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Abstract

Sustainability is a concept that has gained significant attention in recent years
due to the growing concerns about the impact of human activities on the environ-
ment. At its core, sustainability is about meeting the needs of the present without
compromising the ability of future generations to meet their own needs. While
the data-driven model has traditionally prioritized the accumulation and avail-
ability of vast datasets in the past, now we need a shift from a data-driven Earth
Observation (EO) to a User-Centric Earth Observation to focus on user’s needs.
This thesis grounds its approach on the pillars of Learning from the Past, Mon-
itoring the Present, and Building the Future. Learning from the Past explores
retrospective analysis through applications like Land Consumption Assessment
and Aboveground Biomass Estimation, integrating Remote Sensing data with
novel deep learning models to generate historical and contemporary maps. These
applications demonstrate the ability to monitor temporal changes in urban expan-
sion and ecological biomass, providing a foundational understanding for future
sustainability measures. Monitoring the Present addresses the need to continu-
ously assess ongoing sustainability initiatives through accessible, shareable, and
usable data. The proposed GeoAI Processing Block embodies this concept by
enabling the serverless execution of AI algorithms on EO Data within a Data
Space ecosystem. The efficacy of this block is showcased through a case study on
monitoring Thermal Comfort for Soft mobility. In Building the Future, the thesis
illustrates two methodologies for user-centric action planning. The first leverages
historical insights to guide future urban interventions, while the second employs
scenario thinking to foresee the effects of urban interventions before their actual
implementation by utilizing Generative Adversarial Networks to generate syn-
thetic multispectral satellite imagery. These methods equip users with the tools
not only to conceptualize but also to shape the future strategically, ensuring that
actions taken today are informed by their long-term implications. This work
contributes to the field by demonstrating a multifaceted approach that combines
the use of Earth observation data and Artificial Intelligence, facilitating a com-
prehensive process that spans from understanding historical patterns to real-time
monitoring and strategic planning for sustainable development.
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Sintesi in lingua italiana

Il concerto di sostenibilità ha acquisito notevole attenzione negli ultimi anni
a causa delle crescenti preoccupazioni riguardo l’impatto delle attività umane
sull’ambiente. La sostenibilità si concentra sul soddisfare i bisogni del pre-
sente senza compromettere i bisogni delle generazioni future. Sebbene in pas-
sato il modello basato sui dati abbia tradizionalmente privilegiato l’accumulo e
la disponibilità di vasti dataset, oggi si rende necessario un cambiamento da un
approccio data-driven a un approccio user-driven che metta al centro l’utente e
le sue necessità. Questa tesi propone un approccio basato sul Imparare dal Pas-
sato, Monitorare il Presente e Costruire il Futuro. Imparare dal Passato esplora
l’analisi retrospettiva attraverso applicazioni come la Valutazione del Consumo
del Suolo e la Stima della Biomassa, utilizzando l’integrazione dei dati di Teler-
ilevamento con algoritmi di Deep Learning per generare mappe sia storiche che
aggiornate. Queste applicazioni dimostrano la capacità di monitorare i cam-
biamenti nell’espansione urbana e nella biomassa terrestre, fornendo una com-
prensione fondamentale per le future misure di sostenibilità. Il Monitoraggio
del Presente affronta la necessità di un monitoraggio continuo attraverso dati
accessibili e condivisibili. E’ introdotto in questa tesi un modulo software che
consente l’esecuzione di algoritmi di Intelligenza Artificiale su dati geospaziali
dell’ecosistema dei Data Space. L’efficacia di questo modulo è dimostrata at-
traverso un caso di studio sul monitoraggio del Comfort Termico per la Mobilità
dolce. In Costruire il Futuro la tesi presenta due metodologie per supportare gli
utenti nella pianificazione di azioni per massimizzare l’impatto sociale futuro e
nella valutazione preventiva di azioni potenziali. Il primo approccio sfrutta le
analisi storiche per guidare gli interventi urbani futuri, mentre il secondo impiega
l’analisi di scenari ipotetici per analizzare e comprendere le implicazioni di varie
azioni prospettiche attraverso l’impiego di immagini satellitari sintetiche gen-
erate con Generative Adversarial Networks. Questo lavoro contribuisce con un
approccio che combina l’uso dei dati di Osservazione della Terra e dell’Intelligenza
Artificiale al monitoraggio in tempo reale e alla pianificazione predittiva per lo
sviluppo sostenibile, facilitando un processo completo che spazia dalla compren-
sione dei modelli storici.

Parole chiave: Sostenibilità, AI, Osservazione della Terra
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Chapter 1
Introduction

Life is divided into three terms - that
which was, which is, and which will
be. Let us learn from the past to
profit by the present, and from the
present, to live better in the future.

William Wordsworth

1.1 Sustainability and Earth Observation

Sustainability is a concept that has gained significant attention in re-
cent years due to the growing concerns about the impact of human activ-
ities on the environment. At its core, sustainability is about meeting the
needs of the present without compromising the ability of future genera-
tions to meet their own needs [8].

The environmental and sustainability problem became evident from
1960 onwards, as the world began to realize the consequences of rapid
industrialization and the depletion of natural resources. One of the critical
contributions to understanding these challenges was the study "The Limits
to Growth" [9] [10], which highlighted the finite nature of resources and
the potential consequences of unchecked economic and population growth
on the environment. the concept of

The findings underscored the necessity of integrating environmental,
social, and economic considerations into development strategies. It served



2 Chapter 1. Introduction

as a wake-up call for governments, organizations, and individuals to reeval-
uate their approach to development and prioritize sustainability in their
decision-making processes, emphasizing the importance of balancing eco-
nomic growth with environmental protection and social equity, laying the
foundation for the concept of sustainable development [11] [12]. The con-
cept of sustainable development is crucial for addressing the global chal-
lenges we face today, including climate change, resource depletion, and so-
cial injustice. It provides a framework for decision-making and action that
considers the long-term implications of our choices to create a sustainable
and prosperous future for all. Furthermore, sustainable development calls
for implementing policies and practices that promote a resilient and sus-
tainable economy while also addressing social challenges such as poverty,
inequality, and access to education and healthcare. Sustainable develop-
ment is about creating a balanced and inclusive world where economic
prosperity, social well-being, and environmental health go hand in hand.

In 2015, the United Nations adopted the 17 Sustainable Development
Goals (SDGs), aiming to end poverty, protect the planet, and ensure peace
and prosperity [13].

The goals address a broad range of interconnected global challenges, in-
cluding those related to poverty, inequality, climate, environmental degra-
dation, prosperity, and peace and justice. They recognize that ending
poverty and other deprivations must go hand-in-hand with strategies that
improve health and education, reduce inequality, and spur economic growth
– all while tackling climate change and working to preserve our oceans and
forests. The SDGs were defined to provide a universal set of targets for all
countries to work towards, acknowledging that the urgent environmental,
political, and economic challenges faced by the world today require coor-
dinated global action. The 17 interconnected goals and their associated
targets are designed to address the root causes of poverty and the universal
need for development that works for all people.

The Sustainable Development Goals (SDG) framework encompasses
169 objectives to be achieved by 2030, monitored through 232 quantita-
tive indicators. They address the three interconnected elements of sustain-
able development: economic growth, social inclusion, and environmental
sustainability. These indicators are categorized by the Inter-agency and
Expert Group on SDG Indicators into three tiers, distinguished by their
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methodological maturity and the availability of global data. Tier 1 indi-
cators possess a globally recognized methodology for calculation and are
supported by data regularly provided by a minimum of 50 of countries.
Tier 2 indicators, while methodologically sound, suffer from a data avail-
ability shortfall. Notably, no indicators are classified under Tier 3, which
is reserved for those lacking an internationally approved methodology. Ini-
tially, the methodologies for calculating these indicators predominantly
relied on data from statistical agencies.

Monitoring progress toward the SDGs and their associated targets ne-
cessitates a comprehensive global Indicator framework. This framework
should encapsulate the complex and ambitious objectives for ongoing na-
tional and societal development. Effective tracking of these indicators
demands the utilization of diverse data types. This includes traditional
data sources such as national accounts, household surveys, routine admin-
istrative data, and emerging data sources external to national statistical
systems. Notably, EO and geospatial information (GI) play a significant
role, especially when coupled with advanced data processing techniques
suitable for handling large volumes of EO data. The fusion of these varied
data sources has the potential to enhance the way development progress
is monitored and societal well-being is advanced. Since Earth observa-
tion and geospatial information are often continuous in their spatial and
temporal resolutions, their use in SDG monitoring can prove essential in
capturing the sustainability of developments underpinning the SDG frame-
work [14].

EO encompasses a range of methodologies, such as utilizing drones,
aircraft, and satellites. Notably, over 2000 active EO satellites, managed
by space agencies, government institutions, and commercial entities [15],
have significantly increased the availability of detailed information about
Earth’s conditions and characteristics [16].

EO satellite imagery is broadly categorized into two types based on
the sensors used for image capture: passive sensors, which detect natural
radiation emitted or reflected by the Earth’s surface, and active sensors,
which emit radiation and then capture the reflected or refracted echoes
from the surface. These sensors provide data across four key resolutions:
spectral, spatial, radiometric, and temporal. Spectral resolution refers
to the sensor’s ability to differentiate between ranges of radiation wave-
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lengths, with different spectral bands offering unique spectral signatures
for various land cover types like soil, water, or buildings. Spatial resolu-
tion describes the surface area represented by each pixel in an image, while
radiometric resolution is the sensor’s capacity to distinguish between dif-
ferent light intensities. Temporal resolution, conversely, pertains to the
revisit time or the frequency at which a sensor passes over a specific area
on Earth. Additionally, the nature of the data satellites provide varies
according to their orbital paths. Satellites in geostationary orbits remain
fixed over a specific area of Earth, whereas those in Low Earth orbits move
relative to the planet’s surface, tracking different areas as they orbit.

Despite the diverse nature of EO-based measurements across differ-
ent mission types, their applications lead to various characteristics that
support the demand for global governance and the derivation of indicator
information:

• Scale: satellites have the capability to gather information across var-
ious scales, ranging from local to global. They are often the primary
source of global data for many parameters. Depending on the spe-
cific use and level of detail required, satellites can produce large-scale
datasets within short timeframes - spanning from daily to annual up-
dates as necessary and feasible with current technology. This enables
rapid updating of indicator information regardless of time or weather
conditions.

• Long time series and continuity : satellites have been continuously
gathering data over extended periods, with missions spanning from
the 1970s and projected beyond 2030. This extensive dataset enables
governments to monitor progress, establish baselines for future trend
analysis, ensure compliance with agreements, improve predictive ca-
pabilities, and effectively manage and mitigate various issues.

• Consistency and comparability : satellites enable effective compari-
son of results between different countries, addressing potential issues
caused by lack of standardization in measurements or methods. This
can improve the accuracy and relevance of regional and global statis-
tics.

• Diversity of measurements: advancements in instrumentation have
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led to a growing variety of Earth observation satellite missions. These
missions measure numerous geophysical parameters daily and oper-
ate from various types of satellite orbits.

• Complementarity with traditional statistical methods: some specific
SDG indicators can be directly monitored using EO datasets. Ad-
ditionally, these datasets can serve as a valuable and supplementary
source of information to validate in-situ data measurements, commu-
nicate the geographic dimensions and context of the indicators, and
enable disaggregation of the indicators when necessary.

• Free and open data is increasing : not all countries can build and send
their own Earth observation satellites. The United States has made
its mission data freely accessible for a long time, and with Europe’s
Copernicus program offering multiple satellite data streams under
a free and open data policy, there is now an improved outlook for
developing countries to access the necessary EO data. This makes
data from these missions essential for all nations, as it significantly
impacts a global scale.

Group on Earth Observations (GEO) and the Committee on Earth Ob-
servation Satellites (CEOS) have conducted an analysis that has identified
particular objectives and measures that can be aided by observations of
the Earth, as outlined in Figure 1.1.

From Figure 1.1, it is clear that Earth Observation has the capacity
to offer a wide array of parameters for the SDG framework. This includes
data on atmospheric conditions, ocean health, agricultural output, forest
cover, climate patterns, occurrences of natural disasters, and availability
of natural resources. Additionally, EO provides insights into urbanization
trends, biodiversity status, and human welfare indicators. Among these
indicators, population distribution and mapping of cities/infrastructure
stand out as particularly crucial since they contribute to all the SDGs.
Furthermore, zero hunger (SDG 2), clean water and sanitation (SDG 6),
climate action (SDG 13), life below water (SDG 14), and partnership for
goals (SDG 17) are among the SDGs that benefit from various EO indica-
tors.
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Figure 1.1: Geospatial Information and Earth Observations: Supporting
Official Statistics in Monitoring the SDGs (March, 2016). Credit: GEO



1.2. Earth Observation and Artificial Intelligence 7

1.2 Earth Observation and Artificial Intelligence

1.2.1 AI for Sustainability

A substantial portion of Earth Observation (EO) data is composed
of densely distributed images across the Earth’s surface, encompassing
various forms like optical (panchromatic, multi-spectral, hyper-spectral),
thermal imagery, and techniques like synthetic aperture radar (SAR), as
well as derived raster layers such as elevation models.

In this context, Computer Vision (CV) - focused on extracting infor-
mation from images through computational methods - is highly applicable
to EO. Both fields share key tasks: object recognition and detection, image
segmentation and labeling, change detection, time series analysis, and spa-
tial regression for surface variable retrieval. Some of the earliest instances
of computer vision algorithms were created for EO [17].

CV has embraced AI techniques, particularly Machine Learning, early,
which has benefited Earth observation. The field of Earth Observation has
significantly evolved with the incorporation of Artificial Intelligence tech-
nologies. AI has revolutionized the processing and analysis of EO data,
enabling more efficient and accurate extraction of valuable information for
various applications. By leveraging AI algorithms, the interpretation of
vast amounts of EO satellite imagery has become more sophisticated, lead-
ing to enhanced capabilities in monitoring and understanding our planet
[18] [19].

In the field of Earth Observation, applying various learning paradigms
has become increasingly pivotal. These paradigms each bring unique strengths
and face distinct challenges in their application to EO:

• Supervised Learning : the most prevalent method in EO relies heav-
ily on labeled data to train algorithms for tasks such as land-cover
mapping. However, the complexity of EO data, characterized by
intricate physical phenomena and spectral variability, often makes
the collection of high-quality, labeled samples both costly and time-
consuming, especially for large-scale applications [20].

• Unsupervised Learning : Unsupervised learning methods utilize the
input data in the training set solely, as their objective is to identify
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concealed patterns within the data and can be managed using clus-
tering or dimensionality reduction techniques [21] [22].

• Semi-supervised Learning : Semi-supervised learning integrates ele-
ments of both supervised and unsupervised learning. Semi-supervised
learning alternatively uses data with labels to learn a representation
function to the target objective (e.g. classification) and data only to
get the underlying data structure [23] [24] [25].

EO gets advantages from different ML techniques such as classifica-
tion, semantic segmentation, regression, object detection, clustering, and
dimensionality reduction. EO has utilized classification to categorize land
cover types, monitor changes in vegetation, identify urban areas, and clas-
sify various environmental features.@ Semantic segmentation techniques
can aid in the detailed identification and delineation of specific objects
within satellite imagery, such as land cover classification at a finer scale,
urban infrastructure mapping, and environmental monitoring. Regression
models can be employed to predict surface variables, such as temperature,
precipitation, and soil moisture, based on EO data, enabling the gener-
ation of valuable environmental and climate forecasts. Object detection
algorithms can contribute to identifying and monitoring specific objects
of interest, such as infrastructure, natural resources, or changes in land
use over time. Clustering algorithms offer the capability to group similar
Earth observation data points, enabling the identification of patterns and
trends within large datasets. Dimensionality reduction techniques can as-
sist in visualizing and understanding complex EO datasets by reducing the
number of input variables while preserving essential information.

Machine learning has a significant impact on achieving the Sustain-
able Development Goals through its applications in Earth Observation.
[12] illustrates several studies that utilize Machine Learning techniques
in the field of Earth Observation and their connection to the Sustainable
Development Goals. It provides a strong indication of the potential of
machine learning in using Earth observation to track Sustainable Develop-
ment Goals, demonstrating the diverse applications of ML in EO and how
they contribute to addressing specific SDGs.

So, the seamless integration of machine learning techniques into the
Earth Observation field has brought great potential for advancement. How-
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ever, it also brings about unique challenges that must be addressed in the
EO sector.

A key difficulty lies in the process of data fusion, where information
from multiple, often disparate sources such as satellite imagery, radar data,
and ground-based observations must be integrated. This integration neces-
sitates creating a cohesive representation from varied inputs, a task that
remains largely unresolved. Additionally, the EO field grapples with the
dynamic and diverse range of data sources, including non-traditional ones
like social media posts. This diversity calls for flexible, user-centric solu-
tions capable of processing various data types to deliver accurate geospatial
information.

Another significant challenge is marrying the data-driven approaches of
modern AI with the rich, physically grounded domain knowledge of Earth
systems. While AI models are adept at predicting patterns in complex
data, physical models excel in describing well-understood phenomena. A
hybrid approach that combines these strengths could yield more consistent,
explainable, and efficient results. However, developing such hybrid models
is not straightforward.

Compounding these challenges is the issue of reference data critical
for training ML models. Obtaining large, well-labeled datasets for EO
can be daunting, with fieldwork often required for data collection. The
reference data in EO often suffers from problems like misalignment, sparse
and context-less observations, and highly unbalanced distributions, which
hinder learning accurate spatial patterns. Moreover, the outputs in remote
sensing often have additional structures, such as taxonomic hierarchies,
adding another layer of complexity to model training and prediction.

In essence, applying ML to EO involves navigating a multifaceted land-
scape, where integrating diverse data types, combining statistical and phys-
ical modeling, and managing complex reference data all play critical roles
in the successful analysis and interpretation of Earth observation data.

1.2.2 Advanced processing and computing

Recent advances in the Earth Observation field, thanks to Machine
Learning, are creating unprecedented opportunities to evaluate and mon-
itor policy decisions as well as humanitarian initiatives. Despite the ad-
vantages of using ML techniques, it may require greater computational
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resources. From this viewpoint, the administration of large-scale EO data
combined with Machine Learning (ML) forms the foundational backbone
that fuels the ongoing surge of advancements in Artificial Intelligence (AI)
applied to EO. This synergy is instrumental in driving forward the field
of EO, leveraging the power of AI and ML to unlock new capabilities and
insights.

The necessity of developing a new system architecture to support Earth
Observation is underscored by the increasing complexity and heterogeneity
of EO data. Remote sensing is experiencing rapid development, leading
to significant growth in the diversity and volume of available data. This
presents new challenges for effectively processing large and varied datasets
to support emerging Earth observation applications.

EO data’s increasing complexity and heterogeneity have highlighted the
need for a new system architecture to support these advancements effec-
tively. Leveraging this data to its full potential requires significant exper-
tise and sophisticated data management systems. Recent EO exploitation
platforms, like the Google Earth Engine [26], have simplified large-scale
analyses through some level of processing and data abstraction. Despite
their benefits, these platforms are built on diverse technologies with dif-
ferent interfaces and data formats, complicating their federated use. EO
ecosystems face the challenge of managing assets that range from datasets
and processing tools to ML algorithms and high-performance computing
clusters. The high heterogeneity of these assets makes their management an
open problem, particularly in storing, querying, and composition. More-
over, most EO analytics are exploratory in nature, necessitating quick
query results, which becomes challenging when data assets are scattered
across multiple sites and platforms.

The decentralized nature of EO data also poses a challenge to standard
ML algorithms, which typically require centralizing data before training.
This centralization is often impractical due to the large volume of EO
data, privacy regulations, and other legal constraints. Federated learning
emerges as a solution to these governance and privacy concerns by learning
a local model on each distributed site and aggregating these into a shared
global model. This approach minimizes data transfer costs and can lead
to more accurate and less biased models. However, applying federated
learning to geo-distributed EO data is challenging. EO data rarely meet



1.2. Earth Observation and Artificial Intelligence 11

the assumption of being independent and identically distributed, and the
inherent heterogeneity of the data complicates this further.

Another aspect of building an effective EO system architecture is in-
teroperability – the ability to seamlessly integrate and communicate data
and models across different platforms for common goals like building a
global model. The lack of interoperability presents a significant barrier to
efficient and effective collaboration in EO ecosystems.

It’s crucial to revisit the entire processing stack to support emerging
applications in EO. This includes redesigning data ingestion into process-
ing systems, developing new indexing techniques for fast querying of EO
data, and adapting data analyses to run on diverse processing hardware.
Particularly pressing is the shift of satellite data processing from Earth to
space, necessitating onboard payload data processing. This shift requires
flexible, robust solutions with a low computation burden, where AI models
can play a vital role.

In summary, finding a new system architecture to support EO is crit-
ical in managing EO data’s growing complexity and heterogeneity. This
architecture must address challenges in data management, analytics, fed-
erated learning, interoperability, and onboard processing to unlock the full
potential of EO data for global applications.

1.2.3 AI Data Spaces for the Green Deal

The sections before highlighted how the application of Artificial In-
telligence and Machine Learning in Earth Observation has brought about
significant advancements, particularly in enhancing the sustainability and
effectiveness of EO practices. These AI technologies are playing a crucial
role in revolutionizing the analysis and interpretation of EO data.

In delineating the life cycle of most AI algorithms, we can discern two
primary stages in the application process: firstly, the Development Phase,
which entails utilizing data or knowledge for training and testing/validat-
ing the algorithm, and secondly, the Operational Phase, where the algo-
rithm is employed to make decisions or predictions based on the acquired
knowledge. Figure 1.2 offers a simplified depiction of how an algorithm
progresses from its untrained state to deployment. After deployment, the
algorithm must return to the Development Phase (as indicated by the
grey dashed lines) for retraining and validation using new data in order to
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Figure 1.2: Development and Operational Phase of an AI algorithm

enhance the accuracy of the algorithmic system and mitigate the risks asso-
ciated with concept drift. Furthermore, Live data, in conjunction with the
algorithm’s output, can also serve as valuable resources for future training
and validation datasets. It is important to note that there are instances
of incremental learning wherein Live data is continuously employed to en-
hance the algorithm’s proficiency further.

It is clear that data stands as a pivotal and strategic resource that
determines the success and impact of AI algorithms. To achieve the full
potential of AI in Earth observation, it is imperative to address several
challenges in the data management process [27]. In contrast to many
physical assets, data exhibits the unique trait of being usable repeatedly
and concurrently by various stakeholders. The same data can offer endless
benefits when shared and not confined to isolated silos, inaccessible to
necessary applications.

Creating AI data spaces that allow for seamless and secure sharing
of Earth observation data among different stakeholders is crucial. The
concept of Data Spaces has emerged as a promising approach to address
the challenges in managing Earth Observation data. Data Spaces offers a
new system architecture that is specifically tailored to meet the increasing
complexity and heterogeneity of EO data. Data Spaces provides a solu-
tion for integrating diverse data types, combining statistical and physical
modeling, and managing complex reference data in EO. This architecture
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Figure 1.3: European Common Data Space implemented through sectorial
data space initiatives

enables the seamless integration and communication of data and models
across different platforms, facilitating efficient and effective collaboration
within EO ecosystems.

The EU Commission has underscored the significance of data spaces as
a pivotal enabler in achieving the Sustainable Development Goals (SDGs).
Recognizing the transformative potential of data-driven technologies and
solutions, the EU Commission has emphasized that data spaces can play a
critical role in addressing various global challenges outlined in the SDGs.
Data and data sharing are fundamental elements that the European Com-
mission is actively focusing on, particularly in the context of AI [28, 29].

The European Commission adopted a European strategy for data [30]
in 2020, creating a unified data market to secure Europe’s global com-
petitiveness and data sovereignty. The Data Strategy includes the initial
support for nine data spaces: Health, Industrial Manufacturing, Agricul-
ture, Finance, Mobility, Green Deal, Energy, Public Administration, and
Skills (Figure 1.3).

The different data spaces will be linked together to create a cohesive
unique European space. The Green Deal data space is a relevant enabler
for the European Green Deal (EGD) [31]. The Green Deal represents the
EU’s commitment to tackling climate change and environmental degrada-
tion, marking a significant shift towards a more sustainable and inclusive
European economy. The primary objective is to achieve climate neutrality
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by 2050. It encompasses a broad range of policy areas, including clean en-
ergy, sustainable industry, building and renovating, sustainable mobility,
biodiversity, and pollution.

The European Green Deal data space aims to provide access to a wide
range of environmental data, making it more accessible and beneficial.
It will enable data providers to maintain control over their information
while facilitating access to numerous applications focused on advancing
sustainability in society. It will make many environmental data accessible,
usable, and useful following the FAIR principles:

• Findable: Data should be easy to find for both humans and comput-
ers through well-described metadata and unique identifiers.

• Accessible: Once found, data should be accessible with clear and
standardized access mechanisms, while considering necessary secu-
rity or privacy restrictions.

• Interoperable: Data should be compatible with other datasets, tools,
and applications for analysis, storage, and processing.

• Reusable: Data should be well-documented and preserved to enable
reuse in various contexts, ensuring long-term research and applica-
tion value.

The big change is the shift from a centralized data space operated by
a single organization, e.g., a platform, to a federation model.

Data space is defined as "a federated, open infrastructure for sovereign
data sharing, based on common policies, rules, and standards" [32].

In a federation of data spaces, each specific data space has consider-
able independence to create and implement its own internal arrangements
and ICT structure. However, these individual instances collectively work
towards the shared objective of facilitating trusted data sharing.

