navigation. Through a series
of user experiments and AI training, this work explores methods for detecting such
landmarks in order to provide feedback to cartographers and map designers on how
and where their maps can be improved. In doing so, it also offers insights into the
cognitive processes that govern how users distinguish landmarks from other map
elements.

The thesis is structured around two main research axes. In the first axis, we
classify landmarks in different categories, list them, and focus on specific categories.
In particular, we conduct a perceptual study on ring roads and discuss how such
experiments can help build better models. Additionally, we present an experiment
aimed at detecting remarkable buildings in a database using a multimodal approach
with a deep learning model.

In the second axis, we focuse on a more global approach by training segmentation
models (U-Net and Segformer) to detect areas of high anchoring potential (AHAPs)
in map images. This involves creating a dedicated training dataset based on existing
pan-scalar maps and developing a methodology for evaluating the performance of
these models.

This work contributes to the growing body of research at the intersection ofcar-
tographic design, human-computer interaction, and cognitive science, and is novel
in the use of neural networks to identify cognitively salient features in map images.
More widely, it reaffirms the need for additional map design considerations when it
comes to using maps in highly interactive environments.

❖ Keywords :
landmarks, visual cognition, map generalisation, pattern recognition, machine learn-
ing.

7





Résumé

Les cartes pan-scalaires sont des cartes numériques interactives qui permettent aux
utilisateurs de naviguer à travers l’espace et les échelles. Bien que ces cartes soient
désormais courantes, il reste encore des possibilités d’améliorations en matière de
conception. Le projet LostInZoom (LiZ) vise à améliorer la navigation dans ces
cartes en optimisant leur contenu et leur affichage, et en explorant de nouvelles
méthodes d’interaction.

Dans le cadre du projet LiZ, cette thèse s’intéresse au concept de "landmarks pan-
scalaires" — des éléments ou groupes d’éléments dans une carte qui sont saillants ou
reconnaissables à plusieurs niveaux de zoom, et qui aident ainsi les utilisateurs à nav-
iguer dans la carte. À travers une série d’expériences utilisateurs et d’entrainements
de modèles d’intelligence artificielle, ce travail explore des méthodes pour détecter
ces landmarks afin de fournir un retour aux cartographes et concepteurs de cartes
sur les moyens d’améliorer leurs cartes. Ce faisant, ce travail offre également cer-
tains éclairages sur les processus cognitifs par lesquels les utilisateurs distinguent les
landmarks des autres éléments cartographiques.

La thèse s’articule autour de deux axes de recherche. Dans le premier axe, nous
classons les ancres en différentes catégories et nous nous concentrons sur des caté-
gories spécifiques. En particulier, nous menons une étude perceptuelle sur les pé-
riphériques urbains (ring roads) et discutons de la manière dont ce genre d’expériences
peuvent contribuer à la construction de meilleurs modèles. Nous présentons ensuite
une expérience visant à détecter des bâtiments remarquables dans une base de don-
nées en utilisant une approche multimodale combinant des données tabulaires et des
images via un modèle d’apprentissage profond.

Dans le second axe, nous adoptons une approche plus globale en entraînant des
modèles de segmentation (U-Net et Segformer) pour détecter les ancres dans les
images de cartes. Cela implique la création d’un jeu de données d’entraînement basé
sur des cartes pan-scalaires existantes et la création d’une méthodologie pour évaluer
la performance de ces modèles.

Ce travail contribue au corpus croissant de recherches à l’intersection du design
cartographique, de l’interaction humain-machine et des sciences cognitives, et se
distingue notamment par l’utilisation de réseaux de neurones pour identifier des élé-
ments cognitivement saillants dans des images de cartes. Plus largement, il réaffirme
la nécessité d’intégrer davantage de considérations de design cognitif dans la concep-
tion des cartes utilisées dans des environnements numériques hautement interactifs.

❖ Mots clefs:
points de repère, cognition visuelle, généralisation cartographique, reconnaissance de
formes, apprentissage machine.

❖ Un résumé long, en français, est disponible à la fin du manuscrit.
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Phd Context

This thesis project could not have come to fruition without a stimulating work en-
vironment. It is the result of three years and a half of work at LASTIG, one of the
research laboratories on geographic information within the French National Insti-
tute of Geographic and Forest Information (IGN). As the national mapping agency
of France, IGN has been producing both paper and digital topographic maps since
1940, when the Army Geographic Service (SGA) became a civilian organization. At
the time of writing, approximately 70 researchers work at LASTIG on a variety of
topics ranging from satellite image analysis to 3D modeling of urban spaces, with
artificial intelligence playing an increasingly significant role.

Specifically, this thesis is part of the Lost In Zoom (LIZ) project, funded by an
ERC grant (2021-2026) and led by Guillaume Touya, one of the thesis supervisors.
The LIZ project focuses on the design of pan-scalar maps. The team studies these
maps and seeks to establish innovative new theories to improve them, with particular
attention to human perception, map construction, and user interfaces. Notably, the
project delves into the cognitive aspects of users: how they perceive pan-scalar maps
and how they construct mental maps. Additional experiments examine user attention
and pre-attention mechanisms, exploring which elements of the map draw focus and
which movements users perform when completing specific tasks.

While the work presented in this thesis is primarily my own, many of the ideas
emerged through discussions with other members of the LIZ team, whether during
our weekly meetings or informal conversations over coffee. Furthermore, the vis-
ibility and impact of the LIZ project facilitated numerous connections with other
researchers, enriching my work through conferences and collaborations.
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Disclaimer on the use of AI in the research process

This thesis occured at a critical time in the evolution of artificial intelligence. Large
language models (LLMs) became famous during the thesis, with the avent of Chat-
GPT (OpenAI) in late 2022 and Gemini (Google) one year later. Since, it has been
demonstrated that these tools were increasingly used in scientific writings (Liang
et al. 2024).

Because of their tendency to claim false information with confidence, these LLMs
should be used carefully. Moreover the energy consumption of generative models is
far from being negligible and already has an environmental impact.

Despite those facts, I believe, through my experience with this thesis, that AI
might bring a lot to the research community by increasing research speed (especially
to code experiments) and redaction quality. I think it is important, for transparency
reason, to claim each time how AI have been used. So here we are.

During the second half of this thesis, I used LLMs as assistants for multiple
purpose:

• it helped me to learn new things, especially about coding and AI architectures
and implementation,

• it allowed me to code faster, in a more standardised and clean way by explaining
hard-to-understand errors or even suggesting entire chunk of code,

• it corrected the content I wrote in English to a suitable scientific form (for
example using passive voice instead of active voice, or proposing words that I
wasn’t aware of),

• it translated in English some content I wrote in French,

• it helped me organise my ideas by suggesting better order and transitions
between paragraphs and sections of my manuscript.

Needless to say, all textual content retrieved from the LLMs was inspected in
detail and adapted before being used in the manuscript. I apologise to the reader if
the sentences are sometimes wordy, I have made every effort to ensure that the end
result is as clear as possible.

Overall I think that AI helped me to produce better science, and that this
manuscript carries my work in a much clearer way than the version I would have
produced without this technology.

Have an enjoyable reading.

❖ This text was not generated nor corrected by ChatGPT.
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Introduction

This thesis focuses on the design of pan-scalar maps, i.e. contemporary interactive
and zoomable maps such as Google Maps. Pan-scalar maps are now commonplace
and billions of people use them frequently. Still, they are relatively new in the
history of maps, and their design is a recent domain of research. While map de-
signers can rely on some best practices from paper maps, designing a pan-scalar
map is not straightforward. It builds on the foundations of classical cartography,
human-computer interface design, and human perception and cognition. Integrating
all these disciplines to create a high-quality map is a challenging task and we can
observe design faults in need of rectification. Before diving into those problems, let
us quickly recap the major advancements in the history of cartography, highlighting
their influence in the design of our modern maps.

Preamble
The earliest maps, which appeared several millennia ago, were rudimentary represen-
tations of the known world at the time, engraved on clay tablets or drawn on animal
skins. The Babylonians created some of the first known maps around 2300 BCE,
often centered around their cities and depicting surrounding rivers and mountains.
The ancient Greeks made significant advancements in cartography between 600 and
100 BCE, developing more detailed maps and geographical theories. Muslim schol-
ars then developed that knowledge between 800 and 1200, and mixed it with what
merchants learned in their travels to make the best world maps known at the time
(Figure 1).

In the 15th century, the invention of the mechanical printing press by Johannes
Gutenberg revolutionized cartography, making the production and dissemination of
maps on an unprecedented scale possible. This era also saw the emergence of the first
planispheres. Since then, printing techniques have continued to improve, particularly
with the industrial and energy revolutions of the 19th and 20th centuries. But it
was not until the 1960s that cartography underwent a new revolution—the digital
revolution.

In the early 1960s, the digitization of maps primarily involved scanning existing
paper maps to make them available on digital platforms. This initial step, while
revolutionary for its time, was quite limited in terms of functionality and interactivity.
However, in the 1980s, the production of digital maps began to rely on geographic
databases, transitioning maps from static images to dynamic compositions built from
information extracted from these databases. This new approach greatly facilitated
the production of both topographic and thematic maps, and enabled the creation of
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❀ Figure 1 : The Tabula Rogeriana, an ancient world map drawn by Muhammad
al-Idrisi for Roger II of Sicily in 1154. Feeling lost? Try turning it upside down.
Source: Bibliothèque Nationale de France (BNF)

maps of virtually infinite size, like those we use daily today.
From this point on, the development of digital maps accelerated rapidly. Initially

restricted to professional use, digital maps became accessible to the general public
in the early 2000s with the advent of web maps. In less than twenty years, the
transition from physical map formats to digital platforms (on computer and then on
smartphone) allowed world-covering maps to be accessible anywhere, on-demand, by
anyone. This transition also enabled new interactions - such as zooming to obtain
additional information or typing an address in the search bar to get a proposed route.
So arose the pan-scalar maps mentioned at the beginning of this introduction.

Research focus
Despite their widespread use, pan-scalar maps are relatively new, with only about
30 years of development compared to the millennia-long history of paper maps. This
brief period of evolution means that there are still numerous areas for refinement in
their design, such as user-friendliness, aesthetics or resource consumption. Specifi-
cally, new problems emerge from the new ability of map users to navigate through
scales and map interaction is helping to identify areas for improvement. One of
them that particularly interests us is the issue of user disorientation when navigat-
ing through different scales, particularly due to abrupt changes in data representation
(Figure 2).

The Lost In Zoom project, to which this thesis contributes, explores ideas to
mitigate this phenomenon of disorientation (Touya 2020b). Drawing from the anchor-
point theory of cognition, we believe that certain specific elements on the map that
are salient at multiple scales can help the users to orient themselves during their
exploration of the map. We call these salient features that act as reference points
"pan-scalar landmarks", and we think they can provide a consistent sense of spatial
orientation across different zoom levels.

28



Introduction

In this thesis, we focus on finding elements within the map that can act as pan-
scalar landmarks. We propose exploratory experiments that combine user perception
of the map with automatic detection of cartographic elements, sometimes using ar-
tificial intelligence. Our objectives are twofold: we aim to study the data from our
experiment participants to better understand how they perceive the map, and also
to propose methodologies for enriching our databases with information that could
subsequently be used directly by cartographers or integrated into automatic gener-
alization processes that give visual emphasis to certain features in order to reduce
the disorientation associated with large changes in zoom level.

❀ Figure 2 : Southeast region of France as displayed on the Plan IGN at zoom levels
9 (top left), 10 (top right), and 11 (bottom). A drastic change in representation is
noticeable at zoom level 9, as well as a significant gap in detail at zoom level 10.
These changes may induce disorientation.
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Structure of the manuscript
Part 1 introduces the basic concepts and provides a general state-of-the-art overview
of the main themes of the thesis: digital cartography and cognition (the technical
state-of-the-art related to pattern detection and artificial intelligence are presented
in Part 3, when relevant).

- Chapter A presents the concept of pan-scalar maps, introduces related termi-
nology, and explore the problem of disorientation that such maps can create.
We then discuss cognitive aspects of map use, introducing the notion of cogni-
tive anchors. This is followed by a discussion on the design of pan-scalar maps,
including the map generalization process. The chapter concludes with an out-
line of the thesis objectives and an overview of the conducted experiments.

- Chapter B presents three preliminary studies conducted early in the thesis. The
first aims to identify what qualifies as a landmark in contemporary digital maps.
The second explores the concept of landmark density and proposes a thought
experiment to estimate its lower bound. The third examines the evolution
of digital map interfaces and discusses how these interfaces may impact user
navigation and contribute to disorientation.

As a way of focusing the problem, Part 2 examines specific anchors and proposes
new approaches to improve their detection.

- Chapter C presents a study on the perception of urban ring roads. We hy-
pothesize that while perceptions of ring roads vary across individuals, certain
attributes are universally recognized by map users. Based on these findings,
we construct an ontology of ring roads, which we argue can enhance detection
algorithms.

- Chapter D focuses on remarkable buildings and explores how existing machine
learning models based on tabular data could be improved by incorporating
map imagery to provide additional contextual information.

Part 3 proposes a comprehensive approach for detecting a variety of potential
cartographic anchors in map images using deep learning models.

- Chapter E introduces the concept of Areas of High Anchoring Potential (AHAPs)
and explains the rationale for detecting them in map images. It also presents
our evaluation methodology for AHAPs detection in map images, including the
creation of a dedicated dataset built from expert annotations.

- Chapter F introduces the concept of image segmentation and describes the two
models we used to detect AHAPs (U-Net and Segformer). It then presents the
training datasets and the models’ results, before concluding with a discussion
of the limitations and potential improvements of our approach.
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Part I

The Role of Landmarks in
Pan-Scalar Maps





Chapter A

Literature review

This chapter, parts of which are inspired by our co-written article (Touya, Potié,
and Mackaness 2023), presents the essential definitions necessary to understand our
work. The objective is to establish the technical foundations that will be referenced
throughout the entire manuscript and to provide an overview of the conceptual chal-
lenges encountered in designing pan-scalar maps.

A.1 Landmarks and disorientation
Who has never felt a momentary sense of disorientation while exploring a digital
map on their phone or computer? Even if only for a few seconds, that moment of
uncertainty before zooming out or panning to familiar territory can be unsettling.
But how does one regain their bearings? Perhaps it is the recognition of a broad
avenue ending in a roundabout, the familiar sight of a restaurant by a river, or the
name of a neighboring village. More likely, it is the combination of multiple elements
that helps us reestablish our sense of location. These points of reference, known as
"landmarks", guide us in all various navigational contexts: navigating at sea, on
land whether on foot or by vehicle, navigating through a book with chapters and
page numbers, on a webpage, or within maps.

This section provides a review of the existing literature on the concept of land-
marks, examining their role and significance in both cartography and spatial cog-
nition. We will explore how landmarks function as anchors in the user’s mental
map, and their importance in mitigating disorientation during map navigation. The
concept of landmark is hard to pin down, yet Richter and Winter 2014 offers a com-
prehensive review that we draw upon in this section. For readers interested in the
topic, we highly recommend consulting their book.

A.1.1 What landmarks are

The term "landmark" carries a multitude of definitions, which vary slightly depend-
ing on the author and context. It is therefore important that we clarify our stance.
When we look at dictionary definitions of the word "landmark", two primary mean-
ings often emerge. The first (1) defines landmarks as prominent, distinguishable
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Part I – The Role of Landmarks in Pan-Scalar Maps

features in the real world, such as a particularly high building, which help people
recognize a place (e.g., Figure A.1). These types of landmarks are often used when
giving directions or describing locations (e.g., "the park next to the Hôtel des In-
valides"). The second common definition (2) refers to landmarks as dates or events
that mark a significant moment in time (e.g., "the day we met, on 14 July").

❀ Figure A.1 : The distinctive design of the famous sculpture "L’axe de la Terre"
makes it a notable landmark that is only seeable on the Champs-sur-Marne campus.

Although these two definitions encompass the most common uses of the term
"landmark", they miss some important nuances. For example, a place can become
a personal landmark for someone if it is tied to a meaningful event, even if it lacks
distinctive physical characteristics (e.g., "the bar where we watched the World Cup
final"). Indeed, studies on the impact of emotions on spatial memory are emerging
and show promising potential (Rasse, Gyselinck, and Guegan 2023). The previous
definitions also tend to focus on the nature of landmarks (buildings, areas, events,
etc.), while it might be more fitting to consider their function -helping individuals
orient themselves in space or time - and how the human mind perceives them (Richter
and Winter 2014, Section 1.1). By shifting the focus from the physical properties of
landmarks to their cognitive and functional aspects, we can better understand their
role in navigation and memory.

In the context of the map, we are interested in spatial landmarks (those that
help us to find our bearings in space) rather than temporal landmarks. Lynch 1960,
in his seminal work The Image of the City, was the first to define the concept of
"landmarks" in the context of spatial cognition and urban navigation. During an
experiment in which he asked participants to sketch maps of their hometowns, he
observed that these drawings often contained similar structures, suggesting shared
spatial perceptions among individuals. This experiment led him to define landmarks
as “prominent objects that serve as points of reference for individuals, either in real or
virtual environments”. This definition includes the function of landmarks and thus
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seems much closer to reality than the definition usually proposed in dictionaries.
Still, this definition is not fully satisfactory for us as it is not really linked with what
occurs in the mind of individuals.

Fortunately, in the same work, Lynch expanded on the theory of mental maps
(which he called “mental picture” or “mental image” back then). Let us take a brief
detour to explain mental maps, a key concept in spatial cognition which is crucial
for formulating our own definition of landmarks and explaining the phenomenon of
disorientation.

A.1.2 Landmarks and spatial cognition

A.1.2.1 Mental maps and the phenomenon of disorientation

Understanding the notion of mental map is important in the context of our thesis
because the phenomenon of disorientation is linked to it. From a cognitive perspec-
tive, disorientation can be seen as the difficulty in reconciling sensory inputs with
the mental map, leading to a sense of confusion or a loss of direction (Touya, Gruget,
and Muehlenhaus 2023).

A mental map, also known as a cognitive map, is an internal representation
of the spatial and topological relationships and features in an environment, formed
within the human brain. It serves as a mental model that helps individuals navigate
through and understand their surroundings. Mental maps are not literal "maps" in
the sense of being visual or metrically accurate representations. Instead, they are
cognitive frameworks, composed of places and regions that are linked in our minds
by connections representing spatial relationships (Figure A.2). They do not store all
details—such as the exact location of a specific road or building—but are instead
composed of key concepts that emerge from the combination of these geographic
elements (Montello 2002).

❀ Figure A.2 : A drawn representation of a mental map, by Kevin (17). Source :
Trell and Hoven 2010

The concept of mental maps was first introduced by Tolman 1948. In his paper,
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Tolman argued that both animals and humans develop mental representations of
their environment, which they use to navigate and understand spatial relationships.
This concept has since been extensively explored and refined in fields such as psy-
chology, cognitive science, and cartography. By the late 1970s, certain properties
of mental maps were already well established: regionalization (the division of space
into meaningful regions), route segmentation (the linking of regions through spatial
or functional relationships), hierarchical organization of information, and what inter-
ests us the most: the importance of salient cues in constructing mental maps (Lynch
1960; Stea 1973; Gould and White 1974; Siegel and White 1975). Around the same
time, a theory emerged, which attempts to connect the properties of landmarks with
the structure of mental maps, suggesting that these anchor points play a crucial role
in spatial cognition and navigation.

A.1.2.2 The Anchor Point Theory

The Anchor Point Theory was introduced by Couclelis, Golledge, Gale, and Tobler
1987 and has gained considerable recognition in the field of spatial cognition research
since then. This theory suggests that cognitive maps are organized around "anchor
points" that are defined as follow:

Anchor points (or “anchors”) are reference points in the cognitive space of
individuals that help structure spatial information in the mind, facilitating
navigation and distance estimation. These anchor points can be mental rep-
resentations of landmarks, or more abstract and personal concepts.

According to Couclelis, the anchors are not all equal in terms of hierarchy, with
the most prominent ones being referred to as "primary anchors". The concept of
prominence is close to the concept of “saliency” that is central in all definitions
of landmarks and that has been developed by Sorrows and Hirtle 1999. In their
paper, Sorrows and Hirtle explain that a landmark can be salient because it visually
stands out (a pink house in the city center), because it is structurally important
in its environment (the menu of a webpage), or because it is related to someone’s
experience (one’s house or workplace); the most salient of them often possessing two
or three of these characteristics.

To sum up, landmarks in the environment (real or virtual) can create anchor
points in the mind of individuals, and the more salient the landmarks are, the stronger
the anchors are in the users’ mind. Golledge, Jacobson, Kitchin, and Blades 2000
even claimed that landmarks not only support the construction of the mental map
by creating reference points that individuals may recognise later, but also assist
individuals in locating less important features near them (for example remembering
the location of a specific store because it is near the Eiffel tower). If this statement
holds true, it becomes crucial to consider it in cartographic design in order to enhance
the user experiment.

One could imagine that an indirect objective of cartographers (or application
designers in general) would be to facilitate the emergence of anchor points in the
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mental maps of their users by designing specific landmarks in the map1. This could
be achieved, for example, by modifying the symbology or the generalization of certain
elements on the map, as Google did with some historical buildings in the European
capitals (Figure A.3). In this thesis, our experiments are designed and our results
analyzed with the anchor point theory in mind.

❀ Figure A.3 : View of Paris on Google Maps. Some important buildings, which
serve as landmarks in the real world, have been represented with symbols to become
landmarks on the map as well.

A.1.3 Landmarks in our thesis

A.1.3.1 Landmark definition

In the context of this thesis, we set aside personal landmarks—those tied to an
individual user’s personal knowledge (Nuhn and Timpf 2017)—and focus instead on
studying landmarks that have the potential to be recognized by most map users.

We propose the following definition of landmarks for this thesis:

1For example, Schwering 2019 suggests adding descriptions of landmarks in wayfindings instruc-
tions to the existing turn-by-turn instructions in order for the user to build an incidental knowledge
of the environment and feed its mental map.
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Landmarks are prominent features on the map that have the potential to
create anchors in most users’ mental maps, providing them with the necessary
reference points for navigation.

A.1.3.2 Landmarks in pan-scalar maps

As we study the phenomenon of disorientation in pan-scalar maps, we are particularly
interested in landmarks that are visible at multiple scales and we call them pan-
scalar landmarks2. Just as landmarks in traditional maps, pan-scalar landmarks
are of multiple forms (buildings, transportation networks, natural features...). Each
pan-scalar landmark has a scale-range, ie a range of scales on which the landmark
is visible on the pan-scalar map. Depending on how they are represented on the
pan-scalar map, we believe they can help navigation and help users build vertical
spatial relations between map features in their mental maps (Figure A.4).

❀ Figure A.4 : Paris at multiple scales when zooming out. The ring road and the
toponym ’Paris’ remain visible and act as pan-scalar landmarks, while the Seine River
and the monument symbols disappear. Would displaying the Seine more prominently
at smaller scales help users navigate between scales more effectively?

Pan-scalar landmarks can emerge naturally from the environment, or be inten-
tionally designed to facilitate navigation and understanding of the map. Actually,
specific elements of the map can effectively be turned into landmarks by enhancing
their symbology, for example by representing them with pictograms (Figure A.3).

A.1.3.3 Note on salient visual cues

We define salient cues as visual elements on the map that provide users with im-
mediate visual feedback on their movements or scale changes. While non-personal
landmarks in the map are often salient visual cues, not all salient visual cues are
landmarks. They may not be specific or memorable enough to influence users’ men-
tal maps significantly and may lack the characteristics necessary to form an anchor
in their mind. For instance, a cue might be too abstract, e.g., color shading on a
topographic map, or not specific to a particular location, e.g., a grid overlay (Figure

2In other publications within the Lost In Zoom project, the term "pan-scalar anchor" is more fre-
quently used to refer to the pan-scalar landmarks. However, in this thesis, we prefer to differentiate
between landmarks and cognitive anchors.
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A.5).
For illustration, we see in the vector view of Figure A.6 a village on the right,

surrounded by color patches corresponding to land use, although they are difficult
to interpret. The beige patch serves as a visual cue that helps someone familiar with
the map to locate the village quickly. However, it is unlikely that this colored patch
will become a strong mental anchor for the user. Despite its visual prominence,
this feature lacks the structural qualities typically necessary to form a lasting mental
landmark (Sorrows and Hirtle 1999). This is even more apparent when looking at the
satellite view on the right, where these color patches are hard to relate to real-world
terrain features.

It would be a mistake to only see those cues as lesser landmarks however. They
can still help users quickly locate and orient themselves within the map or find specific
objects (Dickmann, Edler, Bestgen, and Kuchinke 2017). As we know reducing
cognitive load associated with map use is key for better navigation (Bunch and
Lloyd 2006), leveraging visual cues that assist in navigation without disrupting the
user’s mental map may open up opportunities for map design. This thesis mainly
focuses on landmarks, but some of our experiments deal with visual cues as well.

❀ Figure A.5 : Example of a partial grid used as a visual cue in the map, from
(Dickmann, Edler, Bestgen, and Kuchinke 2017). Although this type of cue can be
helpful for performing specific tasks, it is unlikely that the grid (or parts of it) will
become a mental anchor for the user.
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❀ Figure A.6 : Two map views of the same area in Google Maps, the first using the
vector map and the second using the satellite imagery.

A.2 Pan-scalar maps
Now that we have introduced the concepts of landmark and disorientation, we must
discuss pan-scalar maps, which provide the context and framework for our study.

A.2.1 What pan-scalar maps are

A.2.1.1 Pan-scalar map definition

Historically, each paper map had only one scale, displaying features relevant to that
scale. However, the advent of digital maps, and later web maps, introduced the
possibility of integrating all scales into a single interactive map, allowing for a seam-
less user experience (Haklay, Singleton, and Parker 2008). Roth 2013 uses the term
multi-scale interactive maps for those, but we prefer to call them pan-scalar maps
to highlight the fact that those multiple scales need to be used together in order to
work well. We use the definition proposed by Gruget, Touya, and Muehlenhaus 2023
for pan-scalar3 maps:

A pan-scalar map is an interactive, multi-scale, zoomable map designed
as a single cartographic product – i.e. an application, a map website, or a
cartographic interface on a navigation device.

Pan-scalar maps differ from traditional one-scale maps as they encourage the
users to interact with the map and explore it by panning (moving around) and
zooming (changing scale). The continuous three-dimensional spaces (coordinates
(x, y) and scale) of pan-scalar maps allows map designers to spread the information

3The prefix "pan" originate from the Greek word "παν" (pan), meaning "all" or "every". The
term "scalar" is derived from the Latin word "scala", meaning "ladder", which is relevant to the
concept of scale in maps.
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across the different scales, thus reducing the amount of information visible at one
scale for making map reading a more manageable task. It also allows map designers
to use the scale of appearance to convey hierarchy (Gruget, Touya, and Muehlenhaus
2023) by making some map elements appear before others instead of just using the
size or color of the symbols (Figure A.7). Because of this design, the cartographic
representations at different scales are never meant to be consumed individually; each
scale is designed to ‘work’ with maps at other scales.

A.2.1.2 Pan-scalar map uses

Pan-scalar maps are used for a wide variety of tasks. Boér, Coltekin, and Clarke 2013,
based on the earlier research by Carter 2005, derived eight primary uses of maps: self-
location, locating objects, route planning, navigation, identifying points of interest
(POI), communication, information storage, and exploration. Ideally, the design of
pan-scalar map design would adapt dynamically and propose a specific experience
depending of what task the user is aiming to accomplish. In modern maps, this
adaptation is mostly done by the interaction tools pan-scalar maps typically support:
route planning menus for route navigation, research bars for locating objects, tooltips
to identify POIs etc. Adapting the content of the map depending on the task is also
a possibility, for example by enhancing some landmarks near the planned routes
(Lokka and Çöltekin 2019) or by adapting the level of abstraction of the map (Boér,
Coltekin, and Clarke 2013). However, this approach implies knowing what tasks the
user wants to do and is not implemented yet in current maps.

❀ Figure A.7 : The city of Lille on Google Maps at zoom level 11 (left) and zoom level
13 (right). The most important information (from Google’s point of view) appears
sooner and less important information appears later when we continue to zoom in.

A.2.1.3 The concept of scale and scale perception

The concept of scale is key in pan-scalar maps and in cartography in general, but
it has multiple meanings that should not be confused. Montello 2001 distinguishes
three: Cartographic scale refers to the ratio between the size of a feature represented
on a map and its corresponding size in the real world. Analysis scale is the size
of the unit at which some problem is analyzed, such as the country or state level.
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Phenomenon scale (also called geographic scale) refers to the size or extent at which
a specific phenomenon appears. In this thesis, we use the term “scale” meaning
cartographic scale.

Cartographic scale has historically been indicated on maps numerically by a
fraction (for example, 1:10,000) or by a verbal statement such as "1 cm equals 1
km". However, when maps are displayed on screens, the scale must be expressed in
"meters per pixel" to remain valid because the size of the screen may vary depending
on the user’s device. A scale bar can also indicate the scale as it is not affected by
screen size (Figure A.8). Map users can theoretically rely on these scale indicators
during navigation to gain a more objective understanding of the scale at which
they are currently viewing the map, but the absence of scale indicators in Apple’s
"Maps" application in 2024 suggests that such indicators may not be as essential for
navigation as traditionally thought.

❀ Figure A.8 : Scale indicators on IGN map (top left), OSM (top right), Google
Maps (bottom). We notice that only IGN displays the verbal statement, and that
Google displays a scroll bar related to scales (on the right of the picture).

In fact, the study of scale perception in maps has a long history and started with
paper maps, and it is established that paper map users typically infer map scale from
the features and symbology present on the map rather than from artificial indicators
such as scale bars (Eastman 2013). This observation likely holds true for pan-scalar
maps, where users frequently rely on the relative size and representation of features
across different zoom levels. Therefore, it is essential to design map content in a
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way that enhances scale perception for users, allowing them to intuitively grasp their
position within the map’s scale without needing explicit indicators. More information
about how scales are implemented in pan-scalar maps is presented in Section A.2.3.3.

A.2.1.4 Thematic maps and topographic maps

A distinction is often made between two main types of maps: thematic maps and
topographic maps (also called reference maps). Thematic maps focus on specific
data and often convey a particular message, highlighting certain features or trends.
In contrast, topographic maps aim to describe the physical reality of the terrain as
accurately as possible, providing detailed information that can be used in various
ways by different users (Figure A.9). The majority of the pan-scalar maps we use
today are topographic maps, and our work focuses on these. However, it is also
possible to create thematic pan-scalar maps. If the study of a particular theme
requires the visualization of data at different and continuous scales, constructing a
thematic pan-scalar map can be beneficial. For instance, Le Mao B., a LostInZoom
project member, worked on a pan-scalar thematic map to help firefighters4.

❀ Figure A.9 : On the left, a topographic map of France (source: IGN). On the
right, a thematic map of France showing light pollution (source: Office National de
la Biodiversité)

A.2.2 Disorientation in pan-scalar maps

Pan-scalar maps have now been around for about twenty years, but they continue
to present challenges for users, particularly when it comes to maintaining orien-
tation during navigation. One of them is the disorientation phenomenon occur-

4The associated article is not out yet, but the map is available here: https://lostinzoom.
huma-num.fr/seism/
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ring when zooming through scales or moving across unfamiliar areas on the map
(Touya 2020b). Disorientation in pan-scalar maps can be explained by a disconnec-
tion between the user’s mental map—an internal representation of spatial relation-
ships—and the changing visual cues provided by the map interface (Touya, Gruget,
and Muehlenhaus 2023). As users explore new areas, they must continually recon-
cile these transitions with their existing mental map, which may not always align
smoothly with the new visual information.

Disorientation typically manifests when users struggle to recognize familiar fea-
tures or landmarks, or when they find it difficult to link the different views they
encounter during navigation, making it harder for users to maintain their sense of
position or scale. Interestingly, when users first encounter an unfamiliar area on the
map, they do not experience disorientation in the same way. Instead, they begin
constructing a new mental map based on the visible landmarks, which then serve as
their anchors for navigation (Figure A.10). However, disorientation tends to arise as
users move beyond these initial anchor points, struggling to integrate new views into
their evolving mental map.

❀ Figure A.10 : The initial map view presented when searching for Kuala Lumpur
in Google Maps search bar. The city is easily identifiable by its toponym and the
dense road network. Petaling Jaya appears as another significant city, distinguished
by the size of its label. To the east, we observe what appears to be a natural area.
For someone unfamiliar with this part of the world, these elements might form their
first cognitive anchors related to this region.

While some disorientation may be inevitable due to individual defective mental
maps5, well-designed maps can mitigate this issue by offering consistent visual cues
across scales and facilitating the creation of mental anchors. Before we explore
specific design solutions, let us discuss three of the main causes of disorientation in

5It seems difficult to imagine that even the best-designed map could counteract the disorientation
felt by someone who has always believed the Earth to be flat when confronted with a globe.
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pan-scalar maps.

A.2.2.1 Cause 1: Changes in data representation

Disorientation can be experienced when a map user faces a change in the representa-
tion of the features in the map, for example when a paper map user switches from a
map that represents the country to a more specific map of a region. The importance
of this problem increases with pan-scalar maps, as users are encouraged to navigate
within the scales. In pan-scalar maps, the features in the database are adapted to
the different scales through a process called “map generalization” (see Section A.2.4).
This process is mandatory to keep the map readable while displaying the most im-
portant information, but implies that what is displayed on the map changes when a
user is zooming.

The first attempt by IGN to construct a pan-scalar map clearly illustrates this
phenomenon of disorientation following a change in data representation. It involved
overlaying a series of scanned paper maps in a web application, displaying them se-
quentially based on the viewing scale. The main drawback of this implementation
was that when users reached a transition point and moved from one data represen-
tation to another, they could experience a loss of orientation (Figure A.11).