Accessing the required data is just one aspect of the challenge. The
distribution of both data and AI algorithms among multiple entities adds
complexity to executing these algorithms, necessitating the implementa-
tion of distributed execution mechanisms. This introduces additional in-
tricacies beyond simply obtaining access to the data, such as ensuring
compliance with usage policies from all parties involved.
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Additionally, regulatory limitations exist regarding the sharing of data
and AI, including the General Data Protection Regulation (GDPR) and
the forthcoming AI Act. Hence, it is imperative for both organizations and
individuals to have authority over who can access the data, its intended
purposes, and under what specific conditions (e.g. ethical considerations).

To address the issue of providing sufficient and high-quality data to
power AI algorithms, it is essential for organizations to collaborate ef-
fectively in order to enable (i) data sharing for AI, (ii) execution of AI
algorithms, and (iii) locally run data apps.

Numerous data environments have already been created or are cur-
rently being developed. Organizations have the choice to participate in
data spaces in various capacities: as data providers, potentially for a fee, as
data consumers aiming to create and implement improved AI algorithms,
or as service providers facilitating the inclusion of both data suppliers and
consumers or supplying components for constructing the data space.

This dynamic environment can operate effectively only when there is a
specific level of standardization and effectiveness in the operation of these
data areas. So, interoperability is key for the federation of data spaces
to interconnect seamlessly. However, achieving data space interoperability
encompasses more than just ensuring the technical components are com-
patible. The new European Interoperability Framework, as developed by
the European Commission, distinguishes four interoperability levels: tech-
nical, semantic, organizational, and legal interoperability. Figure 1.4 gives
an overview of the four layers.

In the end, Figure 1.5 summarizes the technology Building Blocks of a
Data Space that ensure:

• Data interoperability. These building blocks should be deployed
by all data providers and data consumers participating in a data
space. This way, each data provider can be sure that any data pub-
lished can be technically consumed by any data consumer entitled to
do so. In contrast, each data consumer can be sure they can techni-
cally access and use any data available by any data provider selected
[2]. The building block includes:

– Data Models and Formats : This building block establishes a
common format for data model specifications and data repre-
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Figure 1.4: Interoperabilty level from the New European Interoperability
Framework [1]

Figure 1.5: Data spaces technical building blocks [2].
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sentation in data exchange payloads [2];

– Data Exchange APIs: This building block facilitates the sharing
and exchange of data (i.e., data provision and data consump-
tion/use) between data space participants. Combined with the
Data Models building block, this ensures full interoperability
among participants [2].

– Data Provenance and Traceability : This building block provides
the means for tracing and tracking the process of data provision
and data consumption/use [2].

• Data sovereignty and trust. Data Spaces aim to provide the
technical infrastructure to ensure that participants within the Data
Space can have confidence in each other and maintain control over
their shared data. Achieving this goal involves implementing shared
standards for participant identity management, verifying the accu-
racy of their claims, and enforcing agreed-upon policies for control-
ling data access and usage.

• Data value creation. Data Spaces are essential for facilitating the
development of multi-sided markets where participants can derive
value from sharing data. To achieve this, there is a need to implement
standardized mechanisms that allow for the specification of terms and
conditions related to data offerings, including pricing.

Finally, in addition to a shared technology foundation, Data Spaces ne-
cessitate governance through various business, operational, and organi-
zational agreements among participants. Business agreements encompass
terms and conditions for data sharing and the legal framework governing
Data Space contracts. Operational agreements address policies such as
GDPR compliance or sector-specific regulations like PSD2 in finance, in-
cluding implementing auditing tools and cybersecurity practices. Organi-
zational agreements establish governance bodies, outlining product specifi-
cations and the adoption of technology Building Blocks, as well as business
and operational agreements.
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Figure 1.6: The three pillars of the proposed approach: Learning from
Past, Monitoring the Present, Building the Future.

1.3 Proposed approach

Users of Earth observations have a wide range of data requirements
and priorities that depend on their specific applications [33]. From the
raw observational datasets sought after by researchers to the more refined
forecasts and products essential for decision-making, the range of data
needs is extensive. Within this spectrum, some delve deeply into the raw,
unprocessed data, seeking the unvarnished truths of direct observation.
Others, perhaps less technically inclined or constrained by time, might opt
for processed data products that still offer a level of detail sufficient for
their analyses. At the other end of the spectrum, there are end users whose
requirements are met by highly processed products, sophisticated tools, or
comprehensive forecasts designed for immediate application.

Earth observation data users extend across multiple domains—public
and private sectors. These users require data reflective of various obser-
vational timescales to suit many applications, such as retrospectives on
historical trends, immediate operational decisions, and long-term strategic
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forecasting.
Making EO data accessible in catalogs is not enough. We need a shift

from a data-driven Earth Observation to a User-Centric Earth Observa-
tion.

While the data-driven model has traditionally prioritized the accumu-
lation and availability of vast datasets, this approach can often fall short in
meeting diverse end-users specific and nuanced needs. Data providers can-
not make informed decisions regarding Earth observation systems without
knowing users’ observation requirements and associated priorities.

A user-driven model also facilitates the democratization of Earth ob-
servation data, ensuring that it is accessible and usable to non-specialist
users, thereby expanding its utility beyond traditional scientific domains.
By actively engaging with the user community to understand their needs,
Earth observation providers can develop more intuitive interfaces, create
more relevant data products, and ensure that the data serves the broader
societal goals it intends to support.

Irrespective of the diversity of users and their applications, three cate-
gories of inquiries universally emerge as central to the effective use of Earth
observation data:

1. What has happened in the past?

2. What is happening now?

3. What will happen in the future if I take this action? Or, How
can I perform an action to maximize its future impact?

Starting from these user’s requirements, this thesis grounds its ap-
proach on three pivotal pillars (Figure 1.6) :

• Learning from the Past provides a historical context, allowing
users to analyze and understand previous events and patterns. This
retrospective analysis is critical for sustainability as it informs us
about the effectiveness of past environmental policies and practices,
helping to identify successful strategies and cautionary tales.

• Monitoring the Present addresses the second category of ques-
tions, offering real-time data and observations. This constant vigi-
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lance allows for the immediate assessment of ongoing sustainability
initiatives and the health of ecosystems, ensuring that current prac-
tices align with sustainable objectives.

• Building the Future reflects foresight and predictive analytics. By
modeling potential outcomes of proposed actions, this pillar empow-
ers users to strategize and optimize future interventions. Building
the Future is the visionary aspect of sustainability. It involves us-
ing predictive models to envision the consequences of today’s actions
on future generations. This forward-thinking approach is essential
for planning sustainable development, as it allows us to simulate the
long-term effects of various policies and interventions, striving for a
balance between growth and environmental stewardship.

For the pillar of "Learning from the Past", this thesis presents two ex-
amples of applications: Land Consumption Assessment and Aboveground
Biomass Estimation. These cases exemplify how integrating Remote Sens-
ing data with Deep Learning algorithms facilitates the generation of both
retrospective and up-to-date maps. The thesis proposes ReFuse and ReUse
networks for the Land Consumption Assessment and the Aboveground
Biomass and Carbon Storage Estimation, respectively. Through the Land
Consumption Assessment, the thesis demonstrates the ability to trace the
historical expansion of urban areas, quantifying the encroachment on nat-
ural landscapes over time. The Aboveground Biomass Estimation further
showcases the utility of historical Remote Sensing data, combined with
advanced deep learning techniques, in assessing changes in biomass across
various ecosystems.

For the pillar of "Monitoring the Present," the thesis emphasizes the
critical need to make data readily accessible to users through the concept
of Data Space. This approach advocates for an environment where data
can be easily shared, accessed, and utilized, facilitating real-time decision-
making and monitoring. To operationalize this, the dissertation introduces
the GeoAI Processing Block, a software solution designed to execute AI al-
gorithms on Remote Sensing data and Open Data and interface seamlessly
within the Data Spaces Ecosystem.

The thesis illustrates this module’s capabilities by implementing a con-
tinuous monitoring service for Thermal Comfort specifically tailored for
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soft mobility in Milan. This service leverages the GeoAI Processing Block
to analyze various data streams, including satellite imagery and open data,
to assess and map thermal comfort levels across the city. By doing so, it
provides valuable insights that support the promotion of soft mobility solu-
tions, such as cycling and walking, contributing to the city’s sustainability
goals and enhancing the well-being of its residents.

Finally, for the "Building the Future" pillar, the thesis proposes two
approaches to meet the user’s need for action planning with an eye on
maximizing future impact and understanding the consequences of an action
before its execution. The first approach revolves around the idea of learning
from the past to understand where to take action to maximize the social
impact. The second approach focuses on scenario analysis. Here, various
’what-if’ scenarios are created and analyzed to understand the possible
outcomes of different actions. The proposed approach uses Generative
Adversarial Networks (GANs) to generate synthetic multispectral satellite
imagery. This method is particularly useful for users who need to assess
the impact of a proposed action before its implementation. By simulating
different scenarios, users can gain insights into how various decisions might
play out, helping them choose the course of action that best aligns with
their desired future objectives.

Both approaches provide users with tools not only to envision but also
strategically shape the future, ensuring that actions taken today are in-
formed by an understanding of their potential effects.

1.4 Thesis structure

The structure of the thesis is depicted in the Figure 1.7
Learning from the Past (Chapter 2) delves into historical analysis

through two main sections: Land Consumption (2.1) and Aboveground
Biomass Estimation (2.2.1). Within the Aboveground Biomass Estima-
tion, further specialized discussions are presented on ReUse (deep-learning)
(2.2.3) and Model Transfer with Active Learning (2.2.4), showcasing dif-
ferent deep-learning methodologies applied to past data for ecological as-
sessment.

Monitoring the Present (Chapter 3) focuses on current data analysis
and introduces the GeoAI Processing Block (3.2), a tool designed for real-
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Figure 1.7: Thesis structure

time data assessment. A specific application of this tool is detailed in
Monitoring Soft-mobility Thermal Comfort (3.3), highlighting the use of
GeoAI Processing Block for urban environmental monitoring.

Building the Future (Chapter 4) projects into forward-looking plan-
ning and simulation. It encompasses Planning Urban Forest (4.2) as a
strategy for urban greening and two case studies, Turin (4.2.2) and Asti
(4.2.3), which provide practical examples of future-oriented urban plan-
ning. Additionally, Scenario Thinking (4.3) is outlined as a method for
envisaging and evaluating potential future developments.

Each pillar and its corresponding sections are structured to reflect the
multifaceted approach to achieving sustainability through the use of Earth
observation data and Artificial Intelligence, encompassing historical eval-
uation, current condition monitoring, and future scenario planning.



Chapter 2
Learning from the Past

Whatever worked in the past, build
on it; whatever didn’t work in the
past, break the chain that binds you
to it.

Marianne Williamson

2.1 Land Consumption Assessment

2.1.1 Introduction

Human beings have been altering the face of the Earth for the last
few centuries. This process has seen a fast boost after the introduction
of machines, resulting in drastic changes to land cover. Identifying the
physical aspect of the Earth’s surface (land cover) and how we exploit the
land (land use) is an essential task. Indeed, land-cover changes may sig-
nificantly influence several processes that can eventually lead to the degra-
dation of local ecosystems. By definition, Impervious Surfaces (IS) are
artificial surfaces (such as roads, driveways, sidewalks, parking lots, and
rooftops) through which water cannot infiltrate into the soil [34]. Rapid
urbanization has greatly expanded urban impervious surfaces, decreasing
previous surfaces, such as forests, green spaces, bare soils, and wetlands.
Consequently, in recent years, impervious surface analysis and monitoring
have emerged as an indicator of urbanization degree and a significant indi-



24 Chapter 2. Learning from the Past

cator of environmental quality since IS cover quickly measures the impact
of human activities on alterations of the environment. Therefore, accurate
methods for determining impervious surface distribution are fundamentals
for monitoring changes to urban areas and achieving sustainable urban de-
velopment [35]. IS cover monitoring can be done through on-place surveys
(by experienced and specialized personnel) or by analyzing satellite images
(also known as remote sensing). Although carrying out on-place surveys
produces more comprehensive and authoritative outcomes, performing it
is an expensive and time-consuming process involving the movement of
people and tools. Therefore, automating this process is extremely useful
for reducing the amount of work and to limit the associated costs.

One of the aspects making automatic analysis non-trivial is that imper-
vious areas are usually made of different construction materials, resulting
in significantly variegated spectral signatures and spatial patterns [36]. As
for many other computer vision tasks, in recent years, Deep-Learning (DL)
algorithms, and in particular Convolutional Neural Networks (CNNs), have
been showing promising results in land-cover classification [37, 38]. This
has been firmly pushed by satellite images usually existing also in visible-
light (RGB) channels, thus allowing for the leverage of DL models designed
for tasks requiring the analysis of natural images. However, the situation is
dramatically different regarding imperviousness analysis due to (i) the lack
of high-quality labeled datasets and (ii) the fact that RGB spectral data
are usually not the most suited for the task. In addition, current solutions
providing land-cover maps through automatic algorithms show some issues
in addressing the high granularity of the data in an urban context, losing
the essential details needed for accurate analysis. To better understand
the extent of this problem in urban areas, in Figure 2.1, different impervi-
ousness maps are compared for the identical land segment encompassing
a small area in the city center of Rome., Italy. In particular, Figure 2.1a
shows the area as it appears from a very high-resolution (50 cm) Pleiades
satellite image; Figure 2.1b shows the imperviousness map at 10 m reso-
lution realized by on-plane analysis performed by the Italian National In-
stitute for Environmental Protection and Research (ISPRA); Figure 2.1c
reports a 10 m imperviousness map realized by the Environmental Systems
Research Institute (ESRI) using artificial intelligence algorithms; finally,
Figure 2.1d shows a 10 m imperviousness map currently available on the
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(a) Skywatch satellite image (b) ISPRA

(c) ESRI (d) DynamicWorld

Figure 2.1: High-resolution satellite image of a dense urban area in Rome,
Italy (2.1a), and the corresponding imperviousness maps from ISPRA
(2.1b), ESRI (2.1c) and DynamicWorld (2.1d). For imperviousness maps,
red indicates impervious areas while green corresponds to pervious ones.
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Google Earth Engine under the name of "DynamicWorld", automatically
generated using deep learning on Sentinel-2 imagery [39].

Besides this, recent years have seen an enormous increase in web-based
applications leveraging techniques derived from geographic information
systems (GIS). Despite it should be good news as having access to spatial
data as well as advanced mapping and spatial analysis over the internet
is a critical point to pursue to reduce the distance between data, infor-
mation, and decision-makers, it has often been observed that many map
layers publicly available are accessible only by people skilled with GIS. This
thesis addresses these problems by compiling a novel dataset, conducting
experiments with a DL architecture tailored to leverage Sentinel-2 multi-
spectral data, and incorporating the entire process into a proof-of-concept
web application. In particular, the key contributions can be summarized
as follows:

• To address the difficulties of the current solutions in the urban con-
text, a new dataset has been gathered using an authoritative im-
perviousness map (ISPRA) as ground truth. ISPRA is a public
institute, part of the Italian Ministry for the Environment, Terri-
tory, and Sea, promoting and supporting scientific, technical, and
research functions as well as assessment, monitoring, and control ac-
tivities. Among other functions, it provides several land cover maps,
including the imperviousness map. These maps are produced semi-
automatically from data provided by several European projects and
authoritative data available for the Italian territory and are gener-
ated and released yearly;

• Introducing ReFuse, a new DL architecture for impervious surface
extraction based on a U-Net backbone [40], residual blocks (Re) [41]
and the FuseNet principle (Fuse) [42] to take advantage of Sentinel-2
multi-spectral bands despite their different spatial resolution. Fur-
thermore, a performance comparison was conducted between the pro-
posed approach and several state-of-the-art CNNs.;

• Imperviousness inference and visualization were incorporated into a
GIS web application featuring a user-friendly interface tailored for
individuals lacking specialized GIS expertise. The implementation
involved an inference pipeline that utilized contemporary distributed
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parallel computing and adhered to MLOPs best practices. This facil-
itates rapid deployment of the solution on HPC or cloud computing
systems, ensuring robust scalability.

Section 2.1.2 reports some related works; the process of the dataset
generation, the proposed DL approach for impervious surface extraction
and the web tool are described in Section 2.1.3; Section 2.1.4 describes the
experimental setup; Section 2.1.5 reports and analyses obtained results
while Section 2.1.6 provides some conclusions and future perspectives.

2.1.2 Related Works

Computer vision and machine learning strongly contribute to satellite
image classification. Focusing on remote-sensing methods for impervious
surface extraction, machine-learning approaches can be divided into three
groups: (i) pixel-based, (ii) texture-based, and (iii) semantic segmentation
algorithms [43].

Pixel-wise classifiers typically exploit the spectral signature by relying
on ad hoc features. Usually, they leverage a similarity measure to mea-
sure the spectral differences between impervious surfaces and other ground
objects. Most commonly used indexes are Normalised Difference Built-up
Index (NDBI) [44, 45], Normalised Difference Vegetation Index (NDVI)
[44, 46], Index-based Built-up Index (IBI) [47], Normalised Impervious
Surface Index (NISI) [48], Combination establishment index (CBI) [49]
and Corrected Normalised Difference Impervious Surface Index (MNDISI)
[50]. These methods are usually computationally not demanding. The
flip side is that pixel-based approaches ignore spatial context information.
This implies that they can easily be misled by the noise and the within-
class variability, causing a salt-and-pepper effect within the classification
result. Instead, the texture-based approaches do not rely on the spectral
information of imagery but rather exploit spatial information among neigh-
boring pixels to overcome the noise better and to capture different types
of spatial structures. Given a set of features to consider, different clas-
sification methods have been used to divide pixels into impervious and
permeable surfaces. Commonly used classifiers include Support Vector
Machines [51, 52], artificial neural networks [53], decision trees [54] and
random forest [55].



28 Chapter 2. Learning from the Past

The wide variety of solutions so far described highlights the difficulty
in finding the best combination of features that suit the classification task
due to the high variability of impervious surfaces’ appearance on remote-
sensing imagery [34]. Therefore, this task can benefit from data-driven
feature-learning approaches and end-to-end model training provided by
semantic segmentation algorithms [56]. In the past decade, deep learning
has proved to be effective on this task, with Convolutional Neural Net-
works (CNN) outperforming many traditional machine-learning solutions.
Nearly all state-of-the-art architectures for semantic segmentation follow
principles stated in [57], where semantic segmentation using Fully Con-
volutional Networks (FCN) is demonstrated to achieve impressive results.
The main idea consists of modifying traditional CNN so that the output
is no longer a probability vector but rather a probability map. That was
possible by replacing standard fully connected layers of CNNs with fully
convolutional layers to "densify" the single-vector output of a traditional
CNN. A second feature was the use of transposed convolutions, also called
deconvolutions. A deconvolution layer is used for up-sampling a feature
map and obtaining a prediction of the same size as the input image [58].
The third feature was the skip connections to combine dense prediction at
shallow layers and coarse predictions at deep layers, improving segmenta-
tion details.

Several architectures have been proposed along this line. The U-Net
architecture [40], designed for biomedical image segmentation, introduced
the encoder–decoder paradigm for up-sampling gradually from lower-size
features to the original image size. Since then, almost all CNN models
for semantic segmentation have some form of encoder–decoder structure.
The encoder reduces the spatial resolution of the input and creates lower-
resolution feature mappings that are highly effective at classifying objects.
The decoder increases the resolution of the feature representations to create
a full-resolution segmentation map. U-Net added several skip connections,
which concatenate the feature maps of the encoder part with the mirrored
feature maps in the contracting path.

In [59], Sun et al. experimented with a CNN to extract impervious
surfaces through Worldview-2 and airborne LiDAR. The findings showed
that 3D-CNN had more ability to extract features than SVM since it used
pixel-level spatial information and texture. [60] uses a deep-learning ap-
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proach to automatically extract impervious surfaces from WorldView 2
and Pléiades-1A datasets. In [61], the authors conducted a comparative
study for the impervious surface estimation mixing optical and SAR data;
experimental results indicated the effectiveness of the proposed deep con-
volutional network, which exhibited a better accuracy outperforming other
benchmark methods. In [62], Fu et al. proposed a solution based on a deep
CNN to map impervious surfaces in town–rural areas using China’s GF-2
Imagery. They showed the effectiveness of deep models and how transfer
learning could significantly boost overall accuracy.

Fewer studies are available on Sentinel-2 imagery for built-up ISA ex-
traction, and even fewer with a deep-learning approach. In [63], the authors
assessed the feasibility of using Sentinel-2 images for this task through an
artificial neural network. In [64], using Sentinel-2 satellite imagery, a CNN
was employed as a deep feature extractor, and the classification was made
using a random forest classifier. Similarly, in [65], the authors compared
different machine-learning and deep-learning algorithms for the land-cover
classification, with a CNN showing the best performance in classifying im-
pervious areas.

Deep learning has also been investigated for multi-sensor and multi-
modal image segmentation. Multi-modal fusion strategies are of great
interest to RS classification since satellite images usually contain multi-
spectral content. Similarly, extensive research has also been conducted
to combine heterogeneous data (multi-sensor fusion), such as optical im-
ages with Synthetic Aperture Radar (SAR) and LiDAR data. In both
cases, fusion models help reduce confusion from spectral heterogeneity in
landscapes and enhance classification accuracy. On this line, in [66], the
authors use existing CNNs (FCN or SegNet) as a base network to experi-
ment with different data fusion strategies in early and late fusions.

In the same way, [67] explores how deep, fully convolutional networks
can be modified to handle multi-modal and multi-scale remote-sensing data
for semantic labeling. To this aim, the authors extended the FuseNet archi-
tecture [42] by considering two branches, one trained with IR-R-G bands
and one with Normalised Digital Surface Model (NDSM), Digital Surface
Model (DSM) and NDVI data. The proposed approaches outperformed
a SegNet trained only on IR-R-G bands, thus proving the effectiveness of
using multi-spectral data for remote-sensing classification.
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Figure 2.2: Example of the area of interest selection in the proposed tool.

2.1.3 Material and Methods

As described in Section 2.1, a web-based system that utilizes a new
deep-learning model to generate imperviousness maps from Sentinel-2 satel-
lite images is introduced. The resulting system has been integrated within
a GIS web-based application to support non-expert operators in quickly
generating imperviousness maps. Figure 2.2 shows the interface presented
to the user for requesting a map of imperviousness in a specific part of the
globe. Users only need to draw their area of interest and then select the
date range in which they are interested. Once the area and date range
have been chosen, a map calculation phase for the specific area starts. An
asynchronous process handles the whole computation. All these processes
happen in the background and are transparent to the user. Figure 2.3
reports a logical diagram of the inference pipeline: after the user requests,
satellite images are collected from the stores and sent to the inference
pipeline, which produces the imperviousness map as the final output. It
is worth noting that such a web application requires an inference process
that can handle and scale toward enormous quantities of satellite data.
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Figure 2.3: Inference Pipeline scheme. On the left is the process of the
Sentinel-2 satellite imagery retrieval. On the right is the execution of the
prediction. As detailed in Section 2.1.3, the inference is managed through
a Docker image. Dask makes the solution scalable by parallelizing the
execution.

Imperviousness Dataset Generation

This section describes the methodology to create the dataset to be uti-
lized to train the deep-learning model for generating imperviousness maps
from Sentinel-2 satellite images (dataset openly available in Zenodo at
https://doi.org/10.5281/zenodo.7058860). The Sentinel-2 platform
consists of two satellites equipped with sensors able to acquire images
with 13 spectral bands ranging from the visible range to the short-wave
infrared. Each sensor has a different spatial resolution, with RGB bands
and near-infrared (NIR) showing the highest (i.e., 10 m). With a 12-bit
radiometric resolution, the image can be collected from 0 to 4095 possi-
ble light intensity values, enabling the satisfactory identification of minor
variations in reflected or emitted energy.

The lack of labeled data seriously hinders the development of deep-
learning algorithms that detect impervious surfaces. Most available im-
perviousness maps typically have a coarse spatial resolution that does
not adequately emphasize green spaces in urban settings. The soil con-
sumption map covering Italy provided by ISPRA for 2017 with a 10 m
spatial resolution was used. These data were built by merging regional
Land Use Land Cover (LULC) maps, in situ data provided to ISPRA by

https://doi.org/10.5281/zenodo.7058860
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Figure 2.4: Schematic representation of the impervious surface dataset
generation.
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Regional Environmental Agencies, Copernicus HRL Imperviousness prod-
ucts, OpenStreetMap, and local supplementary data. The map consists of
a hierarchical classification ID with each pixel having up to three digits
class: the first digit, starting from the left, describes whether a point is
consumed soil (i.e., a value of 1) or not consumed soil (i.e., a value of 2),
while the other two optional digits can specify the class with more detail
(e.g., 112 stands for “soil consumed by asphalt roads”). Since the goal is
the segmentation between impervious and non-impervious surfaces, only
the first digit was considered to label the data.

The flowchart in Figure 2.4 illustrates the process for generating la-
belled training, evaluation, and testing data. Sentinel-2 granules are orga-
nized in a tiling, partially overlapping grid. As for other image-processing
domains, having a dataset representative of the population is crucial.
Sentinel-2 tiles covering particular zones of the Italian peninsula contain-
ing a variegate distribution of hills, waters, plains, mountains, etc., both
in urban and suburban realms, were selected. To increase the variance,
images recorded throughout the year were extracted, acquiring at least
one image per season. Nonetheless, it is worth noting that only images
for 2017 were considered to minimize labelling mismatch with the avail-
able ground truth. Table 2.1 lists Sentinel-2 products used for the dataset
generation, while Figure 2.5 shows selected patch distribution along the
Italian peninsula.

Sentinel-2 bands with lower spatial resolution were up-sampled to 10
m per pixel using cubic convolution. When necessary, ground-truth raster
and acquired Sentinel-2 images have also been reprojected to a common
coordinate system to have two perfectly stackable files. It is worth not-
ing that a typical Sentinel-2 tile has a size of 10,980 ⇥ 10,980 pixels for
the 10 m spatial resolution. Since these dimensions are computationally
infeasible, non-overlapping patches of 244⇥ 244 pixels from each ground-
truth image were extracted. Finally, a data-cleaning process excludes chips
without corresponding ground truth, i.e., chips containing no data values
or chips with clouds. To this aim, a cloud mask is computed using the
Scene Classification Layer within Sentinel-2 Level-2A products.
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Table 2.1: List of Sentinel-2 products used to generate the dataset.

Month Product Name Identifier

March S2A_MSIL2A_20170329T095021_N0204
_R079_T33TVF_20170329T095024

June S2A_MSIL2A_20170613T101031_N0205
_R022_T32TQR_20170613T101608

July S2A_MSIL2A_20170720T100031_N0205
_R122_T33TUH_20170720T100027

July S2A_MSIL2A_20170706T102021_N0205
_R065_T32TMQ_20170706T102301

August S2A_MSIL2A_20170806T095031_N0205
_R079_T33TWF_20170806T095744

August S2A_MSIL2A_20170802T101031_N0205
_R022_T32TQP_20170802T101051

October S2A_MSIL2A_20171014T102021_N0205
_R065_T32TNR_20171014T102235

October S2A_MSIL2A_20171015T095031_N0205
_R079_T33SVB_20171015T095944

October S2A_MSIL2A_20171028T100121_N0206
_R122_T33TUG_20171028T134729

December S2A_MSIL2A_20171220T101431_N0206
_R022_T32TPR_20171220T122057

December S2A_MSIL2A_20171224T095421_N0206
_R079_T33TVG_20171224T122256
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Figure 2.5: Localization of the Sentinel-2 tiles used in dataset generation.
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Multi-Spectral Bands Fusion Network

Semantic labeling of satellite images requires a dense pixel-wise image
classification. In this thesis, some popular neural networks’ capabilities for
pixel-wise extraction of impervious surfaces have been explored. However,
it is crucial to consider that Remote-Sensing (RS) image data are more
than a picture since they include electromagnetic wavelengths beyond the
three RGB bands of natural images. A CNN can take an arbitrary number
of spectral bands as input, modifying the depth of the first input convolu-
tional layer. However, exploiting the multi-spectral content of RS images
is not as simple as presenting more bands as input to the network. In-
deed, increasing the number of spectral input bands eventually results in
the need for more extensive training datasets, consisting of satellite im-
ages and corresponding ground-truth data, to avoid overfitting. Moreover,
this approach does not allow leveraging transfer learning, which proved
effective for remote-sensing image analysis [68]. In a multi-sensor setup,
with more than three bands available, a possible approach is to employ
two or more neural network branches to analyze some of the bands sep-
arately, fusing the features at a later stage in the network. However, the
main drawback of this late fusion procedure is that the number of weights
doubles, thus requiring more computation time for both the training and
inference phase. Considering the extension of satellite images, this lim-
itation might be too demanding to make the approach feasible in a real
production environment.

The thesis thus focus on designing a CNN that can efficiently combine
features from multi-spectral bands, providing a good balance between the
number of parameters and segmentation performance. The proposed ar-
chitecture, shown in Figure 2.6, comprises three state-of-the-art ideas:

1. A U-Net as backbone architecture. Its encoder-decoder paradigm
with cross-connections for pixel-wise labeling and skip connections
between same-sized parts in down-sampling\up-sampling paths help
to address the loss of fine detail during up-sampling [40];

2. To achieve better results as the depth of the network increases, the
building blocks of the standard U-Net encoder part were replaced with
residual blocks. More in detail, a ResNet-50 model has been used
to replace the U-Net encoder down-sampling section. The idea is to
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Figure 2.6: The proposed ReFuse encoder–decoder architecture: the en-
coder consists of two parallel ResNet-50 networks where every residual
block output from the second branch is fused into the main one by a fea-
ture map summation. Feature maps from the encoder are then connected
with the decoding part by feature map concatenation, such as in the U-Net
cross-connections.

leverage residual blocks’ ability to reduce the problems associated
with the vanishing gradients strongly;

3. To exploit multi-spectral content beyond classic RGB wavelengths,
a FuseNet [42] approach has been used. The FuseNet model jointly
encodes the RGB and depth information using two encoders (in this
case, two ResNet-50, as described in the previous point) whose con-
tributions are summed after each convolutional block. The approach
adapted the standard fusion method to residual networks by sum-
ming contributions from different branches after each residual block.

The result is a U-Net-like network with the encoder replaced by two
parallel ResNet-50 networks where the main branch inputs the RGB bands
while the second uses bands B07, B08, and B11. Every residual block out-
put from the second branch is fused into the main branch using feature map
summation. After that, the fused map is connected to a convolutional layer
for the decoding part through concatenation, implementing the classical U-
Net cross-connections. All these solutions allow the proposed architecture
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to benefit from the combination of short (i.e., residual skip connections)
and long skip connections (i.e., U-Net cross-connections) during the train-
ing strategy. This thesis refers to the approach with the name ReFuse

after its two core components: REsidual blocks and FuseNet.
Some minor changes were applied to the ResNet-50 encoder, following

the minor adjustments presented in [69]. At first, the down-sampling block
of a ResNet-50 was modified, changing the stride of the first convolutional
layer from 2 to 1. The idea is that a stride of 2 with a kernel size 1 ⇥ 1
ignores three-quarters of the input feature map. To leave the spatial size
unchanged, the size of the strides in the first two convolutions was switched
so that the second convolutional layer would have a stride of 2. Second,
for the same reasons, the 2-stride convolution was replaced with an aver-
age pooling layer followed by a one-stride convolution, keeping intact the
output dimensions: adding a 2 ⇥ 2 average pooling layer with a stride of 2
before the convolution 1 ⇥ 1 with a stride of 1 the model will not overlook
any information. Finally, the first convolutional layer of the ResNet (i.e.,
a 7 ⇥ 7 convolution) was changed with three 3x3 convolutions since the
replacement will make the model easier to train [69].

Finally, to leverage transfer learning, a three-step training approach
was adopted: (i) the encoder weights are initialized from a ResNet50 pre-
trained on ImageNet; (ii) the training is started with all the encoder layers
frozen (with the aim of training only the decoder ones); (iii) the network
is trained again by considering all the layers trainable. This procedure
helps the network converge while giving the decoder enough information
to produce helpful segmentation masks properly.

Distributed Inference Pipeline

Serving a model in production is crucial, especially when serving a web-
based application. Building highly available, scalable, distributed systems
for machine-learning data pipelines is complex. In this thesis, the whole
process was managed as a workflow, a sequence of tasks representing units
of business logic. Figure 2.7 shows the workflow implemented for the pre-
diction pipeline. The workflow is a Directed Cyclic Graph (DAG) where
each node is a task and arrows are dependencies between tasks. In the
extraction step, from the AoI and date range provided by the user, a first
task searches and downloads Sentinel-2 data. Any images with clouds are
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Figure 2.7: Schematic representation of the inference pipeline workflow.

appropriately removed from the process. The prediction is performed on
the downloaded images after a subdivision into patches of the size required
by the deep-learning model. Finally, the map is assembled and stored for
later visualization by merging predicted patches.

The whole approach was implemented through a Workflow Manage-
ment System (WfMS) (Source is available at https://github.com/priamus-lab/
ReFuse). A WfMS provides an infrastructure for a defined workflow’s
setup, performance, and monitoring. Therefore, involving a WfMS gives
flexibility and extendibility to the approach because it implements off-the-
shelf features such as data-sharing between tasks, recovery from failure,
retrying failed tasks, task scheduling for batch runs, flow versioning, and
more. In this thesis, Prefect (https://www.prefect.io/ accessed on 31
July 2022), an open-source orchestration and workflow tool, was used.
However, despite the choice, this thesis aims to show a general approach
that is easily replicable with similar tools. Five essential layers can be
highlighted in every WfMS (Figure 2.8): (i) the orchestration layer, which
is responsible for the workflow’s life cycle; (ii) the agents, daemon-like pro-
cesses that look for tasks and run them if any are available; (iii) the flow
run layer, which is responsible for defining where the flow run; (iv) the ex-
ecution layer, which manages where and how single tasks within the flow
run; (v) the storage layer, which defines where the flow’s code is stored,

https://github.com/priamus-lab/ReFuse
https://github.com/priamus-lab/ReFuse
https://www.prefect.io/
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Figure 2.8: Workflow Management System layers. In bold, the choices
made in this thesis.

to be collected when needed. In addition, when tasks need to pass data
between them, a result layer defines and manages where to store task re-
sults.

It is worth pointing out that in a fully distributed system such as the
one defined here, the layers and components can be chosen from different
types and deployed elsewhere. This aspect makes the solution extremely
flexible: for Example, in a development and test phase, one could choose to
deploy an agent on a personal computer but let the flow run in the cloud.
Figure 2.8 highlights in bold choices made in this thesis. Both agents and
flows ran on a Kubernetes cluster; Prefect Cloud, a cloud-managed service,
performed the orchestration. Flow’s code and task results were stored in
an object-based storage, particularly an AWS S3 bucket. Kubernetes is a
system that manages containers where a container could be explained as
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a lightweight virtual machine. Containers encapsulate an application with
all its dependencies, including system libraries, binaries, and configuration
files, making it portable across different hosts. Kubernetes can automati-
cally create and scale these containerized applications and manage storage
among all the containers. Instead, object-based storage is a strategy that
manages and manipulates data storage as distinct units called objects.
Data are kept in separate storehouses versus files in folders and are bun-
dled with associated metadata and a unique identifier to form a storage
pool. Object-based storage effectively manages unstructured distributed
content, such as this use case. This solution is adaptable to different sce-
narios because the business logic is separate from the execution methods.
Changing the configuration of one of the components, e.g., where to store
the code or execute the flow, does not require any change to the business
logic of the tasks. A Dask cluster was used for the execution layer. This
is the most critical choice in the pipeline, as the choice of this executor
allowed us to parallelize task execution and potentially scale the approach
indefinitely in a distributed environment. Dask is an open-source Python
library for parallel computing. In particular, a temporary Dask cluster
was created, i.e., a cluster that scales up and down when needed and exe-
cutes tasks on them. Despite an initial latency time to start the cluster, an
ephemeral cluster allows for the leveraging of several machines but releases
them when the workload is complete. The WfMS orchestrated all the tasks
together, respecting dependencies and data flow between them. Figure ??

highlights parallelizable computations within the inference pipeline. It
shows with green arrows the outputs of tasks that produce a list of ele-
ments on which subsequent tasks can proceed in parallel. The designed
workflow involves parallelization in processing the identified Sentinel-2 im-
ages and inferring over the patches into which the image is divided. For
example, if the initial search step identifies 100 Sentinel-2 images, subse-
quent processing can proceed in parallel with these. A workflow like this
can be optimized with a map-reduce approach. Map-reduce is a powerful
two-stage programming paradigm famous in the big-data ecosystem that
can be used to distribute and parallelize work (the “map” phase) before
collecting and processing all the results (the “reduce” phase). Tasks can be
executed dynamically across an iterable input with a map-reduce model.
This, in turn, allows us to execute mapped tasks in a distributed and par-
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Figure 2.9: Flow execution process for the imperviousness map generation.
A Docker image stores library dependencies. The model, weights, and
flow code are stored in object-based storage. During flow execution, the
orchestrator pulls the image from the Docker registry and, using it, starts
a Dask cluster. Finally, the prediction flow is executed on the Dask cluster.

allel manner on a Dask cluster, drastically reducing the total execution
time.

Figure 2.9 depicts the whole process. The first step is releasing the
Docker image for the flow execution into a Docker registry. A Docker
image is an immutable template file containing the source code, libraries,
dependencies, tools, and other files needed to create a container where the
application will run. In this way, nodes that execute the inference pipeline
will have all software dependencies correctly in place. The model-serving
strategy adopted is straightforward: together with weights, the model was
stored in object-based storage. This method permits the download of the
model for inference using a URL accessible via the Internet, a mandatory
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requirement for a distributed data pipeline. In addition, it enables a fast
and easy replacement with newer versions because the model and business
logic are decoupled. Finally, these steps can easily be automatized within
a Continuous Deployment flow, e.g., by initiating automatic uploads fol-
lowing a code committed into a code repository. At the user’s request to
calculate the imperviousness map on a new area, a request is sent for a new
execution of the inference flow. The agent, therefore, upon receiving the re-
quest, starts the flow. The flow is executed within a Kubernetes cluster as
a Kubernetes job. A Kubernetes job is a workload controller that performs
one or more finite tasks in the cluster. At startup, the flow pulls the Docker
image from the Docker registry for machine instantiation and then deploys
an ephemeral Dask cluster. After the Dask cluster is up, flow tasks can
execute appropriately on the cluster. A Dask cluster is composed of one
scheduler node and N worker nodes. By increasing the number of workers,
the number of maximum tasks executable in parallel can be scaled up, giv-
ing the solution great flexibility and scalability. Although not mandatory,
such a solution fits well with the serverless infrastructure made available by
most cloud providers today. Serverless computing is an execution model in
which the cloud provider allocates machine resources on demand, allowing
customers to pay only when computational power is needed. Creating a
Dask cluster when required and deploying it on a serverless infrastructure
dramatically reduces operational costs while maintaining a virtually infi-
nite ability to scale. It is worth remembering that the type of machine
used to instantiate Dask workers can be defined during configuration. For
Example, machines with GPU enabled can be selected to reduce inference
time further.

2.1.4 Experimental Setup

The network was implemented in PyTorch, and the training execution
was on ad hoc AWS EC2 instances. Models were trained using the Adam
optimizer [70] with �1 = 0.9, �2 = 0.99, ✏ = 1

�5, a weight decay of 1�2

and a batch size of 8. The considered loss function is a combination of dice
and pixel-wise cross-entropy loss:

Ltotal = Ldice + Lce

with
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Lce = �(ylog(p) + (1� y)log(1� p))

Ldice = 1� 2 |A \B|
|A|+ |B|

where A is the predicted segmentation, mask B is the ground truth, y is
the ground truth, and p is the probability for that class. The choice of
also including the dice loss is to help to regularise results in the case of
unbalanced data chips (e.g., 95% bare soil and 5% impervious surface in a
single chip).

One of the most critical hyperparameters is the learning rate (LR): a
big LR causes the model to diverge, while a small LR causes the model
to converge slowly or stack in an unfavorable solution. Two methods were
used, the learning rate range test [71] and the one-cycle policy [3], to
determine the ideal LR value and train the model for accurate fine-tuning.
The LR range test is a method for determining what are considered to
be the acceptable minimum and maximum boundary values for LR. It
entails running the model over several epochs while letting the LR rise
linearly between low and high LR values after each mini-batch until the
loss value increases enormously. When plotting accuracy trends that vary
LR values, the LR one order lower than the point where loss is minimum
can be chosen. Figure 2.10a shows the ReFuse model learning range test
output: a maximum LR of 1�3 was adopted for the experiments. On the
other hand, the one-cycle policy is a technique similar to the simulated
annealing algorithm [72] designed for varying the LR during the training.
The method needs an initial interval of values: the maximum value using
the LR range test and the lower one as 1/10th of the maximum LR was
chosen. The algorithm moves from the lower to the higher value during the
first half of the cycle and from the higher back to the lower during the latter
half of the cycle. Finally, in the last few iterations, this method anneals
the learning rate way below the lower learning rate value for final fine-
tuning. Conventionally, the learning rate decreases as the learning starts
to converge, but the idea behind this approach is that a higher learning
rate may help overcome saddle points. In [3], the author shows that when
the learning rate is higher, during the middle of learning, the learning rate
works as a regularisation method and keeps the network from overfitting
because it avoids steep areas of loss and finds a better flatter minimum.
Figure 2.10b shows LR values used during training across the considered
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(a) (b)

Figure 2.10: Learning Rate (LR) tuning analysis for the ReFuse model.
(a) The output of the LR range test. The figure highlights the maximum
learning rate before loss increases. (b) Learning rate values during training
with the one-cycle policy [3]. The one-cycle strategy increases the learning
rate from an initial value to a maximum learning rate. It then decreases
the learning rate from the maximum value to some minimum, substantially
lower than the starting learning rate.

iterations. When the model performance on the validation dataset ceased
improving, an early-stopping criterion was used to stop the training.

The GIS web application and the inference pipeline were executed on
cloud infrastructure using a Kubernetes cluster. The inference pipeline
was released on a serverless infrastructure to reduce the solution’s running
costs.

2.1.5 Results

The solution was compared against some state-of-the-art CNNs and
variants to measure the effectiveness of the proposed approach. In par-
ticular, the comparison was made against some variants of three main
architectures:

• A FCN-8s, a variant of an FCN model introduced in Section ??.
The classical FCN architecture consists of a series of convolutional
and pooling layers, with FCN-8s also implementing a fusing strategy
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between predictions of the shallower layer Pool3 with the twice-up-
sampled sum of the two predictions derived from Pool4 and the last
layer. The stride 8 predictions are subsequently up-sampled back to
the image;

• A standard U-Net using different pre-trained CNNs as encoders. In
particular, the thesis explored the use of VGG16 [73], ResNet [41],
and EfficientNet [74] architectures pre-trained on ImageNet. The
reasons behind this choice are the high generalization ability demon-
strated over the years by VGG, the ability to deal with gradient
vanishing of ResNet, and the high efficiency/performance trade-off
of EfficientNet;

• The thesis used also DeepLabv3+ [75], an architecture introducing
changes to the encoder–decoder structure, such as using dilated con-
volutions [76], to preserve most of the spatial input information.

These architectures were tested with different bands as input (i.e.,
RGB, RGB + NIR, all 13 bands resized to have the same spatial reso-
lution). All the experiments used, as evaluation metrics, the pixel-wise
segmentation accuracy and the Intersection over Union (IoU), defined as:

IoU = |Predicted \GT |/|Predicted [GT |

where GT is the ground-truth imperviousness mask.
Table 2.2 reports the results for the considered analysis, reporting for

each configuration the base architecture, the used encoder (if any), the
used input bands, and the obtained performance. The table shows that
the proposed approach outperforms all competitors by a large margin.
Moreover, analyzing the table, there are a few points worth highlighting:

• Models trained on RGB bands and using transfer learning (with
weights pre-trained on ImageNet) tend to perform better than those
using a different combination for the bands;

• Results obtained using all bands at 10 m spatial resolution, i.e., RGB
and NIR, are slightly comparable with results obtained with RGB
bands only;
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Table 2.2: Results obtained by the proposed approach (last row) and the
considered competitors for the imperviousness map extraction. For the
proposed approach (ReFuse), using brackets under the “bands” column
highlights the ability of the proposed approach to use different band types
without the need for resizing.

Network Encoder Bands Accuracy IoU

FCN-8s - R, G, B 89.54% 69.76%
FCN-8s - R, G, B, NIR 88.25% 69.55%
FCN-8s - All 13 bands 84.80% 60.35%
U-Net VGG16 R, G, B 87.45% 70.03%
U-Net ResNet-34 R, G, B 90.13% 70.54%
U-Net ResNet-50 R, G, B 92.39% 73.50%
U-Net ResNet-50 R, G, B, NIR 92.07% 71.37%
U-Net ResNet-50 All 13 bands 89.37% 70.32%
U-Net ResNet-101 R, G, B 90.39% 70.57%
U-Net EfficientNetB7 R, G, B 94.48% 74.61%
DeepLabv3+ ResNet-50 R, G, B 92.19% 71.35%
DeepLabv3+ ResNet-50 R, G, B, NIR 91.32% 71.29%
DeepLabv3+ ResNet-50 All 13 bands 88.25% 68.50%

ReFuse ResNet-50
(R, G, B) +

(B7, B8, B11)
95.72% 75.85%

• ResNet-50 tends to be the most effective encoder;

• Using all 13 bands causes the worst results both in terms of accuracy
and IoU. This confirms the claim that using more bands does not
necessarily result in better performance.

To better understand the effectiveness of the proposed approach, Fig-
ure 2.11 reports an inference example on a single patch, highlighting false
positives (FP) and false negatives (FN). Interestingly, ReFuse produces
a segmentation mask that is very close to the ground truth, with errors
almost all located along the borders of urban areas or in shadow zones
(misclassified as impervious areas). Similarly, Figure 2.12 reports the ex-
traction results from the test set of two representative regions in the city of
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Turin in Italy, including small, dense residential buildings and large high
buildings in urban commercial areas. For both areas, the model produces
excellent segmentation masks. Both images in Figure 2.12d,h reveal some
difficulty in segmenting small buildings and noise along the edges of streets.
This result can be explained in the first instance by the spatial resolution of
the Sentinel-2 data. A spatial resolution of 10 m is too low to capture such
levels of detail. Indeed, even observing Sentinel-2 images (Figure 2.12b–f)
by the naked eye, there is the same difficulty in discriminating between
impervious and non-impervious pixels.

It is worth noting, finally, the presence of mislabelled data shown in
Figure 2.12c. Despite the presence of trees and gardens, everything is
labeled as impervious. Even more interesting here is the result obtained.
Despite errors in the ground truth, the network correctly detects the green
infrastructure within the area, i.e., trees, grass, and parks, showing an
ability to generalize the result that is sometimes superior to that of the
training data. This result is of fundamental interest in this thesis because,
as stated in Section 2.1, one of the objectives was to address the difficulties
of current solutions in extracting imperviousness maps with a high level of
detail within the urban context.

2.1.6 Conclusion

In this section, a deep-learning-based method for extracting impervi-
ousness maps from multi-spectral Sentinel-2 pictures was introduced, lever-
aging bands with different spatial resolutions without the need for rescaling
or other adaptations. The proposed approach has also been made avail-
able through a portable and scalable inference pipeline, easily pluggable
within a web-based GIS application. The aim is to support the generation
of imperviousness maps as soon as new satellite images are available for
a fast, effective, and reliable analysis of human environmental impact. To
achieve this, one of the biggest challenges was the lack of a labeled dataset
with temporal and spatial granularity and precision suited for the task. To
address this problem, the proposed approach gathered a new dataset using
the ISPRA imperviousness map as the ground-truth raster. The proposed
approach is a deep-learning architecture designed for impervious surface
extraction based on a U-Net backbone and leveraging residual blocks and
the FuseNet principles (here, the name) to effectively take advantage of
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(a) (b)

(c) (d)

Figure 2.11: Example of an imperviousness mask obtained using ReFuse.
The top left is the considered path (only RGB bands have been reported for
visualization reasons). The top right is the corresponding ISPRA Ground
Truth. The bottom left is the imperviousness mask obtained by the pro-
posed ReFuse architecture. The bottom right is the ReFuse segmentation
errors. (a) RGB patch. (b) Ground truth. (c) ReFuse. (d) Error mask:
FP (blue), FN (red).
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 2.12: Semantic mapping with ReFuse model for two areas in the
city of Turin. (a,e) Optical images extracted from Google Earth. (b,f)
Sentinel-2 RGB images. (c,g) Ground truth extracted from ISPRA Soil
consumption map. In red, imperviousness surfaces. (d,h) Predicted maps
with the ReFuse model. Despite errors in the ground-truth labels (see
image (c)), the network correctly detects the green infrastructure within
the area, i.e., trees, grass, and parks (see image (d)).
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Figure 2.13: Example of the imperviousness map visualization into a GIS
web application.

Sentinel-2 multi-spectral bands despite their different spatial resolutions.
To evaluate the effectiveness of the proposed approach, the thesis compared
the performance of the ReFuse architecture against some state-of-the-art
CNNs. For the sake of completeness, the effectiveness of some variants
obtained by changing the used encoder and\or considered bands were ana-
lyzed. Results show how using residual connections and the selected bands
ensures the best performance. Nonetheless, all the considered competitors
are outperformed by ReFuse.

Additionally, as the thesis aims to realize a simple and effective tool, the
proposed approach was integrated into a GIS web application. Figure 2.2
shows how requesting data for a specific area of interest can be simple, even
for non-experts. Figure 2.13 shows the implemented web page where the
impervious data are presented to the end user using a map with a hexagonal
grid. The grid was computed using a zonal statistics process applied to
the imperviousness map computed through the proposed approach. The
whiter areas represent the areas with the most impervious surfaces; vice
versa, greener hexagons are the zones with the highest presence of trees,
parks, and gardens. The image shows the map of impervious surfaces for
the city of Turin in Italy. In particular, it demonstrates how the areas with
the highest content of impervious surfaces in the city center can be easily
identified, i.e., white hexagons.
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In conclusion, the proposed approach shows how deep learning, MLOPS,
and web-based applications can effectively be used simply and intuitively
for a social-good application, such as imperviousness classification. The
applicability of the proposed approach to different land-cover classification
tasks will be tested to analyze its generalization capability across various
applications. Finally, other experiments will be conducted, considering the
time variable and extending the proposed dataset with new data sources,
such as Sentinel-1 SAR satellite imagery.