Fortunately, pan-scalar maps now maintain a much more consistent style across
all scales. However, this does not entirely eliminate the potential for significant gaps
in representation between certain scales (Figure A.12), particularly when zooming
through multiple zoom levels at once.

❀ Figure A.11 : Zooming on Paris in the “IGN classic” pan-scalar map. This web
application was based on paper maps.

A.2.2.2 Cause 2: Lack of reference points

Disorientation is also enhanced by a lack of reference points (landmarks) in certain
areas. This can occur in areas with very little information, such as deserts or rural
regions, or in highly dense areas where nothing stands out, such as in certain large-
scale urban representations (Figure A.13). During navigation, the lack of reference
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❀ Figure A.12 : Two cartographic views of Paris and its surroundings from the IGN
pan-scalar map, with less than one zoom level of difference between them. Yet the
data representation changes significantly: town names appear (even small town’s
ones), new road and rail networks appear, and the generalization of roads and rivers
changes. Source: https://www.geoportail.gouv.fr/donnees/plan-ign-v2

❀ Figure A.13 : A map view from the middle of the US, on Google Maps. In this
area no element stands out and the same pattern repeats in all directions, making it
difficult to know exactly where we were previously in the navigation and where we
are exactly now.
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points makes it hard to infer how much we zoomed or panned and to know where
the previous view was, and thus induce disorientation.

A.2.2.3 Cause 3: Confusion between two locations or scales

Finally, disorientation can occur when users confuse two cartographic areas that
look alike. More specifically, it arises when the user starts to sense that something
is wrong but has not yet identified the nature of the error. It is interesting to note
that these similar areas do not necessarily belong to the same scale, meaning that
a user may mistakenly believe they are navigating at a particular scale when, in
fact, they are at another. For example, it is hard to infer the zoom level of the two
views presented in Figure A.14 just from the features they display as they share the
same ones: a city with the same screen size that is next to a river, with a circular
road network that goes north, south and east. This phenomenon can be particularly
disruptive when zooming in or out across various scales, further complicating the
user’s orientation.

❀ Figure A.14 : Two map views that look alike, although one is taken from zoom
level 13 and one is taken from zoom level 15.

A.2.2.4 Desert fog

Causes 1 and 2 can lead users to experience a "desert fog" effect. The theoretical
problem of desert fog was introduced by Jul and Furnas 1998 in the context of
human-computer interactions, even before pan-scalar maps emerged. The authors
define desert fog as "a condition wherein a view of an information world contains
no information on which to base navigational decisions". In digital cartography, a
view refers to the specific portion of the map visible on the user’s screen at any
given moment.

Whether users lack information due to change in data representation or simply
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because no meaningful information is present, the result is the same: a sense of
disorientation. But the effect is more insidious when there is a confusion between
two locations or scales, as users may not immediately realize they are lost.

The LostInZoom project (Touya 2020b) tries to address the phenomenon of disori-
entation by proposing an "anchor-based zooming". This approach seeks to highlight
landmarks during zooming interactions, for example by prolonging their scale range
or adjusting their colour or transparency, to better link different scales together and
provide consistent reference points for users.

The project is structured around four main challenges:

1. Better understand the desert fog effect and measure it

2. Identify which landmarks serve as the best anchors and find a way to encode
them

3. Build a pan-scalar map that may host these landmarks

4. Design a zooming interaction that makes use of the landmarks to minimize
user disorientation

This thesis primarily focuses on addressing the second challenge of the project.
But if we believe anchor-based zooming can help mitigating disorientation, we are
also convinced that studying landmarks to improve map generalisation in order to
build more continuous pan-scalar maps is key in the process (more details about map
generalisation in Section A.2.4).

A.2.3 Designing and building pan-scalar maps

A.2.3.1 Map design: scale oriented versus data oriented

A map scale only exists in the context of a map displayed as an image. The data by
itself does not have a particular scale, and can be displayed at several different scales
(Carral, Scheider, Janowicz, Vardeman, Krisnadhi, and Hitzler 2013). For tradi-
tional single-scale, non-interactive topographic maps, the creation process typically
begins with selecting the area to be represented and determining the appropriate
scale. The next step involves deciding which information needs to be conveyed at
that scale, choosing the data to align with the common uses of the map at that
particular scale. For example, a 1:25,000 scale map is typically suited for hiking
and urban planning, while a 1:100,000 scale map (regional scale) is more focused
on transportation networks and key points within regions of France. Once the data
relevant to that scale’s intended uses has been identified, the design process focuses
on integrating this information as clearly and effectively as possible in the map.

The process of creating pan-scalar maps, however, works in the opposite direction
to this traditional approach (Courtial and Touya 2023). Instead of starting with a
fixed scale and then determining the relevant information to display, the creation
of pan-scalar maps is more similar to that of thematic maps. Here, the process
begins by identifying the key information that needs to be shown, followed by the
selection of an appropriate scale (or range of scales) to represent that information
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effectively. This reverse approach allows for a dynamic adjustment of scales to suit
the content, which is crucial for maps designed for continuous zooming and varying
levels of detail.

Although cartographic scale is continuous, allowing for any value to be selected,
certain scale thresholds are more significant to users because they align with familiar
concepts such as city, regional, or national scales. These scales can be more effective
for conveying information because users are more likely to have seen other maps at
these same scales, making it easier for them to recognize locations and draw con-
nections with other maps. NMA maps are traditionally offered at scales of 1:25,000
(neighbourhoods), 1:50,000 (urban areas), 1:100,000 (regions), 1:250,000 (states),
and 1:1,000,000 (continents) (Burghardt, Duchêne, and Mackaness 2014). We pos-
tulate that particular attention should be given to these key scales when designing
a pan-scalar map, as well as ensuring smooth transitions between these scales to
maintain coherence and usability across different levels of detail.

A.2.3.2 Pan-scalar map databases

Pan-scalar maps are dynamic compositions built from very large cartographic data-
bases. These databases usually contain billions of georeferenced elements, each with
precise coordinates, geometric shapes, and specific attributes, such as the number of
lanes on a road or the height of a building. To efficiently manage all this information,
National Mapping Agencies (NMAs) use Geographic Information Systems (GIS) soft-
ware. They allow automation of many of the cartographic processes, enabling the
integration and manipulation of large datasets necessary for building detailed and
scalable maps. NMAs have historically utilised multiple database architectures for
pan-scalar maps databases, and there is no consensus yet, but some practices have
become more widespread.

The geographic databases used to produce pan-scalar maps are usually divided
into two categories: Digital Landscape Models (DLM) and Digital Cartographic
Models (DCM) (Stoter, Meijers, Oosterom, Grunreich, and Kraak 2010). A Digital
Landscape Model contains information directly captured from the real world by
diverse processes, such as deriving geometries from orthophotos. A Digital Car-
tographic Model is derived from a DLM, adapted to produce an optimal visual
end-product. This transformation, called cartographic generalization, implies pro-
cesses such as modifying the size and positioning of symbols in order to improve the
clarity of the map (more about the generalization process on Section A.2.4).

High-accuracy DLMs can include fine details, such as individual houses, rural
roads, or even traffic lights, which are not necessarily useful at smaller scales in pan-
scalar maps. Lower-accuracy DLMs can be created by generalizing a high-accuracy
DLM, a process known as model generalization. From each DLM, a corresponding
DCM can be derived to be displayed at specific scales, although a lower-accuracy
DCM may also be directly derived from a high-accuracy DLM. A schematic illustra-
tion of these relationships is shown in Figure A.15. Different structures are possible
and studied to derive DCMs from one or more DLMs. There is no consensus yet but
some good principles are described in Courtial and Touya 2024.
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❀ Figure A.15 : Schematization of DLM and DCM concept. Source: JoÃo 1999.

A.2.3.3 WMTS structure and zoom levels

WMTS (Web Map Tile Service) is a standard protocol developed by the Open
Geospatial Consortium (OGC) to efficiently deliver map data over the internet in
small, manageable "tiles." Rather than downloading an entire map as a single image,
WMTS breaks the map into a grid of smaller tiles. These tiles are stored on servers
and can be requested with a HTTP query and loaded individually as needed. This
protocol allows for quicker loading times and make the data interoperable across
different applications and platforms.

Map tiles are stored in a quadtree (pyramid) structure (Figure A.16). The zoom
levels correspond to the different levels of this quadtree. Each zoom level corre-
sponds to a different level in the quadtree. At the top of this pyramid is zoom level
0, which represents the broadest view (often encompassing entire continents). As we
move down the pyramid, each subsequent zoom level doubles the number of tiles,
increasing detail and narrowing the map’s focus (Figure A.17). At first, pan-scalar
maps only displayed maps at integer zoom levels (i.e., 10, 11, 12) but recent maps
allow the users for “smooth zooming” (Van Wijk and Nuij 2003) to stop at deci-
mal zoom level (i.e., 10.3 or 11.7), which gives a smoother user experience. This
provides a smoother user experience, even though these decimal zoom levels often
share the same data representation as their corresponding integer zoom levels in most
pan-scalar maps.

A.2.3.4 Where in the Map Production process does anchor point mod-
elling take place?

Given the complexity of pan-scalar maps, which integrate multiple levels of detail and
aim to cover extensive areas—potentially even the entire world—the map creation
and update processes have been partially automated. Today, specialized software
assists cartographers, allowing them to focus on key areas that require human ex-
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❀ Figure A.16 : Illustration of the zoom-level pyramid in pan-scalar maps, with
the largest tile at the top representing zoom level 0, followed by four tiles below
corresponding to zoom level 1, and so on. Source: IGN

❀ Figure A.17 : Zoom levels and their associated scales in OSM. Source: https:
//wiki.openstreetmap.org/wiki/Zoom_levels
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pertise. The goal is to reserve manual intervention for critical elements that cannot
be automated, while the bulk of the map creation process is handled by advanced
computational tools. In this subsection, we contribute to the existing state of the
art by sharing additional insights gathered during the course of this thesis.

❖ Interview with Plan IGN technical team
To better understand the current process of building a pan-scalar map, we met Hervé
Quinquenel, who is part of the IGN technical team composed of geographical infor-
mation scientists. Hervé’s team is a group of 10 people that conceive cartographic
processes. They manage the data with postgres/postgis, make the queries, and fur-
nish the results to the cartographers. If they need to create a new application or
to manage servers, they ask the developer team. We conducted two free-form inter-
views of two hours each which provided us with further insights into the IGN Plan
and pan-scalar map design in general, and highlighted the key issues they consider
most important regarding their design. The key points from those discussions are
summarized below.

❖ About Plan IGN
The "Plan IGN" is an exclusively online product, launched in 2019, and it has not
undergone significant updates since. This product is often referred to as "pyramid
cartography" because it utilizes multiple data layers, each corresponding to a specific
zoom level. Depending on the scale, the map draws from various thematic layers of
the BD Topo database, with some large-scale information coming from cadastral
data as well. To produce the Plan IGN, an intermediate database—a cartographic
database—is created from selected BD Topo information. While automated general-
ization algorithms (especially elastic beams) were implemented and used by IGN in
the early 2000s to address issues such as feature superposition, highway interchange
generalization, and toponym placement, the current process involves only minimal
generalization (mainly for toponym placement) and instead relies heavily on data
selection.

❖ The four major challenges for plan IGN
1. Placement of toponyms: While some algorithms exist and are implemented

in ArcGIS, it needs human verification and usually intervention as well in
cluttered areas to maintain readability.

2. Road overlapping with other networks: After generalization and stylization,
roads often overlap with other networks such as railways, rivers, and embank-
ments, which complicates visual clarity.

3. Mountain Roads Generalization: Generalizing mountain roads presents unique
challenges due to terrain complexity and the need to preserve road connectivity
and visual coherence.

4. Locating problems in the map: Last but not least, the IGN team told us that
correcting map issues manually was usually not difficult, but that the primary
challenge lies in detecting where these issues occur in the first place.
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❖ Pan-scalar map building steps
We also discussed with the production team the key steps for building a pan-scalar
map such as plan IGN. The technical architecture of a pan-scalar map can vary from
one implementation to another, but the fundamental steps remain largely the same:

1. Define the purposes of the map, the possible user interactions, and the geo-
graphical scope (is the map limited to a specific location or aim to display the
entire world?)

2. Gather the geographical data that is the most suited to the project, and struc-
ture them within a database

3. Decide which features appear at which scale (including toponyms), how they
will be symbolized, and what degree of generalization will be involved. This
can be done through a Scalemaster diagram6

4. Create the interface through which the users will interact with the map

5. Render the map on an engine, usually using a tiling system to break the map
into smaller, manageable tiles

6. Update the map and its interface iteratively with new geographical data and
user feedback

Compared to other GIS projects, steps 3 and 4 are specific to pan-scalar maps
and are particularly influential in addressing the issue of disorientation. Our work
focuses on the feature representation aspect (step 3), but we discuss the evolution of
map interfaces in Section B.3. Feature representation involves several key sub-steps
(not ordered):

• Determine the number of zoom levels and what data will be represented at
each

• Develop a consistent visual language for the map, including the choice of sym-
bols used to represent various geographic elements. This includes:

– Point Symbols: For points of interest such as cities or monuments
– Line Symbols: For features such as roads and rivers
– Area Symbols: For regions such as parks and forests
– Text and Labels: To provide additional information

• Carefully select colors and contrasts to enhance readability and distinguish
between different data types

• Establish rules and processes for cartographic generalization

Additionally, this step may involve data enrichment tailored to the specific needs
of feature representation and cartographic generalization (see Section A.3.2.1).

6Brewer and Buttenfield 2007 proposed a tool to assist in the design of multi-scale maps called
the Scalemaster. It consists of a diagram that describes the behavior of map feature symbols across
the different scales of the map being constructed. This tool helps cartographers quickly understand
what elements should appear at each scale, facilitating informed design decisions.
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A.2.4 Focus on map generalisation

Map generalization, that we already mentioned a few times, is (or should be?) so
important in pan-scalar map design that it deserves a focus. Formal research on map
generalization has been reviewed extensively from the 80s (Brassel and Weibel 1988;
Mackaness, Ruas, and Sarjakoski 2007; Burghardt, Duchêne, and Mackaness 2014),
and a recent review of automated map generalization techniques has been made in
Zhang, Touya, and Meijers 2024. This section is not about detailing the literature as
generalization is not core in our thesis but about introducing the concept and how
it may impact user disorientation.

A.2.4.1 Introduction

❖ Origin
When representing geographic information at a small scale (whether on paper or
on screen), cartographers quickly encounter challenges such as clutter, where an
overwhelming amount of information makes the map difficult to read (see Section
B.2.1.2), and overlapping, where the proximity of elements leads to partial or com-
plete superposition of map elements, obscuring critical details. To maintain the
readability of a map while conveying the maximum amount of relevant informa-
tion, cartographers engage in a process of representing information more effectively
through abstraction, known as cartographic generalization.

By nature, cartographic generalization has existed for as long as cartography
itself. The discipline began to be formalized during the 20th century by National
Mapping Agencies (NMAs), which required more rigorous methodologies to mass-
produce maps and update them efficiently. With the advent of digital cartography,
the field expanded significantly as the volume of collected data and the frequency
of its updates increased dramatically. This development led NMAs to explore the
possibility of automating the generalization process.

❖ Generalisation is not just simplification
Cartographic generalisation involves the careful selection and representation of map
elements, sometimes requiring deviations from strict geographical accuracy to en-
hance clarity and usability. A well-generalized map not only helps users navigate
more easily but also aids in forming a good mental representation of the space. This
process is especially critical for topographic maps, which are inherently dense as they
aim to comprehensively represent the terrain. While cartographic generalization is
sometimes viewed as a mere simplification of data, we believe it is more accurate to
see it as a method of delivering the right information, tailored to each scale (Touya,
Potié, and Mackaness 2023). Map generalization should also seek to preserve or even
enhance the visualization of relationships between map elements7, as these relation-
ships are crucial for conveying meaning (see Section A.3.1.3).

Depending on the scale, this may involve omitting less relevant details or em-

7Mackaness et al., in "Abstracting Geographic Information in a Data-Rich World," page 6,
stated: “If we consider a map to be a system of relationships, then generalization is fundamentally
about modeling, filtering, and visualizing those relationships.”
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phasizing certain features that become significant only at broader perspectives. For
instance, while airports may not be particularly important on a city-scale map, they
become interesting landmarks on a national map as map users may wish to know if
a specific city is accessible by flight (Figure A.18). If map generalization changes the
representation of map features, it is crucial however that users can easily connect a
generalized feature they observe at one scale with the same feature, which may be
generalized differently or not at all, at another scale.

❀ Figure A.18 : Lyon-Bron airport at multiple generalization levels on Plan IGN.
While zooming out, the representation of the airport takes up more and more space
relative to the size of the city and thus becomes more visible.

❖ Definition
Having those ideas in mind, we propose a more comprehensive definition of carto-
graphic generalization:

Cartographic generalization is the process of adapting the map’s content
according to the scale of representation to effectively convey the geographical
information appropriate for that scale.

A.2.4.2 Operators

Cartographic generalization encompasses a variety of techniques referred to as op-
erators. It is important to distinguish between generalization operations, which
define the conceptual processes, and generalization algorithms, which are their spe-
cific implementations. Several taxonomies for generalization operations have been
proposed (Mustière 2001; Foerster, Stoter, and Köbben 2007; Roth, Brewer, and
Stryker 2011). Below is a description of some of the most common operations:

• Simplification: Reducing the complexity of lines and shapes to enhance read-
ability at smaller scales.
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• Selection: Choosing which elements to display based on their significance or
relevance to the map’s purpose.

• Combination (Aggregation): Grouping similar elements to minimize clutter
and simplify the map’s visual presentation.

• Exaggeration: Emphasizing important features by making them more promi-
nent on the map.

• Displacement: Adjusting the positions of elements to prevent overlap and
maintain clarity.

A generalization process applies these operators in sequence or sometimes all at
once (Harrie and Weibel 2013; Regnauld, Touya, Gould, and Foerster 2014). The
key challenges lie in determining the appropriate intensity of each operator, the
optimal order in which they should be applied, and resolving the various conflicts
or problems that these operators can create. Significant efforts have been made to
automate these processes, particularly through the development of ontologies for
generalization algorithms, such as the Scalemaster 2.0 framework proposed in Touya
and Girres 2013, and Touya 2020a.

A.2.4.3 Problems

In addition to the two map generalization issues we have already discussed—the
change in data representation and the possible absence of landmarks in certain
areas—pan-scalar maps introduce a range of smaller problems that, when combined,
can significantly hinder users’ ability to navigate. Although some generalization
challenges, such as symbol overlapping, are less problematic in pan-scalar maps due
to the ability to zoom in for more detail, these minor issues accumulate and impact
overall usability.

❖ Example 1: Incomplete road network
Let’s take the example of generalizing a road network. When applying a progres-
sive selection process based on criteria such as road classification, there is a risk of
creating a disconnected network—where segments of roads become isolated, with no
connection to other parts of the network (Figure A.19). This scenario can under-
mine the map’s utility, as it presents an incomplete and fragmented representation
of the infrastructure. First, users may struggle to determine whether one city is con-
nected to another by a road. Moreover, the absence of visible connections in some
areas may fail to invite users to zoom in, as these empty regions provide no indi-
cation that additional details are available at larger scales. Secondly, such network
disconnections result in major inconsistencies between road representations across
different scales, potentially inducing a "desert fog" effect for users. Finally, such
anomalies may capture users’ attention and distract them from their initial task8.

8Attentional capture is a concept in the scientific literature that refers to situations where ob-
servers are unable to disregard a stimulus that is irrelevant to their task. However, recent research
has proposed a more nuanced definition to refine the scope and direction of investigations in this
area (Anderson 2021).
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Proper attention must thus be given to maintaining connectivity to ensure that the
map remains functional and accurately represents the real-world network.

❀ Figure A.19 : Western France on Google Maps at zoom level 6. Disconnected
road segments can be seen, isolated from the main network. Unfortunately, it is not
possible to determine the specific road selection process used by Google.

❖ Example 2: River meanders
When trying to preserve certain patterns a dilemma may arise, as it may sometimes
require sacrificing the exact geographical accuracy. For instance, in the generalization
of river meanders for smaller cartographic scales9, it’s important to thicken the river’s
representation to ensure it remains distinguishable at smaller scales, but it is also
important to maintain the river’s sinuous nature so that users can easily recognize
it. However, retaining every twist and turn of the river can lead to overlaps due
to the increased line thickness, which can clutter the map. In this case, the best
solution for representing this river at a smaller scale may be to reduce the number of
its meanders, even if it means deviating from the exact geographical reality (Figure
A.20). To determine the extent to which a river’s meanders should be simplified and
how to approach the process, it is first necessary to characterize the unique features
of the river. Stanislawski, Kronenfeld, Buttenfield, and Shavers 2023 provides a
highly detailed methodology for this purpose.

9We can only reduce the size of a feature that much for it to stay understandable. Moreover the
eyes do not perceive details on screens as well as on printed paper (Ledermann 2023).
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❀ Figure A.20 : Example of a river representation and its generalised version at
smaller scale. While the main pattern is conserved, some meanders are removed in
order to increase the readability. Source: Ordnance Survey (Great Britain’s NMA)

A.3 Landmark detection in maps
Now that we have reviewed the concepts of pan-scalar maps and cartographic gen-
eralization, along with their associated literature, it is time to focus on the scientific
domain at the core of our research: the detection of patterns in geolocated data,
with a particular emphasis on landmarks.

A.3.1 Human perception of the map: from perception to
meaning

Landmarks, as we have defined them, are intrinsically linked to human cognition.
Therefore, to better understand the various existing approaches to detecting land-
marks, we must first explore how humans perceive landmarks and maps.

A.3.1.1 Map abstraction

The power of maps10 lies in their abstraction, allowing cartographers to represent
the seemingly infinite details of the real world using a finite amount of ink or pixels
(Touya, Potié, and Mackaness 2023). It is the capacity to abstract the world that
allows cartographers to make maps more comprehensible than orthophotos (Figure
A.21). However, this abstraction only becomes meaningful if users can successfully
interpret it. This raises an important question: how do humans perceive maps and
derive meaning from them?

10..or “super-power of maps”, as Georg Gartner suggested during the Eurocarto 2024 conference
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❀ Figure A.21 : Aerial photograph (left) of the Rhône River and the Alpilles moun-
tain range, compared with a map (right) of the same area generated from vector
data. While modern technology allows us to photograph the entire Earth, a pho-
tograph alone does not convey the same level of detailed information as a carefully
designed map, which can effectively highlight important geographical features and
relationships. Source: Plan IGN, géoportail (https://www.geoportail.gouv.fr/carte)

A.3.1.2 Cartographic communication and cartographic knowledge

The link between map perception and interpretation and human cognition has been
established and have been studied for decades (Board and Taylor 1977). When users
look11, their brains process the visual information, interpreting it as geographic data
based on their understanding of cartographic language and their prior knowledge of
geography.

The field of cartography has been greatly influenced through the second half of
the 20th century by Robinson 1952 and the concept of “cartographic communica-
tion”. Cartographic communication involves interactions between cartographers
and users and the effective transmission of spatial information, ideas, and messages
through visual elements in maps to ensure that the intended meaning is clearly un-
derstood. Theoretical cartographic communication models have been proposed to
describe the interactions between the cartographers, the maps, the users, and a so-
called “cartographic language” (Koláčný 1969). The cartographic language refers
to the set of visual and symbolic conventions used in maps to communicate spatial
information effectively. Just as spoken or written language uses words and grammar
to convey meaning, cartographic language employs symbols, colors, lines, and shapes
to represent geographical features and spatial relationships. While those models re-
main mostly theoretical, Beitlova, Popelka, Konopka, and Macku 2023 proposes an
eye tracking experiment to demonstrate the accuracy of cartographic communication
models.

11While there are some projects aiming to incorporate senses like touch and sound (Brock and
Jouffrais 2015; Wabiński, Mościcka, and Touya 2022) at a map, most maps rely solely on visual
elements and the vast majority of map perception occurs through visual processing.
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A.3.1.3 Meaning emerges from structures and patterns

It is the spatial and topological arrangement of the map symbols that conveys mean-
ing to the user (MacEachren and Ganter 1990; Mackaness and Edwards 2002). For
instance, when we examine the map on the right of figure (Figure A.21), we don’t
merely see isolated orange lines; instead, our minds connect these lines to reveal the
road network as a coherent structure. We also understand that the main road passes
to the north of the Alpilles massif, skirting the towns of Beaucaire and Tarascon,
which are themselves separated by the Rhône River. These elements can act as land-
marks and are fundamentally important for the entire process of map understanding
and building our geographic understanding.

In fact, many notable elements of the map are compositions of seemingly minor
objects that together form a larger element on the map, like train stations, airports,
hospitals, etc (Figure A.22). These macro objects are referred to as structures and
have different relations with their environment depending on the scale we are looking
at them (Touya, Potié, and Mackaness 2023). Additionally, some elements of the map
stand out from others of the same type because of their pattern. We use the definition
of Mackaness and Edwards 2002 for “pattern”: “a pattern is a property within an
object, or between objects that is repeated with sufficient regularity”. Such repeated
properties may be shape, orientation, connectedness, density or distribution. For
example, common patterns in maps are buildings alignments or river meanders.

❀ Figure A.22 : The Montpellier train station is a map landmark composed of a
large blue building intersected by railways. Source: Plan IGN

So geographic patterns and structures, such as road networks, river systems, or
building layouts, are fundamental to how users understand maps and may be them-
selves pan-scalar anchors. Map generalization should therefore aim to preserve these
patterns but also model the spatial relationships between them. This includes pre-
serving topological, geometric, and semantic relationships to ensure that the overall
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map still makes sense to the user at different scales (Mackaness and Edwards 2002).
The human brain processes structures and patterns pre-attentively, making the task
feel effortless to us. However, in the context of automated map design, understand-
ing precisely how the brain identifies and interprets these patterns becomes crucial
in order to develop maps that are more intuitive and efficient for users to navigate.
Let us therefore discuss the Gestalt theory.

A.3.1.4 The Gestalt theory

Gestalt theory explores how the brain groups symbols together based on their visual
properties, such as proximity, colour, and shape. Gestalt psychology began in 1912
with the work of Max Wertheimer. The concept gained significant prominence in the
second half of the 20th century, particularly influencing many cartographers. How-
ever, as modern cognitive sciences developed, Gestalt’s approach gradually became
overshadowed, though its impact on the field remains notable (Wagemans, Feldman,
Gepshtein, Kimchi, Pomerantz, Helm, and Leeuwen 2012).

Several phenomena have been recognized and presented as "Gestalt laws," some
of which are illustrated in Figure A.23. These laws are central to the perception
and interpretation of maps, and some have already been integrated by researchers
and cartographers to improve the generalization process, ensuring that maps remain
coherent and informative. For example, these laws are applied to preserve specific
arrangements in urban areas (Li, W, Ai, and Chen 2004) or to maintain the continuity
of road networks.

From a designer perspective, these laws suggest that added landmarks do not
need to be entirely visible to be effective in aiding orientation and navigation. On
the flip side, if we aim to detect landmarks algorithmically in maps, it is essential to
consider these Gestalt principles, which can introduce a layer of complexity in their
implementation.

Similarity

Proximity

Closure

Good continuation

Connectivity

Prägnanz

Figure-ground

Symmetry

Common region
Elements are considered to be part of a 

group if they are located within the same

closed region  

Elements that share similar characteris�cs 

are perceived as more related than elements 

that do not share those characteris�cs  

Objects clustered closer together are 

perceived as more related than objects 

further apart  

When a complex arrangement of visual 

elements is viewed, we tend to look for 

a single, recognizable pa�ern

Elements arranged in smooth linear form  
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edges that have abrupt or sharp angles  Where symmetry exists among a collec�on 

of elements, those elements are seen as 

being part of a uni�ed group  

Elements are perceived as either �gure (the 

thema�c focus) or ground (the contextual 

informa�on in the background of the �gure). 

The law of simplicity (or Prägnanz) suggests 

that when presented with a set of ambiguous 

or complex objects, the brain will make them 
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group if they are connected to each

other(with a line for instance)  

❀ Figure A.23 : Illustration of Gestalt so-called laws. Source: Touya, Potié, and
Mackaness 2023 (made by Guillaume Touya)
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A.3.2 Pattern detection

Our thesis focuses on identifying landmarks as potential anchors to enhance pan-
scalar maps. However, landmarks often emerge from patterns and structures rather
than standalone elements. Detecting landmarks or map features that could serve as
landmarks thus involves identifying these underlying patterns and structures. This
section introduces methodologies and techniques for pattern detection and is inspired
from the literature review we did in the third part of Touya, Potié, and Mackaness
2023. We invite interested readers to read the paper for more details and references.

A.3.2.1 The importance of data enrichment

Richter and Winter (2014) highlight a key limitation of conventional databases: while
people naturally perceive and recall environments as interconnected patterns, geo-
graphic databases often store individual objects without explicitly representing these
structures. Data enrichment is a key step that seeks to bridge this gap, as Mackaness,
Burghardt, and Duchêne 2014 describe at page 6:

“Data enrichment is the process by which we make explicit those relation-
ships implicit in the patterns and associations among features represented on
the map [...]”

Data enrichment may operate at two levels:

• Enhancing Individual Objects: Adding attributes to individual database el-
ements, such as computing building orientation (Yang 2008) or many other
building properties (Elias 2003).

• Creating New Composite Objects: Identifying patterns or structures formed
by multiple objects, such as road strokes (Thomson 2006) (Figure A.24), road
intersections (Savino, Rumor, Zanon, and Lissandron 2010), highway inter-
changes (Touya and Lokhat 2020), or building alignments (Christophe and
Ruas 2002; Li, W, Ai, and Chen 2004).

Data enrichment is core in cartographic generalization and in pattern detection.
Depending on the goal of the enrichment, the enriched information may be directly
used by another algorithm or stored in a database for later use.

A.3.2.2 Pattern detection algorithms draw inspiration from one another

While the task of detecting patterns may seem complex given the variety of dif-
ferent patterns in maps, it is encouraging that various pattern detection algorithms
share common processes, drawing from spatial analysis, graph theory (when studying
networks or specific agencements of objects) and sometimes machine learning tech-
niques. By studying the literature, we conclude that a standard process for building
a new algorithm that allows us to detect structures and patterns is usually done in
four steps (Figure A.25), which we detail in Touya, Potié, and Mackaness 2023.

As another encouraging point, we should notice that many patterns exhibit
fractal-like properties, recurring at various geographic scales (Lam and Quattrochi
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❀ Figure A.24 : Strokes consist of linear elements that seem continuous through
junctions. The road network example (a) consists of 8 arcs and 9 nodes, but 3
strokes may be discerned as we can see in (b). Source: Thomson 2006

❀ Figure A.25 : A four-step approach to implementing a pattern recognition algo-
rithm. Source: Touya, Potié, and Mackaness 2023

1992). For instance, the star-shaped pattern formed by roads around a village can
also be found around a capital city, albeit at a much larger scale. Similarly, small
streams flow into rivers, which in turn flow into larger rivers, creating a branching
network that resembles a tree, regardless of the scale at which the phenomenon is
observed. This suggests that findings from studies on patterns at one scale may
apply to others, as with ring roads discussed in Chapter 3.

A.3.2.3 Pattern detection with machine learning

Machine learning has seen rapid advancements in cartography during the first quarter
of the 21st century, particularly in the field of pattern recognition (Harrie, Touya,
Oucheikh, Ai, Courtial, and Richter 2024). Traditional pattern detection techniques
based on spatial analysis require researchers to manually define the properties that
characterize the structures to be detected, as well as any thresholds that distinguish
between categories (e.g., buildings larger than a certain size or within a specific
distance from a road). This approach works well when the characteristics of the
target objects are clearly understood.

Machine learning, however, offers an alternative that reduces this manual effort
by creating algorithms that rely on example data rather than predefined parameters.
In supervised learning, the algorithm learns to identify patterns based on labeled
training data, while unsupervised learning enables algorithms to independently dis-
tinguish different categories within a dataset without prior labeling. This flexibility
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allows for the detection of objects even when their defining properties are unclear
to cartographers or researchers. For instance, as we will see in Chapter C, a user
may intuitively recognize a circular road as a ring road, but it remains challenging
to define precise spatial properties for such identification (Potié, Mackaness, and
Touya 2022). This is where supervised learning becomes particularly valuable. In
this thesis, we will explore supervised learning approaches for detecting patterns in
geographic data.

A.3.2.4 Deep learning for pattern detection and map generalization

Deep learning, a subset of machine learning, employs large artificial neural networks
to perform complex tasks such as identifying structures within vast datasets (Le-
Cun, Bengio, and Hinton 2015). This approach has revolutionized computer vision,
significantly improving image classification and interpretation compared to tradi-
tional methods. For example, segmentation algorithms like U-Net (Ronneberger,
Fischer, and Brox 2015) are capable of recognizing pixels belonging to specific ob-
jects in images, from either aerial photographs (Khan and Jung 2024), historical
maps (Weinman, Chen, Gafford, Gifford, Lamsal, and Niehus-Staab 2019), or dig-
ital map images (Touya and Lokhat 2020). More recently, a novel deep learning
model architecture using transformers—previously popularized in natural language
processing—has also shown promise for image processing tasks (Dosovitskiy et al.
2021).

However, while images offer rich visual information, they lack the tabular de-
tails embedded in geographic databases. But deep learning has also been applied
directly to geographic data, with notable successes in simplifying geometries, such
as building footprints (Sester, Feng, and Thiemann 2018). Yet, these methods often
struggle to account for spatial relationships through their relative positioning on the
map. One of the main challenges lies in the vast number of examples required to
train deep learning models to achieve accurate results. Producing these datasets is
particularly complex for tasks such as cartographic generalization, where evaluation
metrics remain subjective and task-specific (Touya and Lokhat 2020).