2.2 Aboveground Biomass and Carbon Storage Es-

timation

2.2.1 Introduction

Forests cover about 40% of the Earth’s ice-free land surface, although,
recently, vast forested areas have been converted to agricultural or urban
land uses. They constitute the vital core of the whole planet because they
are the sentinels of the carbon cycle and the custodians of its biodiversity
[77]. The expected increase in the global population is a further threat,
representing a potential trigger for increasing deforestation and overex-
ploitation of resources. The challenge to be faced by both politicians and
scientists is the definition of protocols and strategies that allow for the
sustainable management of such critical areas [78]. In this context, it
is essential to support decision-makers with timely information about sev-
eral biophysical parameters to implement adequate planning activities [79].
Among them, the aboveground biomass (AGB) is particularly interesting
due to its impact on the carbon cycle and, consequently, on the global
climate and its changes [80]. Accurate assessment of AGB, which in this
thesis is defined as the mass expressed as oven-dry weight of the woody
parts (stem, bark, branches, and twigs) of all living trees, excluding stump
and roots, and related carbon stock, is essential for the sustainable man-
agement of forests. Recently, the United Nations Framework Convention
for Climate Change (UNFCCC) established the Reducing Emissions from
Deforestation and Forest Degradation (REDD+) that requires countries to
report their carbon emissions and sink estimates through national green-
house gas inventories (NGHGI) [81][82]. Furthermore, Sustainable Devel-
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opment Goal 15 aims to "protect, restore and promote the sustainable
use of terrestrial ecosystems, sustainably manage forests, combat deserti-
fication, halt and reverse land degradation and halt biodiversity loss"[83].
Subsequently, it is paramount to conduct an explicit investigation into
the methods and procedures for quantifying carbon sinks. Generally, the
aboveground dry biomass holds about 50%

Traditionally, this parameter is estimated through field sampling [84]
or the exploitation of remote sensing data [85]. Undoubtedly, traditional
methods are more accurate [86]. Still, they are way more time-consuming,
laborious, unfeasible for forest-scale applications, challenging to implement
in inaccessible areas, and destructive in nature[87]. Conversely, remote
sensing technologies can deliver synoptic pictures of large areas with high
revisit time. Therefore, as widely demonstrated by the literature, they
represent a unique data source to feed methodologies, allowing for AGB
estimation at a large scale [88][89][90]. Among all, the Sentinel-2 satellite
system, launched by the European Space Agency (ESA) and equipped with
a multispectral instrument (MSI), presents a high potential for applications
in land management, agricultural industry (food security), forestry (AGB)
disaster control, and humanitarian relief operations [91]. Sentinel-2 is a
polar-orbiting satellite system comprised of two satellites, each carrying
an MSI characterized by a 290-km swath width, offering a multi-purpose
design of 13 spectral bands traversing from visible and near-infrared (NIR)
wavelengths to shortwave infra-red wavelengths at refined (10, 20 m) and
coarse (60 m) spatial resolution. Furthermore, the presence of four bands
within the red-edge region, centered at 705 (band 5), 740 (band 6), 783
(band 7), and 865 nm (band 8a), gives the satellite system the potential
for mapping various vegetation characteristics [92].

This section introduces a deep-learning approach for estimating Above-
ground Biomass (AGB) using high-resolution Sentinel-2 satellite imagery.
The architecture called the ReUse framework is grounded in a pixel-wise
regressive U-Net model. This U-Net model is proficient in generating pixel
masks for AGB predictions, offering substantial computational advantages,
particularly when monitoring expansive geographical regions.

One notable advantage of the ReUse framework is its contrast with
classical machine learning algorithms. Traditional methods necessitate a
labor-intensive feature extraction process to derive indices that capture
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spectral and spatial information content [4, 5]. Similarly, solutions relying
on convolutional neural networks (CNNs) for AGB estimation, such as
those utilizing the commercial Worldview-2 satellite and visible spectrum
images captured by unmanned aerial vehicles [93, 94], typically produce a
solitary AGB prediction value. In contrast, the U-Net model stands out
due to its computational efficiency.

Compared to simpler CNNs, the U-Net model’s distinctive strength lies
in its operational approach. While CNNs leverage a pixel’s neighborhood
and associated spectral bands to generate a single AGB prediction per
input pixel, the U-Net framework operates differently. It associates a patch
of input pixels with an equally sized patch of output pixels, effectively
producing a comprehensive map of AGB estimations as its output. This
fundamental distinction enhances its utility for large-scale AGB monitoring
and spatial analysis.

However, the significance of fine-tuning Aboveground Biomass (AGB)
models for new and distinct geographical areas cannot be underestimated,
primarily due to the critical challenge of generalization. While developing
robust AGB estimation models is imperative, effectively applying them to
diverse regions or across different periods presents substantial hurdles.

Ecosystems and forest types exhibit profound variations from one loca-
tion to another. Differences in environmental conditions, species compo-
sitions, and vegetation structures are often substantial. Tailoring models
for specific geographic areas enables them to better adapt to these regional
intricacies, resulting in more precise AGB predictions.

Forests are dynamic environments characterized by continuous changes
in vegetation density, growth, and decay over time. Moreover, models cali-
brated for a specific period may struggle to capture the evolving dynamics
of AGB in subsequent years. Fine-tuning ensures the model’s continued
relevance and effectiveness over time.

Lastly, many regions face limitations in the availability of ground truth
data, which can introduce sampling bias during model training. Fine-
tuning facilitates the incorporation of region-specific reference data, re-
ducing the risk of bias and enhancing the model’s overall reliability. The
problem of updating an existing model to make it work when applied to
other areas or the same area at different times has been scarcely addressed.

In this regard, the following sections introduce a strategy to tackle the
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typical generalization issues in the past AGB estimation literature. In
particular, active learning principles [95] are exploited to build a novel
workflow suitable for transferring a calibrated regression model to new
areas by selecting relevant re-calibration samples. To this end, a novel
technique for selecting the most informative samples based on their entropy
rank is introduced. Unlike commonly adopted solutions, in which training
data are distributed over large areas and used to train a single model,
the principal novelty here is the exploitation of several regression models
generated from a reference one, retrained with few samples collected on
specific areas. The aim is to extend the forecasting capability of an existing
training dataset by adding a limited number of samples made available by
new acquisitions through active learning. Finally, particular attention is
paid to validation. This is one of the weaknesses found in the literature,
which tends to assess the performance of the estimation over vast areas
using a few tens of plots. The results have been evaluated against extended
ground truth, accounting for more than 850,000 validation points derived
from the LiDAR processing of data acquired over Finnish forests.

This section is organized as follows. Related works are introduced in
2.2.2. Section 2.2.3 illustrates ReUse. Section 2.2.4 illustrates the active
learning methodology for AGB estimation. Conclusion are drawn in 2.2.5.

2.2.2 Related Works

The literature on remote sensing for vegetation detection is vast. How-
ever, Aboveground Biomass detection is a different and more crucial task,
especially for detailed estimation of other indicators, such as the carbon
sequestration ability of a portion of land. Thus, this section focuses solely
on works to estimate aboveground biomass and carbon storage.

To this end, several techniques have been proposed in the literature.
Regression-based models are among the most exploited [96][97][98]. They
have many advantages, like the possibility of combining heterogeneous
data, the low computational complexity, and the suitability for dealing
with sparse sampling, which is the typical case in forest studies [84]. Ma-
chine learning methodologies have been exploited to better deal with non-
linearities between measurements and remote sensing data. Previous stud-
ies demonstrated the effectiveness of solutions like random forests [99], gra-
dient boost algorithms [100], and support vector machines [101].
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In [102], the authors attempted to examine the prospects of Sentinel-
2 spectral data for quantifying the carbon stock in a reforested urban
landscape, using Random Forest and, as predictors, 10 Sentinel bands plus
15 spectral indices that summarise the spectral content without taking into
account in any way the spatial correlations typical of an image. Similarly,
in [4], the authors applied Sentinel-2 satellite images combined with field-
measured biomass using Random Forest (RF) to estimate aboveground
biomass in Yok Don National Park, Vietnam. 132 spectral and texture
variables were extracted from the Sentinel-2 images; the grey level co-
occurrence matrix (GLCM) method [103] was used to compute the texture
variables.

In [104], Sentinel-2 performance was evaluated for a buffer zone commu-
nity forest in Parsa National Park, Nepal, using field-based AGB as a de-
pendent variable, as well as spectral band values and spectral-derived veg-
etation indices as independent variables in the Random Forest algorithm;
in this approach, no features were extracted from the spatial dimensions,
but indicators were only extracted from the spectral dimension of the in-
put tensor. Spectral bands, vegetation indices (VIs), and texture variables
derived from processed Sentinel-2 data and topographic parameters have
been used in [5] to statistical link with field-based AGB by implementing
random forest and stochastic gradient boosting (SGB) algorithms. The
grey level co-occurrence matrix method[103] and wavelet decomposition
were applied using the first principal component of the Sentinel-2 multi-
spectral tensor.

In [105], to estimate the AGB from remotely sensed data, paramet-
ric and non-parametric methods, including Multiple Regression (MR),
k-nearest Neighbour (kNN), Random Forest, the multi-layer perceptron,
which performed best among the various methods, were applied to a single
Sentinel-2 image using spectral bands and derived indices. Similarly, in
[106] the authors explored the capability of spectral and texture features
from the Sentinel-2 Multispectral Instrument (MSI) for modeling grassland
AGB using random forest (RF) and extreme gradient boosting (XGBoost)
algorithms in Shengjin Lake wetland (a Ramsar site), showing that the
RF and XGBoost models had a robust and efficient performance and that
the introduction of eight grey-level co-occurrence matrix (GLCM) textures
moderately improved the accuracy of modeling AGB. The texture is also
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the core of [107], in which texture metrics were derived based on different
working window sizes (3×3, 5×5, 7×7, and 9×9). The results were com-
pared with those obtained using raw traditional bands (Band 2, 3, 4, 8,
11, and 12), raw traditional and red edge bands (Band 5, 6, 7, and 8A),
and red edge bands only; the use of texture with a 7×7 window size and
vegetation indices (VIs) yielded higher biomass estimates.

In [108], the authors proposed an innovative and dynamic architec-
ture based on the generative neural network that extracts target-oriented
generative features for forest prediction AGB using satellite data. The
architecture exploits its generative capacity to produce variables in a la-
tent space to predict AGB, exploiting only the spectral dimension and
not the spatial correlations of the images. In the same year, in [109], the
authors present an automated machine learning (AutoML) framework for
modeling, evaluating, and stacking multiple base models for AGB predic-
tion. This thesis incorporates a hyperparameter optimization procedure for
automatically extracting targeted features from multitemporal Sentinel-2
data that minimizes human bias. Also, in this context, the automatic fea-
ture extraction only considered the spectral dimension. Finally, a recent
work [110] mainly discusses three non-parametric models: the artificial
neural network (ANN) and the random forests, and in particular, explores
the quantile regression neural network (QRNN), using spectral index and
texture features as variables.

These works use machine learning techniques combined with inten-
sive feature extraction, with some focusing only on the spectral dimension
and others involving both the spatial and spectral dimensions. Besides
the used features, some work [108, 109] also exploited generative networks
and AutoMl pipelines to minimize the human bias in the feature extrac-
tion phase. Moreover, as for other image processing-related domains, re-
searchers [93, 94] are also working on the use of Convolutional Neural
Networks (CNNs) designed to produce numerical values for AGB predic-
tion (one for each input image), using input from commercial satellites
such as Worldview-2 or visible spectrum images captured by an unmanned
aerial vehicle instead of Sentinel-2 open data.

However, some concerns have been raised against the parametrization
of these machine-learning models, as tuning can significantly affect the
performance of these models [111]. Working at the forest scale, the main
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issue related to the exploitation of algorithms requiring the acquisition of
calibration points is probably generalization, as sampling is usually imple-
mented in specific areas [112].

Therefore, a concept of interest is the introduction of methodologies al-
lowing for the transfer of a model from one area to another, sharing similar
characteristics [113]. This problem is particularly of interest, for example,
in precision agriculture, since the variations of the AGB are typically higher
due to crop cycles and their sensitivity to environmental conditions. In this
context, Reference [113] exploited active sampling to select significant sam-
ples to transfer a calibrated model for ryegrass AGB and nitrogen content
estimation across different seasons. [114] exploited the Kennard-Stone al-
gorithm to select re-calibration samples acquired in other years to extend
the forecasting capabilities of a rice yield model. Reference [115] proposed
an active sampling framework to implement multi-year incremental grass-
land biomass and nitrogen content monitoring.

Dealing with forests, the problem of updating an existing model to
make it work when applied to other areas or to the same place at different
times has been scarcely addressed, as the dominant approach is the valida-
tion of new techniques fed by variously collected data [80, 88, 96, 99, 116]
- the most relevant literature on the topic concerns processing airborne
laser scanning (ALS) data. Reference [116] exploited repeated ALS ac-
quisitions and ground measures to update models predicting aboveground
carbon, basal area, stand density index, and total stem volume within a
study area in northern Idaho (USA). [117] demonstrated the feasibility of
transferring between different areas of forest attributes derived using ALS
data [117]. Reference [118]proposed a methodology to generate new maps
of forest structural attributes, integrating ALS samples within pre-fitted
models, pointing out that the direct transfer of an available model else-
where may involve extrapolations or application to conditions not included
in the training dataset.

2.2.3 ReUse: REgressive U-Net

Materials and Methods

The following approach introduces ReUse, a U-Net network trained to
perform a pixel-wise regression task to map Sentinel-2 images into AGB
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Figure 2.14: ReUse architecture for pixel-wise regression. The input is
the Sentinel-2 image with dimensions (patch size, patch size, number of
channels); the output is the AGB image with dimensions (patch size, patch
size, 1).

rasters. The U-Net was developed by [119] for biomedical semantic seg-
mentation. In the original proposal, the architecture contains two paths.
The first is a contraction path (also known as the encoder) designed to
capture the context in the image. Several structures are possible but usu-
ally involve convolutional and max pooling layer sequences. The second
path is a symmetric expanding path (the decoder) designed to produce a
pixel-wise prediction using transposed convolutions. These two paths are
connected by some skipping connections, designed to improve the localiza-
tion ability of the network by combining the high-resolution features from
the contracting path with the corresponding one in the expanding path.
A final convolution layer can then be used to learn and assemble a more
precise output based on this information.

The main difference introduced to the original U-Net architecture is
that the network has been trained not for performing semantic segmenta-
tion but to produce a pixel-wise regression map. This has been obtained by
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omitting the softmax in the last layer, thus forcing the optimizer to mini-
mize the loss function based on the actual values predicted by the network,
directly comparing them with the AGB ground truth (Fig. 2.14). To the
author’s knowledge, this is the first time such an approach has been used
to estimate AGB. The main advantage is that the proposed variant can
extract spatial and spectral features from the satellite multispectral im-
ages using an end-to-end paradigm. In particular, a patch-wise approach
has been used [120], dividing each Sentinel-2 input and AGB-raster into
non-overlapping patches of 16*16 pixels.

One of the problems with the evaluation of remote-sensing applications
is the lack of a standard experimental protocol. Indeed, given the high spa-
tial and temporal variability associated with images captured by satellite
sensors, selecting different Earth zones and acquisition times can result in
different performances, making any comparison with other approaches in
the literature less fair. To cope with this, different evaluations were per-
formed on different Earth zones, comparing ReUse against two literature
proposals [4, 5] both leveraging a Random Forest [121] classifier trained on
spatial and spectral features in an end-to-end paradigm. It is worth noting
that in [5], the authors use topographical parameters, such as altitude, as
a variable. However, as that data is not always available, only Sentinel-2
data were used as input.

Comparisons between ReUse and the [4] and [5] approaches were made
on study areas used by the latter, located in the Central Highlands of Viet-
nam, and the Yinmar Forest (YM) situated in the northern and central-
eastern part of Myanmar, respectively. In [4], a total of 132 spectral and
texture variables were extracted from the Sentinel-2 images; the grey level
co-occurrence matrix (GLCM) method [103] was used to compute mean,
variance, homogeneity, contrast, dissimilarity, entropy, second moment and
correlation. In [5], principal component analysis (PCA) [122] was used to
eliminate correlated information in satellite images and simultaneously re-
duce their dimensionality. The first principal component (PC1) was used
for texture extraction. When extracting textural features, the grey level
co-occurrence matrix method [103] was used to compute mean, variance,
homogeneity, contrast, dissimilarity, entropy, second moment and correla-
tion, and wavelet decomposition was also applied considering their useful-
ness for the representation of relevant features [123]. The wavelet analysis
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produces four essential components: the approximation image, horizontal
detail, vertical detail, and diagonal detail images. The latter three are
regarded as helpful textural measures. In particular, the Coiflect discrete
wavelet function was chosen. Thus, based on the first principal compo-
nent, a three-level decomposition strategy was implemented to generate
nine detailed images as independent textural variables for AGB modeling.
Finally, two types of textures derived from GLCM-based and wavelet anal-
ysis were included in the AGB modeling in combination with 11 spectral
indices.

The proposed ReUse architecture has instead been trained using two
different setups: one relying only on the raw Sentinel-2 bands, suitably nor-
malized; the other leveraging raw band together with textural and spectral
indices as in [5] and [4] respectively. Focusing on the latter setup, concern-
ing the texture variables, the GLCM method was adopted to compute
mean, variance, homogeneity, contrast, dissimilarity, entropy, second mo-
ment, and correlation to which the nine detail images obtained by applying
the Coiflect wavelets have been added by adopting a three-level strategy.
The texture variables were computed using the first principal component
of the raw Sentinel bands. A 5 ⇥ 5 kernel to construct the GLCM-based
features was adopted. Indeed, considering that training was conducted at
a spatial resolution of 100 meters (because this is the spatial resolution
of ESA’s AGB data), such a kernel involves an area of 500 meters by 500
meters.

For all the considered approaches (including ours and competitors), the
images have been rescaled to a spatial resolution of 100 meters to match
the ESA CCI Biomass Project AGB data. All the experiments have been
run using an 8-fold cross-validation strategy, where each fold contains only
patches associated with the same zone on Earth. In contrast, different
folds refer to other portions of Earth (thus ensuring that there are no
data leaks between different folds). For each iteration, 6 of the eight folds
were used for training, 1 for validation, and 1 for testing. The validation
set was used to optimize the number of epochs for ReUse with an early
stopping procedure [124] and the number of trees for the two competitors
using two possible values: 250 or 500. In this study, concerning the early
stopping procedure, training is stopped when the monitored validation loss
has stopped improving after 35 epochs; the maximum number of epochs is
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set at 500. The optimizer used is Adam [125] with the default parameters.
For the learning rate, following the approach introduced in [126], if no
improvement in validation loss is seen for 25 epochs, the learning rate
is reduced by a factor of 0.2. The Mean Absolute Error is used as a loss
function for ReUse. The trees in the Random Forest are maximally grown,
and the number of variables each tree can choose at each split is equal to
the square root of the number of features, as suggested by [127]. The source
code is available at GitHub repository1 for reproducibility purposes.

Image Acquisition and Pre-Processing

Starting from the Global Dataset of aboveground biomass of 2018 ver-
sion 3 of the ESA CCI BIOMASS Project, three study areas were down-
loaded and used separately to compare ReUse with the competitors [4, 5].
The file "N20E100" contains the AGB of the study area of [4] in Vietnam,
while the file "N30E90" contains the AGB of the study area of Yinmar
(YM) forest of [5] in Myanmar. It is again emphasized that [4] and [5]
use field AGB data, while in this thesis, public AGB data provided by
ESA are used. The third study area cut from the "N60E00" file in cen-
tral Europe was used to compare the approaches in a western area and
for the Astroni use case (section 4.1). Table 2.3 shows the names of the
downloaded AGB files in GeoTIFF format and the clipped areas of inter-
est in Well-known text (WKT), a text markup language for representing
vector geometry objects. From the WKTs, it was possible to download
the corresponding Sentinel-2 L2A satellite multispectral images acquired
during available cloud-free days. The dates of the downloaded Sentinel-2
images of Vietnam, Myanmar, and Europe are three April, seven March,
and twenty-seven July 2018, respectively.

The Sentinel-2 satellite system acquires images with 13 spectral chan-
nels at variable spatial resolutions of 10, 20, and 60 meters. This satellite
system covers the red-edge region (i.e., b5, 6, 7, and 8A), strategically po-
sitioned in the electromagnetic spectrum with unique band settings critical
for vegetation modeling [128]. For ReUse, bands 1, 9, and 10 were elim-
inated due to their coarse spatial resolution, resulting in only 10-band
images. The values in the retrieved rasters are digital numbers (DN) that

1https://github.com/priamus-lab/ReUse

https://github.com/priamus-lab/ReUse
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Table 2.3: List of the file names downloaded from the ESA Biomass Cli-
mate Change Initiative of the Global aboveground forest biomass for 2018,
v3 in Geotiff format containing AGB rasters. In each GeoTiff file, a study
area was cut out and reported in Well-known text (WKT) format.

AGB file name Well-Known-Text Area of interest

N60E00

Polygon ((6.41116296045328227 50.733179027500789,
7.47810311940281469 50.733179027500789,
7.47810311940281469 51.57252282701965385,
6.41116296045328227 51.57252282701965385,
6.41116296045328227 50.733179027500789))

N20E100

Polygon ((107.10766723771612874 12.51511413035953346,
107.83207927588165376 12.51511413035953346,
107.83207927588165376 13.26250192346686596,
107.10766723771612874 13.26250192346686596,
107.10766723771612874 12.51511413035953346))

N30E90

Polygon ((96.00143548690360262 22.97297258442770485,
96.49905818628494103 22.97297258442770485,
96.49905818628494103 23.42872411816529876,
96.00143548690360262 23.42872411816529876,
96.00143548690360262 22.97297258442770485))
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must be transformed into reflectance by dividing them by the quantifica-
tion value. The quantification value in the Sentinel-2 product metadata is
equal to 10000 [129]. The infrastructure provided by the company Lati-
tudo 40 was used to download and prepare the Sentinel-2 data described
above.

Concerning the AGB data, the dataset [130] comprises estimates of
forest aboveground biomass for 2010 [131], 2017, and 2018. They are
derived from a combination of Earth observation data, depending on the
year, from the Copernicus Sentinel-1 mission, Envisat’s ASAR instrument,
and JAXA’s Advanced Land Observing Satellite (ALOS-1 and ALOS-2),
along with additional information from Earth observation sources. The
Biomass CCI team has produced the data as part of the European Space
Agency’s Climate Change Initiative program. The mapping is at 100 m
grid spacing with a target relative error of less than 20%

Results

As described in the previous section, the proposed ReUse approach has
been compared against two machine learning approaches [4, 5] using Ran-
dom Forest and leveraging both spatial and spectral dimensions during the
feature-engineering phase. The study areas used are Vietnam and Myan-
mar, which contain the areas of the articles mentioned above, respectively,
to compare ReUse with competitors in the areas where these methodologies
were initially designed. Moreover, an area in Central Europe was taken
into account to test the models on the territorial characteristics of a West-
ern country. Eight-fold cross-validation was used to estimate the error of
the models. Table 2.4 presents the experiments for Vietnam, Myanmar,
and Central Europe, highlighting that ReUse performs better than its com-
petitors regarding MAE, RMSE, and R

2.
Figures 2.15 to 2.19 shows a base map of the test area in Central

Europe and the AGB predictions of the different approaches. It can be
seen that the city areas where there is no greenery are appropriately set
to 0, and the tree areas are all highlighted. In particular, solutions (Fig.
2.16 and 2.17) show more marked differences between green and non-green
areas than the classical machine learning approaches (Fig. 2.18 and 2.19).
Furthermore, the experiments show that ReUse with feature extraction,
42 spectral indexes as in [4] in conjunction with texture variables obtained
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Figure 2.15: Base-map of the test area in Central Europe.

Figure 2.16: ReUse’s AGB predictions with raw bands in Central Europe.

Figure 2.17: ReUse’s AGB predictions with raw bands and feature extrac-
tion in Central Europe.

Figure 2.18: Predictions of AGB using the machine learning approach [4]
in Central Europe.

Figure 2.19: Predictions of AGB using the machine learning approach [5]
in Central Europe.
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Table 2.4: The results of the experiments performed on Vietnam and
Myanmar study areas of [4] and [5] and Central Europe study area. At each
iteration of the eight-fold cross-validation, six folds are used for training,
one for validation, and one for testing. The averages and standard de-
viations of the Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and R

2 metrics are calculated on the test set. In bold, the best
value for each metric per study area.

Area Model MAE RMSE R2

Vietnam

ReUse raw bands
ReUse feature extraction
Competitor 1 [4]
Competitor 2 [5]

42.0 ±6.6

44.4 ±6.0

60.1 ±8.3

58.9 ±8.6

57.7 ±7.3

59.5 ±4.7

73.0 ±9.4

72.0 ±9.7

0.4 ±0.2

0.4 ±0.2

0.2 ±0.2

0.2 ±0.2

Myanmar

ReUse raw bands
ReUse feature extraction
Competitor 1 [4]
Competitor 2 [5]

10.8 ±2.0

10.7 ±2.2

15.7 ±1.9

15.5 ±1.5

15.0 ±2.4

14.9 ±2.6

20.2 ±2.3

20.1 ±1.8

0.7 ±0.1

0.7 ±0.1

0.4 ±0.1

0.4 ±0.1

Europe

ReUse raw bands
ReUse feature extraction
Competitor 1 [4]
Competitor 2 [5]

24.5 ±3.3

24.1 ±3.4

32.5 ±3.1

34.8 ±3.1

46.6 ±5.2

46.9 ±4.2

48.0 ±4.4

51.1 ±3.9

0.6 ±0.1

0.6 ±0.1

0.5 ±0.5

0.5 ±0.5

with GLCM method and wavelet analysis as in [5], does not significantly
improve compared to ReUse with raw bands. This suggests that such a
deep approach can avoid the feature engineering phase in the contest of
AGB prediction. Notably, errors reported for the competitors are higher
than those reported in the corresponding papers. This is because the
ground truth in this thesis comes from ESA, while the original works used
field measurements, which were not released for reproducibility purposes.