The encoding of geographic data into tensors—the input format for deep learn-
ing models—is crucial in the process of implementing a deep learning model, as it
directly affects how well the model can incorporate and link information. When
training models based on map images, (Courtial, Touya, and Zhang 2022) proposed
separating geographic information into distinct layers that are then fused during en-
coding. This technique ensures the model retains access to all information, even in
overlapping areas, such as when a bridge passes over a river. Without this layered
approach, a simple vector-based conversion might lead the model to perceive a river
as discontinuous. We think that this principle could be adapted for landmark detec-
tion, as landmarks in images are often complex structures that may be crossed by
others.

Despite its potential, one major drawback of deep neural network (DNN) archi-
tectures is their "black-box" nature—it is often difficult to understand why a model
produces a specific result, even if the output appears accurate. Recent advancements
in explainable AI (XAI) seek to address this issue by analyzing how DNNs trained on
image datasets recognize shapes (Biscione and Bowers 2023) and what geographic
knowledge they acquire (Fu, Zhou, Xin, and Weibel 2024). Preliminary findings
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suggest that current models may not yet achieve the high-level abstraction seen in
human cognition. They are, however, capable of recognizing basic concepts such as
proximity between elements. This progress hints at a future where AI models may
develop more advanced spatial reasoning capabilities and pushed us to experiment
with deep learning model to detect landmarks in Chapter 5 and 6.

A.3.2.5 Landmark detection

In the literature on using machine learning to detect landmarks, Elias 2003 proposed
a pioneering methodology for identifying remarkable buildings near road intersec-
tions, aiming to utilize them as landmarks in navigation software (Figure A.26).
This approach involved enriching building data with numerous attributes, followed
by two types of machine learning algorithms. First, a classification algorithm (super-
vised learning) was employed to distinguish buildings into two categories—landmarks
and non-landmarks. Second, a clustering algorithm (unsupervised learning) was used
to identify distinctive buildings at intersections without relying on labeled examples.
This work laid the foundation for further research on enriching navigation instruc-
tions with landmarks (Duckham, Winter, and Robinson 2010; Rousell and Zipf 2017).
A comprehensive review of this topic is available in (Yesiltepe, Conroy Dalton, and
Ozbil Torun 2021).

❀ Figure A.26 : Selection of building candidates for landmarks near a road intersec-
tion. Source: (Elias 2003)

In Particular, (Lin, Cai, Gong, Kang, and Li 2019) and (Kang, Liu, Wang, Li, and
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Weng 2022) demonstrated the effectiveness of random forest classifiers for extracting
urban landmarks, a method we also explore in Chapter 4. While our objective
differs—it focuses on leveraging landmarks to improve navigation within pan-scalar
maps rather than providing instructions during GPS-guided navigation—we draw
inspiration from the enrichment and distinction methodologies developed in these
studies.

Some researchers have also explored detecting landmarks based on how people re-
fer to them in social media posts and online forums (Quesnot and Roche 2015). This
semantic approach shows promise, as it leverages public discourse to identify cultur-
ally or contextually significant landmarks. However, it diverges from the primary
focus of this thesis, which centres on detecting landmarks directly within maps and
their associated databases. While the semantic approach may complement map-
based methodologies, our work emphasizes spatial and structural properties over
user-generated textual content.

A.3.3 Conclusion on landmark detection

Encoding the concept of a landmark in computational terms is a significant challenge,
as it is intrinsically tied to human perception. Machine learning algorithms appear
to be well-suited for this task, given their ability to work with implicit and hard-to-
define concepts. However, the creation of training datasets for supervised algorithms
remains a critical challenge in the field.

Landmark detection has been particularly studied in the context of navigation
applications, focusing on identifying distinctive elements at intersections. This ap-
proach aims to enrich wayfinding instructions with meaningful references. Addi-
tionally, landmark detection is also a topic of interest in cartographic generalization
research. However, it focuses more on preserving shapes and arrangements to mini-
mize visual and structural disruptions between different levels of generalization rather
than on identifying potential anchors.

A.4 Conclusion of the chapter
In this chapter, we introduced the concept of (pan-scalar) map landmarks, which
assist users in navigation, and the concept of (pan-scalar) anchors, their equiva-
lent within the user’s mental map. We introduced the concept of pan-scalar maps
and discussed how disorientation occurs when there is a mismatch between the user
expectations and the actual content displayed on the map, especially during scale
transitions in the exploration of pan-scalar maps. Lastly, we reviewed pattern de-
tection techniques employed to enrich databases with landmark information, which
offers new avenues for improving the generalization and design of pan-scalar maps
in a more systematic and scalable way.
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A.5 Thesis orientation
This thesis is guided by results from the conclusion that disorientation issues in pan-
scalar maps are a genuine concern, but that they can be mitigated through improved
cartographic generalization and zooming interaction design. Although there has been
substantial work on the role of patterns in map perception and on preserving these
patterns during the generalization process, few studies attempt to bridge these two
domains and our work tries to fill this gap. In particular, the anchor point theory
from Couclelis, Golledge, Gale, and Tobler 1987 makes us feel there is something
to be achieved by exploring the connection between pan-scalar landmarks in maps,
which can be enhanced by cartographers, and the cognitive anchors formed in users’
mental maps.

A.5.1 Problems

Our central problem arises from this parallel between landmarks in maps and cogni-
tive anchors in mental maps:

Can we design pan-scalar map landmarks in a way that influences the forma-
tion of cognitive anchors in users’ mental maps?

From this problem, we derive three core research questions:

• Can user perception studies help determine which map features should be em-
phasized, and under what contexts?

• How can we translate findings from perception studies into material adapted
to be used in generalization and detection algorithms?

• To what extent can supervised machine learning models be utilized for detect-
ing landmarks in maps?

To address these questions, we will explore a combination of user perception
studies, cartographic data enrichment processes, and machine learning-based pattern
recognition techniques. Through the experiments conducted in this thesis, we aim
not only to explore new techniques to enrich geographic databases to improve map
generalization, but also to delve into the realm of spatial cognition. By questioning
participants about why certain map features stand out more than others, we seek
to understand which elements are most likely to crystallize into anchors within their
mental maps.

A.5.2 Overview of the experiments

In addition to the preliminary studies proposed in Chapter B, this thesis will be
driven by the following experiments:
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❖ When is a ring road a ring road? (Chapter C)
Urban ring roads, or "city ring roads", appear to be high-potential pan-scalar land-
marks. However, not everyone has the same definition of an urban ring road. We
conducted a study on the perception of these ring roads based on a questionnaire
with 28 participants to better characterize this potential anchor and thus help in
their detection.

❖ Multimodal learning for remarkable building detection (Chapter D)
Salient buildings are real life landmarks and have the potential to be good map
landmarks if their representation is enhanced. In this machine learning experiment,
we associate each building with a topographic map image where it is centered and use
a multimodal deep learning model to classify remarkable buildings from unremarkable
ones.

❖ Potential anchor detection in a map image with deep learning (Chapter
E and F)

The human eye quickly differentiates important elements from less significant ones
in a map image. In this experiment, we train deep learning models like CNNs and
Segformers to evaluate map images and test our models on a custom evaluation set
created from expert annotations.
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Preliminary studies

In this chapter, we present three preliminary studies we conducted. The first study,
conducted in collaboration with Maïeul Gruget, analyzes the existing pan-scalar
landmarks and attempts to create an inventory of those already present in pan-scalar
maps. The second study investigates the question of the optimal density of landmarks
in pan-scalar maps. Finally, the third study provides a review of the evolution of
pan-scalar map interfaces and possible user interactions since 2005. While this last
study is not directly focused on landmarks, we believe that understanding how people
interact with pan-scalar maps is crucial for improving their design.

B.1 What are the pan-scalar landmarks
in contemporary pan-scalar maps?

Before discussing how we could add or enhance landmarks to improve the maps,
we must first examine what already exists. In this preliminary study, we analyzed
the widely used pan-scalar maps available to us1 to identify the elements that we
believe serve as the most frequent pan-scalar landmarks. The idea behind this study
is to attempt to list all types of pan-scalar landmarks comprehensively so that each
type can later be examined individually in further detail. By cataloging these dif-
ferent types, we hope to better understand how they contribute to the overall map
experience and how they may become cognitive anchors in the mental maps of users.

B.1.1 Methodology

My colleague Maïeul Gruget2 and I systematically explored Google Maps, OSM
(OpenStreetMap), and the IGN map, zooming in and out across various locations
worldwide (Except for the IGN map which is limited to France), between zoom levels
5 and 20. For each map and at each zoom level, we intentionally navigated through

1Unfortunately, we didn’t have an Apple machine available to carry out this study and the other
experiments on the Apple map.

2Also a PhD student in the LostInZoom project.
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urban, semi-urban, and rural areas. During these explorations, we focused on identi-
fying the major types of pan-scalar landmarks that could help users orient themselves
across different scales. We focused on recurring geographic features, avoiding land-
marks that are unique to specific areas, and we tested them in various locations to
confirm their consistency. We also deliberately avoided areas we were personally fa-
miliar with to reduce bias. Our findings were recorded in a Scalemaster-like diagram
(Brewer and Buttenfield 2007), where the rows represent the types of features on the
map and the columns indicate the zoom levels. The coloured bands do not simply
show when the features are visible, but rather the range of zoom levels at which the
features are salient enough to serve as pan-scalar landmarks in contemporary maps
(Figure B.1).

B.1.2 Results

We observed that the pan-scalar landmarks across the three studied maps—Google
Maps, OSM, and the IGN map—are largely similar, with only a few specific land-
marks unique to Google Maps (country names, High summits and points of interest).
Unsurprisingly, the main features of the pan-scalar maps are road networks of various
sizes, rivers, lakes, and other water bodies, urban areas, and specific natural spaces
such as national parks and forests.

Interestingly, we note that toponyms (place names) also serve as important land-
marks. According to IGN cartographers, the placement of toponyms is one of the
challenges of automated cartographic generalization, as they need to be positioned
in a way that clearly indicates the locations they represent without overlap on other
critical map information. Adding to this complexity, we found that toponyms act
as pan-scalar landmarks, meaning their position needs to be also preserved across
different zoom levels to avoid disorienting users. Work has already been conducted in
this domain. For example, Been, Nöllenburg, Poon, and Wolff 2010 proposed mod-
elling labels as solids in a three-dimensional space, using scale as the third dimension,
and Wu, Takahashi, Poon, and Arikawa 2017 introduced a method for automatically
positioning toponyms across scales using a genetic algorithm.

Another observation worthy of mention is that land cover patches (areas with
distinct color-coding representing terrain or vegetation types) serve as visual cues
across scales. However, as mentioned in Section A.1.3.3, the ambiguity in interpreting
their meaning and the subjective nature of their boundaries make them unlikely to
form cognitive anchors in users’ mental maps (Figure B.2).

Based on our observations, all scales include a certain number of landmarks, with
issues arising primarily in areas that are either particularly empty or overly dense. In
the context of our thesis, where we aim to leverage some of these elements to improve
zooming interactions, the question of detection becomes critical. Some landmarks
we identified are more easily detectable than others from an algorithmic perspective.

Among the potential landmarks we identified, mountain ranges appear to be less
straightforward to highlight. However, a study of Digital Elevation Models (DEMs)
could be considered to emphasize certain terrain features in map design. On the other
hand, elements based on graph networks are generally more readily analyzable, such
as ring roads (which will be the focus of Chapter C), highway interchanges, or railway
lines.
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❀ Figure B.1 : Summary of the pan-scalar landmarks and their range of apparition in Google Maps, OSM, and Plan IGN.
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❀ Figure B.2 : Rural area north of the town of Colias as seen on the IGN map
(left) and Google Maps (right). Land cover patches can serve as visual cues during
navigation. However, the colors are often difficult to interpret and vary between
different cartographic representations, making them less likely to become anchors in
users’ mental maps than other map features.

B.1.3 Conclusion

One might naively conclude that the features identified in our table are the map
elements with the most potential and should therefore be the primary focus of further
analysis. However, it is crucial to remember that the symbology used to represent
these elements significantly influences our perception of them. The map designers
have deliberately chosen to emphasize these elements in the studied maps. Therefore,
we cannot directly conclude that these specific types of elements inherently possess
the greatest potential. Nonetheless, we can observe that these features are among
the most prominent in modern digital maps, which means that users are accustomed
to perceiving them across various scales. This habitual exposure to these features
must be considered when analyzing their role in map navigation and cognition and
when designing future maps.

B.2 What are the optimal densities for
pan-scalar landmarks and visual cues
in maps?

We have seen in chapter A that, for good navigation, map users need 1) to see
landmarks to recognize the area by connecting them to their mental map and 2) to
get instant feedback about how much they pan or zoom by seeing visual cues.

With automated map generalization, it is technically possible to modify the rep-
resentation of map features based on their surrounding context, allowing, in theory,
the automatic creation of landmarks by emphasizing certain features. This capabil-
ity poses an important question for map designers: under what circumstances should
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this enhancement be applied?
Determining the ideal number of landmarks and visual cues in maps is complex

and involves multiple factors such as navigation task, geographic location, zoom level,
screen size, user experience and fatigue, or the symbology used for the landmarks
(Coltekin and Clarke 2011). To simplify the question, we propose to explore the
lower and upper limits of a reasonable density of features in pan-scalar maps by
reviewing the relevant literature and conducting a small thought experiment.

B.2.1 Literature review

B.2.1.1 Landmark density and map complexity

While we did not find a study that directly proposes a specific optimal density for
landmarks in maps, several works explore the impact of landmarks on navigation
tasks, such as street view itinerary following and route planning (Steck and Mal-
lot 2000; Kapaj, Lin, and Lanini-Maggi 2022; Cheng, Wunderlich, Gramann, Lin,
and Fabrikant 2022). In particular, Bruns and Chamberlain 2019 and Keil, Edler,
Kuchinke, and Dickmann 2020 demonstrated that, during route planning, landmarks
closest to the planned route are more frequently used and remembered by users, as
opposed to those further away but still visible on the screen. Furthermore, Keil et
al. found that the lower the visual complexity of a map, the more users tend to
search for landmarks located farther from the route. This suggests that the opti-
mal density of landmarks should correlate with the map’s complexity. For instance,
fewer landmarks may be needed in rural areas, while more may be necessary in urban
environments due to their higher complexity.

B.2.1.2 Clutter and visual overload

Though there is almost no technical limit to the number of elements that can be
placed on a single cartographic view, practical and cognitive limitations must be
considered when designing maps. An overabundance of visual elements can cause
confusion and hinder the ability to locate specific reference points (consider, for
example, the overwhelming effect in "Where’s Waldo?" images). In maps, an excess
of visual information can result in clutter, making the map harder to interpret.
Rosenholtz, Li, and Nakano 2007 define clutter as "a state in which excess items, or
their representation or organization, lead to a degradation of performance at some
task." They also provide a review of methods for measuring clutter in images, while
Touya, Hoarau, and Christophe 2016 discusses specific approaches for quantifying
clutter in maps. Clutter is an important factor to consider in the design of landmarks,
as higher levels of clutter make it increasingly challenging to introduce a visually
distinct element. When the visual space is crowded, it becomes harder for users to
identify and focus on a new standout feature. This is particularly relevant for small
screens, where space is limited, and users need clear, concise information without
overlapping elements or excessive detail.
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B.2.1.3 Competition between landmarks

Chamizo, Manteiga, Rodrigo, and Mackintosh 2006’s experiments with rats showed
that there is not only a hierarchy of landmarks based on their proximity to a target,
but also competition between landmarks during the learning process. This implies
that the memorability of a landmark can be reduced when another landmark is intro-
duced, which has important implications for cartographic design. Adding too many
landmarks may interfere with the user’s ability to retain critical ones. Chamizo’s
findings align with Miller 1956’s famous article on cognition, "The Magical Number
Seven, Plus or Minus Two," which demonstrates the limitations of the human mind
in processing multiple pieces of information, typically around five to seven items
depending on the task. Similar numbers were observed in experiments on itinerary
following in 3D environments, where users remembered only a limited number of
landmarks. Hence, cognitive competition must be considered when deciding how
many and which landmarks to emphasize on a map.

B.2.2 Minimum visual cues for good orientation

B.2.2.1 Problem

While map users are typically responsible for initiating zooms and pans within pan-
scalar maps, they may not always be fully aware of how far they have moved, either
spatially or across different zoom levels. This issue can be observed in GIS or drawing
software. Imagine a blank workspace with only a horizontal line representing a
river, devoid of any other reference points. If you pan horizontally across the river,
especially if the river is straight, it is almost impossible to know how far you have
moved without any additional landmarks. Similarly, if you zoom in or out without
other reference points, estimating the current scale becomes difficult. However, if
a house was added next to the river, you could more easily judge your horizontal
pan distance based on the movement of the house and gauge the scale based on the
change in house size.

This scenario is more relevant to real maps than one might assume. When users
quickly scroll through maps, they only process a limited subset of the available
information. The brain can only handle and record a certain number of visual inputs
at a time, and when the user has to rely on less prominent features for orientation,
it results in a higher cognitive load. Therefore if, as map designers, we aim to
emphasize specific landmarks, it would be ideal if they were sufficient to help users
orient themselves both in terms of space and scale.

B.2.2.2 Thought experiment

In the second chapter of Richter and Winter 2014, the authors demonstrate the im-
portance of landmarks by proposing a thought experiment in which a community is
placed in a completely empty environment referred to as "the void." The navigational
capabilities of this community are then explored as landmarks are progressively in-
troduced. Inspired by this concept, we sought to determine the minimum number
of visual cues required to maintain orientation while zooming or panning within a
pan-scalar map. For each of the three main types of cartographic objects — point
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symbols, lines, and polygons — we envisioned them in a blank pan-scalar map,
through which a user would attempt to navigate (Figure B.3). Next, we tested vari-
ous combinations of visual cues to observe how they interact with each other (Figure
B.4).

❀ Figure B.3 : Impact of zoom on three simple shapes commonly found in maps.
Point and linear vector elements remain unchanged during zooming.

Our first observation is that the three primary types of cartographic objects do
not provide the same level of orientation across scales and space3. Points and straight
lines, when they are alone, do not allow users to comprehend the extent of a zoom.
However, the change in size of a polygon can help users estimate the change in scale,
even if the shape of the polygon affects the degree to which users can successfully
complete this task.

Our second observation is that visual cues combine to provide more information.
For example, two points placed side by side give insight into the change in scale
through the variation in the visual distance between them during zooming. As zoom
levels are usually built on a quad tree structure, the distance between two points
double for every zoom level we zoom in. We also observe that in non-linear elements,
such as rivers with bends, the bends can serve as landmarks to indicate where you
are along the river as well as the scale at which you are viewing it. However, there is
a risk that the user may confuse different bends in the river, leading to disorientation
due to this ambiguity (see Section A.2.2.3).

3In fact, it would certainly be possible to theoretically study the geometries and examine their
invariances through homothety, rotation, or translation along certain axes. However, this does not
seem necessary to draw conclusions here.
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❀ Figure B.4 : Impact of zooming on a combination of elements (lines 1 and 2) and
on a non-linear element (line 3). The change in scale is discernible in all three cases.

We observed several properties specific to lines. As illustrated in the top-left im-
age of Figure B.5, simply adding lines is not sufficient to convey information about
the zoom level. If the lines intersect at the same point, the resulting star-shaped
figure remains invariant during zooming. Instead, it is the number of intersections
at different locations that provides meaningful information. Notably, a single inter-
section offers the same amount of information as an isolated point, meaning that
two intersections are theoretically sufficient to indicate changes in scale. Addition-
ally, bifurcations and inflection points along a single line share these properties, as
demonstrated in the third and fourth lines of the figure.

Interestingly, we noticed that cartographic elements can also combine with inter-
face elements. The most common zoom interfaces center the zoom action around the
current position of the mouse cursor (see Section B.3). In this case, The mouse4 cur-
sor can also serve as a temporary point of reference, acting as an additional landmark
during zooming.

Beyond geometric shapes and their combinations, the change in representation
of elements across scales, resulting from their generalization, can itself provide users
with cues about the scale they are viewing. Figure B.6 illustrates what might repre-
sent buildings connected to a main road via secondary paths. In a pan-scalar map,
if one were to zoom out, the disappearance of these secondary paths could likely be
observed at a certain zoom level, followed by the aggregation of the buildings into
a single polygon. These generalization steps provide experienced users with clues
about the scale. This phenomenon challenges the previously emphasized importance

4Or at the center of the pinch when using a smartphone, see Section B.3.
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of smooth transitions in the generalization process.

❀ Figure B.5 : Intersections and bifurcations are what matters in order to indicate
changes in scales, not the number of lines.

❀ Figure B.6 : Generalization steps may change the representation of visual cues,
but change in representation may be used by map users to infer the current scale.
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B.2.2.3 Conclusion

To conclude this brief experiment, we can assert that a single point or rectilinear ob-
ject does not provide enough information to ensure good orientation. Other shapes,
such as polygons and non-linear lines, theoretically suffice, but in practice, it is
challenging for the map user to fully grasp changes in spacing or the scaling of cer-
tain shapes5. However, with two visible cues, regardless of their form, users obtain
sufficient information to theoretically gauge the extent of pans and zooms. Thus,
Google’s decision to highlight multiple prominent buildings in capital cities seems
to be a good choice (Figure A.4). Not only do these buildings have the potential
to create strong anchors individually, but the combination of them also helps users
better estimate distances and scales.

B.2.2.4 Limitations and further considerations

The main limitation of this thought experiment lies in its static nature, as it considers
cartographic elements within a specific view, while navigation in pan-scalar maps
involves constant movement. Users are not confined to a single static view—they
zoom in and out, pan across the map, and explore different areas dynamically. As a
result, it would be inadequate to focus solely on a fixed view to precisely determine
the optimal density of visual cues in a pan-scalar map. While the view can offer
measurable insights, it should be treated more as an intuition than as a strict metric.
Moreover, we do not address the question about the maximal density of cues here.

An additional consideration is the distribution of visual cues across both time
and space during navigation. As users explore a map dynamically, their perception
of visual cues changes not only with the map view but also with the sequence of
movements they make. For example, a cue that might be insignificant in a static
view could gain importance as it transitions into or out of focus during a pan or
zoom. Similarly, cues that appear in successive views could form a mental trajec-
tory, reinforcing the user’s orientation through continuity. Understanding how these
transitional dynamics influence users’ spatial cognition could refine the design of
landmarks and other visual aids in pan-scalar maps. Regarding the management
of visual cues in maps, one approach to controlling their density across zoom levels
could be to distribute them spatially and across scales using a quad-tree structure,
similar to how WMTS tiles are managed.

Another avenue for extending this experiment is to explore how the semantics
of visual cues interact with their geometry. In a real-world map, the elements are
not just abstract shapes but also represent objects with specific meanings, such as
buildings, roads, or rivers. Users’ familiarity with these objects and their semantic
significance likely play a critical role in how effectively they are used for orientation.
For instance, a hospital symbol may serve as a stronger cue than a generic build-
ing symbol, even if their geometric properties are identical. Future studies could
investigate how semantic and geometric properties combine to optimize orientation
in pan-scalar maps.

5For simplicity, we focused here on abstract shapes, but in a real map, the elements represent
real-world features such as buildings or transport infrastructure. The user’s knowledge of the actual
size of these features also provides valuable cues about the scale they are currently viewing.
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B.3 Pan-scalar map interfaces evolution:
a two-decade perspective

It is important to acknowledge that this research lies within the realm of human
computer interaction and interface design (Zeng 2009). Therefore in this section,
we digress from landmarks to delve into the interactions between users and map
browsers by revisiting the systematic approach proposed by Harrower and Sheesley
2005. Additionally, we examine how the evaluated browsing methods have fared in
2024, given technological advancements and changing user expectations. Further-
more, we propose a novel model for user interactions with maps during zooming or
panning, which offers a refined approach for evaluating efficiency criteria. While our
work does not aim to comprehensively review the literature on Human-Computer
Interaction (HCI) or multi-scale maps, it serves to highlight key insights, providing
a solid foundation to conduct experiments on interactive map design.

B.3.1 Context

New devices, particularly smartphones, are akin to artificial organs that enhance the
human body. These devices enable ’superpowers’ such as instantaneous communi-
cation with individuals worldwide or access to any shared piece of information at
any time. However, these new devices do not benefit from the millions of years of
evolutionary refinement characteristic of natural organs. The designers’ work is to
create and refine those devices until they become indistinguishable from any of our
natural organs.

Efficient and user-friendly map browsers are essential for facilitating effective nav-
igation and spatial exploration, but contrary to the common assumption, the most
commonly used solutions are not inherently the most effective. Effectiveness often
hinges on how well the interface aligns with users’ habits, preferences, and cultural
expectations; therefore assessing the efficacy of such browsers remains challenging.

(Harrower and Sheesley 2005) proposed a systematic approach to compare vari-
ous zooming and panning methods in map browsers. This approach, outlined in their
paper "Designing Better Map Interfaces: A Framework for Panning and Zooming",
introduced four functionality criteria (sequentiality, precision, presence of orienta-
tion cues, feedback) and two efficiency criteria (interface workload and information
to interface screen estate ratio). By applying these criteria, Harrower and Sheesley
evaluated nine map browsing methods to determine their effectiveness. Nearly two
decades later, we propose to revisit their paper by delving into the evolution of map
design, assessing the remaining relevance of the criteria proposed in 2005, and assess-
ing performance of contemporary browsing methods compared to their predecessors.
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B.3.2 Map design evolution

B.3.2.1 From paper maps to pan-scalar maps

Map design has undergone significant evolution from the pre-digital era to the present
day. In the past, cartographers meticulously crafted paper maps with a focus on
printing quality and user legibility, prioritising certain details while generalising oth-
ers. Map design was restricted to the creation of a restricted set of topographic
and thematic paper maps. The cost of production required them to have the widest
utility.

In contrast, contemporary map design encompasses just-in-time mapping and
intuitive interfaces, often on small devices. As a result, issues of multimodal in-
teraction modelling (M2M, H2M interfaces) have become integral to the design of
the map. Nowadays, most maps are pan-scalar maps, i.e. interactive, multi-scale,
zoomable maps designed with the assumption that the user will navigate seamlessly
and intuitively across many levels of detail in order to generate contextual under-
standing with the least cognitive effort (Gruget, Touya, and Muehlenhaus 2023).
They are tailored to accommodate a wide range of tasks and user environments, but
this paradigm shift in interaction and map design presents new challenges. First,
maps now integrate significantly more data than before. To prevent overwhelming
users, efforts on map generalisation aim to suppress and selectively enhance content
in order to minimise navigational trauma. Secondly, additional tasks (itinerary cre-
ation, landmark selection..) are now mediated through the map. The challenge is
in keeping interfaces simple while expanding interaction possibilities (Gedicke and
Haunert 2023).

B.3.2.2 Task-based approach for evaluation

The evaluation of a map design and its map browser is a multi-variate challenge.
The importance of task and context of use is reflected in the continued use of task-
based frameworks, offering a structured approach to categorising tasks and defining
functionality and modes of interactions (Norman 1991; Roth 2013).

Harrower and Sheesley, in particular, proposed a distinction between precise
map navigation tasks and fuzzy map navigation tasks. In precise navigation tasks,
users possess sufficient information about the desired location to utilise the search
bar to input an address or coordinates. Conversely, in fuzzy navigation tasks, users
lack locational knowledge and must directly interact with the map. In the context
of this thesis, our research is focused on effective and efficient interface and map
design in support of fuzzy navigation tasks. Nonetheless, it is noteworthy that this
task classification may evolve in the future, as search bars make it possible to carry
out increasingly complex tasks (Khellaf, Schlicht, Bayer, Bouwmeester, Miraß, and
Wagner 2023).

82



Chapter B– Preliminary studies

B.3.3 Zooming and panning methods

B.3.3.1 Evaluation criteria

In order to evaluate the different zooming and panning interactions, Harrower and
Sheesley proposed four criteria based on functionality and two criteria concerning
efficiency.

❖ Functionality Criteria 1: Sequential versus non-sequential map brows-
ing

Does the method allow “jumping” to a new location or scale with a single input,
irrespective of how far the destination is from the starting point? Today’s browsers
only support this task by facilitating zooming out, panning at the small scale and
zooming in again.

❖ Functionality Criteria 2: Precision
Does the method allow panning or zooming with precision? Precision navigation
need minimising the latency and requires algorithms capable of high levels of ab-
straction/data handling.

❖ Functionality Criteria 3: Local-global orientation cues
Does the method give local-global orientation cues to users? A local-global orienta-
tion cue refers to a displayed element or interaction mechanism that aids users in
understanding the spatial context of their current view within the overall map. This
criterion is more readily applicable to the entire map browser rather than specific
zooming or panning methods. As interactive maps became virtually limitless, orien-
tation cues can no longer relate to the border of the map, but users can still orient
themselves relative to map features they recall from current or previous explorations.
This problem of maintaining the spatial awareness of users to prevent “navigational
trauma” has been considered an important challenge for a long time (Rodgers 2001).

❖ Functionality Criteria 4: Live-linked manipulation
Does the method provide instant feedback? Today’s users are intolerant of any latency
- which can add significantly to the risk of navigational trauma. Such a criteria places
huge demands on rendering algorithms.

❖ Efficiency criteria 1: Interface Workload
How exhausting is it to use this mode of interaction? The measurement and mod-
elling of cognitive workload is complex (Kosch, Karolus, Zagermann, Reiterer, Schmidt,
and Woźniak 2023). A count of the ‘interactions’ in the execution of a task is a sim-
ple measure of workload. It might be the number of mouse clicks, gaze trajectory or
object fixation time, but accounting for user strategies, prior experience, and task
definition all compound the complexity of measuring the cognitive effort of interac-
tion. This remains a critical area of research.6

6The website https://userinyerface.com/ offers a unique demonstration of interface workload.
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❖ Efficiency criteria 2: Information-to-interface ratio
Do we minimise screen area devoted to interface functionality, whilst maximising
space devoted to geographic content? Such a criteria remains ever more important
given the screen size of handheld devices. Multimodal/dialogue/gesture-based in-
terfaces are significantly improving this ratio, whilst offering the chance for more
intuitive and immersive environments (Hurst, Degbelo, and Kray 2024).

B.3.3.2 Zooming and panning methods review

We have supplemented the nine zooming and panning methods outlined by Harrower
and Sheesley (2005) with four new methods and features. In the following discussion,
we will examine these additions and assess their implementation in six prominent map
browsers: Google Maps, OpenStreetMap, Plan IGN v2 (from the french mapping
agency), Bing Maps, Mapbox and QGIS. The results of our analysis are presented
in Table B.1.
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Map browsers
Functionalities GMAP OSM PIGNv2 BING MAPBOX QGIS

1. Directly Re-position the Map (Grab and Drag) X X X X X X
2. Smart Scroll Bars
3 .Rate-Based Scrolling
4. Keyboard Controls X X X X X X
5. Zoom and Re-centre Under Mouse Click X X X X X X
6. Navigator Tabs / Interactive Compass Xa

7. Navigator Window Interaction (Detail + context) Xb

8. Specify Explicit Coordinates or Scale X X X X X X
9. Zoom Box (simultaneous pan and zoom) X
10. Scroll wheel to zoom, centred on the mouse X X X X X X
11. Pinch to zoom, centred on the fingers (touchscreen) X X X X X NR
12. Continuous transition when zooming or panning X X X X X
13. Inertial drift after releasing the grab X X X X X

a only for rotation and inclination, b allows to click but not to draw a

❀ Table B.1 : Panning and zooming methods and functionalities currently implemented in map browsers.
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❖ Navigation methods from 2005
1. Directly Re-position the Map (Grab and Drag): Grab and drag is now standard

in all map browsers.

2. Smart Scroll Bars: Scroll bars that dynamically adjust in size based on the
length of the document have become a standard feature in web browsers and
document viewers. However, they do not readily translate to pan-scalar maps
which are conceptually infinite in extent and detail.

3. Rate-Based Scrolling : This method has been abandoned for maps but remains
classical on web browsers and on document browsers. Nowadays, we need to
activate it with the middle mouse button, which was not standardised in 2005.

4. Keyboard Controls: All web map browsers facilitate keyboard arrows to pan
and the “+” and “-” keys to zoom. Harrower and Sheesley observe that this
method doesn’t allow the user to precisely choose the map extent or the level
of zoom, but keystrokes remain a very popular mode of interaction for gamers.
One approach to enhancing precision with keyboard controls could involve
adjusting the velocity of the screen movement rather than moving the screen
by a predetermined amount of space.

5. Zoom and Re-center Under Mouse Click : A double-click (or double-tap on a
touchscreen) zooms the map within the map browser. Considered less precise
compared to using the mouse wheel, it has been retained due to its convenience
for mobile users, allowing them to zoom with just one thumb while holding the
phone.

6. Navigator Tabs / Interactive Compass: This method involves using on-screen
buttons to zoom or pan by a predetermined amount. Harrower and Sheesley
evaluated it as being inefficient. In today’s browsers zoom in and out buttons
remain, though rarely utilised (a task increasingly performed by the mouse
wheel).

7. Navigator Window Interaction: Although categorised as a navigation method
by Harrower and Sheesley, it corresponds to a specific map browser inter-
face commonly known as “overview+detail” (Cockburn, Karlson, and Bederson
2009). Here the interface allows users to click on the inset minimap to recen-
ter. The “overview+detail” window has been a standard feature in video games
since the 1990s and recent studies analyse them to deduce good practices for
cartography (Zagata and Medyńska-Gulij 2024). Harrower and Sheesley ar-
gued that enabling users to draw a zoom box over the minimap would be the
most efficient method for map navigation. IGN France’s interface is one exam-
ple of a browser that offers an “overview+detail” window, though it does not
allow a zoom box to be drawn (Figure B.7).