A case study: The WWF Astroni Nature Reserve

A case study for the Astroni nature reserve in southern Italy showed
how ReUse, Sentinel-2, and ESA’s AGB public data can help estimate
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CO2 in forest areas and monitor deforestation downstream of events such
as fires. ReUse is adopted with raw Sentinel-2 bands alone without using
other extracted features that would not bring decisive benefits, as demon-
strated in the previous section.

The area of central Europe contained in the file ’N60E00’ was chosen
to monitor the Astroni reserve to train ReUse because it is certainly an
area with characteristics closer to those of southern Italy than the other
two datasets containing the areas of Vietnam and Myanmar. In [132],
research was conducted within the Astroni Crater World Wildlife Fund
(WWF) Reserve in the volcanic area of the Campi Flegrei in the urban
area of Naples, Italy. The Reserve (247 hectares) lies within the caldera of
an extinct volcano with a maximum altitude of 255 m above sea level and
an elliptical shape (2 × 1.6 km). The inner part of the crater has a deep
depression containing a lake, where a minimum altitude of 9 m above sea
level is reached. In the central part of the crater, near the largest lake, two
other small lakes and three hills rise to the bottom at 45, 74, and 82 m
above sea level, respectively. Throughout the crater, [132] focused on the
area of holm oak forest (127 ha) and the location of mixed forest (104 ha)
to define the two main ecosystems and found that the total carbon stocks
of the phytomass of these two ecosystems were 22173 ± 7054 tonnes using
sampling from April to October 2016.

To make inferences, the Sentinel-2 images downloaded on 31 May 2017
were upscaled to a spatial resolution of 10 meters, assuming that the spatial
correlations learned from the network at 100 meters are also reproducible
at 10 meters; this improves the resolution of the predictions compared to
the resolution of the AGB raster of the ESA CCI Biomass project which is
at 100 meters. The predictions of Carbon stocks were made by creating the
predicted raster of AGB ten by ten non-overlapping patches, correspond-
ing to one hectare each. Then, for each patch, the average AGB value
expressed in tonnes per hectare was taken, which, when multiplied by 1
hectare, which is the extent of the patch, yields a value in tonnes. These
values were summed over all patches, and the final result was multiplied
by 0.5 [133][134] to obtain the value of absorbed carbon in tonnes. From
this procedure, the Carbon stock estimate for Astroni on 31 May 2017 was
18748 tons, in line with the forecast of [132], which is 22173 ± 7054 tons
for phytomass in 2016. Please note that the latter includes the roots of
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the plants, which is not contained in the estimation described here but can
be considered around 30% To confirm the fact that the trained network
recognizes a decrease in AGB downstream of a fire, the AGB raster of
Astroni on 24 August 2017 downstream of the fire on July 2017 is shown
in Fig. 2.20 compared with the AGB raster of the same area before the
fire. The estimated aboveground biomass carbon stock on 24 August 2017
for the nature reserve downstream of the fire on July 2017 is 10104 tonnes,
confirming the above.

Figure 2.20: On the left is the predicted aboveground biomass raster of
the Astroni nature reserve before the July 2017 fire; on the right is the
predicted aboveground biomass raster after a major fire event for the same
area.

It is stressed that the proposed approach is based entirely on open
data. The fact that a prediction based on public data agrees with ranges
given by a ground truth provides worth to a tool that can be obtained
without field measurements, which could help monitor carbon stocks in
forest areas. The prediction after the fire cannot be verified in any way;
however, the fact that the prediction before the fire is in line with the
ground truth and that the forecast after this event shows a decrease due
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Table 2.5: AGB statistics for the considered area.

Min AGB

Clip (t/ha)

Max AGB

Clip (t/ha)

Mean AGB

(t/ha)

Std AGB

(t/ha)

Total Area�
km2

�

22.1 81.3 69.5 43.1 85.1

to the fire is encouraging.

2.2.4 Machine Learning Ensembles: Active Learning Strate-

gies for Model Transfer and Field Sampling Reduc-

tion

Materials and Methods

ALS data are systematically collected in Finland for digital terrain
mapping and forest parameters estimation [135], including AGB. These
data, opportunely integrated with satellite images and historical field sam-
pling, have been exploited by the Finnish Forest Centre to produce the
reference AGB data used in this thesis [136], which analyzes an area of
about 85 km

2, partitioned in 13 clips of 6.55 km
2 extension each. The

clips, whose global statistics are reported in Table 2.5, are quite inho-
mogeneous regarding the average AGB amount and its distribution. The
average AGB ranges between 37.1t/ha and 81.3t/ha. Its standard devia-
tion ranges between 22.2t/ha and 63.2t/ha. The overall AGB mean and
standard deviation are in the order of 69.5t/ha and 43.1t/ha. The area
is characterized by almost flat topography, with elevation values ranging
approximately 100-200 m above sea level, with a lack of significant urban
areas and agricultural lands. It belongs predominantly to the middle bo-
real vegetation zone, with a dominant presence of coniferous [137].

Satellite data, used to predict the AGB, belong to a publicly available
dataset 2 composed of several clips. It is presented as a benchmarking tool
for AGB studies. Therefore, data are provided without any geographic
and/or temporal attributes. For each clip, the dataset includes, beyond
AGB data, one year of Sentinel-1 SAR and Sentinel-2 MS observations,

2https://huggingface.co/datasets/nascetti-a/BioMassters (accessed on 18
July 2023). Further information about data can be found at https://neurips.cc/
virtual/2023/poster/73499 (accessed on 18 July 2023).

https://huggingface.co/datasets/nascetti-a/BioMassters
https://neurips.cc/virtual/2023/poster/73499
https://neurips.cc/virtual/2023/poster/73499
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Figure 2.21: Composition of the exploited dataset for some sample clips.
From left to right, S1 SAR image, natural color S2 image and AGB map.
The size of each clip is 256⇥ 256 pixels. The pixel spacing of the maps is
10 m.

made approximately every month (see Figure 2.21). In particular, SAR
data have been acquired regularly once per month due to their insensitivity
to atmospheric conditions. MS acquisitions are mostly concentrated during
spring and summer to cope with massive cloud coverage typically registered
in the other periods of the year.

A methodology is introduced to transfer a calibrated partial least squares
regression (PLSR) [138] model to areas with similar characteristics. In
other words, it is assumed that a model calibrated using an extended
ground truth is available. The question to be addressed is about how to
select relevant samples for fitting this model with new scenes.

To this end, the workflow depicted in Figure 2.22 is adopted. The in-
puts are a calibrated regression model and two-time series of data, one MS
and one SAR, which are exploited to calculate a set of predictors, a total of
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Figure 2.22: Proposed workflow for AGB model transfer. Colored blocks
identify input/output data.

159, to be exploited for regression. MS predictors are mostly constituted
by vegetation indices. SAR ones are constituted by both intensity-based
and texture variables derived from the Haralick co-occurrence matrix [139].

The predictors are calculated for each available acquisition and then
averaged on a yearly basis. Following this operation, the processing forks
in two branches. The first one is dedicated to the retrieval of the model to
be transferred, which is obtained via bootstrap, i.e., a regression calibrated
with a random sample selection. Bootstrapping is implemented as follows.
It is assumed that the AGB is known in a specific area (Clip 0 in Table
S1). Then, among 1000 PLSR experiments calibrated with random sample
selection, the one providing the lowest RMSE is selected as reference for
transferring.

Model transferring requires that the same predictors are used for each
regression. However, the literature highlighted that the large amount of
data usually ingested into PLSR can contain irrelevant information that
can cause the reduction in the model performance [140]. Therefore, a set
of potentially informative predictors is selected through the calculation of
the variable importance in prediction (VIP) score [141].

As the VIP score is an output of PLSR, a tentative regression is imple-
mented with this purpose. In other words, this will not be used for AGB
estimation. In this phase, the number of latent variables, i.e., the set of
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orthogonal factors having the best predictive power, is set to 10 .
The VIP score is defined, for each variable j, as the sum, over latent

variables f , of its PLS-weight value wj weighted by the percentage of ex-
plained variance of the specific latent variable SSYf . For the j-th variable,
it holds [141]:

V IPj =

vuutJ ·
PF

f=1w
2
jf · SSYf

F ·
PF

f=1 SSYf

(2.1)

where F is the total number of latent variables and J the total number
of variables. The relation for the calculation of SSYf is given by [141]:

SSYf = b2f t
T
f tf , (2.2)

where bf and tf are the PLS inner relation vector of coefficients and
the score vector relevant with the f -th latent variable, respectively. It
is common practice in the literature to assume that informative variables
are associated with a VIP score larger than one. This means that those
variables have an above-average influence on the building of the model
explaining the observations [142].

According to Figure 2.22, following the definition of the model to be
transferred, active sampling is implemented to select re-calibration data.
To this end, the stack composed of all the predictors for the new area is
processed with a principal component analysis (PCA) for dimensionality
reduction. Then, an ISODATA clustering is implemented to obtain la-
belled regions. In this case, the maximum number of allowed classes is set
to 10 .

The classified image provided by ISODATA clustering is treated with
connected component labelling [143] to retrieve elementary regions, i.e.,
the image segments. They are used to calculate the spatial average of the
regression variables, which constitute the input for active learning.

As described in [144], active learning techniques can be categorized
based on uncertainty [145] or diversity criteria [146]. In the first case,
samples are ranked according to their uncertainty. The higher the un-
certainty, the better their rank. Among these techniques, those based on
variance-based pool of regressors (PAL) are probably the most interesting
[147]. Active learning techniques based on diversity criteria, instead, select
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Figure 2.23: Schematic representation of histogram calculations for active
sampling.

samples based on the dissimilarities they introduce in the training datasets
[144]. Different metrics can be used to assess such dissimilarity like the Eu-
clidean distance [148], the cosine angle distance [149] or the entropy [150],
which is the one used in this thesis according to the definition provided by
Shannon [151]:

H = �
NX

i=1

Pn log2 Pn (2.3)

where Pn is the normalized probability of the n-th histogram quantiza-
tion level and N is the total number of bins. The entropy gives information
about the shape of the histogram and measures the quantity of information
carried by a signal. The higher the entropy, i.e., the flatter the histogram,
the higher its informative content.

According to Reference [115], the histogram is calculated on the vector
constituted by the region-wise average of the predictors. In other words,
given the N predictors for the generic orange region provided by the ISO-
DATA clustering depicted in Figure 2.23, the reference vector for histogram
calculation is composed of the N average values of the predictors. The en-
tropy H1 is calculated according to Equation 2.3 and stored as metrics for
active sampling selection.
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The second step of the active sampling process, the vector representa-
tive of the green region of Figure 2.23, is appended to the one previously
considered. The entropy H2 of this new vector, constituted by 2 N ele-
ments is calculated. If the condition H2 > H1 is verified, it is retained.
Otherwise, the vector corresponding to the green region is discarded. In
any case, the entropy value used for the acceptance test is the last one
computed. The process continues until all the regions have been tested.
Those determining an increase in the entropy against the last available one
are appended to the selection, and the corresponding regions are marked
as informative.

1. Consider each retrieved cluster and make the spatial average for each
spectral band;

2. Starting from a randomly selected cluster, calculate its histogram
considering all the elements of the average spectral response and its
associated entropy H1 according to Equation 2.3;

3. Add another cluster to the dataset by appending its (average) spec-
tral response to the vector constituted by the one previously consid-
ered. Calculate the new histogram and its entropy H2;

4. If H2 > H1 mark the cluster as informative and continue the process
by adding new clusters to the dataset. Do not delete those marked
as not informative. Clusters marked as informative are those to be
sampled to retrieve model calibration data.

The average number of samples, i.e., regions, selected by the adopted
active sampling methodology is around 301 within areas of about 6.5 km

2.
In an operational environment, this number can be considered high. There-
fore, a simple strategy for reducing the number of samples to be considered
for model transfer has been implemented.

The output of the above-discussed procedure is the list of the regions
marked as informative. Each of them is associated with an entropy value,
calculated by adding the vector representative of the i-th region to the one
collecting those already accepted. Moreover, a class ID coming from the
ISODATA clustering is available.
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Informative regions are then separated, based on the ISODATA class
ID, and sorted in descending entropy order. The first k samples of the chart
are retained for model calibration. In such a way, the maximum number of
calibration samples is fixed to nmax = kt, where t is the maximum number
of allowed classes in ISODATA clustering. In the following experiments,
t has been set to 10 . Two different settings for k have been tested, i.e.,
k = 10, yielding nmax = 100, and k = 5, yielding nmax = 50. In the
following, these samples will be referred to as very informative samples
(VIS). The adoption of this strategy allowed for the reduction in the areas
to be sampled to 73 per clip, in the case of k = 10, and to 36 per clip, in
the case of k = 5.

Regressions for test areas are implemented using different strategies.
The first one is a PLSR. It is a statistical method aiming at finding a linear
regression model between the observations and the independent variables
by projecting the predicted variables and the observed ones to a new space
[138]. This technique is particularly suited when the matrix of predictors
has more variables than observations, and there is multicollinearity among
predictors, as in the case study at hand.

The second regression technique used for AGB predictions Is gradi-
ent boosting (GB). It consists of a finite set of weak learners (typically
decision trees) that minimize an arbitrary differentiable loss function. A
meta-learner assigns weights to each learner and combines their predictive
results through voting methods to provide better predictive performance
for regression problems. In particular, the least-squares boosting algorithm
has been used [152]. This means that the loss function to be minimized is
the mean squared error of the learners. The ensemble of GB and PLSR
represents the third regression strategy. In this case, the final result is
given by the average of the two predictions.

Results

The aggregated results of the proposed AGB estimation methodology
for the 12 considered clips are reported in Table 2.6, together with bench-
marking results.

Using all the samples selected by the adopted active sampling tech-
nique (see Table S2), the obtained RMSE, using PLSR, ranges between
20.8t/ha and 47.2t/ha with an average of 28.8t/ha. GB provided a min-
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Table 2.6: Aggregated AGB estimation results for the different tested sam-
pling settings and benchmarking techniques. The column "Inc" refers to
the incremental sampling setting.

Proposed Benchmark
PLSR GB Ensemble Bootstrap NN

Samples RMSE RMSE RMSE RMSE ⇤ RMSE
Area Inc Area Inc Area Inc

All 28.8 31.3 33.7 36.3 28.8 30.6 26.2 46.8
k = 10 30.7 32.1 34.2 36.7 30.0 31.5 27.7 47.7 30.4
k = 5 31.6 32.2 34.0 37.9 30.7 32.3 28.5 49.7

imum RMSE of 24.6t/ha and a maximum one of 48.5t/ha with an aver-
age of 33.7t/ha. The ensemble resulted in RMSE values ranging between
21.4t/ha and 44.7t/ha with an average of 28.8t/ha.

Reducing the samples to VIS does not significantly affect the estimate
(see also Table S2). In the case of k = 10, the RMSE ranges between
21.5t/ha and 51.6t/ha with an average of 30.7t/ha, using PLSR. GB es-
timates provided RMSE values ranging between 25.1t/ha and 52.1t/ha,
with an average of 34.2t/ha. The estimates obtained using the ensemble
range between 21.4t/ha and 46.2t/ha, with an average of 30.0t/ha.

When the setting is k = 5 (see Table S2), the obtained RMSE ranges
between 21.7t/ha and 50.3t/ha, with an average of 31.6t/ha, using PLSR.
GB exploitation provided RMSE values ranging between 24.8t/ha and
51.4t/ha with an average of 34.0t/ha. Using the ensemble, the RMSE
ranges between 21.4t/ha and 49.3t/ha with an average 30.7t/ha.

The column named "Inc" reports the results obtained using an incre-
mental model. In this configuration, all the points used to calibrate clips
previously analyzed are included within the calibration set for the current
regression. In other words, as an example, the calibration set for the third
regression includes the data used to train the models used for the first and
the second regression. Indeed, the exploitation of more calibration points,
referring to different areas, seems to not be beneficial for the estimate,
as the average RMSE is higher than the one retrieved using the standard
setting in most of the experiments (see Table S2).

Some scatterplots relevant to selected experiments (see Table S2 for
clip indexing) are depicted in Figure 2.24. In particular, the figure reports
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Table 2.7: VIP variables extracted from the regression of the reference
area.

Name Formula Ref

Band 2 R492

Band 5 R704

Band 8 R832

Aerosol free vegetation index AFRI1600 = R830 � 0.66
R1613

R832+0.66R1613
[153]]

Aerosol free vegetation index AFRI2100 = R832 � 0.5
R832+R2202+0.6R1613

R832+0.5R270
[153]

Ashburn vegetation index AVI = 2R832 � R560 [154]

Chlorophyll absorption ratio index CARI =
R704
R664

s
(670a+R664+b)2⇣

a2+1
⌘0.5 [155]

Difference 800/550 D800/550 = R832 � R560 [156]

Green difference vegetation index GDVI = R864 � R560 [157]

Differenced vegetation index MSS DVIMSS = 2.4R832 � R664 [154]

Global environment monitoring index GEMI = n(1 � 0.25n) � R664�0.125
1�R644

[154]

Misra soil brightness index MSBI = 0.406R492 + 0.600R560 + 0.645R704 + 0.243R832 [154]]

Misra yellow vegetation index MYVI = 0.723R492 + 0.597R560 + 0.206R704 + 0.278R832 [154]
Modified chlorophyll absorption in
reflectance index MCARI = [(R704 � R832) � 0.2 (R704 � R560)]

R704
R664

[158]

Nonlinear vegetation index NLI = R2
782 � R664 [159]

Reflectance at the inflexion point RRE =
R664+R782

2 [160]

Simple ratio 833/1649 SR800/1649 =
R832
R1613

[161]

the results of AGB estimation for Clip 0 (Figure 2.24a) and Clip 4, relative
to ensemble regression with the setting k = 5 (Figure 2.24b) and the neural
network output (Figure 2.24c). The regressions shown in the second row
of the graphics concern Clip 7. The one reported in Figure 2.24d has been
obtained using ensemble regression calibrated with all the samples selected
by active learning. The plot shown in Figure 2.24e concerns ensemble
regression with k = 5. All the other plots are omitted for brevity, but
aggregated results in the plane ( R

2, RMSE) are shown in Figure 2.24f,
relative to ensemble regression.

The variables used for regression, determined through VIP score thresh-
olding, are all derived from the MS dataset. In particular, the 17 indices
reported in Table 2.7 were informative for model training. Remarkably,
none of them are derived from the SAR dataset.

The adopted benchmarking techniques are randomly calibrated PLSR
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(a) (b)

(c) (d)

(e) (f)

Figure 2.24: Some scatterplots relevant to the performed experiments. (a)
Clip 0, bootstrap ( R

2
= 0.798, RMSE = 9.98t/ha), (b) Clip 4, ensemble

regression k = 5
�
R

2
= 0.589 , RMSE = 27.6t/ha ), (c) Clip 4 neural net-

work ( R2
= 0.731, RMSE = 27.6t/ha ). (d) Clip 7, ensemble regression, all

samples
�
R

2
= 0.515, RMSE = 29.1t/ha

�
, (e) Clip 7 ensemble regression,

k = 5
�
R

2
= 0.423, RMSE = 31.8t/ha

�
, (f) ensemble regression results in

the plane
�
R

2 , RMSE) for the different sampling settings. Overall means
reported with solid markers.
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and NN-based estimation. In the first case, a number of samples equal
to the one determined via active sampling has been adopted for a fair
comparison. Bootstrapping has been implemented to retrieve the minimum
RMSE and the average one, for a total of 1000 experiments.

Bootstrapping returned a minimum RMSE (indicated as RMSE* in
Table 2) ranging between 21.0t/ha and 39.4t/ha (see Table S2). The av-
erage of the minimum RMSE is 26.2t/ha. The column reporting the mean
RMSE values ( RMSE in Table 2), obtained via bootstrap, is useful to
aid in pointing out that this method can fail, as not all the experiments
can be considered successful whatever the combination of samples is used
for model calibration (see Table S2).

NN-based estimation has been implemented using ReUse [112]. This is
a UNet network trained to perform a pixel-wise regression task, mapping
Sentinel-1 and Sentinel-2 images, concatenated along the spectral axis into
a single tensor, into AGB raster. The architecture consists of two path-
ways. The first is a contracting pathway (the encoder) that captures the
image context. The second pathway is a symmetric expanding pathway
(the decoder) designed to produce pixel-wise predictions using transposed
convolutions. Several skip connections connect the two pathways.

It is worthwhile to remark that the deep learning benchmark was car-
ried out without the usage of training samples belonging to the clips under
investigation for AGB estimation. The training phase has been imple-
mented using the same number of clips exploited for validation. As for the
bootstrap benchmark, which is typically based on sparse sampling, the
training on points belonging to the clips under testing allows the model
to learn the characteristics of the specific clip effectively. This approach is
unsuitable for deep learning, which is typically trained using patches, here
retrieved from clips not considered for AGB estimates.

The network generates a pixel-wise regression map and can extract
spatial and spectral features from satellite images using an end-to-end
paradigm. In particular, a patch-wise approach is adopted [158]. Each
input image and ground truth AGB map is divided into nonoverlapping
32⇥ 32 pixel patches. The training has been implemented using a ground
truth with comparable dimensions of the area to be estimated. It stops
when the monitored validation loss stops to improve after 35 epochs. The
maximum number of epochs is set to 200. The optimizer used is Adam [159]
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with default parameters. The learning rate is reduced by a factor of 0.2 if
no improvement in validation loss is observed for 25 epochs. The adopted
loss function is the mean absolute error. The RMSE values obtained using
this technique range between 20.6t/ha and 43.9t/ha (see Table S2), with
an average of 30.4 t/ha.

2.2.5 Conclusion

Sustainable Development Goal 15 aims to protect, restore and promote
the sustainable use of terrestrial ecosystems, sustainably manage forests,
combat desertification, halt and reverse land degradation and halt biodi-
versity loss’ [83]. Furthermore, REDD+ projects aim to reduce Greenhouse
Gases (GHG) concentrations in the atmosphere and contribute to climate
change mitigation through various activities, including carbon stock en-
hancement [162]. Developing systems that can estimate the carbon ab-
sorbed by forests globally and monitor losses associated with deforestation
phenomena such as fires on time is essential. Forests cover about 40% of
the Earth’s ice-free land surface and constitute the vital core of the whole
planet since they represent the sentinels of the carbon cycle. Monitoring
their biomass is key, as this parameter is the principal indicator of the
carbon sequestration capacity of a vegetation ecosystem.

Section 2.2.3 introduced the ReUse architecture. ReUse is based on a
pixel-wise regressive U-Net, able to generate a pixel mask of AGB predic-
tions with computational advantages, particularly when monitoring large
areas. This is a great advantage over classical machine learning algorithms
that require feature extraction work to derive indices that capture both
spectral and spatial information content. Result demonstrated that this
approach can dispense with the feature engineering phase and work di-
rectly with the Sentinel-2 raw bands appropriately normalized. The com-
bined use of Sentinel-2 data and ESA’s AGB data with a U-Net approach
could be suitable for estimating the carbon absorbed in urban and rural
areas and help monitor deforestation events without field measurements.

Instead, Section 2.2.4 described a solution to the problem of above-
ground estimation using active learning principles, allowing for the transfer
of a calibrated regression model through a data-driven selection of the most
informative re-calibration samples. In this regard, a technique exploiting
Shannon’s entropy as a diversity criterion has been discussed, with a par-
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ticular focus on how it allows for the dramatic reduction in the number of
samples to be collected, to a few samples per square kilometer, which is a
quantity suitable for operational environments. The proposed framework
requires one reference area, for which an extended ground truth should be
available, to calibrate the model to be transferred to the rest of the forest,
assuming that its structure does not exhibit significant variations. Refer-
ence AGB data can be obtained, as an example, with a LiDAR acquisition.
The obtained results testified the reliability of the workflow, which resti-
tuted an average RMSE of 28.8t/ha, in case all the samples selected by the
adopted active sampling methodology, on average 46/km

2, are exploited.
The adoption of the ISODATA-based selection allowed for the reduction in
the samples to be collected to about 10/km2 (when the setting was k = 10

) and 6/km
2 (when the setting was k = 5 ) with negligible impact on the

AGB estimation, whose RMSE increased to 30.0t/ ha when the setting was
k = 10 and to 30.7t/ ha when the setting was k = 5. The registered values
of the coefficient of determination, R

2, as expected, follow the trend of
the RMSE, i.e., they tend to increase as the RMSE decreases, as shown in
Figure 2.24f. As a general comment, it is remarkable that the incremental
framework, in which all the samples collected for previous estimates are
involved in the current regression, did not add value to the estimates. The
aforementioned RMSE values refer to the most performing regression con-
figuration which, interestingly, is provided by the ensemble of PLSR and
GB. This configuration outperforms the single regression technique in 18
experiments out of 32 . This trend increases as the number of calibration
points is reduced. The analysis of the errors reveals that they are strongly
correlated with the AGB standard deviation of the clip. The higher the
standard deviation, the higher the RMSE. This result is in line with the
literature, as reported, as an example, in [163]. As shown in the previous
section, the variables selected for regression through VIP scoring belong to
the MS dataset. Despite the well-known relation between SAR backscat-
tering and the AGB [89], spectral information in the near-infrared and red
edge frequencies, which appear in almost all the indices listed in Table 2.7,
resulted dominant. This is due to the scarce sensitivity of C-band frequen-
cies to AGB within the resolution cell [164]. However, the contribution of
SAR features is expected to be more significant using L-band data, as this
wavelength typically shows higher correlation with the AGB [89]. This
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result can be found, as an example, in [163], where the authors highlighted
how AGB estimates can benefit from the presence of L-band SAR fea-
tures among regression variables. The RMSE values obtained adopting
the proposed methodology are comparable with those declared in the lit-
erature for the specific application. As an example, Reference [88] claimed
an RMSE of 18.9t /ha on an area having an average AGB of 49.4t/ha,
with a standard deviation of 33.8t/ ha using extreme gradient boost algo-
rithm. Reference [99] reported an RMSE of about 30.0t /ha in the study
of an area with an average AGB of 55.5t/ ha and a standard deviation
of 18.2t/ha, using extreme gradient boosting as well. Vafaei et al. [163]
reported an RMSE of 38.7t/ha, using support vector regression in an area
with an average AGB of 206.5t/ ha and a standard deviation of 78.0t/ha.

All these studies were characterized by the same approach, consisting of
sparse sampling of a few plots (149 in Reference [163] and 367 in Reference
[88]) distributed over large areas. These data are used in part to train the
model and in part to validate it. In other words, the authors used a few
samples to calibrate a single model to fit a large area. The validation was
performed on a small subset of the ground truth, as the training phase
tends to absorb the majority of the collected samples.

The approach proposed here is different. First, the AGB estimation
problem is tackled via active learning, which allows for the selection of
highly informative calibration samples, thus introducing a further guide
for field operations which can be accordingly significantly reduced. It re-
quires extended reference data about a small area, which can be retrieved
with a single LiDAR flight, useful to calibrate a machine learning model via
bootstrapping, which, as demonstrated in the previous section, is the most
effective solution in the presence of extended ground data. This model can
be effectively transferred elsewhere through the collection of a few new cal-
ibration samples, according to active learning principles. This means that
the objective was to demonstrate that a reliable selection of re-calibration
samples feeding simple regression models can provide results comparable
with methodologies exploiting more sophisticated solutions tuned on the
specific case study and/or requiring extended ground data.

In this regard, the proposed active learning technique dramatically re-
duces the necessity of field sampling, which is the principal limitation in
large-scale AGB mapping [84], up to about 6 samples /km

2. The concept
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of active sampling for model transfer also opens the possibility of the ex-
ploitation of historical field data in combination with newly acquired ones
with the purpose of updating and/or expanding past AGB maps [137].
Differently from the literature, using, as aforementioned, a few plots to re-
trieve estimation quality metrics, the validation has been performed on an
extended ground truth for a total of more than 850,000 validation points.

The reliability of the proposed methodology has been tested through
comparison against some of the most popular techniques for AGB esti-
mation, like bootstrap and NNbased estimation. The benchmark revealed
that random sampling is not a viable option if an extended ground truth
is not available.

NNs are popular tools for AGB estimation allowing for reliable es-
timates, provided that an extended ground truth is available for model
training [165][166]. Dealing with AGB estimates, this represents a signif-
icant limitation, since reference data are usually retrieved via sparse plot
sampling. The obtained RMSE values, using ReUse, testify that NNs are
suitable for model transfer, i.e., it is possible to train the net using reference
data acquired on a test area and then use the weights for making inference
elsewhere. However, the amount of reference data should be comparable
with the extension of the area to be predicted.

The performed experiments revealed that the average RMSE values
obtained using ReUse are comparable with those provided by the proposed
framework and by the best bootstrap performance. This means that the
choice of the best solution for the specific AGB estimation problem to be
solved can be a function of the available data and computational power.
In other words, the usage of machine learning ensembles can be a viable
solution to cope with the sparsity of reference data. On the other hand,
when extended ground truths can be collected, NNs and bootstrapping,
or even a combination of the two, could represent an option, as they can
slightly reduce the estimation error.





Chapter 3
Monitoring the Present

The future depends on what you do
today.

Mahatma Gandhi

3.1 Introduction

Continuous monitoring of the Sustainable Development Goals is crucial
for tracking progress and ensuring accountability. Chapter 2 introduced
the concept of "learning from the past," demonstrating its feasibility with
various use cases. These examples highlight how combining Remote Sens-
ing data with Machine Learning techniques facilitates extracting critical
information, showcasing the robust potential of historical data analysis in
environmental and geographical studies. This approach involves training
algorithms on historical satellite data and existing reference data. The ret-
rospective analysis facilitated by this method is pivotal in understanding
long-term trends and variations in Earth’s ecosystems. By leveraging past
data, end users can decipher the dynamics of environmental changes, know
the status quo, evaluate historical land use alterations, and gain insights
into climatic shifts over extended periods. This historical perspective is
invaluable for contextualizing current observations and informing future
predictions, enriching our understanding of Earth’s complex systems and
their evolution. Understanding the status quo provides a snapshot of cur-
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rent conditions but is insufficient. Continuous monitoring is crucial for
several reasons:

• Dynamic Environmental Changes: The environment is constantly
evolving. Continuous monitoring captures these changes, providing
insights into patterns, trends, and anomalies over time.

• Predictive Analysis: Ongoing data collection allows for more accu-
rate forecasting. Understanding past and present dynamics enables
better prediction of future events or changes.

• Immediate Response: Continuous monitoring allows for the timely
detection of critical changes, such as natural disasters, enabling quicker
response and mitigation efforts.

• Long-term Studies: Continuous monitoring contributes to long-term
environmental studies, essential for understanding broader ecological
and climatic trends.

• Policy and Decision-Making: Continuous data flow aids in informed
decision-making and policy development, ensuring strategies are based
on current information. While understanding the current state is
necessary, continuous monitoring provides a comprehensive, evolving
picture for informed decision-making, timely response, and long-term
environmental stewardship.

The methodologies elucidated in Chapter 2 exemplify how the effective
integration of Earth observation (EO) with AI enables the generation of
up-to-date geographical data spanning extensive regions, thereby support-
ing urban planning and evidence-based policymaking. Algorithms trained
on past data can also be effectively utilized for continuous analysis with-
out modification. This method is cost-effective and efficient, maintaining
consistency in data interpretation. However, it’s not without challenges.
The primary concern is the algorithm’s ability to adapt to new environ-
mental variables or changes, as models trained on historical data may not
accurately reflect evolving conditions. Additionally, advancements in data
collection and sensor technology could potentially reduce the effectiveness
of these algorithms. Therefore, while this approach benefits its efficiency
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and consistency, assessing its ongoing relevance and adaptability to current
and future environmental scenarios is crucial.

Although not exhaustive, the following is a list of requirements to en-
sure effective and reliable continuous monitoring of environmental and ge-
ographical changes with Remote Sensing data:

• Near Real-Time Data Acquisition: This involves the continuous cap-
ture of satellite imagery, allowing for the immediate observation of
current conditions.

• Near Real-Time Analysis and Response: Unlike historical data, mon-
itoring the present is geared towards immediate analysis and action.
This is particularly important for disaster response, environmental
monitoring, and urban planning. Cities are dynamic, with rapid
changes in infrastructure, population, and land use. Real-time data
allows planners to track these changes as they happen, ensuring that
planning decisions are based on the most current information.

• High Temporal Resolution: Satellites used for monitoring the present
often have a high revisit time, meaning they frequently capture im-
ages of the same area. This allows for consistent tracking of ongoing
changes and phenomena.

• Integration with Other Real-Time Data Sources: Modern monitor-
ing often involves integrating satellite data with other real-time data
sources such as sensors, weather data, and social media feeds, pro-
viding a comprehensive view of current conditions.

Table 3.1 compares Machine Learning requirements between the pil-
lars Learning from Past and Monitoring the Present, highlighting the dif-
ferences in the type of data used, the objectives of the analysis, and the
methodologies applied. In particular, requirements differences in data vol-
ume and Processing need some attention. "Learning from the Past" in-
volves analyzing large volumes of historical data, which can be vast and
varied, thus requiring substantial storage and processing capabilities. On
the other hand, "Monitoring the Present" focuses on the real-time or near-
real-time Processing of data, necessitating rapid data handling and anal-
ysis capabilities to address immediate needs. This distinction underscores
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the importance of leveraging cloud computing for continuous monitoring.
Cloud computing offers scalable and flexible resources capable of handling
the high-volume, high-velocity data characteristic of real-time monitor-
ing. This provides an efficient solution for Processing and storing large
datasets, ensuring timely insights and responses in dynamic environmen-
tal contexts. However, the use of cloud computing brings with it several
challenges to take into account. In the "Learning from the Past" phase,
since this analysis is often one-shot, computational resources can be deacti-
vated post-analysis, offering some efficiency in resource utilization. In con-
trast, the "Monitoring the Present" phase requires continuous operation
of computational resources to handle real-time data streams. Despite this
constant operation, significant computation bursts are infrequent, leading
to potential underutilization of resources during idle periods. This scenario
highlights the need for mechanisms to optimize resource use and manage
costs effectively, especially during low-demand intervals. With their ability
to scale resources dynamically, cloud computing solutions present a viable
approach to addressing these challenges, allowing for cost-effective man-
agement of varying computational loads.

In this chapter, the focus is on the technological aspects of render-
ing analyses accessible for continuous monitoring. Starting with historical
data, ongoing updates can highlight significant changes in the data. This
approach underscores the importance of leveraging cutting-edge technol-
ogy to ensure that urban planning and environmental management are
adaptive and proactive. By integrating advanced computational models
and AI-driven insights, the goal is to provide a framework that interprets
the past landscape, monitors present changes and anticipates future shifts,
ensuring sustainable urban development and effective response to envi-
ronmental challenges. Section 3.2 illustrates the GeoAI Processing Block,
a software solution designed to execute AI algorithms on Remote Sens-
ing data and Open Data and interface seamlessly within the Data Spaces
Ecosystem. Section 3.3 outlines the use of the GeoAI Processing Block
in monitoring thermal comfort for soft mobility infrastructure in Milan,
demonstrating the module’s practical application. Conclusions are drawn
in the section 3.4.
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3.2 GeoAI Processing Block: A serverless AI Mod-

ule for data space ecosystems

The Implementing Act on High-Value Datasets[167] from the Euro-
pean Commission mandates public sector bodies to publish open, machine-
readable data belonging to specific thematic categories, including Earth
Observation. The Act establishes the protocols for the publication and
reuse of high-value datasets, as well as the dissemination of data via APIs.
This is one of many initiatives that gravitate around the concept of data
space introduced in 1.2.3 and enforced by the EU Commission.

In this context, this section introduces a module for geospatial data
processing through AI to integrate into a federated data space ecosystem.
Section 1.2.3 described the technical building blocks of data spaces, re-
ported in Figure 1.5. Figure 3.1 reports the same diagram by emphasizing
the critical building blocks the proposed module tries to fulfill, delineated
within yellow boxes for clarity. This section will go through each build-
ing block, explaining the proposed solutions for each requirement. The
module’s functionalities must encompass a comprehensive suite designed
to enhance the processing and analysis of Earth Observation (EO) data
within federated data space ecosystems. This block is tailored to execute
AI algorithms on remote sensing data and open data, interfacing seam-
lessly within the data spaces ecosystem. The core functionalities include:

• Near Real-Time Data Acquisition and/or Analysis: It facilitates the
continuous capture and immediate observation of satellite imagery,
allowing for the analysis of current environmental conditions and
urban dynamics. This capability is crucial for monitoring dynamic
environmental changes and providing timely insights for decision-
making.

• High Temporal Resolution Monitoring: the processing block needs
to ensure frequent and consistent updates as soon as possible when
new data comes. This is vital for tracking ongoing changes and
phenomena accurately.

• Integration with Other Data Sources: It must support integrating
satellite data with other real-time sources, such as sensors, weather
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Figure 3.1: Data spaces technical building blocks. Into a yellow box build-
ing blocks, the GeoAI Processing Block deals with.

data, and social media feeds. This integration offers a more holistic
view of current conditions and enhances the comprehensiveness of
environmental monitoring.

• Event-Based Operation: the block must support asynchronous data
flows. The block receives event notifications to stay updated on
changes. This event-driven model enables the system to automati-
cally trigger processes like map updates, model training, and auto-
mated Processing based on the data or configuration changes.

• Interoperability and Standardization: the GeoAI Processing Block
must ensure compatibility and interoperability within the federated
data space ecosystem.

• AI Models Management: This component needs to manage the use,
versioning, and updating of AI models, managing different versions
of model weights and configurations.

• Cost-efficient deployment: The deployment strategy must emphasize
cost-efficiency, scalability, and real-time data processing capabilities,
taking into account the event-based nature of the data processing
flow.

The effectiveness of the implemented module has been tested within
the SPOTTED project [168]. The Spotted project aims to take initial steps
towards enabling the implementation of High-Value Datasets within EU
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Figure 3.2: SPOTTED Architecture.

territories to benefit local communities. Specifically, the project seeks to
streamline the management of green areas by supporting Public Adminis-
trations. It aims to assist policymakers in analyzing various data types, in-
cluding geospatial, earth observation, environmental, meteorological, and
statistical High-Value Datasets, thus enhancing their decision-making ca-
pabilities.

The SPOTTED architecture follows the three-layer approach (Figure
3.2). The lowermost layer is dedicated to the task of data collection,
encompassing the aggregation of data from various sources such as city
open data portals, geospatial data derived from Copernicus, and privately
sourced data from municipalities. Moving up the hierarchy, the middle
layer constitutes the backend processing phase, where the collected data
undergoes comprehensive analysis and Processing. Within this stratum,
the GeoAI processing block plays a pivotal role. Finally, the upper layer
encompasses the frontend tool, exclusively designed to visualize processed
datasets.

To adhere to a high level of abstraction, the SPOTTED project has
adopted the strategy of furnishing cities with the pertinent datasets, with
each city assuming responsibility for rendering these datasets accessible
through their respective open data city portals. City portals can integrate
data through the European Data Portal [169] into which results are pub-
lished. This approach affords cities a distinctive access point, enabling
stakeholders such as citizens, organizations, businesses, and policymakers
to review and visualize the outcomes of the analytical processes.
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Figure 3.3: SPOTTED Data Flow.

As clearly stated in Section 1.2.3, Technology Building Blocks for Data
Spaces (Figure 3.1) must be domain-agnostic. They should rely on open
standards, allowing multiple infrastructure and global service providers to
emerge and support Data Spaces without getting locked by any particular
provider. A middleware layer that acts as a data integration hub is essential
since it can collect data from different sources, transform it into a standard
format, and make it available to downstream applications. In the context
of the Spotted project, the middleware was implemented through FIWARE
technologies [170]. FiWare is a proven technology in implementing Data
Spaces [171, 172, 173, 174].

For simplicity, this section will not provide an exhaustive examination
of all the components that constitute the FiWare solution but will focus
on the essential concepts required to understand the implementation of
the GeoAI Processing Block. It is recommended that the reader refer
to the official documentation for a comprehensive understanding of the
technology’s specific details [170].

Figure 3.3 illustrates the data flow in the Spotted project. Central to
the whole process is the FiWare Context Broker. The Context Broker is
the sole mandatory component required for creating an application labeled
as "powered by FIWARE." Satellite data and open data repositories serve
as primary input sources, feeding raw data into the FIWARE Context
Broker. This integration layer is pivotal for mediating and processing
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Earth Observation data, which is then channeled to a GeoAI Processing
Block. The processed data is disseminated through the European Data
Portal to the City Portal.

Any software architecture "powered by FIWARE" revolves around
managing a Digital Twin data representation of the physical world. This
representation uses information from various sources, such as sensors, cam-
eras, and information systems. It is continuously updated and made avail-
able in near real-time ("right-time" is also commonly used to indicate that
the interval between data collection and accessibility allows for timely re-
actions). Applications consistently analyze this data (current values and
historical records) to automate specific tasks or support informed decisions
by end users. Aggregating all Digital Twins modeling the physical world
represents the Context, while the associated data with Digital Twin at-
tributes is called context information. In FIWARE, a Digital Twin is
an entity that digitally represents a real-world physical asset (e.g., a road
in a city) or a concept (e.g., a weather forecast or a product analysis).
Each Digital Twin (i) is universally identified with a URI (Universal Re-
source Identifier), (ii) belongs to a well-known type (e.g., the road type)
also universally identified by a URI, and (iii) is characterized by several
attributes.

Attributes of a Digital Twin may vary, ranging from pretty static at-
tributes (e.g., road name) to attributes that change dynamically (e.g., road
surface temperature) to attributes that still change but not that often.

The Context Broker component is at the core of the architecture, keep-
ing a Digital Twin representation of the real-world objects and concepts
relevant to the problem tackled.

As reported in Figure 3.1, to enable efficient data integration, two
pivotal aspects require standardization: the API for accessing Digital Twin
data and the data models elucidating the attributes and meanings linked
to various Digital Twin types under consideration. FiWare solves the two
aspects with:

• The NGSI API offers a straightforward yet robust RESTful inter-
face for retrieving context or Digital Twin data. The initial mature
iteration of this API was NGSIv2. The NSI-LD API is the data in-
tegration API employed by the Context Broker component.
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Figure 3.4: GeoAI Processing Block Architecture.

• The Smart Data Models initiative by the FIWARE Foundation of-
fers JSON/JSON-LD Data Models compatible with NGSIv2/NGSI-
LD APIs. This initiative addresses a significant challenge developers
encounter: the various valid but diverse mappings of data model
specifications into JSON/JSON-LD. The Smart Data Models ini-
tiative alleviates this problem by providing concrete mappings into
JSON/JSON-LD that are fully compatible with the NGSIv2/NGSI-
LD APIs. This ensures Interoperability and helps developers avoid
compatibility issues arising from alternative mappings.

So, the GeoAI Processing Block should be designed to interface with
the FIWARE Context Broker and be adept at handling and interpreting
the Digital Twin data representation. It should be capable of interacting
with the Context Broker via the NGSI API, which enables efficient retrieval
and updating of context information. The AI module will utilize this API
to access the current state and historical data of Digital Twins, thereby
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supporting near real-time Processing.
It must also adhere to the Smart Data Models initiative. This in-

volves using standardized JSON/JSON-LD data models aligned with the
NGSIv2/NGSI-LD APIs. By conforming to these models, the module en-
sures that its processing logic and output are universally understandable
and integrable across different systems.

Figure 3.7 shows the architecture of the GeoAI Processing Block within
a FIWARE-enabled architecture. This block interacts with the FIWARE
Context Broker through a Context-Broker Gateway. In essence, the gate-
way includes the ability to:

• Interface with the NGSI API for data exchange;

• Interpret and process data accessed via entities in the Context Broker
effectively;

• Employ standardized data models for compatibility and Interoper-
ability.

In other words, it fulfils the requirements of Interoperability defined in
Figure 3.1 (most left column). It manages NGSI-LD Smart Model Entity
data and interacts with NGSI API to collect information about geospatial
data to collect and process.

The processing part is depicted as an Extraction-Transformation-Loading
process. It processes incoming data in a uniform format suitable for ma-
chine learning, includes data cleaning, normalization, and augmentation
capabilities, and ensures data compatibility with various machine learn-
ing algorithms. A workflow management system (WfMS), e.g., Airflow
or Prefect, manages the whole process. A WfMS guarantees flexibility in
developing and deploying the various data pipelines.

The Storage Interface manages the output generated from models and
interfaces with federated data spaces to store these outputs securely. In-
cludes mechanisms for tagging and organizing outputs for easy retrieval
and analysis.

The AI Models Management component oversees AI models’ use, ver-
sioning, and updating. It manages different versions of model weights
and configurations, integrates with federated data spaces for storing and
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retrieving model weights, ensures up-to-date models, and tracks model evo-
lution over time. In particular, when a model is trained, its metadata and
weight file are stored. The metadata is registered in the Context Broker,
and the weight file is uploaded to the object storage. Versioning is handled
during this phase, with each training session resulting in a new version.
During model deployment, the models are deployed based on the metadata
and version information stored in an entity in the Context Broker. The
module uses this information to pull the correct model weights from object
storage for deployment.

The GeoAI Processing Block is event-based. The system effectively
utilizes FIWARE subscriptions to receive event notifications and stay up-
dated about changes. The module can subscribe to changes in any entity
in the context. Although not exhaustive, below is a list of some imple-
mented uses of subscriptions:

• Trigger Model Training: Set up subscriptions to monitor for new or
updated data in the federated data spaces. The system can automat-
ically retrain AI models when new data arrives or specific criteria are
met (like a particular volume of new data).

• Version Control: Automatically update model or workflow versions
based on training data or performance metrics changes, ensuring that
the latest, most effective model is in use.

• Configuration Changes: Trigger reconfiguration of the inference en-
gine or related components when a new model version is available or
when there are changes in the model’s metadata.

• Automated Processing: When new data enters the system, subscrip-
tions can trigger the start of the data pipeline to process new data.

Figure 3.5 illustrates the integration of the GeoAI Processing Block
with the FiWARE Context-Broker. In the middle of the diagram is the
FiWARE Context-Broker itself. It is designed around a RESTful architec-
ture, meaning all interactions with it are conducted through REST APIs.
It is the central node that handles "Context Information," acting as a
mediator between context producers and consumers. Inside the Context-
Broker, there’s a section for Subscriptions. These subscriptions are created
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Figure 3.5: Integration detail of the GeoAI Processing Block with the
FiWARE Context-Broker.

by making an HTTP POST request to the Context-Broker. They enable
the system to listen for specific changes or events related to the entities. On
the left side, the context producer flow is depicted. The module sends up-
dated data entities to the FiWARE Context-Broker via an HTTP POST
request. The right side shows the context consumer flow. The process-
ing block can query the Context Broker to retrieve data using an HTTP
GET request. It can also receive notifications of data changes from the
Context Broker through an HTTP POST request. This occurs when a
subscription is triggered due to a change in the entities’ data, and the
Context Broker pushes this information to the context consumer. Overall,
the figure showcases a dynamic and interactive system that allows for the
real-time processing and exchange of context information, with the GeoAI
Processing Block providing advanced data processing capabilities within
the ecosystem.

All the mechanisms described are tightly coupled with the entities man-
aged through the context broker. So, to ensure Interoperability, it is nec-
essary to define entity schemas a priori and, where possible, use some of
the existing Smart Models. However, to date, no entities within the Smart
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Model catalog can manage the lifecycle of Artificial Intelligence algorithms,
so as part of this research, new Smart Models were proposed to achieve
the goal. The following is an example of a smart model for managing the
lifecycle of AI model weights:

{

"id": "weightfile-12345",

"modelName": "LandCoverClassifier",

"version": "v2.3",

"createdAt": "2023-05-10T12:00:00Z",

"updatedAt": "2024-01-20T12:00:00Z",

"fileSize": 455000,

"fileFormat": ".h5",

"sourceUri": "https://cloudstorage.example.com/

models/landcover/v2.3/weights.h5",

"checksum": "4f76dbdf8",

"trainingDataReference": "dataset-7890",

"performanceMetrics": {

"accuracy": 0.95,

"precision": 0.94,

"recall": 0.93

},

"description": "Improved accuracy in urban areas.",

"status": "active",

"associatedProject": "UrbanExpansionStudy2024",

"tags": ["urban", "AI", "satellite-imaging"],

"license": "GPL-3.0",

"owner": "EO-Dept-23",

"validUntil": "2025-05-10T12:00:00Z"

}

Where:

• id (string): A unique identifier for the weight file.

• modelName (string): The name of the AI model this weight file
belongs to.



3.2. GeoAI Processing Block: A serverless AI Module for data space ecosystems 99

• version (string): Version of the weight file, indicating updates or
changes.

• createdAt (dateTime): Timestamp of when the weight file was ini-
tially created.

• updatedAt (dateTime): Timestamp of the most recent update to the
weight file.

• fileSize (number): Size of the weight file in bytes.

• fileFormat (string): Format of the weight file (e.g., .h5, .pb, .pt).

• sourceUri (string): URI where the weight file is stored. This could
be a link to a cloud storage location, a database, or a file system.

• checksum (string): A checksum value for verifying the integrity of
the weight file.

• trainingDataReference (string): Reference to the dataset used for
training the model, possibly linked to a dataset identifier.

• performanceMetrics (object): An object containing key performance
metrics of the model with this weight file (e.g., accuracy, precision,
recall).

• description (string): A brief description of the weight file, including
notes on specific changes or updates in this version.

• status (string): Current status of the weight file (e.g., ’active’, ’dep-
recated’, ’in-testing’).

• associatedProject (string): Identifier for the project or initiative this
weight file is associated with.

• tags (array of strings): Tags for categorizing or adding metadata
(e.g., ’environmental’, ’urban-analysis’).

• license (string): If applicable, license information for the weight file.

• owner (string): Identifier of the owner or responsible party for the
weight file.
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• validUntil (dateTime): A timestamp indicates when the weight file
is considered valid or up-to-date.

This Smart Data Model, integrated into the GeoAI processing mod-
ule, enables effective management and tracking of AI model weight files
throughout their lifecycle.

Finally, all metadata for the produced dataset has been managed by
the FiWARE Context-Broker using the Data Catalogue Application Profile
(DCAT-AP) data model. The DCAT-AP data model is a metadata model
developed by the European Commission to support data exchange between
different data portals and catalogs. It provides a standard way to describe
datasets, making it easier to discover, access, and reuse data across various
organizations and applications. Using the DCAT-AP data model was a
natural choice since the European Union recommends it as part of its
open data strategy. It helps promote data interoperability and sharing
across different organizations and applications, making exchanging and
reusing data for various purposes easier. Using the DCAT-AP data model,
the proposed solution assured the data value building block highlighted in
figure 3.1, highlighting the solution’s effectiveness to be easily integrated
into a dataspace ecosystem.