8. Specify Explicit Coordinates or Scale: All map browsers have a search bar
that enables users to enter specific addresses or coordinates. The search bar
has since evolved into a powerful tool, offering an additional range of versatile
features and functionalities.
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9. Zoom Box (simultaneous pan and zoom): This method has not been retained
as a primary feature. It is only found in specific ‘zoom’ options within GIS
software and by pressing ’ctrl’ in maps built with OpenLayers. Its only advan-
tage over using the scroll wheel arise when users aim to reach a specific extent,
a functionality generally unnecessary for non-professional use. Moreover, un-
zooming with this method can feel disorienting.

❀ Figure B.7 : The "overview+detail" interface of the web map browser Plan IGN
v2 is situated in the bottom left corner of the screen (https://www.geoportail.
gouv.fr/donnees/plan-ign-v2).

❀ Figure B.8 : By pointing the cursor to the top left of the screen and scrolling to
zoom out, followed by pointing the cursor to the right part of the screen and scrolling
to zoom in, the user transitions from Pforzheim to Stuttgart.
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❖ New navigation methods
10. Scroll wheel to zoom in or out : Though not explored by Harower and Sheesley,

this method has emerged as the primary means by which we interact with maps.
In current implementations, zooming is centred on the mouse rather than on
the centre of the screen, despite potentially being less efficient (You, Chen,
Liu, and Lin 2007). Nevertheless, this approach enables users to zoom and pan
with a single interaction, requiring minimal input once mastered (Figure B.8).
This method offers symmetric zooming in or out, providing an advantage over
the zoom box method.

11. Pinch to zoom in or out : This method is now a standard feature in all touch
screen interfaces. Pinching feels very similar to using the scroll wheel, which
allows the user to quickly adapt from one method to the other.

12. Rotation: Although this interaction is often criticized by cartographers because
it breaks one of the most classic conventions of orientation (north at the top
of the map), it is offered by all touch-based interfaces, especially on smart-
phones. Typically, this action is performed with two fingers, one moving up
and the other moving down. This functionality invariably adds to the risk of
disorientation.

❖ New map browser functionalities
12. Continuous transition when zooming or panning : Smooth transitions are a

significant improvement to the zooming and panning methods, as they allow
the users to comprehend more local-global clues (criteria 3).

13. Inertial drift after releasing the grab: The drift allows users to go in a given
direction with less dragging at the cost of precision. Professional tasks often
need more precise control which is perhaps why it has not been implemented
in GIS software.

Table B.1 suggests that various map browsers have converged towards a shared
set of interaction modes, leveraging users’ prior experiences—a form of lateral appli-
cation of users’ prior knowledge—that renders new experiences intuitive. When new
interaction modalities are introduced, such as in the navigation of pan-scalar maps,
there arises a collective need to augment users’ computer literacy to include these
novel interaction modes.

B.3.4 Conclusion

Over the past two decades, map browsing has seen a paradigm shift, marked by
an expansion in the scope and purpose of map usage, with smartphones now dom-
inating usage. Despite these changes, the six criteria (Section B.3.3.1) established
by Harrower and Sheesley in 2005 continue to hold relevance in contemporary map
design practices, with one notable exception being the criterion for instant feedback,
which has evolved from a desirable feature to an essential requirement. Concerning
zooming and panning interactions, a standardisation has been observed across map
browsers, with the ’Grab and drag’ interaction emerging as the prevailing method
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for panning, both on desktop and mobile (tactile) devices, while mouse scrolling and
pinch gestures have become standard for zooming. This standardisation is an op-
portunity for the Lost In Zoom project as we ultimately seek to improve the zoom
interaction. It means we can use the centred zoom as a baseline for our experiments.
Additionally, we noticed that AI advancements have bolstered the functionality of
search bars in map browsers, enabling certain tasks that previously required manual
map exploration before to be delegated to the computer.

B.3.5 Bonus: Modelling navigation tasks in pan-scalar
maps

The majority of navigation tasks performed with a map involve multiple zoom and
pan interactions. To delve deeper into the analysis of user behaviours in real condi-
tions, we propose a new model that describes the steps of a user who interacts with
a map browser.

B.3.5.1 Static phases and transition phases

By observing user experiments in map interaction, we have identified two distinct
alternating phases that occur during a map exploration: static phases, where the
user does not interact with the map browser for a significant period, usually because
he or she is observing the map, and transition phases, where the user engages in
multiple interactions with the map browser. While the map view (i.e., the displayed
map extent) remains unchanged during static phases, it undergoes rapid changes
during transition phases. We think that modelling map exploration as a set of
multiple phases could help identify patterns more closely linked to the process of
comprehension and task execution.

B.3.5.2 The model

Inspired by the definition of a pan-scalar exploration proposed in Touya, Gruget,
and Muehlenhaus 2023, our model (Figure B.9) centres around the concept of the
"Pan-scalar path", which represents the trajectory a user follows while completing a
task with a map browser. It is composed of successive static phases and transition
phases. Each transition phase includes a sequence of pan-scalar interactions.

B.3.5.3 Building experiments

Pan-scalar interactions, transition phases, and static phases can be identified solely
by analysing the evolution of the map extents displayed in the map browser. This
can be accomplished by tracking map events during user experiments with a custom
OpenLayer script. To differentiate between static and dynamic phases, we propose a
minimum duration of one second for static phases. Further analysis includes counting
of additional mouse inputs and positions, as well as tracking participants’ gaze using
eye-tracking devices (Wenclik and Touya 2023).
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❀ Figure B.9 : Model of users interactions browsing a pan-scalar map. Source: Potié, Touya, Wenclik, and Mackaness 2024.
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B.3.5.4 Why it matters

We think that this model could offer valuable insights into mapping cognition and
user behaviours in the consumption of map content. By categorising and describing
user behaviours, researchers can better understand the cognitive processes underlying
different types of map interactions and tasks. By leveraging unsupervised machine
learning, the model enables the classification of navigation archetypes, enhancing ex-
perimental design and optimising map browsing interfaces by tailoring interactions
for each phase. If the model proves robust, it could be taken into account by design-
ers to develop interactions specific to each phase. For example, we could imagine
displaying specific information during transition phases, thus improving users’ un-
derstanding of map features and overall browsing efficacy.

B.4 Conclusion of the chapter
In this chapter, we conducted an inventory of the types of landmarks present in
current pan-scalar maps and observed that they are relatively consistent across dif-
ferent maps. While this study does not identify which landmarks have the greatest
potential to form cognitive anchors, it provides a solid foundation for further explo-
ration. We then examined the ideal number of landmarks and visual cues to include
in pan-scalar maps. The literature on landmarks highlights that landmarks compete
for cognitive attention during navigation and shows that the number of landmarks
remembered in a route-following scenario is limited. However, additional research
is needed to transition from determining the ideal number of landmarks in route-
following scenarios to identifying the optimal number of landmarks in pan-scalar
maps. Still, we proposed a thought experiment to explore the minimum number of
visual cues required in a map view and concluded that a single element is not always
sufficient for users to gauge the extent of their zoom or pan movements.

Finally, we reviewed the range of interactions available in current pan-scalar
maps and traced their evolution since 2005. We observed a convergence toward
interactions that can be performed similarly across devices, whether from a computer
or a smartphone, such as "grab and drag" and zooming centred on the mouse or
via pinching gestures. Moreover, we noticed a pattern related to user interactions
with the map which alternated between static phases and transition phases, and
we proposed a model to describe it, hoping it would help designing future map
interactions and interfaces. These findings provide insights into the potential use of
carefully designed landmarks to reduce user disorientation during map navigation.
In the next chapter, we will focus on a specific type of landmark observed in our first
study: ring roads.
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Chapter C

When is a ring road a ring road?
A perceptual study

In this chapter, we present a user study from (Potié, Mackaness, and Touya 2022)
aimed at gaining a deeper understanding of users’ perceptions of ring roads, with the
objective of identifying potential approaches for their detection. We take advantage
of the extended format of this thesis to elaborate on certain ideas and integrate the
findings into the broader narrative of our research.

C.1 Introduction
C.1.1 Ring roads potential

C.1.1.1 Ring roads may become cognitive anchors

Among the types of pan-scalar landmarks identified in our study in the previous
chapter, urban ring roads stand out as some of the most promising candidates for
creating cognitive anchors in users’ mental maps. Ring roads have a strong visual
identity due to their circular shape, play a structural role within cities by facilitating
accessibility across neighbourhoods (Nes 2021), and are present at several key scales
frequently used by map users. Notably, the largest ring roads become visible as early
as zoom level 7 (a scale at which one can see the entirety of France) and can serve
as reference points at increasingly detailed scales, even when they are no longer fully
visible at the highest zoom levels.

Moreover, ring roads are already included in most maps, suggesting that further
highlighting them would not necessarily increase visual clutter—and might even clar-
ify the layout of the map. Finally, their distinctive circular structure allows them
to combine effectively with other landmarks to help map users gauge scale as they
zoom (see Chapter 2, Section B.2.2 about minimum visual cues).
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C.1.1.2 The Symbolisation of Ring Roads – in Need of Special Treat-
ment?

Currently in the IGN map and OSM, urban ring roads follow the same representation
rules and classification processes as other roads. However, we may observe that roads
encircling cities are often naturally “up-ranked” by classification algorithms, which
results in a more prominent representation (Figure C.1). This prioritization is not
based on their circular shape or classification as “ring roads” in the database but
rather on other intrinsic characteristics used to determine road importance, such as
the number of lanes, speed limits, or road width. Google Maps also appears to use
a similar approach, as there is no noticeable difference in the depiction of ring roads
between it and the IGN map.

The fact that most ring roads already stand out naturally on the map on a
city-wide scale, due to their typically higher road class compared to the rest of the
network and their circular shape, may explain the lack of interest from cartographers
in treating them as a distinct category. However, the absence of a "ring road"
classification in the database (Figure C.2) means that if we aim to highlight ring
roads by adjusting their symbology during the zooming process or to use them during
generalization processes, it would not be possible without an initial detection step.

❀ Figure C.1 : The city of Cholet as it appears on the IGN map at zoom level 13.
A ring road is visible in light orange, the same color used for major departmental
roads extending outward from the city.
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❀ Figure C.2 : London ring road in OSM. OSM does not have a specific "ring road"
attribute for roads. The only (few) ring roads available in the database are manually
created "relations" that include "ring road" (or "circular road") in their name and
description.

C.1.2 Ring road preliminary definition

It may also be the challenge of providing a clear definition of what constitutes a ring
road that has prevented their inclusion in databases thus far. If there is no universal
definition, how can we develop algorithms that could reliably enrich the database
with ring road information?

Ring roads are not just circular roads. Some circular roads are perceived as ring
roads and some others are not, and people do not always agree on what to consider as
a ring road or not. They are complex objects because of their many characteristics:
their shape, their size, their type of roads, their location etc. We started this study
with this definition of ring roads1:

A “ring road” is a road or a collection of roads that has a circular aspect and
that is known for its property to go around a city or a village.

This definition is of course fuzzy, but one goal of this study is to improve this
definition, either through better contextualisation or by making it more precise.

1While the term "ring road" is commonly used in the UK, the term "beltway" is often preferred
in the US. In French, the equivalents for "ring road" are "route périphérique urbaine", "périph",
or "tour de ville”.
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C.1.3 Literature on ring road detection

C.1.3.1 Pattern detection in road networks

The detection of road structures and importance through automated methods has
been a well-explored field, with significant applications in urban planning, archi-
tecture, database enrichment, and map generalization. In map generalization, such
methods assist in detecting and preserving key characteristics of a place across vary-
ing scales by extracting implicit information from road networks.

While most pattern detection techniques focus on images, detecting patterns in
road networks is particularly well-suited to the use of graph structures, where roads
are represented as edges and intersections as nodes. A typology of graph nodes
was proposed by Sester 1995 and may serve as a foundational building block for
identifying more complex patterns in graphs (Figure C.3). Identifying nodes with
high degrees (hubs) and enriching edges with weights derived from their connections
to these hubs allow us to detect key structures like major road axes. This is essential
to ensure their preservation through map generalisation processes.

❀ Figure C.3 : Node types proposed in Sester 1995 (in German), and discussed in
Heinzle and Anders 2007.

An insightful state-of-the-art review by Heinzle and Anders 2007 discusses vari-
ous pattern detection in road network "spaghetti" dataset (collections of geometric
elements like points, lines, and polygons). Their article describe strokes, stars, grids
and circular roads as basic patterns and explain methodologies to identify them in a
graph. Touya 2010 proposes a methodology that make use of such pattern detection
to select rivers and roads during the map generalisation process.

As explained in Heinzle’s article, Thomson and Richardson 1999 introduced a
method to group road segments with strong continuity into “strokes,” providing a
foundation for further spatial analysis (see Section A.3.2.1). This approach addresses
the issue of road segmentation when converting a road network into a graph, where
each intersection splits a road into multiple edges, even if it remains a single road in
reality.

Grids are also common patterns in road network that can be described by two
sets of parallel lines intersecting with an angle that is more or less 90 (Figure C.4).
He, Ai, Yu, and Zhang 2017 demonstrate that grid detection is feasible through a
combination of spatial analysis and machine learning technics.

Zhang 2004 further advanced road enrichment by modelling patterns as objects
and proposing an indicator for the network density in a road graph, while Savino,
Rumor, Zanon, and Lissandron 2010 and Scheider and Possin 2012 focuses on detect-
ing specific road junctions and highway carriageway. Concerning road importance,
Morisset and Ruas 1997 proposed a method based on agents to simulate the road
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❀ Figure C.4 : Grid patterns detected in the city of Zurich. Source: Heinzle and
Anders 2007.

use in a road network to determine the roads of high frequency usage.
Other advancements in road enrichment include modeling patterns as objects

and introducing network density indicators (Zhang 2004), as well as detecting specific
road junctions and highway interchanges, either from graphs (Savino, Rumor, Zanon,
and Lissandron 2010; Scheider and Possin 2012) or from map images (Touya and
Lokhat 2020). Regarding road importance, Morisset and Ruas 1997 proposed a
method using agent-based simulations to identify roads with high usage frequency,
and spatial analysis using space syntax (Hillier and Hanson 1984) has proved to be
a very useful tool for predicting road use (Czerkauer-Yamu and Voigt 2011).

C.1.3.2 Circular road detection

The detection of ring roads is part of the pattern detection in road networks field.
A notable study by Heinzle, Anders, and Sester 2006 demonstrated an effective
computational approach for detecting circular roads, focusing on the geometry of
roads (Figure C.5). Their model identifies strokes in the road network and aggregates
the resulting road polygons (les polygons formes a partir du reseau de routes) while
maintaining the integrity of major road strokes, thereby simplifying the network
sufficiently to analyse and select cycles exhibiting ring road properties. However, this
model was based on specific assumptions about what constitutes a ring road, with
subjective criteria for aggregating road polygons and selecting ring roads. Unlike the
detection of simple geometric shapes, identifying ring roads is more nuanced, akin
to the challenge of detecting urban centers, which lack clear boundaries and depend
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on external factors such as the proximity of commercial areas or public perception.
To refine the approach of Heinzle, Anders, and Sester 2006, we aim to identify

additional characteristics that more accurately define ring roads from a human per-
spective. To this end, we conducted a perceptual study to explore the fundamental
question: "When does a ring road qualify as a ’ring road’?". Our study seeks to
bridge the gap between computational detection and human perception, enhancing
our understanding and identification of ring roads.

❀ Figure C.5 : The French city of Avignon and the two circular roads roads detected
based on road blocks aggregation. Source: Heinzle, Anders, and Sester 2006.

C.2 Perceptual study
C.2.1 Objectives of the study and hypothesis

Our experiment aims to explore the perceptual characteristics of urban ring roads.
By understanding how these roads are perceived, and what attributes contribute to
their meaningful characterisation, we aim to improve their detection, with the long
term objective to use them to create navigational landmarks in pan-scalar maps.

• Assumption: if people recognise a ring road and name it as such, they may
anchor it in their mental map

Hypothesis to be verified: while the definition of ring roads is fuzzy, there is
some kind of consistency between users concerning what is a ring road and what is
not, potentially enough to build a detection algorithm.

C.2.2 Methodology of the experiment

The experiment consists of a user survey on the Limesurvey platform2 in which we
show (non interactive) map images to users and ask them questions about their
perception of ring roads contain within them (Figure C.6). The survey was divided

2https://anchormap.limesurvey.net/632458?lang=en
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into 3 parts in which user were asked various questions. No definition of a “ring road”
was provided. All maps and results are available online3.

❀ Figure C.6 : Two sample views of the survey as displayed to participants respond-
ing via a web browser.

C.2.2.1 Participants

28 participants went through the entire survey 14 of them responded online, and the
14 others went through the survey in the office under our supervision. Those ones
were asked to explain their reasoning in a « think aloud » way, which is discussed in
the « qualitative results » section.

The pool of participants was composed of researchers from our spatial data team
and students from the university, as well as online participants, including fellow
researchers and volunteers recruited from our networks via social media. One-third
worked in the field of GIS, but we did not perceive obvious differences in how they
responded to the survey compared to participants who were not familiar with GIS.

Considering genders, the group of 28 participants was composed of, 17 male, 9
female, 1 non-binary, and 1 preferred not to answer. We did not perceive obvious
differences between males and females. Considering age, 10 aged 18-25, 14 aged 26-
40, and 4 aged 41-60. We noticed a small difference in how older people analyse the
map compared to younger people.

Also, two-third of the participants were French, few participants were native
English speakers, and the rest were non-English native speakers from other countries.
This may have an impact on how they understood the concept of the ring road. We

3https://zenodo.org/records/6538873
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talk about these specificities in Section C.2.4.
Coutrot et al. 2018 highlights differences in individuals’ ability to navigate based

on whether they have lived in urban or rural environments. Unfortunately, we did
not include this question in our survey, but it could have been insightful to investigate
whether such differences influence participants’ perception of what constitutes a ring
road. For instance, it would be interesting to see if this background affects their
perception of the minimum size required for a road to be considered a ring road. We
may also have asked the town where they grew up to verify if it has a well defined
ring road of not.

C.2.2.2 Maps

The map images used in the 3 parts of the survey were extracted from OSM and the
locations were all in France. We chose to centre each map image on a city, trying
to include its whole extent. We selected a pool of cities from zoom level 12 to 15,
and tried to diversify the sample by selecting few cities with what we believed were
obvious ring roads (Figure C.7), few cities with no ring roads, and many cities where
it was hard to tell (Figure C.8). For each part of the survey, we made the maps
appear in a random order to minimize bias.

❀ Figure C.7 : Bordeaux and Caen and their distinctive ring roads. Source: OSM

C.2.2.3 Tasks and raw results

In part 1, we show 10 map images to the participants, and for each map we ask
them: « Do you see a ring road on the map? ». The participants were able to decide
between three choices:

• I can clearly see at least one ring road

• I think I distinguish a ring road

• I can’t see any ring road
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❀ Figure C.8 : The villages of Sauzet (left) and Fleurance (right). We assumed there
was no ring road in the first village and questioned whether the circular road in the
second would be perceived as a ring road. Source: OSM

The participants were also allowed not to answer the question, but everyone
answered. The map images used for this question and their associated results are
available in Appendix A, page 215, and the results are summed up here in Table C.1.

N° City name No Maybe Yes
1 Bordeaux 0 0 28
2 Brest 9 12 7
3 Caen 0 2 26
4 Carcassonne 1 5 22
5 Chateaubriant 17 6 5
6 Condom 27 0 1
7 Le mans 1 13 14
8 Montbrison 18 4 6
9 St-Rémy-De-Pce 21 4 3
10 Tours 13 10 5

❀ Table C.1 : Results of the first part of the survey : "Do you see a ring road in the
map below?"

In part 2, we show 10 map images to the participants, but this time in each
image there is an arrow pointing to a circular road in the image (see Appendices
B). The task was: « Using a score from 0 to 5, rate how much of a ring road the
specified roads are. ». The map images used for this question and their associated
results are available in Appendix B, page 221, and the results are summed up here
in Table C.2, and a boxplot is available in Figure C.9.

In part 3, we propose a classification task where the participants were asked to
rank 6 map images based on how salient the included ring road was, rank 1 corre-
sponding to the map image with the most salient ring road and rank 6 corresponding
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N° City name Av. rating /5 Std. deviation
1 Caen 4.75 0.80
2 Carcassonne 1.46 1.64
3 Clermont-Ferrand 4.21 1.10
4 Fleurance 2.29 1.49
5 Issoire (1) 1.71 1.38
6 Issoire (2) 2.04 1.23
7 Lille 3.29 1.27
8 Milau 1.57 1.37
9 Montcuq 1.86 1.60
10 Sauzet 0.68 1.36

❀ Table C.2 : Results of the second part of the survey on ring roads : "From 0 to 5,
how much of a ring road are the indicated roads.

❀ Figure C.9 : Boxplot of responses from the second part of the survey. There is a
strong consensus that Caen has a ring road and that Sauzet does not. Responses for
other cities show more variability, indicating room for discussion.

to the map image with the less salient one. The map images used for this question
and their associated results are available in Appendix C, page 227, and the results
are summed up here in Table C.3. The qualitative analysis of the think-aloud pro-
cess is particularly interesting in this task, more so than the average ranking of the
images.
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N° City name Average
ranking
from 1 to 6

R1 R2 R3 R4 R5 R6

1 Clermond-Ferrand 2.57 2 14 6 6 0 0
2 Marne-la-Vallée 2.21 16 3 3 2 1 3
3 Le Mans 2.32 9 9 7 0 1 2
4 Millau 5.00 0 1 3 3 9 12
5 Montbrison 4.71 0 0 3 7 13 5
6 Saint-Etienne 4.18 1 1 6 10 4 6

❀ Table C.3 : Results of the third part of the survey : "Rank the ring roads".

C.2.3 Analysis of the results

C.2.3.1 Quantitative results

As expected, the ring roads of Bordeaux and Caen were easily recognised by partic-
ipants in the first part of the survey (Figure C.7). These roads are complete circles,
highly circular, and are depicted in a salient colour, making them stand out clearly.
On the opposite end of the spectrum, no ring roads were identified in the map image
representing the town of Condom, where some salient but non-circular roads can be
seen.

For Montbrison (8) and Saint-Rémy-de-Provence (9), these towns lack a road en-
circling most of their urban area. However, circular roads surrounding their historical
town centers are still visible (Figure C.10). Despite this, most participants did not
classify these roads as ring roads. More broadly, we noted a trend: the smaller the
town, the less likely it was that circular roads were identified as ring roads. Several
hypotheses could explain this phenomenon:

• The relatively small size of the circular road compared to the image.

• The actual small size of the town (Do towns need to reach a certain size for
surrounding roads to be considered ring roads?).

• The less salient colours used for smaller roads compared to the larger, more
prominent ring roads of bigger cities.

• The fact that these roads often encompass only a small portion of the urban
area.

With cases like Châteaubriant (5) and Issoire (2), the incompleteness of ring roads
significantly impacted user perception. In these instances, the proposed circular
roads did not form a complete circle, leading to mixed participant responses. Issoire
was shown twice in the survey, each time with different highlighted roads. The larger,
outer, yet incomplete ring road received higher recognition scores than the smaller,
more circular inner road. This suggests that circularity alone is not sufficient to
identify a ring road, emphasizing the importance of considering partial open rings in
our definition.

An intriguing result emerged with the city of Brest (2) (Figure C.11), which
features a semi-circular ring road. Multiple participants argued that the coastline
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❀ Figure C.10 : The small towns of Montbrison and Saint-Rémy-de-Provence. Both
feature a relatively small circular road that goes around their old city center. Source:
©OpenStreetMap contributors

visually "closed" the ring. From their perspective, the coastline completed the loop.
This raises questions: Do participants believe a full circle is unnecessary for the ring
road to achieve its purpose if a natural boundary like the sea provides closure?
Or does the combined visual circularity of the road and coastline influence this
perception? While the exact answer is unclear, this example highlights how borders
and non-road boundaries can affect ring road perception.

❀ Figure C.11 : The coastal city of Brest. Source: ©OpenStreetMap contributors

Another unique observation came from part 3, focusing on the specific circular
road of Marne-La-Vallée (Figure C.12). This road forms a nearly perfect circle,
so distinct from typical ring roads that it appeared too different to participants.
Additionally, this road does not surround a city but rather the Disneyland resort.
Opinions were divided on whether it should be considered a ring road.

Finally, regarding potential differences related to gender, origin, GIS expertise,
or profession among participants, no significant influence on responses was detected
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❀ Figure C.12 : The perfectly circular road that goes around the Disneyland resort,
in Marnes-La-Vallée. Source: ©OpenStreetMap contributors

besides a distinction between younger and older participants that is mentioned in the
following section. Moreover, we hypothesize that certain professions, such as truck
drivers, might view maps from a unique perspective. Unfortunately, such professions
were not represented in our participant pool.

C.2.3.2 Qualitative results

The think aloud method provided valuable insight, in particular:

• Participants tried to interpret the morphology of the city and the function of
the roads in each case. A particularly important criteria was how the ring road
might help circulation in the city, and how it was connected with major arterial
road(s).

• Colour had a big impact on the perception of roads and induced a hierarchy of
roads in the mind of the participants. The colour and density of the surround-
ing entities was also mentioned by candidates particularly in helping them to
separate urban from rural since ring roads typically border both.

• Toponyms and annotations also informed the participants and seemed to have
an important impact on their decision. They would rate higher a ring road that
enclosed a substantial part of the city and some participants used the names
to help demarcate the administrative limits of the city.

• Participants were more likely to agree on the presence of a ring road if they
knew the city, especially if they had driven the road. This was true even when
the roads did not appear to be circular on the map. Perhaps this is a process of
reinforcement of the cognitive and structural aspects in the participant’s mind
despite a possibly poor visual rendering.

• In general, it felt as if younger individuals focused more on the road’s visual
characteristics, while older participants prioritized its structural role within
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the city’s road network and development. Given the small sample size, this
observation warrants further investigation.

In conclusion, participants had a very similar sense of the defining properties,
but they applied them in differing levels depending on their own definition of a ring
road and their experience of the city. Participants bounced between the visual and
structural properties in reaching their decision.

C.2.4 Limits of the survey

The order in which the images were presented to the participants affected their
decisions. We observed that the participants tended to formalize their definition of
a ring road early in the study and often kept to this definition until the end. We
tried to minimize this bias by making the maps appear in a random order, but we
believe it still had a non-negligible impact on the result of the survey.

We acknowledge that the geographical extent of the ring road compared to the
total extent of the images impacts on how people perceived the ring roads. Our
sample is too small to show a clear correlation between extent and the recognition of
ring roads, but choosing a different scale for representation could have changed the
results of the survey.

The third part of the survey was about ranking ring roads according to their
saliency (distinctiveness). Smaller images were used in this part of the experiment in
order to facilitate comparison. This may have encouraged the participants to focus
more on the visual aspect of the ring road because they did not have access to as
many details of the map compared with the previous parts of the experiment.

Last but not least, linguistic considerations must be taken into account. The sur-
vey was written in English, and while all participants were proficient in the language,
only a minority were native English speakers. Two-thirds of the participants were
native French speakers, which raises the possibility that the assumed definition of
"ring roads" among French speakers may differ from that of participants from other
linguistic and cultural backgrounds. For the native French speakers who completed
the survey under our supervision at the office and asked for clarification on the term
"ring roads," we explained that it referred to what they might commonly known as
“tour de ville” or “périphérique urbain.” This clarification could have influenced their
understanding and responses, highlighting the importance of cultural and linguistic
context in survey-based research.

C.3 Measuring ringroadness
C.3.1 Characterization properties and congruence

Our perceptual study seems to confirm that there is no singular or universal way of
perceiving ring roads on maps. It highlights the difficulty of classifying roads into
just two categories: "ring road" or "non-ring road". Instead, we propose defining
"ringroadness" as a measure of congruence that evaluates how closely a set of roads
aligns with the archetype of a ring road. The degree of similarity between a complex
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object and its ideal prototype is called the "degree of congruence" and can be ex-
pressed as a value between 0 and 1. In our case, a very recognizable ring road would
have a ringroadness of almost 1 while an object which is barely a ring road would
have a ringroadness close to 0. A measure of congruence is especially useful when
the studied concept has an unclear definition yet many properties that we can de-
scribe individually (Lüscher, Weibel, and Mackaness 2008). This nuanced approach
reflects the diversity in user perception and provides a more flexible framework for
analysis and classification, keeping the possibility to create a class for ring roads in
the database by applying a specific threshold.

The wider ambition is to create an algorithm that automatically detects and
quantifies the ringroadness among a collection of roads. From our observations we
have identified in Table C.4 a list of ring road properties and alongside, potential
measurement techniques and indicators. Some indicators, such as compactness and
length, may be computed directly using existing GIS tools, while others, such as the
difference in road densities, need to be computed indirectly as explained in Zhang
2004 or by using space syntax techniques4 (Czerkauer-Yamu and Voigt 2011). The
calculations for some of these indicators are presented in table C.5. We can observe
the beginnings of a correlation between ringroadness and certain properties, such as
the size of the ring road and its area compared to the urban area’s surface. Although
Lille’s ring road appears quite large, its low compactness (stemming from a lack of
roundness) may be the reason for its lower score.

The survey revealed that some properties are mandatory to the definition of ring
road, while others less so. These differences need to be further studied and prioritised
in any implementation. One approach to compute ringroadness would be to rate all
the properties between 0 and 1, sum them, and divide by the number of properties.
We could then bring more subtlety to the algorithm by giving each property a weight.

As we see in Table C.4, measuring ringroadness requires us to define (and detect)
other complex objects such as "arterial roads". Congruence can again be used to
help us classify such objects. We can use congruence recursively until all the complex
features are rated (Lüscher, Weibel, and Mackaness 2008).

4Space syntax is a method for measuring the relative accessibility of different locations in a spatial
system, including street networks (Hillier and Hanson 1984). It combines graph theory, geometry
and geography in order to bring out implicit spatial information from a dataset. A nice project is
available at https://spacesyntax-openmapping.netlify.app/ and display a space syntax model
of Great Britain’s road network.
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Property Landmark type Category Measurement techniques / in-
dicators

Is associated with a particular city Structural Ontology Spatial analysis
Is large enough Visual & Structural Topology Length, radius, area
Approximates a circle Visual Topology Compactness, convexity
Connects most parts of the city Structural Space syntax Closeness centrality
Contains X% of the city area Visual & Structural Topology inner city area / city area
Contains the gravitational center of the city Visual & Structural Topology GIS from city polygon
Forms a closed cycle Visual Graph theory Cycles detection
Names of roads include "ring" or equivalent Cognitive Dataset Explicit attribute
Connects with X major arterial roads Structural Graph theory Strokes
Roads internal to the ring road have higher den-
sity than external roads

Visual Graph theory Graph density

Allows fast flow of traffic Structural Space syntax Betweenness centrality
Minimises the number of changes in direction Structural Space syntax Angular centrality
Has fewer intersections than the average in the
road graph of the city

Structural Graph theory Graph density

❀ Table C.4 : Properties of a ring road, in order of priority.
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St-Rémy-de-Pce Issoire (1) Lille Caen
Ringroadness from the survey
(/5)

not a ring road 1.71 3.29 4.75

Urban area 4.9km² 8.18km² 123km² 65km²
Ring road area 0.07km² 0.14km² 8.5km² 46km²
Urban area in ring road area 1% 2% 7% 62%
Ring road length 1km 1.4km 12.7km 26.5km
Compactness 0.89 0.92 0.66 0.83
Closed cycle Yes Yes Yes Yes
Inner arterial roads connected 0 4 10 12
Outer arterial roads connected 4 3 9 9

❀ Table C.5 : Some manually calculated indicators of few ring roads from the survey.

C.3.2 Ring road ontology

A conceptual ontology of ring roads was developed to synthesize and organize the
insights derived from our study, as well as to provide guidance for potential future
implementations of ring road detection algorithms (Figure C.13).

One of the most widely accepted definitions of ontology is provided by Gruber
1995 5:

"An ontology is an explicit specification of a conceptualization. [...] A con-
ceptualization is an abstract, simplified view of the world that we wish to
represent for some purpose."

Participants highlighted the role played by ring roads (easing inner city car con-
gestion). In turn, this functional perspective governed their expectation that the
ring road would be circular in form, would largely ‘contain’ the city, be connected to
a set of major roads that radiated outwards from the city, have a limited number of
connections, and be of a minimum geographical size. Whilst some of these properties
are relatively simple to model, other properties are more difficult to model such as
the ‘interactions’ between the ring road and 1) other entities (such as rivers, and the
surface morphology) and 2) other bounding structures. Participants noted that other
bounding structures reinforced the notion of a ring road (for example where the road
followed the lake shore). In some cases other network structures ‘complimented’ the
path of the road (such as where rail and river networks ran parallel to the road).

The very process of creating an ontology of city ring roads (Figure C.13) helped us
to identify other entities and relationships that we need to model. With the ring road
concept at its core, our ontology incorporates defining related concepts such as "city"

5While this definition primarily applies to formal ontologies, which are developed using logic-
based languages such as OWL (Web Ontology Language), it may also include conceptual ontologies
like the one we propose in this work. For a more in-depth exploration of the use of ontologies in
geographic sciences, refer to Couclelis 2010.
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and "arterial roads." One challenge in defining what area constitutes a city is the
lack of clear boundaries. A practical solution must be selected—for instance, using
urban land cover density as an indicator to delineate the city’s extent. Once defined,
the city’s center of gravity can be calculated and compared with the ring road’s
center of gravity to determine if the ring road is well-centered. Arterial roads can
be detected using stroke algorithms and further categorized into two classes: inner
arterial roads and outer arterial roads. We hypothesize that the connection between
the ring road and both classes of arterial roads is a critical factor in determining its
"ringroadness".