This concluding section explores the deployment strategy for the GeoAI
Processing Block. Several decisive factors drove the adoption of a server-
less architecture underpinned by a Kubernetes cluster. This architectural
decision promises cost-efficiency, as it aligns financial outlay directly with
resource consumption, a boon for workloads with unpredictable patterns.
Scalability is another hallmark of this approach, with the serverless frame-
work offering responsive scaling to match data processing demands. An
event-driven computational model enhances this architecture’s aptitude for
real-time data processing, a vital requirement for managing the dynamic
data influx within federated data spaces. Finally, this architecture not
only ensures cost efficiency and automatic scalability but also supports,
at least in theory, the strategic placement of computational resources "in
proximity to data sources," i.e., code-to-data paradigm. This geographical
alignment minimizes latency and accelerates the processing pipeline, which
is essential for real-time or near-real-time data analysis applications. By
allowing deployment adjacent to data repositories, the serverless approach
further enhances the system’s responsiveness and reduces the overheads
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associated with data transfer and management.

3.3 Monitoring Soft-Mobility Thermal Comfort

3.3.1 Downscaling Land Surface Temperature

The Land Surface Temperature (LST) is the radiative skin tempera-
ture of the land surface, as measured in the direction of the remote sensor.
LST is a mixture of vegetation and bare soil temperatures. Its estimation
further depends on the albedo, the vegetation cover and the soil moisture.
Because both respond rapidly to changes in incoming solar radiation due to
cloud cover and aerosol load modifications and diurnal variation of illumi-
nation, the LST displays quick variations too. In turn, the LST influences
the energy partition between ground and vegetation and determines the
surface air temperature. Land surface temperature, described as one of
the most important parameters for atmospheric and land surface interac-
tions, material cycles and energy exchanges in the terrestrial ecosystem at
regional and global scales, plays an essential role in the energy balance of
land surfaces and the solution of biophysical parameters.

LST has been widely used in hydrological equilibrium assessments,
global warming studies, urban heat island effect assessments and surface
evapotranspiration calculations. A spatial resolution of 10 meters for LST
data is crucial for urban analysis due to urban environments’ complex and
heterogeneous nature.

Algorithms for statistical downscaling of land surface temperature, uti-
lizing various scaling factors and regression models, have been employed
to generate LST at higher spatial resolutions using data derived from
Landsat-8/9 LST. Various methodologies for downscaling land surface
temperature (LST) have been discussed in scholarly works, highlighting
physical and statistical techniques. Statistical downscaling, particularly,
leverages the relationship between LST and supplementary data such as
land cover indicators, emissivity, and additional variables. Commonly,
many methods employ the normalized difference vegetation index (NDVI)
at fine resolution (FR) for enhancing LST resolution, although NDVI alone
may not fully capture the LST variability within urban settings.

This thesis illustrates a regression-based statistical LST downscaling
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approach [175, 176] that utilizes a variety of spectral indices across diverse
urban areas.

The downscaling approach is based on a regression model using spec-
tral indices derived from Landsat 8/9 bands as predictors and LST as the
predicted variable. After that, with the same model, the equivalent spec-
tral indices derived from Sentinel-2 satellite bands are used to predict LST
at 10 m resolution.

After the regression, a residual correction is applied to the estimated
values. The regression output, LST10m, incorporates the addition of re-
gression residuals, �LST10m, back into the downscaled LST map. This
process enables the restoration of the original broad-scale temperature dis-
tribution by means of reaggregation while also accounting for the spatial
variability in LST that arises from factors beyond the predictors used. The
residual is computed as the difference between the model estimation and
the correspondent observed LST, resampled to 10 m spatial resolution with
a Gaussian kernel of 30 m size.

Given the scarcity of high-resolution Land Surface Temperature (LST)
benchmark data, a widely recognized upscaling-downscaling [176, 177, 178]
method for validation was adopted. In this method, the original LSTs
with a spatial resolution of 30 m and scaling factors for 100 m LSTs were
upscaled to 200m and 1000m resolutions. The LSTs upscaled to 200m
served as benchmarks to evaluate the accuracy of LSTs downscaled from
1000m. It’s important to note that the original 100m LSTs were not used
directly for validation. This decision was due to the slight discrepancies be-
tween the upscaled scaling factors and the original 100m resolution LSTs,
a phenomenon attributed to the point spread function effect [179]. The
root-mean-square-error (RMSE) metric was used to evaluate the down-
scaled LSTs. RMSE is widely valued for its effectiveness and reliability
in measuring the absolute differences between downscaled LSTs and their
benchmarks.

The indices used for regression in this study were as follows:

• NDVI (Normalized Difference Vegetation Index);

• NDMI (Normalized Difference Moisture Index);

• NDWI (Normalized Difference Water Index);
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Figure 3.6: Comparison between several machine learning regressors for
the task of LST downscaling.

• MNDWI (Modified Normalized Difference Water Index);

• NDBI (Normalized Difference Built-up Index);

• SAVI (Soil-Adjusted Vegetation Index);

• NDDI (Normalized Difference Drought Index);

Using different indexes can increase the model’s robustness to predict
LST in different conditions and for different surfaces. Several machine
learning regression algorithms have been compared. The dataset included
the Municipality of Naples for the dates 12/05/2022 and 10/08/2023 and
Milan for the dates 05/02/2023 and 15/07/2023. A hold-out technique to
split the dataset into training and validation data with an 80%-20% ratio
was adopted.

The result of the comparison between several machine learning regres-
sors is depicted in Figure 3.6.

Finally, a Catboost regression model was chosen. After that, the model
was tuned using a grid search. Table 3.2 shows the results compared with
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state-of-the-art methods. Even though the improvement is marginal, the
proposed approach outperforms the state of the art.

3.3.2 The SPOTTED Use Case

The SPOTTED project has initiated and conducted service-related
experiments within the scope of varied use cases in Milan, Helsinki, and
Naples. These services are powered by the SPOTTED Platform, which
leverages open urban data and satellite imagery processed by the GeoAI
Processing Block to extract actionable insights. Specifically, the initiative
supports the city’s green transition in Milan, focusing on sustainable ur-
ban development and environmental conservation. The GeoAI Processing
Block’s analysis for Milan aims to pinpoint optimal locales for green initia-
tives, thereby equipping policymakers with crucial data to drive informed
decisions for the city’s ecological advancement.

Utilizing satellite imagery alongside auxiliary data streams, the solu-
tion stands poised to furnish Milan’s policymakers with precise, current
environmental data. This vital information will underpin the formulation
of bespoke sustainability initiatives, precisely aimed at measurable reduc-
tions in the city’s environmental impact.

Within the discussed context, a solution has been proposed to monitor
thermal comfort specifically for soft mobility infrastructures, focusing on
bicycle paths. This solution harnesses environmental data, particularly the
land surface temperature (LST), to assess the comfort levels experienced by
cyclists, integrating open data pertaining to the bike paths. Monitoring
the thermal comfort of bike paths is essential to bolster cycling as an
eco-friendly transport option, fostering a healthier urban population and
assisting in urban development strategies. It ensures cyclists’ well-being
by mitigating heat stress, which can lead to increased cycling frequency.
The data gathered aids city planners in enhancing current infrastructure
and formulating adaptive measures to climate change, ensuring bike paths
remain inviting and practical in the face of rising temperatures.

This proposed methodology exemplifies a user-centric approach, as
it imbues new value into the open data made available by users in a
dataspace, in this instance, the municipality. Through this method, user-
provided open data is enriched with additional layers of information de-
rived from EO data, leading to enhanced insights that directly benefit the
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user community.
The solution was implemented through a workflow executed through

the GeoAI Processing Block described in the previous section. The first
step was to acquire the required datasets, including Sentinel-2, Ladsat-8
satellite imagery, and the dataset of biking paths provided by the Munic-
ipality of Milan via FiWare. Data were pre-processed to correct atmo-
spheric distortions, radiometric calibration, and geometric correction. In
addition, this step involved removing any cloud cover or shadows that may
obscure the data. A pivotal step involved employing the Machine Learning
algorithm described in 3.3 to refine land surface temperature measurements
from Landsat-8 to a finer 10 m resolution using Sentinel-2 data, catering
to the narrow expanse of bike paths. The temperature difference of each
area from a rural reference area was calculated to extract areas affected
by Urban Heat Islands. Finally, through zonal statistics, mixing the data
with maps of bicycle and pedestrian paths provided by the city of Milan
and population data collected from the Worldpop repository [7], areas with
higher priority for intervention were identified.

Figure 2 exemplifies the results of the integrated approach, showcas-
ing the significant value added by combining open city data, such as bike
paths, with Earth Observation data and Machine Learning analysis. This
figure illustrates how the synthesis of diverse data sources can yield com-
prehensive and insightful results, demonstrating the effectiveness of this
multifaceted methodology in urban planning and environmental analysis.

3.4 Conclusion

This chapter has delved into the critical role of continuous monitor-
ing in the context of Sustainable Development Goals (SDGs) and urban
planning, illustrating the dynamic nature of environmental changes and
the necessity for adaptive strategies to manage these changes effectively.
Through a detailed examination of the SPOTTED project and the develop-
ment and implementation of the GeoAI Processing Block within federated
data space ecosystems, we have seen a practical application of combining
Earth Observation (EO) data with advanced Artificial Intelligence (AI)
techniques to monitor current conditions.

The chapter has highlighted the importance of leveraging serverless
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Figure 3.7: Surface Heat Island Analysis for the Soft-Mobility in the Mu-
nicipality of Milan, Italy. The hottest bike lanes are indicated in red, while
the coolest ones are marked in blue.
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architecture and cloud computing in processing large volumes of data in
real-time, ensuring scalability, cost-efficiency, and the ability to respond
swiftly to environmental changes. By integrating standardized data models
and utilizing event-driven computational models, the GeoAI Processing
Block stands as a testament to the power of technology in enhancing our
ability to monitor and manage the environment effectively.

In the case of Milan, the application of these technologies to assess ther-
mal comfort for soft mobility infrastructure like bicycle paths has shown
how data-driven insights can inform urban planning decisions, promoting
sustainable transportation options and enhancing urban liveability. This
approach not only supports the immediate needs of urban planners but
also contributes to the broader goals of sustainable urban development by
providing a mechanism for continuous environmental monitoring and man-
agement.

In conclusion, the advancements discussed in this chapter represent a
significant step forward in our ability to monitor the present. By harness-
ing the power of EO data, AI, and cloud computing, we can develop more
resilient and sustainable urban environments. This journey towards inte-
grating cutting-edge technology into environmental monitoring and urban
planning is essential for achieving the SDGs and ensuring a sustainable
future for our cities and their inhabitants.
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Table 3.1: Comparison of the Machine Learning requirements between the
pillars Learning from Past and Monitoring the Present

Learning from Past Monitoring the

Present

Data Source

and Nature

Historical satellite data.
Data might have vary-
ing resolutions and qual-
ities.

Near-real-time satellite
imagery.

Objective

and Application

Understand trends, pat-
terns, and changes over
time.

Focus on the occurred
changes.

Model Training

and Validation

Training on diverse
datasets from different
time periods. It may
need calibration to
account for variations in
data quality and sensor
technology over time.

Models trained on past
data. They might
be fine-tuned more fre-
quently to adapt to the
latest data characteris-
tics.

Temporal

Dynamics

Long-term temporal dy-
namics and changes, in-
corporating techniques
to understand and pre-
dict trends over ex-
tended periods.

Emphasis on short-term
dynamics, often requir-
ing the models to adapt
to rapidly changing con-
ditions.

Predictive

Modeling

Focus on forecasting
long-term future scenar-
ios based on historical
trends.

Usually short-term,
focusing on immediate
future conditions or
events.

Data Volume

and Processing

Handling large volumes
of historical data

While the volume of
data can be substantial,
the focus is on the effi-
cient processing of cur-
rent data streams for
timely analysis

Generalization

vs. Specificity

Models are often de-
signed to generalize
across different time
periods and conditions.

Models may be more
specialized, tailored to
specific current condi-
tions or events.
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Table 3.2: Results for the task of LST downscaling

Area of Interest Date RMSE RMSE[175] RMSE [176]
Naples 12 May 2022 0.73 0.96 1.23
Naples 10 August 2023 1.18 1.25 1.22
Milan 5 February 2023 1.30 1.75 1.68
Milan 15 July 2023 1.75 2.50 2.62





Chapter 4
Building the Future

The best way to predict the future is
to create it.

Peter Drucker

4.1 Introduction

Cities around the world are expanding at an unprecedented rate. This
expansion is not just in terms of population growth but also urban areas’
physical and infrastructural development. As cities grow, they face nu-
merous challenges, including the need for efficient land use, infrastructure
development, and transportation management. Alongside urbanization,
environmental concerns such as climate change, biodiversity loss, and pol-
lution are becoming increasingly critical. Urban areas are major contrib-
utors to environmental issues, yet they are also significantly affected by
them. For instance, urban heat islands, air quality, and greenery manage-
ment are significant challenges.

Urban planning decisions have long-lasting impacts. So, planners must
consider the environmental impact of urban development and find ways to
mitigate negative effects. With the increasing complexity of urban environ-
ments, there is a growing need for tools that provide precise and detailed
insights into how different planning decisions might play out. Precision in
planning helps make informed decisions that can minimize risks, optimize
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resource use, and ensure the well-being of urban populations.
This section tries to address a solution for two pivotal questions that

an urban planner consistently does:

Where is the most beneficial location for a planned urban intervention to
maximize its "impact"?

Is it possible to foresee the effects of an urban intervention before its actual
implementation?

For example, an urban planner tasked with the installation of a new
park in the city might pose the following inquiries: (i) Where is the most
advantageous location for the park to optimally enhance urban livability?
and (ii) Is it possible to ascertain the sustainability impacts of introducing
a new urban park in a specific area, before its practical realization?

Section 4.2 addresses the first question. It explores the methodology
for identifying the most beneficial locations for implementing Nature-based
Solutions, aiming to maximize social impact. This analysis begins by ex-
amining the area’s existing environmental and social conditions. Section
4.3 then delves into the second question, exploring the possibility of pre-
dicting the sustainability impacts of urban interventions before their im-
plementation.

At this juncture, a discerning reader may contend that the approach of
Section 4.2 aligns more closely with the "Learning from Past" methodology
rather than "Building the Future". However, the distinction lies in the
intent behind the posed questions. A retrospective query like "What is the
worst neighborhood in the city regarding a certain observational variable?"
remains anchored in the past. In contrast, re-framing the question to
"What is the worst neighborhood in the city based on certain variables
to plan future actions?" shifts the focus to future-oriented planning. This
perspective viewpoint justifies the inclusion of the use cases described in
Section 4.2 in this chapter.

Section 4.3, instead, addresses the second question. It introduces a
methodology to foresee the effects of urban interventions before their ac-
tual implementation by utilizing Generative Adversarial Networks (GANs)
to generate synthetic multispectral satellite imagery. This innovative ap-
proach enables urban planners and decision-makers to visualize and an-
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alyze the potential outcomes of various urban development scenarios, in-
cluding nature-based solutions (NbS), without requiring physical changes
to be made first.

4.2 Planning Urban Forest as Nature-based Solu-

tions

4.2.1 Introduction

The requirement to reassess the present planning and management of
cities and urban settlements from a resilience perspective is an essential
topic of discussion in mitigation and adaptation policies at an interna-
tional level, particularly concerning climate change debates. The United
Nations 2030 Agenda for Sustainable Development highlights, in target
11.3, the need to "... enhance inclusive and sustainable urbanization and
capacity for participatory, integrated and sustainable human settlement
planning and management in all countries" [180]. Target 11.7 further em-
phasizes the necessity for "... access to safe, inclusive and accessible, green
and public spaces, particularly for women and children, older persons and
persons with disabilities" (ibid.). Specifically, the 2022 Sustainable Devel-
opment Goals Progress Report highlights the necessity for policymakers
and city officials to "... consider the distribution of open public spaces
and green areas throughout the city" as they "... work to redesign and
retrofit the spatial configuration of urban areas" [181]. Integrating urban
green spaces as public infrastructure providing social and environmental
services is crucial in addressing green inequality in urban planning [182].
Since Milton Keynes’s Forest City project, several scholars have addressed
developing and integrating green infrastructure in urban and landscape
planning. These practices aim to embrace sustainability and resilience
[183, 184], combining urban forestry planning with the management of ur-
ban green spaces [185].

Investigating the abundance, distribution, and types of green spaces
is crucial in effectively guiding the design and planning of urban green
spaces and forestry to ensure the provision of a range of human bene-
fits [186, 187], related to public health [188] through ecosystem services
[189]. These effects include mitigating ambient air pollutant levels by ur-
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ban forestry [190] and providing food through urban food forestry, which
combines urban agriculture, urban forestry, and agroforestry [191]. Others,
such as Chen and Huang [192], indicated that the demand for green space
could greatly vary across neighborhoods, and areas with a high population
density would require more green space. The authors emphasized that
future urban greening projects should aim to serve areas with low green
space supply and high demand from people with limited access to green
resources.

Defining the quantity and quality of green space accessibility is paramount,
as it is often recognized as the difference between spatial heterogeneity and
social differentiation [193]. Apart from accessibility aspects, the most ad-
vanced and up-to-date techniques used in planning urban green systems
often involve satellite imagery and GIS tools focusing on greenness (e.g.,
NDVI data) [194].

In decision-making processes on the location of new urban green spaces
[195], issues about equity, justice, and the reduction in socio-spatial in-
equalities at the city and neighborhood scale are surprisingly given only
marginal consideration.

When focusing on urban forestry (UF), a comprehensive assessment of
the existing tree canopy is often required for tree-planting programs to sup-
port the setting of specific community targets. Remote-sensing technolo-
gies such as GIS and satellite imagery, where optical imagery is combined
with LiDAR data [196], are often helpful for capturing information on the
tree canopy. Ideally, tree canopy maps should be accurate to the scale of
individual trees, allowing for analysis of the tree canopy at different scales,
both at the city level and at the individual plot level [197].

This section investigates the concept of applying Urban forestry as a
Nature-based Solution (NbS). The Fifth Session of the United Nations
Environment Assembly (UNEA-5) defines Nature-based Solutions (NbS)
as "actions to protect, conserve, restore, sustainably use and manage
natural or modified terrestrial, freshwater, coastal and marine ecosys-
tems, which address social, economic and environmental challenges effec-
tively and adaptively, while simultaneously providing human well-being,
ecosystem services and resilience and biodiversity benefits" (UNEP, 2023).
Specifically, it emerges that the objective of NbS is to promote and protect
biodiversity, supporting the delivery of several Ecosystem Services (ES).
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If considered superficially, the concept of NbS may present some overlaps
with those of Green Infrastructure (GI), as they are both part of the group
of metaphors that are mobilized to describe the role and the functions of
natural components in urban environments [198]. However, there are key
differences, as highlighted by [199]. Thus, while on the one hand, GI rep-
resents (mainly) a network of green/blue areas, the definition of NBS is
broad, encompassing the use of nature to address environmental, social,
and economic challenges. Specifically, the literature suggests that NbS
should be conceived of as an umbrella concept [200, ?] that encompasses
other concepts such as ES [198, 201] and GI. In addition, scholars recom-
mend that NbS should not be merely a relabelling of previous practices
but a unique concept targeting urban sustainability issues [202].

So, applying Urban forestry as Nature-based relies on the concept of
Urban Forestry to address societal challenges and play an essential role in
human well-being and biodiversity [203]. In this context, the need to con-
sider and expand the range of socio-economic and environmental data and
assess the social impacts of NBS scaling-up is emphasized [204, 205, 206].
The proposed research introduces an approach that overcomes this gap by
explicitly considering social and environmental issues, proposing a method
potentially adaptable to any urban context. Not considering exclusively
green deficit distribution and including socio-economic data in the decision-
making process about NBS’s implementation, the proposal encompasses
the main critiques that are moved to the NbS approach, which is consid-
ered as ’mechanistic and seemingly apolitical’ [207]. In order to eschew the
accusations of contributing to green gentrification and the reproduction of
the urban neoliberal model addressed to NbS implementations, the inte-
gration of NbS in urban planning necessarily has to include a wide range of
socio-environmental factors as criteria for the localization of urban green,
echoing the call for ’just nature-based solutions’ [208].

Reflecting on this theme, the research explores the main debate on the
"greening city," trying to address the following question:

Where can NbS be implemented within the city in order to maximize its
social impact?

Without adequate planning [209], the creation of urban green can in-
crease urban social exclusion and stimulate gentrification, as it has been



116 Chapter 4. Building the Future

widely discussed [210, 211, 212]. Surprisingly, issues related to equity, jus-
tice, and reduction of socio-spatial inequalities at the urban and neighbor-
hood scale are only marginally considered in the decision-making processes
concerning localizing new urban green areas [195]. This is also the case with
NbS. While there is a long-lasting debate on GIS localization and planning
in urban areas [213], the recent debate on NbS still lacks significant contri-
butions on how to integrate NbS in urban planning, combining technical
criteria with social objectives, with few exceptions [214, 215]. Planning
for NbS at the urban and neighborhood scales is also essential. Nonethe-
less, this line of thinking can be found in European policies (e.g., EU
Biodiversity Strategy for 2030, EU Green Infrastructure Strategy) aimed
at ensuring the supply and quality of green spaces, as well as through the
guidance provided by international and European organizations to ensure
adequate access to green spaces (World Health Organization recommen-
dation for access to 0.5� 1.0 ha green space within 300 m ).

Within the roster of recommendations from international organizations,
there is a place for the International Union for Conservation of Nature
(IUCN) 3-30-300 rule, proposed by Cecil Konijnendijk van den Bosch: at
least three trees (of a ’decent size’) visible from citizens’ home; at least 30%
of tree canopy cover in each neighborhood; 300 m from the nearest park or
green space. The neighborhood characterizes the spatial unity of the rule.
This is not the only rule that is applied to have a positive effect on the
structure and diversity of urban forests. Among the most famous, used,
and debated rules is the 10 � 20 � 30 rule [216]. However, that rule does
not focus attention on the benefits provided by urban forests, as the one
proposed by [217] does. The 3-30-300 rule [217] represents a message that
policymakers can remember but takes up research and the recent debate
about the planning and benefits of green spaces in urban settings. Among
the various scientific literature, it appears necessary to note the importance
of nearby, especially visible, green spaces for mental health and well-being
[218]. This assertion was reinforced during the pandemic, emphasizing the
importance of greenery near homes [219]. In addition to WHO research and
recommendations, [220] emphasized the importance of proximity to high-
quality green spaces that can be used for recreation, generally reachable
within 5 min or 10 min, though often the traveled distance to the most
used UGS is well beyond a 300 � 500 m buffer distance [221]. Although
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Figure 4.1: Location of the city of Turin and subdivision into neighbor-
hoods.

this rule is proposed and promoted by the IUCN, no scientific articles on
its application and modification have yet been published. This is probably
due to the recent dissemination of this information.

This research moves the first step in this direction, linking identifying
suitable areas for new NbS to implementing a "socially-oriented" UF lo-
calization framework, like the 3-30-300 rule, to more explicitly social and
environmental criteria. The research meets some of the Sustainable De-
velopment Goals set by the United Nations, including Goal 3 (target 3.9),
Goal 11 (targets 11.6, 11a, and 11b), Goal 12 (targets 12.2 and 12.8), and
Goal 13 (targets 13.1 and 13.2) [180].

Expanding an existing method, Section 4.2.2 develops and tests - in the
city of Turin, Italy - an index aiming to identify the parts of the city that
could have precedence in the implementation of NbS. With an analogous
approach, Section 4.2.3 presents preliminary results contributing to urban



118 Chapter 4. Building the Future

forestry planning to support small and medium-sized administrations. The
city of Asti (Piedmont, Italy), a compact urban center with a significant
Roman and medieval past located in the northwest of Italy, serves as the
case study. Conclusions are drawn in Section 4.4.

4.2.2 The case study of Turin

Materials and Methods

Turin is the capital of the Piedmont region in the northwest of Italy and
is located on the western edge of the Po Valley. The city covers 130.2 km

2

in a flat area ( 239 m a.s.1.) and a hilly area reaching an altitude of
715 m a.s.l., where 878,074 inhabitants live (ISTAT, 2018). The 37% of
the surface area of the City of Turin is composed of green areas ( 48 km

2

out of a total of 130 km
2 ), with 55.43 m

2 of green space per inhabitant.
Of this 37%, 5% is made up of public and private agricultural areas [222].

Turin is the capital of the Turin metropolitan area, which comprises
312 municipalities and is characterized by greenways, mainly concentrated
along river strips, forming an essential ecological network.

Figure 4.1 shows the general framing of the study area concerning the
Piedmont region and the entire Italian peninsula. For more information
about the relationships between numerical identifiers and neighborhood
names, please see Table 4.1.

In the implementation of the 3-30-300 rule, environmental and social
characteristics have also been taken into account. This rule involves en-
suring the following criteria:

1. Presence of a minimum of 3 trees of significant size visible from
citizens’ homes;

2. A tree canopy cover of at least 30% in each neighborhood;

3. Proximity to the nearest park or green space within 300 meters.

To better consider the climatic-environmental conditions of the city,
the Urban Cooling model was considered [223]. Instead, for the social
data, the population density of Turin was considered [224]. Figure 4.2
shows the workflow methodology applied.
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Table 4.1: Detail of neighborhoods, number of inhabitants, neighborhood
surface (data elaboration from WorldPop project [7], 2021).