For each identified property of a ring road, we propose corresponding indicators:

• Important Roads: These can be identified using road classifications and de-
tecting specific road names (e.g., roads with "ring" in their name).

• Continuity: This can be measured by analyzing the number of strokes that
compose the ring road and checking whether it forms a complete loop.

• Congestion Relief: This property can be assessed using space syntax tools for
centrality, enriching the road network with metrics that quantify transportation
potential and flow.

• Circularity: Metrics like convexity and compactness of the polygon formed by
the ring road can capture its roundness.

• Size: This can be determined by calculating the total length of the road network
forming the ring road and the area enclosed by its polygon.

• City Boundary Delimitation: This property can be evaluated by analyzing
road density within and outside the ring road to measure its effectiveness as a
boundary between inner and outer urban areas.

By employing these indicators, we aim to systematically quantify the proper-
ties that contribute to a road’s "ringroadness," laying a foundation for automated
detection and analysis.
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❀ Figure C.13 : Ontology of a ring road: Visual and structural characteristics from a human perspective and their linked indicators.
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C.4 Conclusion of the chapter
In this chapter, we explored the perception of ring roads in topographic maps at the
urban scale. Their naturally distinctive geometry, combined with their functional
impact on urban connectivity, positions them as high-potential landmarks in maps
and high-potential anchors in mental representations. However, leveraging these ring
roads to improve navigation in pan-scalar maps first requires the ability to detect
them and store this information in databases. Only then could they be utilized
for anchor-based zooming, as proposed in the Lost in Zoom project, incorporated
into the generalization process by prioritizing the preservation of their shape over
other roads, or assigned with a distinct colour to further enhance their visibility and
perception.

While techniques for identifying circular roads have been proposed (Heinzle, An-
ders, and Sester 2006), the fuzzier concept of a "ring road," which we argue has
greater anchoring potential, remains underexplored. To address this gap, we con-
ducted a preliminary perceptual survey involving 28 participants. The results shown
that various factors affect the perception of ring roads; they are complex and their
perception can be reinforced (and eroded) by the presence of other entities. Despite
this complexity, the survey enabled us to establish a list of properties characterizing
ring roads. For each property, we identified one or more indicators, drawing from
existing literature to facilitate their measurement. Finally, we synthesized these find-
ings into a conceptual ontology, offering a structured framework for further research.

While we did not pursue further development of this topic in the thesis, the next
logical step would be to translate these findings into an automated computation
of "ringroadness" for a selected group of roads, based on the extracted properties.
An important challenge lies in identifying candidate groups of roads for ring road
evaluation. A potential filtering method could involve existing algorithms designed
to detect circular roads within a network. However, this approach is not without
limitations. We observed that not all ring roads form closed circles, meaning such
roads could be overlooked. Additionally, in the ideal case where open-circle roads
would be included as candidates, calculating properties like "interior" versus "ex-
terior" would become more complex and may require artificially closing the circle
for analysis, for example with a convex hull algorithm. Despite these challenges, we
believe there are two viable approaches for combining the proposed properties into a
"ringroadness" index: (1) using a congruence principle to weight and synthesize the
indicators, or (2) employing a machine learning model trained on a dataset enriched
with additional inputs from a similar survey. Once a methodology for detecting ring
roads within a city’s road network is established, an automated detection process
could be envisioned. This process would extract a road network subgraph for each
city and enrich the database with information in the form of: "ring road for the city
of X".

We believe this methodology—using surveys to identify key properties and ma-
chine learning to determine the optimal combination of indicators—could be ex-
tended to other types of landmarks with potential as cognitive anchors in pan-scalar
maps but that are not easily detectable. Examples include urban centers and public
squares for city navigation, transportation hubs such as train stations or airports,
specific architectural boundaries like city walls and fortifications that mark a city
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edges, or salient natural features like mountain ranges and large valleys.
This investigation into ring roads also provides broader insights into the nature of

cartographic landmarks. It highlights the fact that landmarks are often fuzzy rather
than crisply defined entities: their geometries can vary, and their boundaries are
rarely absolute. Moreover, landmarks do not exist in isolation but emerge through
interaction with other features—for instance, a ring road only gains meaning in rela-
tion to the urban area it encircles. Gestalt theory supports this notion by suggesting
that users tend to visually “complete” missing parts of a perceived shape, meaning
that even open or incomplete ring roads may be interpreted as closed loops. Addi-
tionally, landmarks often involve groupings of features that reinforce one another; in
the case of ring roads, parallel infrastructure such as railways or rivers following a
similar path can enhance their perceptual salience. Finally, landmarks can be defined
through a complex combination of geometric, semantic, and topological properties,
underscoring the need for flexible and context-aware detection methods.

Lastly, we cannot conclude this chapter without reflecting on some broader impli-
cations of this work. First, the question of whether a simpler, manual approach might
be more effective for specific goals such as detecting ring roads. For instance, instead
of relying on complex algorithms, one could start by identifying municipalities of a
size likely to have a ring road and then directly consulting local authorities for their
input on what constitutes the ring road in their area. Given the slow evolution of
ring road networks, a manual approach might provide a pragmatic alternative or
complement to automated detection. Second, designing maps with a focus on roads
reinforces the notion that cars are central to our way of life — a perspective that is
increasingly at odds with the principles of sustainability. Do we truly want urban
ring roads to become even more prominent landmarks? While platforms like OSM
and Google Maps have introduced specialized visualizations for bicycles and public
transportation, it remains the case that road maps are still the "default" and most
widely used format. This raises important questions about the future direction of
cartographic design and its alignment with sustainable development goals.
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Multimodal learning for
remarkable buildings detection

In this chapter, we address the challenge of detecting remarkable buildings in a car-
tographic database. We create a training dataset and test various machine learning
approaches. This project emerged as an opportunity closely related to the focus of
our thesis, as explained in the first section. This work was conducted in collabora-
tion with Eric Lafon as part of his Master’s thesis in geomatics at the University of
Toulouse, which I supervised. We worked on this project for six months, with Eric
focusing primarily on creating and managing the vectorial dataset and implementing
the random forest algorithm, while I concentrated on image extraction, deep learning
implementations and result analysis. Both of us contributed to the literature review.

D.1 Motivations
Our motivations for this project were threefold:

As part of its activities, the French army requires functional maps for navigation
and object localization, adhering to NATO standards for operational maps (1:50,000
scale). IGN produces and supplies these maps to the Inter-Army Geographic Es-
tablishment (EGI) in the form of a multi-scale digital cartographic pyramid (Scan-
Défense), ready for printing maps. Few years ago, the EGI highlighted a need to
improve IGN maps, particularly in the representation of remarkable buildings. This
demand led to three successive student projects from 2022 to 2023, presented in the
next section, the latter two of which I supervised.

Second, as detailed in Chapter A, remarkable buildings can serve as landmarks
on large-scale maps and as anchors in users’ mental representations. Buildings are
crucial features on maps at relatively large scales, and identifying and representing
the most significant buildings is a challenge. Some buildings are important due to
their function, such as hospitals or town halls, while others gain significance simply
because they serve as visual landmarks in the landscape. Discussions with the IGN
map production team revealed that these latter buildings are particularly challenging
to identify, as they lack specific metadata in the database. Their identification is
therefore of interest to us, either to highlight certain buildings on pan-scalar maps
or to utilize them in anchored zooming scenarios.
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Finally, the detection of remarkable buildings presents a specific challenge that
aligns well with the multimodal machine learning techniques we wanted to explore.
Remarkable buildings are not only defined by their intrinsic database attributes but
also by their geographical context, which plays a significant role in their saliency.
However, this contextual information is often missing in the database and difficult
to encode (see the literature review). To address this, we saw an opportunity to
apply multimodal models, which are capable of integrating multiple types of data to
improve prediction accuracy. Our approach involves combining the attribute data
of buildings (e.g., size or function) with one or more map images that include the
building. These images provide a geographical context, making it easier in theory for
the model to identify which buildings are truly remarkable. This technique, therefore,
seemed particularly well-suited to the task and allowed us to test the potential of
multimodal machine learning in landmark detection.

D.2 Project history
D.2.1 Fieldwork student project

During the summer of 2022, master’s students from ENSG conducted a study on the
representation of IGN maps for the EGI, focusing on the French towns of Forcalquier
(5,000 inhabitants, see Figure D.1), Manosque (20,000 inhabitants), and Draguignan
(60,000 inhabitants). To find remarkable building in databases, the students pro-
posed a simple decision tree based on pre-enriched building properties (primarily
criteria related to the function of the building, its height, size, and shape). They
also worked on map symbology, offering suggestions to improve the IGN map repre-
sentation (see Figure D.2).

D.2.2 Research initiation project

This project was subsequently taken up by three other master’s students (Ba R.,
Rouillard M., Talec C.) as part of a Research Initiation Project (PIR), which I
supervised on a schedule of one day per week over three months during the winter
of 2022. In this project, the students aimed to extend the previous study further.
Building on the methodology of the earlier students, they developed an initial decision
tree (T1) to detect remarkable buildings (Figure D.3).

Using this decision tree (T1), they conducted a first selection of buildings, identi-
fying around 3,000 remarkable buildings out of a total of 360,000. They then refined
this selection by manually reviewing the buildings to remove those that did not seem
remarkable and to add new remarkable buildings that the algorithm had missed in
the area. This enriched selection was subsequently used to train a random forest
algorithm which in turn gave us a new more complex decision tree (T2). The idea
was to use machine learning to integrate human corrections into the decision tree to
improve the quality of the selection.

The two decision trees, T1 and T2, were tested on a dataset of 30,000 buildings.
Tree T1 categorized 333 buildings as remarkable. Among these, 214 buildings were
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❀ Figure D.1 : Photograph of the town of Forcalquier taken from an elevated van-
tage point. Highlighted in red are the Notre-Dame-du-Bourguet Cathedral (on the
left) and the Forcalquier Citadel (on the right), which stand out prominently in the
landscape and can serve as landmarks.

❀ Figure D.2 : Map proposal of Draguignan created by the students during the
first project, with buildings identified as remarkable (according to their criteria)
highlighted in black.
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❀ Figure D.3 : Initial decision tree proposed by the students for detecting remark-
able buildings. The tree considers the buildings’ shape index, function, height, the
surrounding building density, and the distance to the nearest building.

also classified as remarkable by T2. However, 119 buildings were downgraded by T2,
while T2 added 26 additional buildings as remarkable.

The students then examined the 145 buildings classified differently by T1 and T2
on Google Maps to qualitatively assess the differences between the two algorithms.
Their conclusion was that the results were mixed, and the differences in classification
did not necessarily favor T2 (Figure D.4).

This outcome did not lead us to conclude that using a random forest algorithm is
inherently flawed. Rather, it suggested that the initial training dataset (derived from
T1) and the enriched building data might not have been well-suited for this approach.
Another possible conclusion is that the features used did not sufficiently capture what
makes a building remarkable. Future experiments could explore training datasets
created entirely by humans to better evaluate the potential of the algorithm.

❀ Figure D.4 : Two examples of errors made by the random forest decision tree
(T2) that were correctly classified by the original decision tree (T1). On the left, a
building obscured by trees was classified as remarkable by T2 but not by T1. On
the right, a church classified as remarkable by T1 was not recognized as such by T2.
Source: Google Street View.
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D.2.3 Master thesis internship

Finally, the project presented in this chapter builds upon the work conducted during
Eric Lafon’s six-month internship in the summer of 2023. His research aimed to
develop a method for detecting remarkable buildings while exploring the potential
of multimodal machine learning techniques.

D.3 About remarkable building detection
The problem of detecting remarkable buildings falls within the broader challenge of
characterizing buildings and identifying patterns they form in maps. These issues
have been extensively studied in the field of cartographic generalization (Lichtner
1979; Mackaness, Ruas, and Sarjakoski 2007), where researchers seek to preserve
the key characteristics of buildings and building arrangements despite modifications
across scales. While remarkable building detection focuses on identifying individual
buildings, the problem requires considering its surrounding environment, just as for
generalisation.

The first step in detecting remarkable buildings is often enriching the exist-
ing database with relevant attributes (see Section A.3.2.1). The most commonly
used building characteristics include shape, orientation, and group membership (e.g.,
alignment with other buildings). Various indicators have been proposed in the lit-
erature to capture these features. Biljecki and Chow 2022 conducted a systematic
review of building-related metrics, providing a comprehensive synthesis of existing
approaches.

Several studies have focused on intrinsic building properties. Duchêne, Bard,
Barillot, Ruas, Trévisan, and Holzapfel 2003 introduced a method for calculating
building orientation, while Rainsford and Mackaness 2002 developed an automated
process to classify buildings by matching them to predefined geometric templates
(Figure D.5). Additionally, Wei, Xu, Xiao, Shu, Cheng, Wang, and Liu 2023 explored
the use of knowledge graphs to recognize characteristic building patterns.

Concerning group membership, Yang 2008 proposed a method for identifying
building groups by combining geometric and spatial analysis, emphasizing the im-
portance of detecting outliers. Similarly, graph-based approaches have been explored
for pattern recognition in building arrangements (He, Zhang, and Xin 2018). The
principle of data matching has also been applied to detect specific building arrange-
ments. For example, Xing, Wu, Gong, Du, and Liu 2022 proposed a method for
identifying collinear building alignments to ensure their preservation during carto-
graphic generalization.

In this chapter’s experiments, we enriched our building dataset by incorporating
both intrinsic building attributes and contextual information about the surrounding
buildings. However, while we noticed that some buildings gain significance not indi-
vidually but as part of a larger ensemble, such as hospitals, university campuses or
adjoining buildings in the city center, we chose not to delve into building aggregation
methods.
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❀ Figure D.5 : An inventory of buildings associated with their matching geometric
templates proposed in Rainsford and Mackaness 2002, whose elegance and curiosity
warrants a full-page display.
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D.4 About multimodal learning
Multimodal learning refers to training a machine learning model using data from
multiple sources or of different types, such as text, images, spatial information, or
audio recordings. The simplest approach to multimodal learning involves leverag-
ing unimodal models—each specialized in a specific data type—and combining their
predictions using ensemble learning techniques. Ensemble learning is a broad cat-
egory of machine learning strategies that improve prediction accuracy by combining
multiple models, even if each individual model has only moderate predictive power.
This can be done by aggregating their predictions in a weighted manner or by fus-
ing different model architectures into a single unified prediction system. A detailed
introduction and review of ensemble learning strategies can be found in Sagi and
Rokach 2018 and Dong, Yu, Cao, Shi, and Ma 2020.

In cartography, multimodal deep learning is increasingly used in remote sensing
for image interpretation, where it combines data from various sources such as mul-
tispectral imagery, LiDAR, and radar (Li, Branco, and Zhang 2023). In sociology,
Suel, Bhatt, Brauer, Flaxman, and Ezzati 2021 proposed combining satellite imagery
with Google Street View photos to assess urban inequalities. Another common appli-
cation is real estate price prediction, which closely aligns with the approach taken in
this chapter. Early models in this field incorporated photographs of buildings along-
side traditional tabular data—such as floor area, number of rooms, and construction
date (Zhao, Chetty, and Tran 2019; Kucklick and Müller 2021). More recent mod-
els integrate multiple data types simultaneously, including structured building at-
tributes, images, textual descriptions, and even geographic coordinates (Li, Branco,
and Zhang 2023). Wanga, Chen, Su, Ting-Yun, and Huang 2021 further expanded
this approach by incorporating satellite imagery to provide contextual environmental
information around buildings.

As introduced in the motivations section, our approach leverages multimodal
learning by integrating cartographic images to improve the classification of remark-
able buildings. Specifically, we extract a map image for each building to be evaluated,
allowing predictive models to leverage additional spatial context.

D.5 Experiment
D.5.1 Main idea and objectives

The goal of this experiment is to assess whether a multimodal model that combines
both tabular data and cartographic images can outperform a unimodal model trained
solely on tabular data for the detection of remarkable buildings. If successful, this
approach could suggest that multimodal learning is a promising method for detecting
various types of landmarks more generally.

To perform this comparison, we propose testing the following models:

• A random forest trained on tabular data, a standard baseline in the literature.

• A multilayer perceptron (MLP) trained on tabular data.
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• A convolutional neural network (CNN) trained exclusively on extracted map
images centered around buildings.

• A multimodal model combining both tabular data and map images for each
building.

To achieve this, we will follow these steps:

1. Obtain or construct a vector dataset containing both remarkable and non-
remarkable buildings within a given area, annotated by experts. This dataset
will serve as training data for our models.

2. Enrich the dataset with additional spatial attributes for the tabular data that
could improve detection performance, such as the distance to the nearest build-
ing.

3. Extract map images for each building in the training dataset to enable training
of the multimodal model.

4. Obtain or construct a test dataset, also containing annotated remarkable and
non-remarkable buildings.

5. Implement the random forest, MLP, CNN, and multimodal models and train
them.

6. Evaluate and compare model performance to determine whether multimodal
learning provides a significant advantage in detecting remarkable buildings.

D.5.2 Building an experimental dataset

The dataset proposed in this section and all the data related to our experiments are
available online1.

D.5.2.1 Definition of a remarkable building

To align our work as closely as possible with the military’s needs, we requested an
annotated dataset of buildings classified as "remarkable" by their experts. However,
they were unable to provide such a dataset. As a result, we had to create our own
dataset for our experiments. To better understand what the military considers a
"remarkable building", we visited the Inter-Army Geographic Establishment (EGI)
for discussions. The definition that emerged from these discussions is as follows:

A building is considered remarkable if it visually stands out from its sur-
roundings in the real world and can be used as a reference point for orientation
or for giving directional instructions.

1https://doi.org/10.5281/zenodo.14879919
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It is important to distinguish between a building’s remarkability on a map and
its remarkability in the real world. The military’s request specifically focused on
improving the representation of buildings in maps based on their real-world promi-
nence.

D.5.2.2 Data and study area

As in the two preceding projects, we chose to use building data from the BD TOPO
database, produced by IGN. We aimed to select a study area that included a medium-
sized city with both urban and rural zones to ensure a diverse dataset. Nantes was
chosen as it met these criteria and because Eric was familiar with the city—a factor
we considered an advantage rather than a bias in constructing a high-quality dataset.
An overview of the selected study area around Nantes is shown in Figure D.6.

❀ Figure D.6 : The city of Nantes as represented in the IGN map (left) and in
an aerial photograph (right). The study area includes a mix of urban, agricultural,
industrial, and natural zones, containing approximately 300,000 buildings according
to BD TOPO.

D.5.2.3 Data annotation

Given that the semi-automated dataset approach used by students in 2021 did not
yield conclusive results, we opted for a fully manual annotation process for this
project. The task of extracting and annotating buildings was carried out by Eric.
First, he extracted the buildings from BD TOPO within the study area, resulting in
approximately 300,000 buildings. He then proceeded with the annotation, dividing
the study area into multiple sub-zones to facilitate systematic annotation across
different sessions.

The annotation process followed these steps:

1. Selection of a sub-zone.
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2. Using Google Earth’s 3D visualization tool, he navigated through the area at
an altitude of approximately 10 to 20 meters above the ground.

3. When a remarkable building was identified, he located its corresponding feature
in the BD TOPO dataset, visualized in QGIS, and marked it as remarkable in
a newly created column (Figure D.7).

We initially annotated the dataset together, discussing our reasoning for consid-
ering a building remarkable or not, ensuring alignment with the definition previously
established with the military. Once we reached a consensus on the criteria for re-
markability, Eric continued the annotation independently. In total, 1,129 buildings
were labeled as remarkable over the course of one week, out of the 300,000 buildings
in the study area.

Since annotation is inherently subjective, an ideal approach would have involved
multiple annotators, allowing for a consensus-based dataset with greater reliability.
However, due to time constraints within Eric’s master’s internship, we could not
implement this additional step.

❀ Figure D.7 : Right: A church identified as remarkable in Google Earth’s 3D view.
Left: The same church located in QGIS within the BD TOPO dataset.

D.5.2.4 Balancing the dataset

The 1,129 buildings annotated as remarkable by Eric accounted for only 0.37%
of the total number of buildings in our dataset. Training models on such an im-
balanced dataset would likely result in them converging toward a trivial solution
where almost no buildings are predicted as remarkable. While this would yield high
accuracy (the percentage of correct predictions out of all predictions), the recall
(the percentage of actual remarkable buildings correctly identified) would be close
to zero, meaning the model would fail to effectively detect remarkable buildings.

To address this issue, various techniques exist to balance datasets and improve
classification performance. In this study, we chose downsampling (also called un-
dersampling), which involves reducing the number of instances in the majority class
(non-remarkable buildings) to create a more balanced dataset. While a more bal-
anced dataset reduces bias, it also results in fewer training examples, which can
impact model performance.
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To strike a balance, we arbitrarily decided to retain three non-remarkable build-
ings for every remarkable one. Specifically, we randomly selected 3,387 non-remarkable
buildings, resulting in a final downsampled dataset of 4,516 buildings.

D.5.2.5 Data enrichment - part 1: Spatial analysis

For each building in our downsampled dataset, we computed the following additional
attributes. For attributes that consider surrounding buildings, calculations were
based on the full dataset of 300,000 buildings.

• Geometric properties:

– Perimeter

– Surface area

– Shape indicator (as proposed by the PIR students, see eq. D.5.2.5)

– Convexity (building surface area divided by the surface area of its convex
hull)

– Granularity (number of vertices defining the building polygon)

• Contextual properties (calculated within specific buffer zones around the build-
ing):

– Average building height within a 125m, 250m, and 500m radius

– Average building surface area within a 125m, 250m, and 500m radius

shape_indicator =
building_surface

maximum_surface
× building_perimeter

maximum_perimeter
(D.1)

In addition to these newly computed attributes, we retained several existing
attributes from the BD TOPO database:

• nature, usage1, and usage2 (indicating building usage: industrial, commercial,
residential, etc.)

• nb_logts (number of housing units in the building)

• nb_etages (number of floors)

• hauteur (building height)

After enriching our dataset and applying one-hot encoding to categorical labels,
we obtained a total of 38 features.
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D.5.2.6 Data enrichment - part 2: Extraction of map images

To provide contextual information about each building’s surroundings, we aimed to
extract images that could aid the algorithm. After testing different image sizes and
resolutions, we settled on square images of 256 × 256 pixels with a resolution of
2.39 meters per pixel, corresponding to zoom level 16.

For each of the 4,516 selected buildings, we extracted a map image from the IGN
Plan using these parameters (Figure D.8). To achieve this, we leveraged Python’s
Geopandas and Shapely libraries to manage image extents and OWSLib to retrieve
map tiles from the IGN Plan service. The related piece of code is available in the
Zenodo files.

❀ Figure D.8 : Two images extracted from the IGN Plan, each centered around a
building, which is highlighted in black for better visibility. In the actual dataset used
for training and evaluation, buildings were kept in their original color.

D.5.2.7 Train-test dataset separation and spatial cross-validation

Ideally, we would have annotated a different geographical area—around another
city—to evaluate our detection algorithms with as few biais as possible. However,
due to time constraints, we opted to use part of the Nantes dataset we had already
built for validation and testing.

Given the small size of our dataset, we employed cross-validation to improve the
robustness of our results. Cross-validation involves splitting a dataset into multiple
complementary training set, validation set pairs and training multiple models on
these different pairs before evaluating their performance.

Our initial approach was to perform random cross-validation, where buildings
(both remarkable and non-remarkable) were randomly selected for the training and
validation sets. However, this method introduced significant spatial biases, partic-
ularly when incorporating map images as input. As illustrated in Figure D.9, two
nearby buildings often have highly similar associated images. This creates a risk
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of data leakage, where models inadvertently gain access to validation data during
training, compromising evaluation integrity.

❀ Figure D.9 : Two images associated with buildings located close to each other,
demonstrating the risk of data leakage in random cross-validation.

To address this issue, we divided our initial study area into six sub-zones (Figure
D.10). We then configured our cross-validation so that each sub-zone was used as
a validation dataset once, while the remaining sub-zones were used for training.
The number of building and the proportion of remarkable ones for each sub-zone is
available in Table D.1.

❀ Figure D.10 : The six sub-zones used for spatial cross-validation.
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Total buildings Remarkable % remarkable
Zone 1 385 98 25.5%
Zone 2 1181 282 23.9%
Zone 3 476 75 15.8%
Zone 4 619 189 30.5%
Zone 5 1345 377 28.0%
Zone 6 510 108 21.2%

❀ Table D.1 : List of the experiments compared in this appendix.

Although this spatial cross-validation approach reduces some biases, a few limi-
tations remain:

• Despite spatial separation, all data still comes from Nantes and its surround-
ings, meaning the geographical characteristics of the validation and training
areas remain similar.

• The sub-zones are imbalanced in terms of building counts. Depending on the
cross-validation fold, the model may have more or fewer data points available
for training and validation, potentially affecting performance consistency.

D.5.3 Model implementations and results

The implementation code for each model is available online2 and on Zenodo3. All
experiments were conducted on Google Colab, using GeoPandas and NumPy for data
processing, and Scikit-Learn and Keras (TensorFlow) for machine learning tasks. To
ensure fair comparison of training times across models, we utilized the "GPU L4"
option in Google Colab for all model training sessions.

To evaluate our models, we monitored the following performance metrics:

• Accuracy – While commonly used, this metric can be misleading given our
dataset’s imbalance (3:1 ratio of non-remarkable to remarkable buildings).

• Precision – Measures how many of the predicted remarkable buildings are ac-
tually remarkable.

• Recall – Measures how many of the actual remarkable buildings were correctly
identified.

• F1 Score – A balance between precision and recall, making it a particularly
relevant indicator for our study, as both metrics are important.

• AUC-ROC (Area Under the Receiver Operating Characteristic Curve) – Evalu-
ates the model’s ability to distinguish between remarkable and non-remarkable
buildings across different probability thresholds. This metric is particularly

2https://github.com/TinQk/LostInZoom
3https://doi.org/10.5281/zenodo.14879919
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important for our study since different use cases may require adjusting the
sensitivity of remarkable building detection.

• Average Precision (AP) – Assesses the trade-off between precision and recall
across varying classification thresholds.

Unless stated otherwise, all reported results in this section correspond to the
average performance across the six cross-validation folds for each model. For exam-
ple, the precision value for the Random Forest model is the mean precision obtained
across all six folds of its cross-validation.

In addition to these quantitative metrics, we also:

• Plotted ROC (Receiver Operating Characteristic) curves and PR (Precision-
Recall) curves for each model.

• Constructed a combined confusion matrix across all folds. Since each subzone is
used once as the validation set, this results in a confusion matrix that accounts
for every building exactly once.

D.5.3.1 Random Forest

Random Forest (RF) is a widely used supervised machine learning technique and is
often one of the first models tested in machine learning experiments. It has been
used in many GIS-related tasks, from building classification to vandalism detection
in VGI (Truong, Touya, and Runz 2020). A comprehensive introduction to Random
Forests, along with implementations of numerous other machine learning techniques,
can be found in geron_hands-machine_2022.

❖ Architecture and hyperparameters
Training time was short enough to allow for extensive hyperparameter testing. Given
that variations in hyperparameters did not significantly impact the results, we de-
cided not to automate the tuning process. Instead, we manually adjusted the pa-
rameters and settled on the following configuration:

• Number of estimators: 350

• Maximum tree depth: 15

• Minimum samples required to split a node: 4

• Minimum samples per leaf node: 2

• Number of features considered for splitting: Square root of the total number
of features

❖ Results
The training results for the Random Forest model are presented in Table D.2. The
model achieved an average precision of 65% on the test set with a classification
threshold of 0.5, which is a reasonable performance given the inherently subjective
nature of identifying remarkable buildings. However, the recall was relatively low at
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43%, meaning that a significant number of annotated remarkable buildings were not
detected.

The F1-score averaged 0.51, and the Average Precision (AP) was 0.42, reflecting
the trade-off between precision and recall. The AUC-ROC score of 0.78 indicates
that while the model performs well in ranking buildings by remarkability across
different decision thresholds, setting a precise boundary between remarkable and
non-remarkable buildings remains challenging. The confusion matrix at a threshold
of 0.5 is available in Figure D.11.

The ROC and Precision-Recall (PR) curves (Figure D.12) reveal that results for
fold 3 were noticeably weaker compared to the other folds. To investigate further,
we retrained the model multiple times with different random seeds, but the results
remained consistent, with fold 3 consistently performing below the others. The
exact cause of this discrepancy is difficult to pinpoint. However, we note that fold 3
contains the smallest number of remarkable buildings in its validation set, with only
75 annotated instances.

Metric Train set Validation set
Accuracy 0.96 0.80
Precision 0.96 0.65
Recall 0.88 0.44

F1 Score 0.92 0.51
ROC AUC NC 0.78

Average Precision NC 0.42

❀ Table D.2 : Evaluation of the random forest model. Each value represents the
average across the six folds of the cross-validation. ROC AUC and Average Precision
were not computed for the train set.

❀ Figure D.11 : Confusion matrix for the random forest model at a decision threshold
of 0.5.
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❀ Figure D.12 : ROC curve and PR curve for the random forest model.
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D.5.3.2 Multi-Layer Perceptron

The Multi-Layer Perceptron (MLP) is the simplest type of artificial neural network
and serves as one of the two branches in our multimodal model. Our implementation
is available online4.

❖ Architecture and hyperparameters
We designed the model with an initial layer of 32 perceptrons, followed by a second
layer of 16 perceptrons. To improve generalization and reduce overfitting, we applied
a 30% dropout after each layer. A summary of the model architecture is shown in
Figure D.13.

❀ Figure D.13 : The different layers of our MLP model, implemented with Tensor-
flow.

❖ Results
The training results for the MLP model are presented in Table D.3. It is interesting
to compare them to the results of the random forest model as both have access to
the same data for training (the tabular data). The MLP model performed slightly
worse than the RF model, loosing a few points in F1 score, ROC AUC and Aver-
age Precision. This phenomenon is anticipated by the literature. The ROC and
Precision-Recall (PR) curves (Figure D.15) also reveal the same weakness observed
in fold 3 for the random forest model. The confusion matrix at a threshold of 0.5 is
provided in Figure D.14.

The model was trained for only 30 epochs, as we observed that performance
plateaued after just a few epochs. The complete set of metric evolution curves over
epochs is available in Appendix D, page 230. We notice on these curves that after
a single epoch, the model already reached a reasonable level of performance, but in
our plots the initial metric values are not displayed, and the curves start after epoch
1, which is why they appear relatively stable.

4https://github.com/TinQk/LostInZoom
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Metric Train set Validation set
Accuracy 0.81 0.80
Precision 0.75 0.70
Recall 0.38 0.34

F1 Score 0.51 0.45
ROC AUC NC 0.75

Average Precision NC 0.40

❀ Table D.3 : Evaluation of the random forest model. Each value represents the
average across the six folds of the cross-validation. ROC AUC and Average Precision
were not computed for the train set.

❀ Figure D.14 : Confusion matrix for the MLP model at a decision threshold of 0.5.
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❀ Figure D.15 : ROC curve and PR curve for the MLP model.
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D.5.3.3 Convolutional Neural Network

The Convolutional Neural Network (CNN) is one of the most widely used deep
learning models for image analysis. In our study, it is the second of the two branches
of our multimodal model. Our implementation is available on Github5.

❖ Architecture and hyperparameters
Our CNN model consists of three sets of convolutional layers, each followed by batch
normalization and max pooling layers, and then two fully connected (dense) layers
(Figure D.16). No skip connections were implemented between layers.

Initially, we trained the model with early stopping based on validation loss. How-
ever, due to instabilities, the validation loss occasionally reached a low point by
chance, and the model then struggled to reach this low value again, triggering early
stopping too soon. To address this issue, we trained another model, this time for
150 epochs without early stopping. The results discussed here are from the second
model.

❀ Figure D.16 : The different layers of our CNN model, implemented with Tensor-
flow.

5https://github.com/TinQk/LostInZoom
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❖ Results
The training results for the CNN model are presented in Table D.4, with its confusion
matrix shown in Figure D.17. The model performed worse than the two models
trained on tabular data. However, as seen in the ROC curve (Figure D.18), the
model still manages to distinguish some remarkable buildings from the dataset.

This is an encouraging sign for our multimodal model, as it confirms that implicit
information about building remarkability is present in the map images provided to
the CNN. Additionally, we observed these same folds variation for our two trained
CNN models:

• Fold 5 consistently underperformed across both training attempts,

• Fold 3 achieved above-average results, contrasting with the previous models
trained on tabular data.

These observations suggest that the two different data sources (tabular vs. image-
based) could complement each other in a multimodal approach.

The complete metric evolution curves over epochs, illustrating training instabil-
ities and fold differences, are available in Appendix E, page 236.

Metric Train set Validation set
Accuracy 0.89 0.81
Precision 0.96 0.74
Recall 0.58 0.32

F1 Score 0.72 0.42
ROC AUC NC 0.72

Average Precision NC 0.40

❀ Table D.4 : Evaluation of the CNN model. Each value represents the average
across the six folds of the cross-validation. ROC AUC and Average Precision were
not computed for the train set.

❀ Figure D.17 : Confusion matrix for the CNN model at a decision threshold of 0.5.
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❀ Figure D.18 : ROC curve and PR curve for the CNN model.
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D.5.3.4 Multimodal

❖ Architecture and hyperparameters
A straightforward approach to do multimodal machine learning, and the one we
chose, is to combine our two previous architectures by concatenating the final per-
ceptron layer of each model and use a fully connected dense layers to interpret the
combination (Figure D.19).

Our implementation is available online6. A detailed summary of the model ar-
chitecture is also provided in Appendix 22, page 241.

Just as with our CNN model, we trained the multimodal model for 150 epochs
without early stopping, using a learning rate that progressively decreases over time.
To ensure stability, we conducted two separate training runs with different random
initializations and obtained consistent results.

❀ Figure D.19 : Multimodal architecture for remarquable building detection, inspired
by the framework proposed in Rosenfelder 2020. Source: Eric Lafon.

❖ Results
The training results for the multimodal model are presented in Table D.5, with its
confusion matrix shown in Figure D.20.

When analyzing the F1 score and AUC-ROC, the multimodal model performed
worse than the random forest model, but outperformed the CNN model. The ROC
and PR curves (Figure D.21) highlight significant variability between folds, mirroring
the behavior observed in the CNN model.

Notably, folds 3 and 5 exhibit the same trends as in the CNN model:

• Fold 3 achieved a high AUC-ROC score but had a low average precision.

6https://github.com/TinQk/LostInZoom
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• Fold 5 performed poorly across all metrics.

However, this time, fold 1 yielded strong results, which was not observed in the CNN
model.

The complete set of metric evolution curves over epochs, illustrating training
instabilities and differences between folds, is available in Appendix F, page 241.

Metric Train set Validation set
Accuracy 0.91 0.80
Precision 0.95 0.68
Recall 0.69 0.32

F1 Score 0.90 0.42
ROC AUC NC 0.74

Average Precision NC 0.39

❀ Table D.5 : Evaluation of the multimodal model. Each value represents the average
across the six folds of the cross-validation. ROC AUC and Average Precision were
not computed for the train set.

❀ Figure D.20 : Confusion matrix for the multimodal model at a decision threshold
of 0.5.
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❀ Figure D.21 : ROC curve and PR curve for the multimodal model.
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D.5.4 Discussion

D.5.4.1 Model comparison

❖ Performances
As shown in Table D.6, the Random Forest model trained solely on tabular data
achieved the highest overall performance across all folds. Our multimodal approach
has therefore not succeeded in consistently improving the classification results, even
though the CNN model trained exclusively on map images produced non-negligible
results.

The strong performance of the CNN and multimodal models on certain folds (see
Figure D.18 and Figure D.21) suggests, however, that raster-based map image data
has the potential to enhance classification models in specific contexts. Nonetheless,
our results do not provide conclusive evidence to confirm this hypothesis.

Model F1 Score ROC AUC Av. Pre. Training time (minutes)
Random Forest 0.51 0.78 0.42 0.36

MLP 0.45 0.75 0.40 2.35
CNN 0.42 0.72 0.40 109

Multimodal 0.42 0.74 0.39 112

❀ Table D.6 : Summary table of the metrics for each model. The results are based
on the average of the results for each fold.

❖ Computational cost considerations
One crucial aspect we have not yet discussed is computational time and its associated
energy consumption, which is roughly proportional. While we do not delve into the
detailed calculations of energy usage and carbon emissions as explored by Henderson,
Hu, Romoff, Brunskill, Jurafsky, and Pineau 2022, Table D.6 shows that training
our models using image data requires between 50 and 300 times more computational
time than training models based solely on tabular data.

This discrepancy is largely due to the structural complexity of the models and
the number of trainable parameters. Our MLP model, for instance, contains ap-
proximately 2,000 parameters (which could have been arguably slightly increased),
whereas our CNN model has over 16 million parameters. This substantial difference
underscores the significant computational cost of incorporating image data, which
must be weighed against potential performance gains in future studies.

D.5.4.2 Limitations and potential improvements

Multimodal machine learning is still an emerging field, and it is clear that both our
implementation and dataset are far from optimal. While there is always room for
improving the model architecture, hyperparameters, or input data to achieve better
results, our primary objective was to experiment with a straightforward implemen-
tation before considering more complex approaches.

To further refine our approach while keeping the same dataset, a crucial next
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step would be to analyze the classification results in detail—examining misclassi-
fied buildings and understanding the key differences between model predictions. In
particular, it would be helpful to investigate why the CNN and multimodal models
performed inconsistently across different folds.

Additionally, a major improvement would be to annotate remarkable buildings
in a different city to create a dedicated test set free from any data leakage, rather
than relying solely on spatial cross-validation. This would enable us to evaluate
model generalizability more effectively. An ensemble learning approach could then
be tested, where multiple models trained on different folds are combined to make
final predictions on the test set.

Beyond that, several other refinements and directions could be explored:

• Assessing annotation consistency: Having another person independently
annotate the same Nantes dataset would provide insights into the consistency
and generalizability of the remarkable building classification task. Comparing
these different annotations could help quantify subjectivity in the labelling
process. Annotation subjectivity is discussed in Chapter E for another project.

• Adding new tabular features: While we enriched our tabular data with
several new features, many others have been explored in the literature for land-
mark detection, such as the distance to the nearest crossroads or the building’s
orientation relative to the closest road (Elias 2003).

• Merging buildings: As anticipated, building complexes raised challenges
both for annotation and classification. Should all buildings in a complex be la-
belled as remarkable, or only the most distinctive ones? During annotation, we
decided to classify as remarkable all adjacent buildings that contribute to a sin-
gle large remarkable structure. However, our models struggled with these cases
(see Figure D.22). A possible solution could be to merge adjacent buildings
into single entities to avoid classifying fragmented building parts separately.
However, this process would need to be done carefully to avoid misclassifying
large complexes where only a specific section is truly remarkable.

• Enhancing buildings in image inputs: One simple modification to try im-
proving CNN performance could be highlighting the target building in the ex-
tracted map images. For instance, coloring the building in black while keeping
the surrounding environment unchanged could maybe help the CNN distin-
guish it more clearly.

• Exploring different scales for extracted images: A smaller scale (larger
geographic area per image) could provide more contextual information around
each building, potentially improving classification performance. However, this
comes at the cost of lower image resolution, meaning some fine details may no
longer be visible. Additionally, larger image sizes increase computational costs
during model training, so an optimal balance must be found.

• Exploring alternative image sources: Instead of using images extracted
from the IGN Plan map, satellite imagery from Google Earth or street-level
photos (e.g., Google Street View) might be more informative, especially since
Google Earth was the primary tool used during annotation. Previous research,
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such as Hou and Biljecki 2022, suggests this could be a promising avenue for
further exploration.

• Using a custom map for image extraction: Rather than relying on ex-
isting maps (such as Google Maps or IGN Plan), a dedicated map could be
created specifically for training the models. This would remove biases intro-
duced by the specific design choices of commercial maps. However, any custom
map would introduce its own biases, so the trade-offs need to be carefully con-
sidered.

❀ Figure D.22 : Large industrial buildings and agricultural greenhouses in the third
sub-zone of our dataset. Left: Google Earth image. Right: OpenStreetMap base
map with buildings from our vector dataset. Blue buildings were classified as re-
markable by the Random Forest model, while yellow buildings were classified as
non-remarkable.

D.6 Conclusion of the chapter
In this chapter, we explored the potential of multimodal machine learning using
map images for a complex classification task, specifically testing it on remarkable
building detection as an opportunity arose. To facilitate this research, we created an
annotated dataset of approximately one thousand remarkable buildings, which we
have made publicly available online.

We first tested a machine learning approach using two different modalities. The
first focused on training models solely with vector-based tabular building data, utiliz-
ing both a Random Forest model and an MLP, which are well-established techniques.
The second, more experimental approach, involved training a CNN on map images
centered on individual buildings. We then combined these two modalities into a sim-
ple multimodal architecture to assess whether integrating spatial context from map
images could enhance classification performance.

The results of the multimodal model were inconclusive. On average, it underper-
formed compared to the Random Forest model, despite having access to additional
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information through map images during both training and prediction. However, we
observed significant variations in performance across the different validation zones.
In certain folds, the multimodal model outperformed the Random Forest, suggesting
that multimodal machine learning leveraging map images might hold potential in
specific, yet-to-be-defined contexts.

Unsurprisingly, training our machine learning models on images required signifi-
cantly more computational resources than training them on tabular data. Moreover,
extracting and storing map images further increases energy consumption. In a con-
text where the ecological impact and energy cost of AI model training have become
major global concerns, Schwartz, Dodge, Smith, and Etzioni 2020 advocates for a
more responsible and efficient use of machine learning, termed Green AI. We there-
fore believe that incorporating image data to enhance a model initially designed for
tabular data should be reserved for strategic projects where the added value justifies
the additional computational cost.

Regarding remarkable building detection specifically, our findings suggest that
image-based approaches may not be the most practical path forward. Instead, we
propose breaking down the problem into more specific sub-tasks, such as detecting
tall buildings separately from isolated buildings. We believe that a well-enriched
dataset, combined with simple algorithms like decision trees, could effectively address
these sub-tasks, with targeted support from machine learning on tabular data when
necessary.
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In this third part, we continue exploring the elements of maps that serve as anchors
in users’ mental representations. However, we adopt a different approach from the
previous part. Instead of focusing on specific landmarks and attempting to detect
them within a vector database, we shift our attention to map user perception by
analysing map images directly. Our goal is to determine which areas, in map images,
are most frequently used for orientation.

In this chapter, we introduce the concept of "Areas of High Anchoring Poten-
tial" (AHAP) and discuss the relevance of detecting such areas. We then propose a
drawing-based annotation method and present an experiment designed to assess the
consistency of these annotations across different individuals.

E.1 Introduction to AHAPs
E.1.1 Definition

We define Areas of High Anchoring Potential (AHAPs) as regions within
a pan-scalar map that have the potential to serve as reference points when
a user navigates through space and across different zoom levels. These areas
may contain one or more elements that can themselves be classified as pan-
scalar landmarks, as defined in Chapter A.

We believe that using these anchor areas as an intermediary step for detecting
pan-scale landmarks is valuable because they allow different types of landmarks,
which interact in the user’s mental map, to be grouped together through a simple
annotation such as highlighting.

For example, Figure E.1 shows AHAPs highlighted on a map of Paris. These
areas encompass the primary landmarks visible at this scale, including the Seine
River, the "Paris" toponym, two symbolized monuments, the ring road, and the
two large parks on the city’s periphery. In this image, the Bois de Boulogne and
Bois de Vincennes are considered landmarks not only because their toponyms are
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prominently displayed, or because they appear as large green areas, or because they
frame the ring road, but because these factors combine and interact with additional
elements.

Another advantage of AHAPs is their ability to define a clear beginning and end
for linear landmarks such as the Seine, which is not straightforward in a vector-based
approach.

❖ Note:
We may sometimes use the term "anchors in maps" instead of AHAPs in this
manuscript for simplicity. However, this should not be confused with the anchor
points discussed in Section A.1.2.2, which exist solely in the human mind.

❀ Figure E.1 : A Google Maps image of Paris with manually highlighted Areas of
High Anchoring Potential in red.

E.1.2 Hypothesis

The central hypothesis we aim to investigate in this third part of the manuscript is:

Hypothesis: It is possible to train a machine learning model to predict Areas
of High Anchoring Potential in map images.

Our approach relies on leveraging the implicit anchoring properties of landmarks
in map images—primarily their salience, spatial structure, and interactions with
other landmarks—to train a model capable of recognizing a broad range of landmarks
rather than only specific predefined ones.

Ideally, the model should be able to:

• Identify landmark types not explicitly included in the training dataset, learning
a more abstract representation of anchoring potential.
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• Generalize across different map styles, ensuring robustness across varying car-
tographic designs.

• Generalize across scales.

E.1.3 Motivations

The study and, more specifically, the automatic detection of Areas of High Anchoring
Potential (AHAPs) could serve several purposes:

❖ Enhancing landmark detection through image segmentation and data
Matching

Analyzing map images offers a more holistic view of spatial relationships and brings
us closer to user perception, as it captures the visual choices made during carto-
graphic design. Unlike vector data, images reflect how users actually see and in-
terpret maps. As shown in Section D.4, combining image segmentation with data
matching could improve landmark recognition by leveraging both visual and struc-
tured geographic information.

❖ Detecting "Critical Zones" in pan-scalar maps
Some locations on a pan-scalar map may temporarily lack visible reference points due
to the zoom level, leading to potential disorientation for users (see Section E.1.4.2).
By identifying critical zones, we could ensure that key reference areas remain visible
at appropriate scales by extending their scale range, enhancing user navigation and
orientation.

❖ Identifying problematic areas for correction via change detection tech-
niques

As discussed in Chapter A, inconsistencies between scales are a key challenge in
pan-scalar maps. Yu, Ai, Xu, Yan, and Shen 2023 propose a method to detect
inconsistencies in feature representation across scales by working directly on raster
data, thus avoiding complex vector data management. Similarly, identifying sudden
disappearances or appearances of anchoring zones, for instance, due to inconsistencies
in data sources or unintended generalization effects—could assist cartographers in
performing targeted manual corrections, ultimately reducing desert fog effects and
improving map coherence.

❖ Scientific Curiosity
From a broader scientific perspective, recent advances in image segmentation raise
an intriguing question: Can modern segmentation models learn to predict Areas of
High Anchoring Potential in a way that aligns with human intuition and collective
agreement? This research direction not only explores AI’s capacity to interpret and
replicate human map-reading behavior but also contributes to our understanding of
how users rely on visual cues in pan-scalar maps.
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E.1.4 Related concepts

E.1.4.1 Visual saliency

The concept we propose—Areas of High Anchoring Potential (AHAPs)—is closely
related to visual saliency, which refers to key areas in an image that the brain
selects in a pre-attentive manner for prioritized analysis before processing the rest
of the scene.

Visual saliency has been extensively studied using eye-tracking techniques, as
well as drawing-based methods (Borji, Sihite, and Itti 2013). These studies typically
rely on photographic datasets, but within the LIZ project, Wenclik and Touya 2024
have tested saliency models from the literature on a dataset composed of map images
and eye-tracking data (see Figure E.2).

❀ Figure E.2 : A map image from OSM representing the city of Châteaubriant and
its ring road (left), and the derived saliency map using the Itti-Koch saliency model
(right).

Numerous deep learning models have been developed to detect salient regions,
currently achieving state-of-the-art results (Kümmerer, Theis, and Bethge 2014; Cor-
nia, Baraldi, Serra, and Cucchiara 2018; Pan, Ferrer, McGuinness, O’Connor, Torres,
Sayrol, and Giro-i-Nieto 2018). More recently, Tliba, Kerkouri, Chetouani, Bruno,
El Hassouni, and Çöltekin 2024 proposed a self-attention-based saliency model.

These saliency models have already demonstrated their ability to identify unique
elements within an image, whether composed of abstract geometric figures, pho-
tographs or maps. This provides encouraging evidence for the potential of deep
learning models to perform segmentation of AHAPs. However, AHAPs differ from
traditional saliency zones in several ways:

• AHAPs are not exclusively pre-attentive; they can be consciously identified
after longer deliberation and reflection by the user.

• AHAPs do not necessarily attract direct visual attention. A study within the
LIZ project (currently under review) suggests that peripheral vision may be
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sufficient for detecting anchors.

• AHAPs are specific to pan-scalar maps, whereas visual saliency applies to all
images.

When examining the saliency heatmap in Figure E.2, we can see that all roads
are highlighted to a similar degree. However, we believe that a model specialized in
detecting AHAPs should emphasize the semicircular ring road surrounding the city
center. The city center itself, along with the toponym "Châteaubriant," should also
stand out more prominently. The most salient elements in the heatmap are the lakes,
but it is unclear whether these would truly be considered important landmarks at this
map scale. Additionally, what appears to be a park south of the city center—but
within the ring road—seems to have more potential as an anchor than the other
green areas outside the ring. These examples highlight the potential differences
between a general saliency model and one specifically trained to detect AHAPs. We
therefore believe there is a strong case for investigating AHAP detection alongside
visual saliency.

E.1.4.2 Critical zones

The AHAP concept also aligns with the notion of critical zones, introduced by Jul
and Furnas 1998 in their discussion on desert fog. Critical zones refer to areas on
a pan-scalar map that contain important or interesting information at large scales,
which may disappear when zooming out, leaving no indication that this information
exists. To mitigate desert fog, they proposed displaying navigational aids that outline
the extent of critical zones in otherwise empty views. This way, when users view a
map at a scale where no objects are typically visible, they can still see rectangles
marking areas that contain information, ensuring they will find relevant features by
zooming in. This approach has directly influenced the LostInZoom (LIZ) project
and our broader efforts to detect and highlight landmarks within pan-scalar maps.

E.1.5 Drawing as data annotation

A dedicated tool for drawing on maps, called MapDraw, was developed early in
the LIZ project (Berli, Touya, Gruget, and Potié 2024) (in French) and is available
online1. This web-based tool allows users to navigate within a pan-scalar map,
zooming in or out to a desired map view, and then freely highlight specific areas using
a drawing tool (Figure E.3). The drawn annotations are then stored as polygons in
a PostgreSQL database along with some attributes and metadata, or exported as a
GeoJSON file.

We chose to use this map-based drawing tool to collect data on Areas of High
Anchoring Potential. Prior research on visual saliency has demonstrated that when
participants highlight important map features, their selections strongly correlate with
eye-tracking results (Borji, Sihite, and Itti 2013). Since our goal is to detect zones
similar to saliency regions, we believe that drawing-based annotation is also a suitable
approach.

1https://lostinzoom.huma-num.fr/mapdraw/
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Additionally, drawing experiments require less specialized hardware than eye-
tracking and can be conducted remotely, making data collection more scalable.
Lastly, compared to selecting predefined vector features, freehand drawing (or high-
lighting) provides greater flexibility, allowing participants to outline not only entire
landmarks but also specific parts of them or even groups of features that form mean-
ingful visual anchors.

❀ Figure E.3 : A screenshot from the MapDraw web application. At the bottom left,
circular icons allow users to select different map backgrounds, while the menu at the
top right enables the creation of layers for drawing, similar to a digital illustration
tool.

E.1.6 Preliminary experiment with Gribrouillon

Before conducting a larger-scale study, we aimed to verify the consistency of responses
among participants given the same instructions and to gather initial feedback on
using a coloring tool for annotating maps.

To do this, we carried out a preliminary experiment with members of the LIZ
project while MapDraw was still under development. In this experiment, we pre-
sented three static OSM maps to eight participants using the online tool Gribrouil-
lon, which allows users to color different areas on a map. Participants were given
the following instruction:

• "Highlight in color the elements of the map that you find memorable and that
could serve as reference points during a pan-scalar exploration with zooming
in and out."

The results show a certain level of agreement in the highlighted areas between
participants. As seen in Figure E.4, while each drawing contains some unique fea-
tures, there are also several common elements across participants. The full set of 24
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❀ Figure E.4 : Three annotations of the same area from the Gribrouillon experiment.
In the first image, the participant outlined the elements they considered important,
while in the other two, participants filled them with color. While this was not an
issue for this preliminary experiment, ensuring consistent annotation styles will be
crucial for creating a high-quality training dataset.
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drawings is available online along with the rest of the project data2.
Interestingly, some participants highlighted not individual features but the bound-

aries between two elements, such as the edge of a forest or the coastline. This raises
an important question: Should boundaries between two large elements be consid-
ered anchors in their own right when training detection models? Should we ignore
such annotations? Or should we associate them with the most relevant feature they
separate?

To address this, we chose to make a distinction based on feature size on the
screen. In future experiments, participants would be asked to color features directly
if they could fit entirely within the screen, while highlighting boundaries was allowed
only when marking the separation of very large areas.

E.2 Preparing an evaluation dataset
E.2.1 The challenge of evaluation

To assess the performance of our future models, we aimed to create the most precise
evaluation dataset possible, with a well-defined ground truth. However, defining a
ground truth is inherently difficult, as anchors—by our definition—are subjective
and perception-based. There is no single "correct" answer to what qualifies as an
anchor in a map.

To address this issue, we created a set of map images and asked a group of
fifteen people to highlight the areas they considered to be Areas of High Anchoring
Potential (AHAPs). For this task, we selected individuals with GIS knowledge who
were either already familiar with the concept of anchors or were introduced to it
beforehand. Our aim doing so was to obtain more reliable and coherent annotations.
This approach served two main objectives:

1. Establishing a ground truth: By combining multiple annotations, we aimed
to create a reference dataset that reduced individual biases and allowed us to
evaluate the performance of our models.

2. Measuring human agreement: By analyzing the similarities between different
participants’ annotations, we could determine the level of consensus among
individuals. This, in turn, would provide a performance benchmark for our
models—if a model’s predictions matched the ground truth as closely as human
annotations did, we could consider the model’s performance satisfactory.

E.2.2 Selecting geographic areas for the dataset

Ideally, we wanted to ensure that our models would work across different topogra-
phies, various types of anchors (composed of different objects), multiple scales, and
different map styles (i.e., varying cartographic symbology).

2https://zenodo.org/records/15238773
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Concerning the map style, we wanted a unique map style to ensure a more robust
validation, and we chose Google Maps as it is the most widely used pan-scalar map
interface. Additionally, IGN’s data is limited to France, meaning we could not collect
more annotations worlwide if ever we wanted.

To introduce geographical diversity, we selected areas in southwestern France,
within the Occitanie and Nouvelle-Aquitaine regions. These regions provided a va-
riety of landscapes, including:

• Cities of different sizes

• Plains and mountainous areas

• Forested regions

• Both the Atlantic Ocean and the Mediterranean Sea

In total, we selected 20 areas ranging from zoom level 8 to zoom level 18. We
excluded zoom levels below 8, as country-level shapes are already recognizable at
that scale, and we did not include levels beyond 18, as all details are already visible
at that point.

Images of all 20 areas are available in Appendix G, along with some masks which
we will refer to in this chapter and the following.

The geographic coordinates of the selected areas are available in the protocol
provided to participants (included in the Zenodo repository). Additionally, blank
versions of the selected images (without annotations) are stored in the "base_images"
folder.

E.2.3 Annotation protocol

After being introduced to the concept of Areas of High Anchoring Potential and
trained on how to use the MapDraw tool, the fifteen participants were given the
following instructions:

❖ Drawing Phase (for each provided map area):
1. Observe the map area for a few seconds.

2. Highlight elements that could serve as pan-scalar anchors, according to your
perception.

3. Multiple elements could be highlighted within the same layer.

4. When highlighting a different type of anchor, create a new layer.

5. Assign each layer to one of five predefined categories.

The reasoning behind proposing to classify different anchor categories was to later
refine our model evaluation accordingly. The five AHAP categories participants could
assign their annotations to were:

• Artificial landmarks (Symbols, toponyms, administrative borders...)
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• Transportation networks

• Cities, buildings, parks...

• Water bodies (Lakes, rivers, coastlines...)

• Forests, mountains, and other natural landmarks

❖ Additional Guidelines:
• Participants were advised to spend approximately 3 minutes per area. This

time constraint was designed to prevent annotators from examining the area
in too much detail in order to simulate a more natural navigation experience,
while still giving them enough time to use the coloring tool to highlight relevant
zones.

• Colors would not be considered in the analysis. This decision was taken to
both simplify the annotation process and avoid biasing participants with the
default color order suggested by MapDraw. Annotators were therefore free to
use any color for any type of anchor.

• Overlapping drawings from different layers were allowed.

• All drawings within the same layer would be merged. For example, if two
roads intersecting at a crossroad were annotated with two separate strokes on
the same layer, they would be treated as a single unified region in the collected
data.

An annotation example is available in Figure E.5.

E.2.4 Output and first analysis

For each zone where a participant drew and for each category of anchor, a black-
and-white image representing the highlighted areas was generated, which we refer
to as a mask (Figure E.6). All the base map images and the masks created by the
participants are available online3.

We counted the number of pixels drawn for each category. As shown in Table
E.1, there is a significant difference in the number of pixels drawn across categories,
with the surface area annotated for transportation networks being ten times larger
than that for artificial landmarks (which mainly consist of toponyms and symbols).

Even though we aimed for a balanced evaluation dataset, this difference is natu-
rally explained by the varying sizes of elements in the maps. For the remainder of our
study, we primarily focus on the "complete" masks, obtained by merging all anchor
categories, to simplify the problem. However, this discrepancy between categories
should be kept in mind for future evaluations, particularly if we wish to assess model
performance separately for each category.

Moreover, while toponyms and pictograms are relatively small in size, adminis-
trative borders (which we included in our "artificial" category) are linear features

3https://zenodo.org/records/15238773
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❀ Figure E.5 : Example of annotation using MapDraw on zone 7. Top: Original
image. Bottom: The same image with a city, a river, two toponyms, and several
roads highlighted.

❀ Figure E.6 : Masks created from a participant’s annotation on the same zone as
Figure E.5. Top left: Mask for the "road" annotation. Top right: Mask for the
"city" annotation. Bottom left: Mask for the "water" annotation. Bottom right:
Mask obtained by merging all anchor categories.
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Anchor cat. Pixels drawn ratio
Artificial 3.1M 4%
Transport 30.8M 39%
Urban 15.8M 20%
Water 20.8M 26%
Nature 8.1M 10%

❀ Table E.1 : Distribution of the anchor categories based on the number of pixels
drawn in the annotations.

that occupy a significantly larger portion of the annotations in terms of pixel count.
Toponyms —which are known to be crucial landmarks in maps— therefore occupy
even less than 4% of the total drawn pixels. This imbalance could impact both our
dataset analysis and model training, potentially underrepresenting the importance
of toponyms compared to other artificial anchors.

Each participant annotated all 20 map images, but only highlighted a portion
of each image. For every participant, we computed the average percentage of the
image area they annotated across the 20 maps. The variation in annotation cover-
age between participants is shown in Figure E.7. A nearly fourfold difference was
observed between the participant who highlighted the most pixels and the one who
highlighted the least. However, most annotations were concentrated around 15% of
the total image area.

A similar analysis was then performed, this time by aggregating the data from
all participants to compare the highlighting across different map areas (Figure E.8).
The results indicate that for the vast majority of zones, the positively annotated area
ranged between 10% and 15% of the image. The only exception was Zone 19, where
a significantly larger surface was highlighted. A closer inspection revealed that this
was due to multiple participants highlighting the central park in its entirety (Figure
E.9).

These initial findings suggest that the ratio of annotated surface to image size
remains relatively stable for AHAPs. This consistency could enable segmentation
models (or post-processing steps) to be calibrated in a way that ideally produces
segmented areas of similar proportions, for example by adjusting their classification
threshold.

E.2.5 Establishing a common truth with STAPLE

E.2.5.1 Definition

STAPLE (Simultaneous Truth and Performance Level Estimation) is an algorithm
proposed by Warfield, Zou, and Wells 2004 that computes a probabilistic estimate of
the true segmentation and a performance measure for each segmentation within a set
of annotations, whether these annotations come from human experts or automated
algorithms.

Originally developed for medical applications, this algorithm is commonly used
to merge annotations from doctors on MRI (Magnetic Resonance Imaging) and CT
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❀ Figure E.7 : Variation in annotated coverage between participants.

❀ Figure E.8 : Variation in the percentage of the image highlighted across different
zones.

❀ Figure E.9 : Zone 19, where a large central green area representing a park was
highlighted by many participants.
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(Computed Tomography) scans into a single “ground truth” that integrates all pro-
vided annotations.

STAPLE is particularly well-suited to our task of detecting anchoring areas, as
it is specifically designed to establish a consensus on the presence or absence of
structures in an image annotated by multiple experts, which aligns precisely with
our objective.

Our models could then be considered to have good performance if their predic-
tions are no further from the "consensus truth" (as determined by STAPLE) than
the individual annotations provided by the experts who contributed to establishing
that consensus.

E.2.5.2 Results

To run the STAPLE algorithm, we used the SimpleITK library (Yaniv, Lowekamp,
Johnson, and Beare 2018), which provides a built-in implementation of the algorithm.
Additionally, the SimpleITK community offers useful notebooks for guidance4. Our
code is available online5.

The STAPLE algorithm was applied to all selected zones, generating results for
each type of anchor mask, as well as for the complete masks that merge all anchor
categories. The resulting images are all available in Appendix G, top right of each
figure, and online6.

As illustrated in Figure E.10, the ground truths created by STAPLE encompass
most of the elements highlighted by annotators, provided that multiple annotators
agree on their presence, but eliminate the least common annotations. This specific
behavior must be considered when comparing STAPLE-derived ground truths to
predictions made by our deep learning models.

As a last step for producing our common truth, since most segmentation evalua-
tion metrics rely on binary data rather than continuous outputs like those produced
by the STAPLE algorithm, we binarized the output by applying a simple 50% prob-
ability threshold.

❀ Figure E.10 : Result of the STAPLE algorithm on zone number 7 (same zone than
Figure E.5 and E.6), using annotations of all anchor types to establish a ground truth.

4https://github.com/InsightSoftwareConsortium/SimpleITK-Notebooks?tab=
readme-ov-file

5https://github.com/TinQk/LostInZoom
6https://zenodo.org/records/15238773
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E.3 Measuring inter-rater reliability
Inter-rater reliability refers to the degree of agreement among independent observers
assessing the same phenomenon. In the context of our evaluation dataset, these inde-
pendent observers are the experts who highlighted anchors in map images. Similarly,
the agreement between our model’s predictions on the evaluation dataset and the
ground truth can be evaluated using the same approach. But how can inter-rater
reliability be measured? And how can the similarity between two annotations be
quantified?

Yang, Zamzmi, Angara, Rajaraman, Aquilina, Xue, Jaeger, Papagiannakis, and
Antani 2023 propose assessing inter-rater reliability in medical image annotation
by computing kappa statistics and then comparing individual expert annotations
to a reference ground truth generated using the STAPLE algorithm with standard
segmentation metrics. Since we already established similarities between anchor an-
notation in maps and medical image annotation, we adopt and discuss in this section
a selection of these metrics, while excluding those that may not be well suited to
anchor segmentation.

E.3.1 Indicators

❖ Not Retained: Simple Matching Coefficient (SMC)
The Simple Matching Coefficient (SMC) is calculated as the number of matching
attributes divided by the total number of attributes. In the context of binary seg-
mentation, the "matching attributes" correspond to the number of pixels where both
sets agree on classification, while the "total attributes" refer to the total number of
pixels in the image. However, in our dataset, anchors represent only a small frac-
tion of the total pixels, with most being labeled as "background." This can result in
very low SMC scores, making comparisons difficult. Therefore, we prefer using the
Jaccard index, which better captures the similarity between segmentations in our
experiments.

❖ Retained: Jaccard Index (Intersection Over Union, IoU)
The Jaccard index measures the proportion of overlap between the predicted mask
and the ground truth relative to their union, and thus ranges from 0 to 1. Unlike
SMC, the Jaccard index does not count "background" pixels as matches.

❖ Retained: F1 Score (Dice Similarity Coefficient, Sørensen Index)
The F1 Score is closely related to the Jaccard index. However, it focuses on the
harmonic mean of precision and recall, making it slightly more forgiving than IoU
regarding strict overlap requirements.

❖ Not Retained: Indicators Measuring Distance Between Surfaces
A common metric for segmentation evaluation is the Hausdorff distance, which mea-
sures the longest distance between any point in one subset and its closest point in
another. While effective for comparing segmentations of a single object, it would not
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be effective in our case as our dataset images include multiple landmarks. The same
limitation applies to other surface distance-based metrics.

❖ Not Retained: Volume Similarity Indicator
The volume similarity indicator, which compares the number of pixels annotated as
anchors in two images, is also unreliable in our case as the varying geometries of
anchor types (symbols, lines, and surfaces) result in significant differences in their
"pixel volume." Consequently, this indicator would be heavily biased toward anchors
with larger volumes.

❖ Retained: Cohen’s kappa and Fleiss’ Kappa
Cohen’s kappa (Cohen 1960) is a statistic that measures inter-rater reliability be-
tween two raters while accounting for the possibility of agreement occurring by
chance. It is defined as shown in Equation E.1, where po is the observed propor-
tion of agreement between the two annotators, and pe is the expected proportion of
agreement by chance, calculated from the marginal probabilities of each annotator.

κ =
po − pe
1− pe

(E.1)

Fleiss’ kappa extends this measure to account for any fixed number of raters,
making it more suitable for our dataset, where multiple experts contribute annota-
tions.

❖ Future Considerations: Task-Specific Metrics
Custom metrics could be developed to better evaluate the segmentation of AHAPs.
For example, one possible approach is counting the number of detected anchors
among the five most important anchors in a given zone. Additionally, a consensus
threshold could be established for detecting an anchor, such as considering an anchor
detected if at least half of its pixels, as determined by the consensus annotation, are
identified. At this stage of the project, we primarily rely on visual inspection to
assess such criteria.

E.3.2 Results and discussions

For each zone in the evaluation dataset, we computed Fleiss’ kappa to assess agree-
ment among annotators. Additionally, we calculated the IoU and F1 scores between
each individual annotation and the STAPLE-generated ground truth, then averaged
these scores across annotators. The results are presented in Table E.2.

Interpreting the value of Fleiss’ kappa in absolute terms is challenging. While
Landis and Koch 1977 propose an interpretation scale that would classify our results
for the evaluation dataset annotations between "slight agreement" and "fair agree-
ment," this classification is not universally accepted. Actually, an alternative and
commonly used interpretation suggests that a value below 0.60 indicates a "signifi-
cant level of disagreement" (Ranganathan, Pramesh, and Aggarwal 2017).

That said, it is worth noting that the three indicators (Fleiss’ kappa, IoU, and
F1) are generally proportional across zones. For example, Zone 5 shows the lowest
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score across all three metrics, while Zones 17 and 19 exhibit the highest agreement
and performance scores.

When visually inspecting the STAPLE masks shown in Appendix G, we observe
that annotations tend to concentrate around four types of features, approximately
in the following order of importance:

• Water areas (rivers, lakes, coastlines),

• Major roads (yellow-marked roads), along with some secondary roads and rail-
ways when no major roads are present,

• Urban areas (especially at smaller map scales, such as in Zones 9 and 10),

• Natural landmarks that stand out from their surroundings (e.g., city parks,
distinct forests, or the meanders seen in Zone 11).

The presence of these elements (particularly water features and salient roads)
appears to enhance inter-annotator agreement, as seen in Zones 1, 4, 8, and 19.
Conversely, zones with a high density of visual information tend to yield lower agree-
ment. In some cases, annotators likely hesitated between multiple potential land-
marks (e.g., Zones 5, 9, 14), while in others, no element clearly stood out (e.g., Zones
15, 18, 20).

Moreover, although the annotation protocol provided guidance on how to han-
dle large landmarks by specifying that annotators should fully color a landmark if
it fits within the image, and trace its borders if it extends beyond the image, this
rule appears to struggle with edge cases. In modern digital maps, zooming is effec-
tively continuous, which often creates scenarios where a previously useful landmark
becomes too large to be identified as a whole, and its boundaries then become the
main reference point.

This phenomenon is illustrated in Zone 9 with the city of Toulouse: some anno-
tators colored the entire city center, while others selected only specific parts of it. A
similar issue occurs in Zone 14 with the large green area on the left side of the im-
age. These inconsistencies artificially lower inter-annotator consensus and negatively
affect the performance scores in Table E.2.

Overall, we believe these variations in focus among users viewing the same map
at the same scale arise from multiple factors that are difficult to control. These
may include individual perceptual differences, the specific task the user is trying to
perform with the map, or even contextual aspects such as screen size (although all
annotators in our study used the same screen dimensions) and viewing distance.

Nonetheless, the values obtained for this evaluation dataset show that, for most
areas, there is inter-annotator consensus well beyond what would be expected by
chance (as we had already observed visually). The inherent fuzziness of AHAPs
themselves may at least partially explain the relatively modest scores. This evalua-
tion dataset thus provides a useful initial benchmark for assessing the performance
of our segmentation models, which will be presented in the following chapter.
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Zone Fleiss’ Kappa Mean IoU Std IoU Mean Dice Std Dice
01 0.54 0.55 0.13 0.70 0.12
02 0.38 0.46 0.20 0.60 0.21
03 0.42 0.45 0.18 0.59 0.19
04 0.54 0.52 0.14 0.67 0.13
05 0.25 0.37 0.16 0.52 0.16
06 0.50 0.52 0.15 0.67 0.13
07 0.54 0.54 0.13 0.69 0.11
08 0.58 0.59 0.16 0.73 0.13
09 0.30 0.39 0.20 0.52 0.24
10 0.36 0.49 0.20 0.63 0.22
11 0.37 0.46 0.23 0.60 0.25
12 0.45 0.48 0.16 0.64 0.16
13 0.34 0.43 0.16 0.59 0.16
14 0.33 0.42 0.29 0.54 0.27
15 0.32 0.43 0.18 0.57 0.20
16 0.46 0.55 0.14 0.70 0.12
17 0.60 0.62 0.14 0.76 0.11
18 0.32 0.43 0.21 0.57 0.23
19 0.59 0.67 0.21 0.78 0.16
20 0.26 0.42 0.16 0.57 0.18

Mean 0.42 0.49 0.18 0.63 0.17

❀ Table E.2 : Fleiss’ Kappa, IoU, and Dice Scores Across Zones.

E.4 Conclusion of the chapter
In this chapter, we introduced the concept of Areas of High Anchoring Potential
(AHAPs), which we believe can support landmark detection and the identification
of critical zones in maps, as well as offer an additional analytical perspective for
understanding how humans perceive and memorize maps.

To assess inter-annotator consensus for AHAPs (1) and provide a benchmark for
evaluating future segmentation models (2), we created a reference dataset composed
of 20 map images from various locations and scales across France. Each image was
annotated by 15 participants with GIS knowledge, all of whom were taught about
the concept of anchors. Participants were asked to highlight the potential anchors
they identified in the maps, along with their type.

We applied the STAPLE methodology to estimate a consensus ground truth
segmentation for each image and anchor type. We then computed performance
metrics by comparing each individual annotation to this ground truth, allowing us
to quantify the similarity of the annotations across experts.

While the average inter-annotator agreement was moderate according to the eval-
uation metrics, the masks generated by STAPLE still revealed coherent patterns.
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Additionally, we observed significant variation between map areas, which we par-
tially attribute to the nature of the features present in each zone.

Finally, this experiment provided an estimate of the best quantitative results
we might expect from models trained to perform this task, and will serve as the
foundation for evaluating the AHAP segmentation models discussed in the next
chapter.
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Chapter F

Detecting areas of high anchoring
potential with deep learning

In this chapter, we train two machine learning models, a U-Net and a SegFormer,
to detect Areas of High Anchoring Potential (AHAPs) in map images. We begin by
introducing the concept of image segmentation and describing the two models used
in this study. Next, we detail the process of creating our training dataset. Finally,
we outline the implementation details and parameter settings for each model, and
present and discuss their respective training results.

F.1 About image segmentation
F.1.1 Definition

Image segmentation refers to the process of labeling each pixel in an image ac-
cording to a predefined set of classes. It can be binary, such as identifying pixels
that correspond to a dog in a photograph, or multi-class, such as classifying pixels
in an aerial photograph based on land use.

Segmentation can be performed manually by human annotators, or through al-
gorithmic techniques designed to detect specific features (such as early saliency de-
tection algorithms), or else by using machine learning models trained to identify
particular elements in images.

In our study, we focus on binary segmentation, where pixels are classified as
either AHAP or non-AHAP. Our objective is to evaluate the potential of supervised
learning models for this task. To do so, we selected two existing models from the
literature and trained them to assess their performance.

F.1.2 CNNs and U-Net

Historically, Convolutional Neural Networks (CNNs) have been the dominant archi-
tecture for image processing tasks, including segmentation. Actually, we ourselves
employed a CNN to classify landmark buildings in Chapter D. CNNs are particularly

171



Part III – Towards the Detection of AHAPs in Map Images

well-suited for visual tasks due to their ability to extract hierarchical spatial features
through convolutional layers.

U-Net (Ronneberger, Fischer, and Brox 2015) is a CNN-based architecture
specifically designed for image segmentation, originally developed for biomedical im-
age analysis. It has since been adopted in a wide range of disciplines. Its distinctive
U-shaped architecture includes three main components:

1. Encoder: A downsampling path that extracts high-level features through suc-
cessive convolution and pooling operations.

2. Decoder: An upsampling path that reconstructs the segmentation mask from
the encoded features.

3. Skip connections: Direct links between encoder and decoder layers at corre-
sponding resolutions, which help preserve fine spatial information lost during
downsampling (Figure F.1).

❀ Figure F.1 : U-net architecture example from Ronneberger, Fischer, and Brox
2015. We can see the encoding part on the left side and the decoding part on the
right side, with the skip connections symbolized by grey arrows.

U-Net has proven highly effective in various segmentation tasks, including in
geospatial contexts such as remote sensing (Ren, Yu, and Guan 2020) and the anal-
ysis of scanned historical maps (Ekim, Sertel, and Kabadayı 2021). Its ability to
learn meaningful segmentation patterns from relatively small datasets makes U-Net
a strong candidate for AHAP detection. However, one of our key hypotheses is that
anchors influence one another in the mental map of users, meaning that neighboring
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AHAPs may interact and reinforce each other. For example, three small lakes ar-
ranged in an equilateral triangle may form a more prominent landmark than a single,
isolated lake.

This type of spatial interaction presents a limitation for U-Net. The model is
constrained to operate on relatively small image tiles, as its computational require-
ments increase rapidly with image size. While it is technically possible to tile a
large map into smaller segments and run predictions independently on each tile, this
approach prevents the model from capturing relationships between distant elements.
Such limitations could reduce the model’s effectiveness for detecting anchor zones,
whose importance may emerge only from their spatial context. While there are some
workarounds, such as artificially enlarging U-Net’s receptive field by downsampling
the input image (at the cost of resolution), those approaches were not explored in
our study.

To address this limitation and complement our analysis, we instead turned to
more recent deep learning architectures based on transformers, which can process
larger images and are theoretically better equipped to capture global spatial rela-
tionships.

F.1.3 Transformers and Segformer

Transformers are a class of deep learning architectures based on the multi-head
attention mechanism, which allows the model to weigh and relate all parts of an in-
put sequence to one another. Originally introduced for natural language processing
(NLP), transformers process input tokens in parallel and capture contextual relation-
ships over long distances, making them highly effective for tasks such as translation,
summarization, and question answering. They power large language models such as
GPT and BERT, which learn semantic structure by attending to words in context
across an entire text.

Following their success in NLP, transformer architectures were adapted for vision
tasks in the early 2020s with the Vision Transformer (ViT) (Dosovitskiy et al. 2021),
which treats an image as a sequence of patches instead of a 2D grid. Each patch is
embedded as a token and processed through the same attention-based layers used
in NLP, enabling the model to capture global spatial dependencies more effectively
than traditional convolutional networks.

More recently, transformers have outperformed convolutional networks in a range
of medical imaging tasks, largely due to their ability to capture long-range de-
pendencies within visual data (Viriyasaranon, Woo, and Choi 2023). Like U-Net,
transformer-based models have quickly been adopted in geospatial applications, in-
cluding satellite image analysis and historical map interpretation (MacDonald, Ja-
coby, and Coady 2024; Sertel, Hucko, and Kabadayı 2024).

Concerning our use case, a major advantage is that transformer-based vision
models are less constrained by image size than U-Net. This allows us, in theory, to
input full map views during training and prediction, enabling the model to learn in-
teractions between distant AHAPs—something U-Net cannot capture when working
on small tiles.

Moreover, our specific challenge (detecting AHAPs) is not solely about identify-
ing individual visual elements, but understanding how context contributes to their
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salience. Just as large language models (LLMs) can infer the meaning of a sentence
and its emotional tone by analyzing how words relate to one another, we hypothesize
that transformer-based vision models may be better equipped to detect features that
stand out due to their spatial and semantic relationships with their surroundings.

That said, transformer models come with trade-offs. CNNs are generally more
sample-efficient and can infer implicit rules with fewer training examples. Transform-
ers, in contrast, often adhere more closely to patterns seen during training, making
them more susceptible to overfitting, especially on small or medium-sized datasets
(Géron 2022). Given the relatively limited size of our dataset, careful monitoring is
hence required to prevent overfitting.

Among the various transformer-based segmentation models such as Segmenter
(Strudel, Garcia, Laptev, and Schmid 2021), DETR (Carion, Massa, Synnaeve,
Usunier, Kirillov, and Zagoruyko 2020), and MaskFormer (Cheng, Schwing, and
Kirillov 2021), we selected SegFormer (Xie, Wang, Yu, Anandkumar, Alvarez, and
Luo 2021) for our experiments. This choice was motivated by its ease of use, avail-
ability of pre-trained weights, and flexibility in handling input images of varying sizes
without the need for model customization.

F.2 Training dataset
The dataset used to train our models was created using the MapDraw annotation
tool, following a protocol very similar to the one used for the evaluation dataset
described in Section E.2.3 of the previous chapter. It is composed of three parts,
collected at different stages of the PhD, but all designed with segmentation model
training in mind. Together, these parts aim to ensure diversity in map styles, geo-
graphic coverage, and annotators.

The first part was generated early in the PhD (January 2023) during a collabora-
tive annotation session involving 12 participants from our research team and collab-
orators, all of whom regularly work with maps. For this initial dataset, we selected
the IGN map style due to its compatibility with additional geographic data from the
IGN database and its alignment with earlier segmentation experiments conducted
on the same map style.

At that time, our anchor taxonomy included 10 categories instead of the cur-
rent 5. The categorization process was more complex under this earlier taxonomy,
which later motivated us to simplify and consolidate the categories for the evaluation
dataset. During the session, which lasted approximately 40 minutes, participants
were asked to freely annotate any areas they perceived as having high anchoring
potential. Each participant annotated as many areas as they wished, and most areas
were therefore labeled by a single annotator.

A total of 94 map views from the IGN plan were annotated, evenly distributed
across zoom levels 12, 14, and 16, with an average of approximately three anchors
per map view (Figure F.2).

The second and third parts of the dataset were created later in the PhD (late 2024
and early 2025), this time by a single annotator (myself), with the aim of increasing
the volume of training data and incorporating additional cartographic styles. Al-
though the annotation procedure remained largely similar, these new annotations
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❀ Figure F.2 : An overview of the localisation of the map views annotated during
the collaborative session.

did not include anchor categories. This decision was made to save time and because
I knew at this point that the models would be trained on a unified set of anchor
areas, regardless of category. Specifically, I annotated 106 map views from Google
Maps and 36 from OpenStreetMap (OSM). These annotations span zoom levels 12
to 18 evenly, ensuring a representative range of map scales.

To summarize, the final training dataset is composed of:

• 94 map views from the IGN map (12 annotators, old anchor categories, but
merged together anyway)

• 106 map views from Google Maps (single annotator, no anchor categories)

• 36 map views from OSM (single annotator, no anchor categories)

For each annotated map view, both the original map image and a corresponding
binary mask—representing anchor areas merged across all categories—were exported
(see Figures E.5 and E.6). These image-mask pairs were then tiled into smaller
patches tailored to the input requirements of each model. The specific tiling strategies
used for U-Net and SegFormer are detailed in the following sections. The training
datasets are all available online1.

1https://zenodo.org/records/15238773
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F.3 Experiment 1: U-Net
F.3.1 Dataset pre-treatment

The U-Net implementation we used cannot process images at full screen resolution.
Therefore, the training dataset was divided into smaller tiles of size 512×512 pixels,
as shown in Figure F.3. This size represents a trade-off between computational effi-
ciency and contextual coverage. Larger tiles significantly increase the computational
cost, while smaller tiles capture less spatial context, often resulting in fewer visible
anchors per tile, as illustrated in Figure F.4.

To further expand the training dataset and improve model robustness, we applied
data augmentation by generating tiles with a 50% overlap. In total, 2,329 tiles were
extracted from the annotated maps, each paired with its corresponding segmentation
mask.

The evaluation images from the previous chapter were also divided into 512 ×
512 tiles in order to make predictions using our model. We used a sliding window
approach with overlap. For each map view, the height was covered by three overlap-
ping tiles and the width by five overlapping tiles, resulting in a total of 15 tiles per
evaluation zone. The U-Net predictions obtained from these tiles were then reassem-
bled to reconstruct the full zone by averaging the probabilities in the overlapping
regions.

❀ Figure F.3 : Examples of tile/mask pairs extracted from the training dataset in
order to train the U-Net model.
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❀ Figure F.4 : Comparison between 512px and 256px tiles relative to a full map
view. Smaller tiles capture less anchor diversity and interactions.

F.3.2 Implementation and Training

Although several enhanced U-Net variants exist—such as U-Net++ (Zhou, Sid-
diquee, Tajbakhsh, and Liang 2018), which uses nested skip connections, and Atten-
tion U-Net (Oktay et al. 2018), which integrates attention mechanisms—we opted
for a simpler architecture closely following the original U-Net design proposed by
Ronneberger (Ronneberger, Fischer, and Brox 2015), in order to streamline the im-
plementation. Our code for training both the U-Net model and the Segformer model
are available online2.

The model was trained from scratch, without pre-trained weights. As for val-
idation, We reserved 10% of the tiles, selected randomly. However, this approach
introduces a risk of spatial data leakage between training and validation sets, due
to the overlap-based augmentation, meaning that similar spatial patterns could be
present in both subsets. This makes the model more prone to overfitting, which is
why close monitoring of both training and validation loss was essential to determine
when to stop training.

We monitored both the loss function and the mean Intersection over Union (IoU)
during training (see Figure F.5). The training loss decreased steadily until around
epoch 100, while the validation IoU peaked around epoch 120.

For evaluation, we selected the best-performing model weights, which were saved
at epoch 107, when the validation loss reached its minimum (0.23), and the validation
mean IoU was approximately 0.62.

❖ Training Configuration Summary:
• Model architecture: U-Net

• Pre-training: No

• Input size: 512 × 512 pixels

2https://github.com/TinQk/LostInZoom/
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• Training images: 2,329

• Validation split: 10% (random)

• Batch size: 32

• Hardware: Google Colab (L4 GPU)

• Training time: 135 minutes for 150 epochs

• Evaluation checkpoint: Epoch 107

❀ Figure F.5 : Evolution of U-Net model loss and IoU during training.
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F.4 Experiment 2: Segformer
F.4.1 Dataset pre-treatment

Although the SegFormer architecture is capable of handling full-resolution map
views, we chose to artificially expand our dataset by generating smaller cropped
images from the original annotated views. For each map view, we extracted five sub-
images of size 1200×600 pixels: one centered and four aligned with each corner. This
strategy ensured coverage of the central region—where most AHAP annotations are
concentrated—while offering sufficient spatial context to learn interactions between
anchors. This preprocessing resulted in a total of 1,172 training images.

For the predictions, however, we directly provided the full evaluation images to
the model. Since the output predictions were smaller than the original images, we
upsampled them using bilinear interpolation on the pixel-wise probability values.

F.4.2 Implementation and training

We used the Hugging Face Transformers library to load and fine-tune a pretrained
SegFormer model. Specifically, we selected the Mix-B0 variant recommanded in the
original article, pretrained on ImageNet-1k, as a compromise between performance
and resource usage. Although this pretraining does not include cartographic data, the
model can still benefit from learned visual patterns such as contours and geometrical
shapes.

As a baseline, we tested the pretrained model without fine-tuning, but it produced
only noise on our evaluation set—likely due to the absence of map-related classes in
the ImageNet dataset. This confirmed the need for domain-specific fine-tuning.

The dataset was randomly split, with 10% (118 images) used for validation. While
this approach introduced spatial leakage, since overlapping regions may appear in
both training and validation sets, it was a practical compromise given the dataset’s
size. To mitigate overfitting, we closely monitored training and validation loss curves.

During training, we observed that the validation loss stabilized around epoch
40–50 while the training loss continued to decline until approximately epoch 70
(Figure F.6). We selected the model weights from epoch 48 for evaluation. At this
point, validation loss had plateaued around 0.21, which we considered satisfactory.

❖ Training Configuration Summary:
• Model architecture: SegFormer Mix-B0

• Pre-training: ImageNet-1k

• Input size: 1200 × 600 pixels

• Training images: 1,172

• Validation split: 10% (random)

• Batch size: 8
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• Hardware: Google Colab (L4 GPU)

• Training time: 205 minutes for 78 epochs

• Evaluation checkpoint: Epoch 48

❀ Figure F.6 : Evolution of Segformer model loss during training.

F.4.3 Challenges and workarounds

During training, we encountered a memory leak issue: CPU memory usage increased
significantly after each epoch until the runtime crashed. Despite extensive investiga-
tion, the root cause remained unidentified. As a workaround, we trained the model in
segments of 8 epochs, saving the model and restarting the runtime between sessions
to clear memory.

Another unexpected issue was that standard model weight saving and loading did
not preserve the model’s predictive behavior. Only saving and restoring full Tensor-
Flow checkpoints reliably restored the model’s ability to make consistent predictions.
This forced us to revise our workflow accordingly for model evaluation.
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F.5 Predictions and metrics
Predictions on the evaluation dataset were generated for both models. For each
prediction, we produced two outputs:

• A heatmap representing the per-pixel probability of an AHAP classification.

• A binary segmentation map, obtained by applying a 50% threshold to the
heatmap (see Figure F.7).

❀ Figure F.7 : Top: Original map image of Zone 2 from the evaluation dataset.
Bottom left: Predicted AHAP probability heatmap from Segformer model. Bottom
right: Corresponding binary segmentation map.

The complete set of evaluation images, along with the corresponding STAPLE
consensus and predictions of both models, is provided in Appendix G, and can be
downloaded3. For each zone of the evaluation dataset, the original map image is
displayed in the top-left corner, the STAPLE result in the top-right, the U-Net
heatmap in the bottom-left, and the SegFormer heatmap in the bottom-right. We
chose to display heatmap instead of binary segmentation in this manuscript because
we think they bring more information about how well the two models worked.

To quantify model performance, we computed IoU and Dice scores between the
predicted binary segmentations and the binary STAPLE-generated masks. These
results are summarized in Table F.1, and form the core of our comparative analysis
in the following section.

For reference, we also included the mean IoU and Dice scores between the in-
dividual annotators and the STAPLE masks. Although these scores are inherently
biased upward—since the STAPLE masks were generated from the annotators’ in-
puts, they still offer useful insight into how closely the models approach human-level
consensus.

3https://zenodo.org/records/15238773
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Zone Annot IoU Unet IoU SegF IoU Annot F1 Unet F1 SegF F1
01 0.55 0.27 0.19 0.70 0.42 0.31
02 0.46 0.32 0.54 0.60 0.49 0.70
03 0.45 0.18 0.26 0.59 0.31 0.42
04 0.52 0.20 0.27 0.67 0.33 0.42
05 0.37 0.15 0.28 0.52 0.27 0.44
06 0.52 0.03 0.10 0.67 0.05 0.19
07 0.54 0.17 0.34 0.69 0.28 0.50
08 0.59 0.27 0.32 0.73 0.43 0.48
09 0.39 0.11 0.45 0.52 0.20 0.62
10 0.49 0.31 0.58 0.63 0.47 0.73
11 0.46 0.40 0.75 0.60 0.57 0.86
12 0.48 0.32 0.45 0.64 0.48 0.62
13 0.43 0.09 0.33 0.59 0.16 0.49
14 0.42 0.14 0.18 0.54 0.25 0.31
15 0.43 0.41 0.43 0.57 0.58 0.61
16 0.55 0.29 0.45 0.70 0.45 0.62
17 0.62 0.13 0.23 0.76 0.23 0.37
18 0.43 0.01 0.07 0.57 0.02 0.12
19 0.67 0.32 0.50 0.78 0.49 0.67
20 0.42 0.01 0.02 0.57 0.01 0.04

Mean 0.49 0.21 0.34 0.63 0.32 0.48
Std 0.08 0.12 0.18 0.08 0.18 0.21

❀ Table F.1 : Model Performance (IoU and F1 score) for each zone.

F.6 Discussion on the results
It is important to note that the purpose of this section is not to compare the two
trained models directly. Their different architectures imply different usage scenarios,
and a technical comparison between convolutional models and transformer-based
models is best carried out by machine learning specialists. Additionally, we trained
the U-Net from scratch, while the Segformer was fine-tuned from a pretrained model.
This makes any direct comparison between their performance somewhat imbalanced.
Nevertheless, we can highlight the respective strengths and limitations of each model
in the context of our specific task: segmenting AHAPs in map images.

As this section contains frequent references to Appendix G, we recommend that
readers of the printed version bookmark the relevant appendix section, and that
digital readers consider opening the document in two windows or tabs to easily
switch between the discussion and the appendix.
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F.6.0.1 General observations

First, we can observe both looking at Table F.1 and to the prediction in the appendix
that the two models successfully learned meaningful patterns from the training data.
Although the average scores of the U-Net remain relatively low, they are still signif-
icantly above random predictions.

Looking at the heatmaps, Segformer’s predictions tend to closely resemble the
STAPLE masks, apart from some missing elements such as (white) roads in Zones
1, 4, 7, 8, 16, and 18, or railways in Zones 17 and 20. In some cases, Segformer
predicted elements that did not achieve strong consensus among annotators, such
as the green area at the bottom left of Zone 2 or the transition between two green
tones in Zone 10. However, inspecting individual annotations reveals that 3 and 2
annotators, respectively, marked these areas similarly, showing that the model aligns
with a subset of annotators’ intuitions.

Overall, the Segformer model consistently outperforms the U-Net across all zones,
with the exception of Zone 1, where the U-Net achieved better results. In this zone,
Segformer particularly underperformed, especially in detecting the river and major
roads (see Figure F.8 and Appendix 28). However, it is difficult to identify a clear
explanation for this, as the cartographic features in Zone 1 are quite similar to those
in other zones where Segformer performed well.

In general, the U-Net’s results were rather mixed, while some of the Segformer
predictions were particularly promising (see Figure F.9). The fact that Segformer
processes entire map views without the need for tiling seems to have had a significant
positive impact on its performance.

❀ Figure F.8 : Base image of Zone 1 (top left), binary STAPLE (top right), U-Net
prediction (bottom left), Segformer prediction (bottom right).
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❀ Figure F.9 : From top to bottom and left to right: Base image, binary STAPLE and Segformer predictions on zones 2, 11 and 10,
where predictions seemed satisfying.
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F.6.0.2 Inter-Annotator Agreement and Model Struggles

Both models show weaker performance in zones that are highly zoomed-in and cen-
tered on urban areas (such as Zones 6, 18, and 20), which also correspond to areas
of low inter-annotator agreement. Similarly, Zone 5, which is not urban, also led to
poor predictions from both models and low annotator agreement, as it is visible in
the non-binarized STAPLE mask shown in Figure 32 of the Appendix. At this stage,
it remains unclear whether the models struggle because these zones lack clearly de-
fined AHAPs, or because such environments were under-represented in the training
set.

F.6.0.3 The problem of highlighting surfaces versus boundaries

As discussed in Section E.3.2, there are nuances in how annotators highlight bound-
aries versus surfaces. For instance, U-Net introduces a hole in the lake in Zone 14,
possibly due to its limited tile view which may have caused it to focus on contours
rather than surfaces. Segformer, with access to the entire image, does not make the
same mistake.

Moreover, Segformer’s lower performance in Zone 14 may result from the STA-
PLE mask emphasizing the entire forest on the left side, which may not reflect
a consistent annotation practice, given the guidelines provided. Segformer instead
highlighted the forest’s edges, suggesting a more boundary-based interpretation. This
raises the recurring issue of how users transition their attention from a landmark as
a whole to its boundaries, or vice versa. This transition remains critical for the
automatic detection of AHAPs.

F.6.0.4 Sensitivity to clusters of nearby anchors

In the Segformer predictions, AHAPs tend to emerge when multiple anchoring ele-
ments are located in close proximity. This behavior is visible in several zones. In
Zone 5, the combination of a river, roadside, and nearby villages stands out, while
more isolated roads are ignored. In Zone 9, dense urban features contribute to strong
predictions in the Toulouse city center. Similarly, in Zone 11, urban areas near river
meanders are well detected. These examples suggest that spatial interactions be-
tween nearby elements may play a role in guiding the model’s attention.

F.6.0.5 Visual analysis by anchor category

• Water-related features (rivers, lakes) are consistently well detected. The models
appear to differentiate between features to be fully annotated (e.g., rivers,
lakes) and coastlines, where only boundaries are highlighted. This aligns with
human annotations.

• Parks and forests (green areas) are well detected by Segformer, which tends to
segment them along their boundaries when they are large, rather than in full.
In comparison, the U-Net does not appear to have learned to detect them at
all.

• Roads are more hit-or-miss. Roads in yellow are frequently detected, while
white roads are less consistently segmented or missed altogether (i.e. Zone
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7 and zone 8), potentially due to under-representation in training. Interest-
ingly, Segformer sometimes emphasizes certain segments and ignores others.
This suggests the model may have learned a form of context-sensitive filtering,
raising a promising question for future research: what implicit rules determine
whether a road segment is anchor-worthy?

• Urban areas are generally detected when they are prominent and isolated. In
Zone 2, two villages (center and south-east) are somewhat ignored by Seg-
former, while a similarly sized area in Zone 5 stands out. This suggests that
the perceived salience of a village as an anchor may depend more on relative
isolation or dominance in the surrounding space than on size alone.

• Map toponyms are harder to evaluate. Salient toponyms often appear in zones
that also contain other anchoring elements, making it difficult to isolate their
effect. More targeted testing will be necessary to better understand how the
models treat textual map elements.

F.6.0.6 Note on the nature of segmentation and evaluation metrics

It’s important to note that evaluation metrics such as IoU and F1 score compare
predicted and reference areas as binary masks, focusing on surface overlap. In prac-
tice, however, it is not always necessary to segment the full surface of a landmark
to identify it. For instance, in Zone 1, even though Segformer only segments a part
of the diagonal river, this is sufficient for a human observer—or a downstream data
matching algorithm—to recognize it as a landmark. This nuance opens the door to
future segmentation or matching strategies that tolerate partial coverage or integrat-
ing post-processing steps that support more flexible matching.

F.6.0.7 Final thoughts

While results show that the models still need refinement, and the current evaluation
setup may not fully reveal their strengths and weaknesses, the outcomes remain
encouraging. We observe behaviors that go beyond classic object segmentation and
seem to incorporate contextual understanding of how map elements interact to form
landmarks.

In particular, the Segformer model—capable of processing larger images and
theoretically capturing global relationships—appears to have the potential for more
advanced tasks such as data matching and landmark detection.

F.7 Ideas for further experiments with
AHAPs

Our experiments stop here for the purpose of this thesis, but several directions could
be explored in future work.

One direction would be to test the ability of our models to highlight a salient
landmark that they have never encountered during training. This type of situation
is critical because many geographic areas are unique, and certain map symbols may
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be rare or entirely absent from even a well-populated training set. To simulate such
cases, we could manually insert artificial elements (e.g., a road or a symbol) into
existing map images and observe whether the model can correctly detect them as
potential anchors.

Another valuable test would be to assess whether a model can evaluate the
anchoring potential (a notion defined as anchor intensity in Gruget, Touya, and
Muehlenhaus 2024) of the same element depending on its context. For example, we
would expect an isolated building or a road segment that is part of a ring road to be
more likely to serve as a landmark. Ideally, ring roads should be detected as AHAPs
more than other roads, although this seems currently unlikely given the results of
our models.

These two capabilities — generalization to unseen salient features and sensitivity
to contextual salience — are typical of saliency detection models. It would be inter-
esting to evaluate how such models perform on our evaluation dataset. A promising
path could be to fine-tune an existing saliency detection model rather than relying
on a model pre-trained for generic object segmentation in photographs, as we did in
this work.

Another idea would be to incorporate the concept of geometrical regularity into
our pipeline in order to obtain smoother segmentation masks. This could be achieved
either directly in the model architecture, as suggested in Ravishankar, Venkatara-
mani, Thiruvenkadam, Sudhakar, and Vaidya 2017, or through post-processing ap-
plied to the predicted masks.

Finally, one of our initial ideas was to distinguish between different types of
anchors. We abandoned this path for the scope of this thesis as it would require
building a much larger and more precisely annotated training dataset, but doing
so could allow models to learn the specific interactions between different categories
of anchors and even detect overlapping anchors of different natures. This could be
approached using a multi-output regression model, with input images composed of
multiple layers, one for each anchor type.

F.8 Limitations
F.8.0.1 Data availability

As a first limitation, training models such as ours requires data that does not cur-
rently exist and must be manually produced. This process is time-consuming, ex-
pensive, and introduces subjective variability. Even once trained, it remains difficult
to predict whether these models will perform well when applied to different territo-
ries or map types. The adaptability of models like ours must thus be verified before
getting part of a production process.

F.8.0.2 Task-relevance

Another limitation of all our experimental setups in this thesis is that participants
were not asked to perform typical map use tasks such as route following, distance
estimation, or area comparison. Research shows that the nature of a task influences
both attention patterns and brain activity (Qin, Fias, Van de Weghe, and Huang
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2024). Although we assume that ring roads and major landmarks would be perceived
as such regardless of task, this assumption may not hold true for all anchors. Task-
specific perception may affect what is noticed, how it is encoded, and ultimately,
how anchors are interpreted.

F.8.0.3 Lack of multi-scale and contextual reasoning

Now if we take a step back, a major limitation of our work is the absence of a multi-
scale component in our anchor detection models. AHAPs are inherently multi-scale:
a feature may only become a cognitive anchor when viewed at a specific zoom level
or in relation to other nearby features. By using single-scale models, we restrict the
scope of our conclusions and reduce the reliability of our predictions across varying
map scales.

To capture this multi-scale nature, it would be necessary to integrate information
from multiple zoom levels, potentially by representing each scale in a separate input
channel or designing architectures capable of learning hierarchical representations.
This would also help the model learn not just individual anchor features but their
spatial and semantic relationships across scales.

Such relational reasoning is already central to other domains like safety and
surveillance, where the context of a detected object, rather than the object alone,
defines its importance. For instance, identifying a knife in an image does not nec-
essarily signal danger unless it appears in proximity to a person or in a threatening
configuration (Jang, Battulga, and Nasridinov 2020). This parallel is highly relevant
to cartographic salience: a landmark is rarely defined in isolation but becomes salient
within a specific spatial configuration.

Interestingly, some threat detection systems in video analysis leverage temporal
context, using sequences of frames to detect emerging risks. A similar paradigm
could be applied to cartography by replacing time with zoom level. Comparing
map representations of the same region at different levels of generalization could
help identify discontinuities or transitions in anchoring potential. This suggests that
future models designed to detect AHAPs should integrate both multi-scale data and
spatial-semantic context to better reflect the cognitive nature of map reading.

F.8.0.4 Environmental and computational costs

Finally, the environmental impact of training deep learning models cannot be ignored.
Although our experiments were relatively lightweight, scaling up to large-scale auto-
matic anchor detection would require significant computational resources and energy
consumption. This raises ethical concerns in the context of climate change and biodi-
versity loss. Any large deployment of such models should first undergo a cost-benefit
analysis that includes environmental considerations.

F.9 Conclusion of the chapter
In this chapter, we trained two deep learning models to segment Areas of High
Anchoring Potential (AHAPs) in map images and presented their results using the
evaluation dataset introduced in Chapter E. Visual examples of the predictions can
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be found in Appendix G, while quantitative results are reported in Table F.1.
The U-Net model, trained from scratch and limited to 512×512 image tiles,

produced modest results. In contrast, the Segformer-based model delivered more
promising outcomes—particularly from a visual analysis perspective—and achieved
reasonable quantitative scores, especially when considering the relatively low inter-
annotator agreement for this segmentation task.

These results suggest that transformer-based segmentation models, thanks to
their ability to capture broader spatial dependencies and contextual information,
may have potential for powering downstream workflows such as landmark detection
or critical zone identification in cartographic applications.

Building on these insights, several future directions could be explored. These
include leveraging existing saliency detection algorithms, designing post-processing
strategies for probabilistic heatmaps, and investigating ways to distinguish between
different categories of anchors. Such avenues may help refine both the modeling ap-
proach and our understanding of what constitutes an anchor in cartographic imagery.
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Reminder of the context and core ques-
tion
This work is situated within a pragmatic context: the rise of pan-scalar digital maps
and the development of automated generalization techniques. These advances enable
maps to dynamically adapt to different scales, but they also introduce new cognitive
challenges for users, who may become disoriented as visual content changes during
zoom operations. Simultaneously, this work belongs to a broader research land-
scape that brings together cartographic design, human-computer interaction (HCI),
and cognitive science—disciplines that all share an interest in how people perceive,
interpret, and use spatial representations.

The central question of this thesis was:

Can we design pan-scalar map landmarks in a way that influences the forma-
tion of cognitive anchors in users’ mental maps?

To approach this question, it is important to clarify what is meant by pan-scalar
landmarks and cognitive anchors. Pan-scalar landmarks are features that retain their
visual and cognitive salience across multiple levels of zoom, providing continuity in
a map that changes dynamically with scale. Cognitive anchors, on the other hand,
are the mental reference points users rely on to maintain orientation and construct
a coherent spatial understanding of the map. In this thesis, we explore how these
concepts intersect: how certain visual or functional elements—such as ring roads or
remarkable buildings—can act as pan-scalar landmarks, and how their presence or
absence influences users’ mental mapping.

Contributions
The first contribution of our thesis is a state-of-the-art review that brings together
concepts from cartographic design, map generalization, cognitive science, human-
computer interaction, and pattern detection. Rather than offering an exhaustive
review (each of these fields being extensive on its own), the thesis provides a focused
synthesis aimed to provide a useful entry point for researchers or designers interested
in the role of landmarks in pan-scalar map design. It identifies the key ideas and
questions that support future research at the intersection of user cognition and map

191



generalization and highlights the limitations of current approaches, which often favor
visual simplification over cognitive coherence.

From this foundation, the thesis proceeds through a series of targeted explo-
rations, each contributing in its own way to a better understanding of how users
perceive maps, and encouraging reflection on the pattern detection techniques cur-
rently used—or that could be adapted—for this purpose.

❖ Understanding what constitutes a pan-scalar landmark in contempo-
rary maps

In the early stages of the thesis, we conducted exploratory studies to better de-
fine what kinds of features could be considered as pan-scalar landmarks in current
topographic and digital maps. These studies revealed that landmarks are highly
contextual and depend not only on feature type (e.g., roads, buildings, parks) but
also on their visual contrast, functional importance, and spatial configuration. These
findings laid the groundwork for a more flexible and perception-driven definition of
landmarks.

❖ Studying landmark density and cognitive load
Another study focused on the density of landmarks and the cognitive implications of
displaying too many—or too few—landmarks at a given scale. This led to reflections
on the optimal balance between maintaining orientation and avoiding visual clutter.
We observed that not all types of visual cues provide sufficient information for ef-
fective orientation on their own, but that multiple cues, when combined, are often
enough to support users in staying oriented.

❖ Analyzing the evolution of digital map interfaces
We also examined the evolution of digital map interfaces and how their design im-
pacts user behavior. This investigation showed that while modern interfaces offer
flexibility and interactivity, they also introduce challenges by altering the visual con-
sistency of map reading. The ability to zoom and pan freely can result in frequent
loss of landmarks, especially when anchor continuity is not explicitly preserved.

❖ Case study on ring roads as anchors
A dedicated study explored the case of ring roads, whose distinctive geometry and
functional role make them strong candidates for cognitive anchors. Through a
perceptual survey and ontology development, we proposed a structured model of
ringroadness based on various indicators (closure, contrast, centrality, etc.). This
study provided a clear example of how user-based observations can inform formal
detection strategies for specific types of anchors.

❖ Remarkable buildings and multimodal detection
Another experiment focused on the detection of remarkable buildings, combining
attribute-based classification with the use of map images to provide spatial and
contextual information. This served as an early foray into multimodal modelling, in
which tabular and visual data are combined to improve landmark detection. While
our implementation did not successfully improve classification results, the literature
from other fields suggests that such an approach remains promising.
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❖ Proposal and testing of AHAP segmentation models
In the final part of the thesis, we introduced the concept of Areas of High Anchoring
Potential (AHAPs) and proposed a general framework for detecting them using deep
learning. We built a dataset annotated by human experts, implemented evaluation
metrics, and trained two models (U-Net and Segformer). While performance varied
and some limitations emerged, the results demonstrated the feasibility of treating
anchor detection as a segmentation problem—and of learning it from image data
alone.

Lessons learned and discussions
Clearly, the goal of this thesis was not to achieve state-of-the-art performance in
terms of modeling results. Rather, the aim was to open new research avenues and
conduct initial, modest experiments to assess whether it is possible to encode ge-
ographic information in ways that reflect human perception, and to explore how
machine learning might support cognitively-informed cartographic design. Several
important insights emerged from our studies and experiments, which are worth high-
lighting here.

❖ (Pan-scalar) landmarks are rarely isolated features
Their perceived anchoring power often depends on how they relate to their surround-
ing elements, their contrast with the background, or their role in the larger spatial
organization of the map. This was particularly evident in the ring road study, where
roads gained or lost salience depending on their relation to a central urban area or to
reinforcing features like rivers and railways. This supports a more Gestalt-informed
view of landmark perception, where proximity, continuity, and closure shape the
user’s mental map. Although this characteristic of landmarks has been discussed
extensively in the literature, it was particularly striking to observe its persistence
across all of our experiments.

❖ (Pan-scalar) landmarks are often fuzzy rather than crisp
They may lack well-defined boundaries (as with city centers or large parks), or be
perceived as a whole even when physically disjointed (as with broken ring roads).
This challenges traditional approaches in cartographic modeling and calls for more
flexible definitions that allow for partial, probabilistic, or context-dependent inter-
pretations. This conceptual ambiguity is actually one of the main reasons we chose
to explore the idea of detecting Areas of High Anchoring Potential, which arguably
captures the nuanced nature of anchorness in cartographic imagery.

❖ The anchorness of pan-scalar landmarks depends on their behavior
across scales

Through our investigations, it became clear that some landmarks were losing their
salience when generalized, while others features, not that salient, only became cog-
nitively relevant through their persistence and recognizability across multiple views.
This observation reinforces the notion that pan-scalar landmarks must be under-
stood (or detected) not solely based on their intrinsic properties, but also in terms
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of how they transition between scales. Unfortunately, this aspect could not be fully
explored within the scope of this thesis, but it remains a crucial avenue for future
research.

❖ Machine learning holds potential for modelling cognitive aspects of
mapping

One lesson from this thesis is the difficulty of keeping pace with the rapid evolution
of machine learning. The landscape of available models, architectures, and training
strategies changes constantly, making it challenging to identify stable or definitive
approaches for tasks as complex and nuanced as pan-scalar landmarks detection.
Despite this, the progress in artificial intelligence also offers the ability to learn
from fuzzy, ambiguous, or context-dependent characteristics that are central to how
humans perceive landmarks and construct mental maps. While current models may
not yet fully replicate human cognitive processes, their capacity to approximate
certain aspects of perception and abstraction suggests that AI could play a key role
in cartographic automation.

❖ Machines do not think the way humans do
Although explainable AI is still an emerging field, current research suggests that
strong performance on tasks such as detecting areas of anchoring potential does not
imply that models are learning or reasoning about spatial relations in a cognitively
plausible way. In particular, Biscione and Bowers (2023) shows that Gestalt princi-
ples tend to emerge only in the later layers of deep learning models, if at all. This
contrasts with human cognition, where Gestalt principles like proximity, continu-
ity, and closure are believed to operate from the earliest stages of visual processing.
Such findings highlight a fundamental disconnect between model performance and
human-like reasoning, and they reinforce the need for caution when interpreting
machine-learned patterns as cognitively meaningful.

❖ (Pan-scalar) landmark design is not entirely neutral
While this thesis has focused on cognitive aspects of map design, such as the opti-
mization of user orientation and fluidity across scales, it is important to acknowledge
that maps are also shaped by political, commercial, and institutional agendas. This
is not a novel insight emerging from our work, but rather a well-established under-
standing in critical cartography that we believe is worth reiterating here. Features
that serve navigation and cognitive anchoring may coincide with what is deemed
important by the map provider, but this alignment is not guaranteed, as illustrated
in Figure F.10 where we can see sponsored content obscuring the train station, which
is an important landmark of the eastern part of the city of Lille. As researchers aim-
ing to improve map usability, we must remain aware that landmarks themselves can
carry ideological weight depending on how they are selected and represented. For
example, privileging certain elements such as road networks risks reinforcing existing
transportation norms, instead of supporting alternative or more sustainable design
choices.
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❀ Figure F.10 : Representation of Lille on different maps. From left to right: IGN
Plan, OpenStreetMap, Google Maps.

Future research
Extending the experiments from this thesis

Several threads from this thesis could be pursued further in a direct and incremental
manner:

❖ Modeling ring road characteristics
A direction would be to implement and evaluate the indicators proposed in the on-
tology of ring roads developed in Chapter C. By operationalizing these indicators
in computational models, we could assess their capacity to support ring road detec-
tion at scale. This would help validate the ontology and provide practical tools for
integration into cartographic pipelines.

❖ Expanding multimodal approaches to remarkable building detection
Our initial experiment combining attribute data with map images could be extended
using alternative visual inputs such as satellite imagery or street-level photographs.
These image sources could offer richer contextual cues to help distinguishing remark-
able buildings.

❖ Differentiating types of AHAPs
With a larger and more diverse annotated dataset, it would become possible to train
models on different types of AHAPs. It would open the door to investigating whether
different AHAP types interact to form composite anchors—configurations in which
visual or functional complementarities reinforce the overall anchoring effect. Coupled
with annotator interviews, this could lead to a more fine-grained understanding of
anchoring potential across map elements.

New perspectives on pan-scalar landmark design

Other research paths we identified throughout our journey include:
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❖ Textual data and knowledge extraction
While this thesis has focused on vector data and image data, a significant portion
of geographic information in today’s world exists in textual form. An increasing
number of studies explore how geographic entities and spatial relationships can be
extracted from unstructured or semi-structured text, sometimes assisted by large
language models (LLMs) (Medad, Gaio, Moncla, Mustiere, and Nir 2020; Hu and
Adams 2021). These efforts could lead to the identification of strong landmarks that
could be enhanced as pan-scalar landmarks.

❖ Large multimodal models and map image understanding
Recent breakthroughs in large multimodal models show immense promise for geo-
graphic analysis. As of late 2023, LLMs such as GPT-4V were beginning to interpret
map images, identifying key elements from legends and recognizing structures directly
on the map (Xu and Tao 2024). At the time, their performance relied heavily on
carefully crafted prompts and remained limited in tasks involving precise spatial rea-
soning or quantitative analysis. However, only a year later, these models appear to
have made substantial progress. Their ability to describe and interpret even complex
pan-scalar map images has improved significantly, raising the question of whether
such models could assist cartographers in detecting pan-scalar anchors or identifying
breaks in continuity across zoom levels. These capabilities could maybe one day sup-
port the semi-automated design of cognitively coherent multi-scale maps, especially
in large or poorly documented areas.

❖ Last but not least: ethical and environmental considerations
The technological possibilities mentioned above must be weighed against their costs
as the environmental impact of training and deploying large-scale models is increas-
ingly a concern. While much of the excitement around AI focuses on performance
and capabilities, comparatively little attention has been given (until recently) to
the sustainability and ethics of applying such models in various domains, includ-
ing cartography (Schwartz, Dodge, Smith, and Etzioni 2020). If multimodal models
are to be used in cartography, their deployment should be preceded by an assess-
ment of their ethical, social, and ecological implications. How much automation is
truly necessary or beneficial? Are large models justifiable for tasks that could be
addressed through more lightweight approaches or human–AI collaboration? What
values—social, ecological, epistemological—are embedded in the systems we choose
to develop and deploy? These question open an important research direction that
bridges technical innovation with responsible design, and calls for interdisciplinary
collaboration between AI researchers, cartographers, ethicists, and environmental
scientists.
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Glossary

Accuracy p.126

Anchor point p.38

AHAP p.151

Cartographic communication p.61

Cartographic generalisation p.57

Cartographic language p.61

Clutter p.75

Cognitive map p.37

Critical zones p.155

Cross-validation p.128

Desert fog p.49

Disorientation p.37

(Data) enrichment p.64

Ensemble learning p.123

Fuzzy map navigation task p.82

Landmark p.40

Mental map p.37

Multimodal learning p.123

Ontology p.111

(Generalisation) operator p.57

Pan-scalar map p.42

Pattern p.62

Precise map navigation task p.82

Recall p.126

Remarkable building p.124

Ringroadness p.108

Saliency p.38

(Image) segmentation p.171

Static phase p.89

Structure p.62

Transformer p.173

Transition phase p.89

U-net p.172

View p.49

Visual saliency p.154
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Appendices

A Ring road survey part 1
We present here the maps used in the first part of the survey on ring roads described
in Section C.2, with their associated results:

• In red: "I can’t see any ring road"

• In grey: "I think I distinguish a ring road"

• In blue: "I can clearly see at least one ring road".
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B Ring road survey part 2
We present here the maps used in the second part of the survey on ring roads de-
scribed in Section C.2, with their associated results. Every participant rated the
pointed road from 0 to 5. We display the average rate and the standard deviation
bellow each map.
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C Ring road survey part 3
We present here the maps used in the third part of the survey on ring roads
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D Metrics monitored during MLP model
training

❀ Figure 11 : Loss evolution over epochs for the MLP model on the training and
validation sets.
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❀ Figure 12 : Accuracy values over epochs for the MLP model on the training and
validation sets.
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❀ Figure 13 : Precision values over epochs for the MLP model on the training and
validation sets.
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❀ Figure 14 : Recall values over epochs for the MLP model on the training and
validation sets.
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❀ Figure 15 : F1-score values over epochs for the MLP model on the training and
validation sets.
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❀ Figure 16 : AUC values over epochs for the MLP model on the training and
validation sets.
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E Metrics monitored during CNN model
training

❀ Figure 17 : Loss evolution over epochs for the CNN model on the training and
validation sets.

236



❀ Figure 18 : Accuracy values over epochs for the CNN model on the training and
validation sets.
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❀ Figure 19 : Precision values over epochs for the CNN model on the training and
validation sets.
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❀ Figure 20 : Recall values over epochs for the CNN model on the training and
validation sets.
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❀ Figure 21 : F1-score values over epochs for the CNN model on the training and
validation sets.
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F Multimodal model summary and mon-
itored metrics

❀ Figure 22 : The different layers of our multimodal model, implemented with
Tensorflow.
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❀ Figure 23 : Loss evolution over epochs for the multimodal model on the training
and validation sets.
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❀ Figure 24 : Accuracy values over epochs for the multimodal model on the training
and validation sets.
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❀ Figure 25 : Precision values over epochs for the Multimodal model on the training
and validation sets.
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❀ Figure 26 : Recall values over epochs for the multimodal model on the training
and validation sets.
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❀ Figure 27 : F1-score values over epochs for the multimodal model on the training
and validation sets.
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G AHAP segmentation evaluation
In this section of the appendix can be found all 20 zones of the evaluation dataset
we propose in Chapter E. Next to each map image, there is:

• a STAPLE mask based on participant annotations (top right).

• a prediction from the U-Net model we trained (bottom left).

• a prediction from the Segformer model we finetuned (bottom right).

❀ Figure 28 : zone 1

❀ Figure 29 : zone 2
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❀ Figure 30 : zone 3

❀ Figure 31 : zone 4
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❀ Figure 32 : zone 5

❀ Figure 33 : zone 6
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❀ Figure 34 : zone 7

❀ Figure 35 : zone 8
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❀ Figure 36 : zone 9

❀ Figure 37 : zone 10

251



Appendices

❀ Figure 38 : zone 11

❀ Figure 39 : zone 12
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❀ Figure 40 : zone 13

❀ Figure 41 : zone 14
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❀ Figure 42 : zone 15

❀ Figure 43 : zone 16
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❀ Figure 44 : zone 17

❀ Figure 45 : zone 18
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❀ Figure 46 : zone 19

❀ Figure 47 : zone 20
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Résumé substantiel : Exploration du potentiel de la
détection de points de repère pour limiter la
désorientation dans les cartes pan-scalaires

Contexte

Cette thèse s’intéresse à la conception des cartes pan-scalaires, c’est-à-dire des cartes
digitiales interactives et zoomables, à l’image de Google Maps. Ces cartes sont au-
jourd’hui omniprésentes et utilisées quotidiennement par des milliards de personnes,
pourtant elles demeurent relativement nouvelles dans la grande histoire de la car-
tographie, ce qui laisse à penser qu’elle peuvent encore faire l’objet d’amélioration.
Bien que les concepteurs de cartes puissent s’appuyer sur certaines bonnes pratiques
issues de la cartographie papier, la conception d’une carte pan-scalaire (digitale,
donc) soulève des défis spécifiques. Elle mobilise des savoirs issus de la cartographie
classique, de l’ergonomie des interfaces et des sciences cognitives. Intégrer l’ensemble
de ces disciplines pour créer une carte efficace et cohérente est une tâche complexe,
et il n’est pas rare d’observer des défauts de conception.

L’un des phénomènes engendré par ces défauts nous intéresse particulièrement :
le phénomène de désorientation que les utilisateurs peuvent ressentir lors d’un chan-
gement d’échelle, notamment lorsque la représentation des données change brusque-
ment lors de la transition d’une échelle à une autre.

Le projet Lost In Zoom (LiZ), auquel cette thèse contribue, propose d’explorer des
pistes pour atténuer ce phénomène de désorientation (Touya 2020b). En s’appuyant
sur la théorie des points d’ancrage cognitifs, nous faisons l’hypothèse que certains
éléments cartographiques, visibles et reconnaissables à plusieurs niveaux de zoom,
peuvent aider les utilisateurs à se repérer et s’orienter lorsqu’ils naviguent dans une
carte en fournissant une continuité spatiale. Nous appelons ces éléments saillants
"points de repère pan-scalaires" (pan-scalar landmarks) et ils sont au centre de ce
travail de thèse.

Objectifs et approche

Les objectifs de cette thèse sont d’enquêter sur ce qui fait que certains éléments
dans les cartes constituent des points de repère tandis que d’autres non, d’identifier
ces éléments dans les cartes actuelles, et de réfléchir à comment nous pourrions
transformer certains éléments pour qu’ils deviennent des points de repères. Nous
pensons que ces informations et réflections pourraient aider les cartographes dans
leurs choix de généralisation et de hiérarchisation visuelle des éléments de la carte,
ou être intégrées dans des algorithmes de généralisation automatique.

Pour répondre à ces objectifs, nous combinons deux approches. D’une part nous
proposons des expériences avec des utilisateurs pour mieux comprendre comment ils
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percoivent les cartes, et d’autre part nous entrainons des modèles d’apprentissage
supervisée à detecter differents types de points de repères.

Plutôt que de viser des performances de pointe en modélisation, ce travail propose
d’ouvrir de nouvelles pistes de recherche et d’évaluer la faisabilité d’une cartographie
informée par la perception qui inclurait des informations sur la saillance cognitive des
objets cartographiques, tout en explorant le rôle que l’intelligence artificielle pourrait
y jouer.

Structure de la thèse et contributions

Revue de la littérature (chapitre A)

La première contribution de cette thèse est un état de l’art qui articule des notions
issues du design cartographique, de la généralisation cartographique, des sciences
cognitives, de l’interaction homme-machine et de la reconnaissance des formes (au
sens large). Cette synthèse vise à offrir un point d’entrée pour les chercheurs et
concepteurs intéressés par le rôle des points de repère dans la conception de cartes
pan-scalaires en mettant en lumière les concepts clés et les questions centrales, tout
en soulignant les limites des approches actuelles en terme de généralisation cartogra-
phique, qui privilégient souvent la simplification visuelle au détriment de la cohérence
cognitive. Partant de cette base théorique, la thèse se poursuit ensuite par une série
d’explorations plus ciblées.

Expérimentations préliminaires (chapitre B)

Nous avons commencé par une exploration systématique de Google Maps, d’OpenS-
treetMap (OSM) et du plan IGN, en naviguant à différentes échelles à travers des
lieux urbains, semi-urbains et ruraux répartis dans le monde entier. À chaque niveau
de zoom, nous avons identifié les principaux types de points de repère pan-scalaires
pouvant aider à l’orientation et les avons classé dans un tableau. Cette étude nous a
permis d’observer une certaine similarité entre les cartes : les réseaux de transport,
les plans d’eau, les zones urbaines, les toponymes ainsi que certains espaces naturels
incarnent les points de repère importants de chacune d’entre elles.

Nous nous sommes ensuite interrogés sur le nombre optimal de points de repère
et d’indices visuels à faire apparaître dans une carte pan-scalaire. Nous avons pour
cela proposé une expérience de pensée pour réfléchir au minimum d’éléments visuels
nécessaires pour que l’utilisateur perçoive les changements d’échelle. Il en ressort
qu’un seul élément est souvent insuffisant, mais qu’un deuxième suffit généralement
à en compléter la lecture. concernant le nombre maximum de points de repère, la
littérature montre que ces derniers se font concurrence pour capter l’attention de
l’utilisateur, et que le nombre de points de repère mémorisable est limité lors de
la navigation. Il reste cependant à adapter ces conclusions au cas des cartes pan-
scalaires.

Dans notre dernière étude préliminaire, nous avons retracé l’évolution des inter-
actions disponibles dans les cartes pan-scalaires depuis 2005. Nous avons noté une
convergence vers des interactions uniformisées entre ordinateur et téléphone, telles
que le glisser-déposer ou le zoom centré via la molette de la souris ou le pincement
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sur écran tactile. Nous avons aussi identifié un schéma récurrent d’usage de la carte,
alternant entre des phases de transition et des phases statiques, que nous avons for-
malisé sous forme d’un modèle dans l’espoir qu’il serve à améliorer les interfaces et
interactions futures.

Étude sur la perception des tours de villes (chapitre C)

Dans la seconde partie de notre thèse, nous avons commencé par explorer la per-
ception des routes périphériques (ou "rocades" ou "tours de villes", "ring roads" en
anglais) dans les cartes topographiques. Leur géométrie distinctive, associée à leur
fonction dans la connectivité urbaine, en fait des candidates naturelles pour servir de
points de repère. Pour les exploiter dans les cartes pan-scalaires, il est cependant né-
cessaire de pouvoir les détecter automatiquement et d’enregistrer cette information
dans des bases de données.

Bien que des techniques existent pour identifier les routes circulaires, le concept
plus flou de tour de ville reste peu étudié, bien qu’il présente selon nous un fort
potentiel d’ancrage cognitif. Pour combler cette lacune, nous avons mené une enquête
de perception auprès de 28 participants. Celle-ci a montré que la perception des
tours de villes dépend de multiples facteurs contextuels et qu’elle peut être renforcée
ou affaiblie par la présence d’autres entités. Malgré cette complexité, nous avons pu
établir une liste de propriétés caractéristiques des tours de villes, avec des indicateurs
mesurables issus de la littérature pour chacune. Ces résultats ont été synthétisés sous
forme d’une ontologie conceptuelle, posant les bases d’un cadre structuré pour les
recherches futures.

Cette étude offre un exemple de la manière dont les observations issues des uti-
lisateurs peuvent inspirer des stratégies formelles de détection de points de repère
spécifiques. La suite logique dans notre cas serait de traduire l’ontologie proposée
en un algorithme permettant de calculer automatiquement le "degré de rocadité"
(ringroadness) d’un ensemble de routes.

Détection de bâtiments remarquables par apprentissage multimodal (cha-
pitre D)

Dans ce chapitre, nous présentons un projet mené en collaboration avec des étudiants
de master portant sur la détection de bâtiments remarquables avec de l’intelligence
artificielle. Notre idée était d’utiliser des images de carte centrées sur chaque bâti-
ment en complément des données tabulaires pour l’entrainement de nos modeles afin
d’améliorer leur performance.

Nous avons commencé par produire manuellement un jeu de données d’environ un
millier de batiments remarquables centrés sur la ville de Nantes, qui a été mis en ligne
en libre accès. Ensuite, nous avons entrainé un modèle Random Forest et un MLP
sur le jeu de données tabulaire uniquement afin d’avoir une base de comparaison.
Ensuite nous avons entrainé un réseau de neurones convolutif (CNN) sur les images
de cartes centrées sur chaque bâtiment de notre base de données. Enfin, ces deux
modalités ont été combinées dans une architecture multimodale simple, afin d’évaluer
si l’ajout d’un contexte spatial issu des cartes permettait d’améliorer les performances
de classification des modèles uniquement basés sur les informations tabulaires.

Les résultats se sont révélés mitigés. En moyenne, le modèle multimodal a ob-
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tenu de moins bons résultats que le Random Forest, malgré un accès à des informa-
tions visuelles supplémentaires. Toutefois, certaines zones de validation ont montré
de meilleures performances pour le modèle multimodal. Cette observation, couplée
aux travaux issus d’autres domaines, suggère malgré tout que cette approche pour-
rait quand même être prometteuse dans certains contextes spécifiques qu’il reste à
distinguer.

Segmentation des zones à fort potentiel d’ancrage (chapitres E et F)

Dans la dernière partie du manuscrit, nous introduisons le concept de zones à fort
potentiel d’ancrage (AHAP - Areas of High Anchoring Potential) : des régions d’une
carte pan-scalaire susceptibles de contenir un ou plusieurs points de repère, et qui
peuvent servir de références cognitives lors de la navigation à travers l’espace ou les
niveaux de zoom. Nous pensons que réussir à détecter ces régions dans les images de
cartes pourrait non seulement faciliter la détection des points de repère en base de
données, mais également fournir une clé d’analyse supplémentaire pour comprendre
la manière dont les utilisateurs perçoivent et mémorisent les cartes.

Pour tenter de détecter les AHAPs, la première étape de ce projet a été de consti-
tuer un jeu de données d’entrainement grâce à un outil d’annotation en ligne déve-
loppé spécifiquement pour le projet LostInZoom. Environ 200 images de cartes ont
été annotées puis découpées en tuiles afin d’entrainer nos modèles de segmentation.

Pour évaluer la performance de nos modèle et évaluer le consensus entre différents
annotateurs, nous avons constitué un corpus de 20 cartes couvrant divers lieux et
échelles en France. Chacune a été annotée par 15 participants invités à surligner
les AHAPs qu’ils percevaient. Nous avons ensuite utilisé la méthode STAPLE pour
agréger les annotations et produire un consensus pour chaque image, tout en calculant
des métriques pour quantifier l’accord inter-participants.

Nous avons ensuite entrainé deux modèles de segmentation. Le premier, basé sur
l’architecture U-Net, a obtenu des résultats modestes. Le second, un modèle basé
sur l’architecture Segformer combinant transformeurs et mécanismes d’attention, a
montré des performances plus prometteuses, à la fois visuellement et quantitative-
ment — en particulier si l’on considère la difficulté de la tâche et l’accord partiel
entre annotateurs.

Ces résultats suggèrent que les modèles à base de transformeurs, grâce à leur
capacité à capturer des dépendances spatiales étendues, pourraient être pertinents
pour des applications comme la détection de points de repères ou l’identification de
zones critiques en cartographie.

Conclusions

Certains enseignements ont particulièrement émergé de nos études et expérimenta-
tions, et méritent d’être soulignés ici.

Concernant la nature des points de repères pan-scalaires, nous constatons d’abord
qu’ils ne sont que rarement perçus comme des entités isolées. Leur potentiel d’an-
crage cognitif dépend souvent de leur relation avec les éléments environnant, de leur
contraste visuel avec l’arrière-plan ou de leur rôle dans l’organisation spatiale globale
de la carte. Cela a été particulièrement visible dans l’étude sur les tours de villes,
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où certaines routes gagnaient ou perdaient en saillance selon qu’ils entouraient ou
non un centre urbain ou si ils étaient accompagnés d’éléments renforçants comme les
rivières ou les voies ferrées. Cette observation renforce une lecture "gestaltiste" de
la perception cartographique, où des principes comme la proximité, la continuité ou
la clôture structurent les cartes mentales des utilisateurs. Par ailleurs, on constate
que certains points de repère pan-scalaires comme les "centres-villes" n’ont pas de
délimitations claires. Cette ambiguïté appelle des définitions plus souples et contex-
tuelles pour ce type d’éléments cartographiques. Enfin, nous noterons que la saillance
des points de repère évolue selon les échelles : certains éléments perdent en visibilité
lorsqu’ils sont généralisés, tandis que d’autres deviennent cognitivement pertinents
précisément grâce à leur reconnaissabilité à travers différents niveaux de zoom. La
compréhension des points d’ancrage cognitifs nécessite donc une approche multi-
échelle.

Concernant l’apprentissage automatique, il semble offrir des perspectives intéres-
santes pour modéliser les caractéristiques complexes et parfois ambiguës de la per-
ception cartographique. Les modèles récents montrent qu’il est possible d’apprendre
à partir de données approximatives ou dépendantes d’un contexte cartographique, ce
qui rejoint la manière dont les humains perçoivent les cartes. Cela dit, les machines
ne pensent pas comme les humains, et une bonne performance dans la détection de
points de repère ne signifie pas nécessairement que les modèles traitent les relations
spatiales comme un cerveau humain le ferait. Ce décalage invite à la prudence dans
l’interprétation cognitive des résultats des modèles.

Enfin, bien que cette thèse se concentre sur l’optimisation de l’orientation des
utilisateurs, nous tenons à rappeler que le design des points de repère n’est pas
uniquement une question d’ergonomie et de cognition : il est aussi influencé par des
logiques politiques, commerciales ou institutionnelles et les éléments mis en valeur
sur une carte reflètent souvent les priorités de ceux qui la produisent, parfois au
détriment de la lisibilité.

Perspectives de recherches futures

Cette thèse ouvre plusieurs pistes de recherche dans la continuité directe des expé-
riences menées, et pose les bases pour l’exploration de nouveaux axes prometteurs.

L’ontologie des tours de villes, élaborée dans le chapitre C, constitue une base
solide pour une modélisation plus systématique de ces structures. La mise en œuvre
informatique des indicateurs proposés permettrait de tester leur capacité à détecter
automatiquement les tours de villes à l’échelle nationale ou continentale, validant
ainsi leur pertinence tout en fournissant des outils concrets pour l’intégration dans
les chaînes de production cartographiques.

Dans un autre registre, les premières expériences en apprentissage multimodal
pour la détection de bâtiments remarquables pourraient être enrichies par l’intro-
duction de données visuelles plus variées, telles que les images satellites ou les pho-
tographies de rue. Ces sources offriraient un contexte visuel plus riche et pourraient
contribuer à une meilleure distinction entre bâtiments ordinaires et remarquables.

De leur côté, les travaux sur les zones à fort potentiel d’ancrage (AHAPs) pour-
raient évoluer vers une classification plus fine : en élargissant et diversifiant les don-
nées d’annotation, il deviendrait envisageable d’entraîner des modèles capables de
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reconnaître différentes catégories d’AHAPs. Cela ouvrirait la voie à l’analyse d’ancres
composites, dans lesquels plusieurs éléments cartographiques se renforcent mutuelle-
ment pour devenir des points de repère.

Au-delà de ces prolongements directs de la thèse, d’autres perspectives existent
pour détecter les points de repères potentiels dans les cartes. L’exploitation de don-
nées textuelles, par exemple, représente un champ de recherche en pleine expansion.
Une part croissante de l’information géographique est aujourd’hui véhiculée par le
texte, notamment sur les réseaux sociaux. L’extraction de lieux ou de relations spa-
tiales à partir de ces textes non structurés, parfois avec l’appui des grands modèles de
langues (LLMs), pourrait dans le future être intégré dans les processus de construc-
tion des cartes pan-scalaires.

Par ailleurs, les progrès récents des grands modèles multimodaux comme ChatGPT
ouvrent des perspectives inédites. Ces modèles commencent à reconnaître des élé-
ments cartographiques complexes directement dans les images de cartes, et leur
performance progresse rapidement. À moyen terme, ils pourraient assister les car-
tographes dans l’identification de points de repère potentiels ou dans la détection
de ruptures de continuité visuelle entre les niveaux de zoom, facilitant la conception
semi-automatisée de cartes cohérentes à travers les échelles.

Cependant, ces perspectives technologiques ne doivent pas faire oublier les enjeux
éthiques et environnementaux associés. Le coût énergétique du développement et du
déploiement des modèles d’intelligence artificielle à grande échelle est désormais un
problème avéré. Si l’enthousiasme pour ces technologies repose souvent sur leur effi-
cacité, il est essentiel de s’interroger sur leur réelle nécessité pour chaque tâche, ainsi
que sur les alternatives moins énergivores envisageables. Une telle réflexion implique
de repenser les choix techniques et appelle à une collaboration interdisciplinaire entre
chercheurs en IA, philosophes analytiques, scientifiques de l’environnement... et car-
tographes évidemment.
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