Neighborhoods N
�

inhabitants (in)
Neighborhood
surface

�
Km

2
�

1. Centro 39,651 3.77
2. San Salvario 35,901 2.33
3. Crocetta 34,176 2.77
4. San Paolo 34,955 2.21
5. Cenisia 39,114 2.33
6. San Donato 49,021 3.02
7. Aurora 39,300 2.67
8. Vanchiglia 30,558 3.38
9. Nizza Millefonti 28,207 3.50
10. Mercati Generali 48,803 3.46
11. Santa Rita 56,747 3.57
12. Mirafiori Nord 43,720 3.79
13. Pozzo Strada 57,154 4.22
14. Parella 47,221 4.91
15. Le Vallette 41,400 7.54
16.Madonna di Campagna 41,047 7.40
17. Borgata Vittoria 39,833 3.86
18. Barriera di Milano 48,081 2.83
19. Falchera 26,186 12.62
20. Regio Parco 28,171 6.92
21. Madonna del Pilone 14,167 15.50
22. Borgo Po e Cavoretto 19,541 13.60
23. Mirafiori Sud 35,334 11.43
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Figure 4.2: The research workflow methodology.

Specifically, the data acquired to conduct the research refer to geospa-
tial datasets that are publicly accessible or provided by the municipal ad-
ministration. Although the proposed methodology could be easily applied
to commercial data, the thesis focused on using publicly accessible and
globally available data to propose a practical approach easily scalable to
other locations.

In addition, a precedence index has been calculated that combines the
different parameters into a single score using additive weighting. Data
analysis was first performed at the urban scale and then at the neigh-
borhood level. Neighborhoods were ranked according to their precedence
index scores, from lowest to highest. The neighborhoods with the lowest
scores represent the areas with the most significant needs for NbS imple-
mentation.

All data used refer to the same year, namely 2018. The reasons are as
follows: the trees visible or otherwise planted around the buildings must
be of "decent size," which is the reason the experiment assumed that the
trees should be at least five years old; the most complete and recent satellite
information used for tree canopy cover assessment refers to 2018.
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In this regard, to understand the methodology and the related results
achieved, it should be noted that for the city of Turin, the neighborhoods of
Madonna del Pilone (Figure 4.1, number 21) and Borgo Po and Cavoretto
(Figure 4.1, number 22) will be excluded from the neighborhood focus.
These are two hilly neighborhoods characterized by extensive forested areas
and less by sealed and urbanized areas. In addition, the management of
green spaces in these neighborhoods can be likened to forest/woodland
management, thus strongly differing from the management of green areas
in the remaining neighborhoods.

Three trees from every home

In order to verify the presence of three trees, visible or otherwise,
around the buildings, the following procedure was carried out. Build-
ing footprints from OpenStreetMap were extracted, and the presence of
three trees in a buffer of 30 m from each house in the City of Turin was
subsequently verified. Trees present for a long time in the City of Turin
were considered relevant, considering those that had spent > 5 years since
planting (data based on [224]). It should be considered that in Turin, in
the past years, urban forestation (with young plants 60� 80 cm high) was
rarely used, and the plants planted were at least two years old.

At the urban scale, a buffer area at the distance of 30 m from each
building was identified to analyze the distribution of trees. The buffer
function present in the geoprocessing tools of QGIS, which generates a
polygon vector, was used. Then, using the Count points in the polygon
function in Analysis Tools, a proper count was performed to identify the
number of trees per building. Finally, using the Centroids function present
in Vector Geometry, the centroids of the buildings were extracted, which
were then thematized to make the data obtained by the count performed
earlier more readily understandable. The Rule-based method was used for
thematization, allowing each value class to be associated with a separate
visualization.

The above centroids were interpolated for the neighborhood-scale anal-
yses using the column with the tree count as the interpolation weight. The
result of the interpolation is a grid-like raster surface. The interpolation
algorithm used was Inverse Distance Weighting (IDW) .

The raster was then processed using zonal statistics to identify the
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distribution of trees at the neighborhood scale using the neighborhoods
downloaded from the OpenData portal of the Metropolitan City of Turin
as a reference vector. The mean was employed as the analysis parameter of
the zonal statistics. The data was thematized by dividing the output data
into the previously exposed three intervals, by making the ratio between
the values of polygons in which at least three trees fall and the number of
buildings in the polygon.

30 % Tree Canopy Cover in every neighborhood

To calculate the Tree Canopy Cover in the city of Turin, the data
present in the Pan-European High-Resolution Layers - Forests (2021) [225]
were used, and in particular, the 2018 data concerning the Tree cover
density in 10 m resolution (ranging from 0 to 100% ). The primary sources
are (since the 2018 reference year) Sentinel-2 and Sentinel-1. For the urban-
scale analysis, values were themed into equal 10% intervals.

The zonal statistics algorithm was used for the neighborhood-scale
analysis to calculate the average cover in each neighborhood. The themati-
zation was performed by dividing the previously computed data into three
quantile classes.

300 m from the nearest park or green space

The European Regional Office of the World Health Organization rec-
ommends a maximum distance of 300 m to the nearest green space (of at
least 1ha ). However, creating new public green spaces of 1 ha in size could
be difficult. In these cases, a decent area of 0.5 ha should be a minimum
[226]. In the case of Turin, it was considered appropriate to define the
reference size of the green area to be reached in 300 m as 0.5 ha.

The data for parks and gardens was taken from OpenStreetMap. These
data were reprocessed at both urban and neighborhood scales.

Specifically, at the urban scale, it was performed using the Proximity
algorithm found in Raster Analysis.

The resulting raster was thematized into three classes to make it more
intuitive. See the results section for a discussion of the classes.

Neighborhood-scale analysis was conducted by performing zonal statis-
tics on the previously calculated neighborhood raster, using neighborhoods
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as the reference vector.

Environmental data

An accurate assessment of the capacity of urban green spaces to reduce
the heat island effect is crucial in planning decisions due to rising thermal
pressures on both new and existing urban environments brought on by
climate change. This frequently requires data that planners might not
have. This dissertation used the InVEST Urban Cooling model, which
solves this drawback by employing several readily available factors assigned
to a land cover map to create a heat mitigation index (HMI) to estimate
the vegetation’s ability to cool an area.

The Urban Cooling model generates the heat mitigation index (HMI)
based on evapotranspiration from vegetation, the cooling distance of signif-
icant urban parks, and albedo given to a land cover (LC) map to measure
the average cooling capacity on air temperature.

The model initially calculates the city’s evapotranspiration index.
(ETI) using a given LULC map:

ETI =
Kc ⇥ ET0

ETmax
(4.1)

It reflects the potential evapotranspiration from plants. Each pixel
is determined by multiplying the reference evapotranspiration, ET0, the
crop coefficient Kc related to the pixel’s LULC type, and the highest value,
ETmax, of the ET0 raster in the study area.

In particular, the evapotranspiration data provided for the computa-
tion was collected using MOD16 global evapotranspiration supplied by
NASA. Using satellite remote sensing data, this data represents an evap-
otranspiration estimation from the earth’s land surface.

Subsequently, the model computes each pixel’s cooling capacity index
(CCi) based on local shade, albedo, and evapotranspiration.

CCi = 0.6⇥ shade+ 0.2⇥ albedo+ 0.2⇥ ETI (4.2)

The percentage of tree canopy ( > 2 m in height) connected to each
land use/land cover (LULC) category is represented by the shade factor.

The model then determines the urban HM index: If there are no large
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green spaces in the pixel’s vicinity, HM is equal to CC; otherwise, it is
set to a distance-weighted average of the CC values from the large green
spaces and the pixel in question.

Socio-demographic data

Data collected by the WorldPop project (2021) [7] were analyzed to as-
sess the socio-demographic characteristics of Turin neighborhoods, calcu-
lating the Population Density. This variable was calculated as the number
of inhabitants on the neighborhood’s surface [224]. To compare the neigh-
borhoods, all the results were grouped into three categories: low, medium,
and high values.

Prioritizing Neighborhoods for NbS Implementation

A precedence index (PI) is proposed to identify neighborhoods with a
high need for NbS implementation.

sum =

X

i

wi ⇥ variable i (4.3)

min( sum ) =

X

i

min ( variable i) (4.4)

max( sum ) =

X

i

max ( variable i) (4.5)

PI =
sum �min( sum )

max( sum )�min( sum )
(4.6)

The index was made by summing the variables reported in the math-
ematical formula, giving each variable a value of 0 (low), 1 (medium), or
2 (high). To apply it in different urban contexts, the index also provides
a weight for each variable, i.e., wi. In this experiment, all the identified
factors have been equally weighted with a value of 1. Next, the index
has been normalized, which consists of limiting the range of a set of values
within a specific predefined range. After summing variable values (formula
4.3), a min-max normalization is performed to obtain a precedence index
between 0 and 1. This procedure ensures that the values of the variables
are comparable as they are reported on the same scale and, with the same
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variables, it is possible to compare the values of precedence indices calcu-
lated on different neighborhoods.

By summing the variable values, the results were divided into three
categories: 0  x < 0.25 (high intervention priority); 0.25  x < 0.5

(medium intervention priority); 0.5  x < 1 (low/no intervention priority).
This index provides an initial graphical representation of the neighbor-

hoods that should be affected by interventions with NbS.
Neighborhoods falling in ranges characterized by numerical values close

to zero have precedence for intervention with NbS. Subsequently, the other
ranges have a decreasing need for intervention with NbS.

Should the number of variables increase, the methodology and ap-
proach would still apply in other contexts.

Results

The results of the variables analyzed at urban and neighborhood scales
are presented below.

For the 3 trees from every home, the results show the presence of the
tree component within a buffer of 30 m from every building in Turin. The
results were divided into three classes (low, medium, and high) to distin-
guish buildings better and, subsequently, neighborhoods that comply with
the three trees from every home rule.

Figure 4.3 shows on the left the centroid for each building. The class
’low’ is associated with buildings with several trees within 30 m radius < 3;
the class ’medium’ is related to buildings with number of trees equal to 3;
the class ’high’ is associated with buildings with number of trees > 3.

Figure 4.3 shows on the right the results at the neighborhood level. The
results were obtained by averaging the values of centroids falling within the
individual neighborhood.

It is possible to highlight that about 40% of the neighborhoods can
meet the rule of potentially having three trees visible from each building. In
contrast, only one neighborhood has substantial deficiencies in this regard.

For the 30 percentage of Tree Canopy Cover in every neighborhood
rule, the results show the percentage of Tree Canopy Cover in Turin. To
better distinguish neighborhoods that comply with the 30% of Tree Canopy
Cover, the results were divided into three classes (low, medium, and high).
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Figure 4.3: Differentiation of buildings according to compliance with the 3
trees from every home rule (left); differentiation of neighborhoods accord-
ing to compliance with the 3 trees from every home rule (right).

Figure 4.4 shows on the left the values of tree canopy cover at the
urban scale. The City of Turin has a Tree Canopy Cover percentage of
19.43%, also considering the hillside area. Focusing on the neighborhoods
under investigation, the minimum value of percentage cover is 4.8%, while
the maximum value is 14.7%. Given the results obtained, it was deemed
inappropriate to graphically render a map showing a division of classes
according to the benchmark of 30% tree canopy cover. However, it was
necessary to investigate this further to understand whether any particular
differences emerged between the various neighborhoods.

To differentiate the neighborhoods in terms of the % of Tree Canopy
Cover, Figure 4.4 shows the classification of Tree Canopy Cover into the
three classes (low, medium, and high) on the right. Precisely, the average
value of tree canopy cover for each neighborhood was calculated, and the
identification of the extremes for the three classes was done through a
subdivision into three quantiles. The three classes emerge from a proposed
subdivision into equal percentages. For the low class, the interval 0-5 %
was used; for the medium class, the interval is 5 � 10%; for the high, the
interval is 10�15%. Figure 4.4 presents on the right a division of the data
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Figure 4.4: Analysis of the % Tree Canopy Cover of the city of Turin (left);
the subdivision of neighborhoods according to the % Tree Canopy Cover
(right)

into three classes, but the ’high’ class refers to tree canopy cover values
that are never higher than 14.7%.

The results underline that the City of Turin, to date, is far from being
able to comply with the 30% Tree Canopy Cover rule in every neighbor-
hood.

For the 300 m from the nearest park or green space rule, the results
show the distance between buildings and green areas of at least 0.5 ha in
Turin. To better distinguish neighborhoods that comply with the ’300 m
from the nearest park or green space’ rule, the results were divided into
three classes (low, medium, and high).

Figure 4.5 shows on the left the proximity map at the urban scale. A
classification in low, medium, and high was applied, using the following
intervals: low: ( > 500); medium ( � 300; 500 ); high (0; 300).

Following the same classification, Figure 4.5 shows on the right aver-
aged data at the neighborhood level.

The results show that most neighborhoods in Turin have a green area of
at least 0.5 ha within 300 m of buildings. Exceptions are the ’Crocetta’ and
’Madonna di Campagna’ districts, which have green areas within 500 m.
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Figure 4.5: Proximity map concerning urban green areas at urban level
(left); Subdivision of neighborhoods according to their potential to comply
with the ’ 300 m from the nearest park or green space’ rule (right).

The district with the lowest values is ’Falchera.’
For the environmental variable, the results estimate the heat mitiga-

tion based on shade, evapotranspiration, albedo, and the distance from
cooling islands (e.g., parks). The results were divided into three classes
(low, medium, and high) to distinguish neighborhoods with different heat
mitigation values better.

It can be highlighted from Figure 4.6 how about 80% of the area of
Turin is in critical situations from an environmental point of view. This
observation is represented by the red and yellow colors, which indicate low
values of the Urban Cooling Index.

Only 5% of the area of the City of Turin has a high value of the Urban
Cooling Index, found mainly in the hilly regions.

The Urban Cooling Index has its foundation in key scientific references.
In particular, Zardo et al. (2017) identify scores/benchmarks useful for
dividing areas with different index values. However, as can already be
seen in Figure 4.6, the city of Turin has homogeneously low values. As in
the case of the Tree Canopy Cover, the Urban Cooling Index subdivision
has not been shown graphically because all the neighborhoods fall within
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Figure 4.6: The results of the Urban Cooling Index at the urban level (left).
The subdivision of neighborhoods which have different heat mitigation
values (right).

the low class of values.
However, an attempt was made here to gain a deeper understanding of

any differences between neighborhoods. Figure 4.6 highlights the Urban
Cooling Index values referable to the City’s neighborhoods. Specifically,
the following division of values into quantile classes was used: low (0�0, 1);
medium (0, 1� 0, 15); high (0, 15� 0, 3).

The results show the population density density of the Turin neighbor-
hoods (Table 4.2). To better distinguish neighborhoods with different Pop-
ulation Densities, the results were divided into three classes (low, medium,
and high), as reported in Figure 4.7.

Figure 4.7 shows the subdivision of neighborhoods according to the
Population Density value. The values are in the range 913� 20, 000 [224]
and have been divided into three classes: low ( � 913; 5000); medium (
> 5000; 10, 000 ); and high ( > 10, 000� 20, 000).

It can be observed from the results that about 60% of the neighbor-
hoods have a high Population Density value, mainly concentrated in the
central area of the city. Interestingly, the three districts in red, which in
the past were the industrial neighborhoods (numerous manufacturing es-
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Table 4.2: Detail of neighborhoods and related Population Density.

Neighborhoods Population Density
�
in/km

2
�

1. Centro 10,517
2. San Salvario 15,371
3. Crocetta 12,335
4. San Paolo 15,759
5. Cenisia 16,764
6. San Donato 16,223
7. Aurora 14,733
8. Vanchiglia 9041
9. Nizza Millefonti 8043
10. Mercati Generali 14,101
11. Santa Rita 15,879
12. Mirafiori Nord 11,532
13. Pozzo Strada 13,526
14. Parella 9616
15. Le Vallette 5489
16.Madonna di Campagna 5543
17. Borgata Vittoria 10,309
18. Barriera di Milano 16,984
19. Falchera 2075
20. Regio Parco 4068
21. Madonna del Pilone 913
22. Borgo Po e Cavoretto 1435
23. Mirafiori Sud 3089
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Figure 4.7: Subdivision of neighborhoods according to Population Density
values.

tablishments, including the former FIAT plants) or neighborhoods where
blue-collar workers lived, now have a lower population density. This could
be due to less industrial/economic activity in these areas.

Finally, following the application of the proposed index, the neighbor-
hoods in the City of Turin that need precedence of interventions with NbS
are highlighted. Specifically, the results are returned in two different detail
levels.

Figure 4.8 on the left shows the neighborhoods in Turin with different
priorities for intervention with NbS. The results correspond to a division of
values into three categories (low, medium, and high). However, the figure
on the left shows the first graphical representation of the neighborhoods
that should be affected by interventions with NbS.

The results, therefore, show the need for numerous NbS interventions
in the city. To suggest to politicians the neighborhoods where they should
focus their attention and funds promptly, Figure 4.8 on the right shows
the three neighborhoods, Cenisia, Nizza Millefonti, Barriera di Milano,
that have a precedence for NbS implementation.
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Figure 4.8: Identification of neighborhoods needing NbS implementation
precedence (left). Detail on the neighborhoods to identify those in which
the municipality should start investing immediately by implementing NbS
(right)

4.2.3 The case study of Asti

Materials and Methods

The city of Asti (44.9�N, 8.206944�E) is located in the Piedmont region
of northwestern Italy. It covers a total area of 151.31 km

2 with a popu-
lation of 73,495 inhabitants, giving a population density of 485.72 people
/km

2 as of 31 October 2022 [227]. The city has an average green area
per inhabitant of 12.64 m

2, which is higher than the minimum value of
9.0 m

2 per person for public areas provided for greenery, play, and sport,
as laid down in Italian Interministerial Decree no. 1444/1968, point 3.C.
Specifically, it counts on an urban tree stock of about 12,500 specimens,
of which 4500 are in tree-lined avenues and about 14,000 m of hedges, as
of 2016 [228]. The most common species are linden, sycamore, hornbeam,
ash, ginkgo biloba, and mulberry, including two metasequoias.

As of January 2023, the city of Asti does not seem to be divided into
districts but rather into constituencies and 78 electoral sections (or wards).
Therefore, to carry out appropriate analyses of the urban fabric of the city,
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Figure 4.9: Location of the city of Asti and its division into voting sections
or wards. (Sources: Google Maps and OpenStreetMap for the maps; SIT
Municipality of Asti for the voting sections. Available online at [6].

it was decided to use the electoral sections (or wards) and their respective
areas (Figure 4.9). The wards were discarded because in-depth studies
cannot be carried out in the most urbanized part of the city.

This division was the most efficient way to analyze the city in relatively
small areas and accurately identify risk factors and pressures. Electoral
wards are ideal for small to medium-sized cities, including those with a
historic urban layout, with no official administrative divisions into neigh-
borhoods or districts.

As for demographics, as of 1 January 2022, the average age of citizens of
Asti is 46.2 years, compared to 43.8 years in 2012 [229]. As Asti is indexed
by ISTAT as the 75th city in the country in terms of population residing
in the central city [230], this method has the potential to be replicated
in another 7826 Italian municipalities, out of a total of 7901, as per data
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updated on 1 January 2023 (ibid.).
The analysis follows an approach similar to the one described before.

The study proposes a review of the application of the 3-30-300 rule to
compact small and medium-sized towns and cities with a solid historical
background that features Roman planning and has a medieval fabric.

In contrast to the proposed method for the Turin case study, differences
in the case of the city of Asti pertain to the omission of environmental
parameters, specifically the Urban Cooling Index analysis. Instead, to fo-
cus on Urban forestry, this parameter has been substituted with a variable
that assesses the quality of green spaces within the city, computed through
Earth Observation data.

The Normalised Vegetation Vigour Index (nVVI) [231] was computed
and analyzed to assess the quality of the green spaces in Asti. The layer
was generated utilizing a time series of Normalised Difference Vegetation
Indexes (NDVIs), calculated from Sentinel-2 satellite images to assess the
greenery vigor. This was achieved by analyzing the phenology of the area
and its relation with trees’ growth and health. For every date during the
cloud-free periods in 2018, NDVI maps were created using the Sentinel-2
data. The NDVI profiles were regularised, applying splines with a time
step of five days. Subsequently, they were filtered by FFT to minimize
local fluctuations and emphasize the periodicity of the phenological trend.
The Start of Season (SOS) and End of Season (EOS) were calculated using
a 2nd derivative approach at the pixel level. The annual NDVI integral was
then computed and divided by the length of the growing season to obtain
an integrated NDVI. An integrated NDVI map was generated for 2022
with a Ground Sample Distance (GSD) of 10 m. The average integrated
NDVI value for the given tree areas was computed using zonal statistics.
The integrated NDVI was normalized to a range [0, 1]. It was assumed to
be a predictor of tree decline, with a value of 0.5 used as the threshold
for distinguishing between potentially declining trees and healthy ones.
Finally, the [0, 1] range was divided into five equal intervals.

Analyses were conducted at both the city level and the level of electoral
sections (wards). At the qualitative level, findings were classified into five
categories: very low, low, medium, high, and very high. This subdivision
facilitated a simple and intuitive data comprehension, providing a clear
framework for comparing and categorizing different variables.
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One of the key objectives of this approach was to share the final anal-
ysis with the public administration and decision-makers, such as urban
planners or policymakers, and assist them in making data-driven deci-
sions. This was achieved by using descriptive terms such as ’very low,’
’low,’ ’medium,’ ’high,’ and ’very high,’ which make it easier to communi-
cate the results to a broader audience. These featured categories provide a
common language that is easily understandable and relatable to the audi-
ence, even if they are unfamiliar with the technical specifics of the analysis.
This method highlights how the 3-30-300 rule serves as a helpful guideline
for policy and planning purposes and stimulates debate about urban green-
ery and UF. Furthermore, this rule can be applied in various urban cities
to analyze the status quo and develop future strategies for increasing or
maintaining UF. It is important to note that the primary focus of this
approach is not to compare results between different cities but to analyze
differences within the same one to reduce possible social inequalities [217].

The area analyzed does not include the agricultural, wooded, and hilly
regions surrounding the built-up zone, as their management is often en-
trusted to private owners, and the remaining public spaces are managed
differently in urban areas. This decision was made after the author con-
ducted three visits to the city in October 2022 and February and June
2023.

Results

The findings display the occurrence of tree species within a 30 m radius
of each building in the urban area of Asti (Figure 4.10). The findings have
been categorised into five classes (from ’Very Low’ to ’Very High’) at the
electoral section level.

The left-hand map identifies the buildings with colours indicating the
classification according to the number of trees within a 30-m buffer. Pre-
cisely, the ’High’ category represents buildings surrounded by over three
trees, the ’Medium’ category corresponds exactly to three trees, and the
’Low’ class stands for containing fewer than three trees.

On the other hand, the map on the right illustrates the analysis con-
ducted within the voting sections (or wards), using the aforementioned
intervals. This classification considers the number of buildings, electoral
wards, and their respective average scores.



136 Chapter 4. Building the Future

Figure 4.10: The presence of a minimum of three trees within a 30 �
m radius of buildings. The left image identifies the buildings, while the
right image classifies the electoral sections based on the number of trees
surrounding each building. The score inside the voting district is computed
by averaging the scores of each building.

Results indicate that 64 out of 70 electoral sections (or wards) had
an average of at least three trees per building, demonstrating a high tree
density throughout the surveyed areas.

Figure 4.11 shows the percentage of tree canopy cover (TCC) in the
city of Asti. The results have been divided into five classes, ranging from
’Very low’ ( 10%) to ’Very high’ (> 40%), based on the electoral wards.

Figure 4.11’s left-hand side displays the TCC values for Asti. In con-
trast, Figure 3’s right-hand side analyses the spatial unity of electoral
wards and displays the TCC value division into five classes, which comes
from a subdivision into equal quantiles. Electoral wards’ values range from
roughly 0.6% to about 55%.

The results concerning the distance of buildings from green areas in
Asti are presented in Figure 4.12, considering a radius of 300 m and a
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Figure 4.11: A percentage analysis of tree canopy cover (TCC) at the city
and electoral section level.

Figure 4.12: Distance of buildings from green spaces and parks of 0.5
hectares or more.
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Figure 4.13: Analysis of the greenery vigour quality at the city and elec-
toral section.

minimum size of green area of 0.5 ha. The analysis of this parameter was
conducted at both the city level and the electoral section (or ward) level.
Specifically, the analysis utilized the map of publicly owned green areas
provided by the Territorial Information System (SIT) of the Municipality
of Asti.

Figure 4.12 shows the proximity map results at the city level on its left-
hand side. The division into five classes adheres to the following intervals:
’Very Low’ (greater than or equal to 400 m ); ’Low’ (from 300 to 400 m );
’Medium’ (between 200-300 m); ’High’ (from 100 to 200 m ); ’Very High’
(less than or equal to 100 m ). The classification for the electoral sections
(or wards) was the same.

The results indicate that 64 out of 70 electoral wards satisfy the re-
quirement of having at least 0.5 ha of green areas located 300 m away
from buildings. However, 56 electoral wards fail to meet the 3-30-300 rule
parameter. The primary reason for non-compliance is the requirement of
a minimum 30% tree canopy cover. The size of the areas located far from
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Figure 4.14: Classification of areas according to the potential need for
implementing nature-based solutions (NbS). Classes with lower values in-
dicate a greater need for intervention.

the city centre is a significant factor contributing to the non-compliance
with the 30% tree canopy cover rule. The aerial sizes of these regions are
larger than those of the central areas, which makes it more challenging to
achieve the desired canopy cover. Furthermore, some wards may have an
adequate number of trees, but often they do not meet the required canopy-
cover value due to their youth and size. Juvenile trees have less canopy
cover and require time to grow, thus diminishing their overall contribution
to the total canopy cover. Moreover, smaller or elongated trees cover less
surface area, further affecting the achievement of the target canopy-cover
percentage.

Figure 4.13 displays the results regarding the quality of green spaces.
The results at the urban level were categorised into five classes, ranging
from ’Very low’ to ’Very high’.
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The results indicate a significant variation in green quality among dif-
ferent areas: more central areas have a lower to medium-low quality of
green spaces.

The findings suggest that densely populated urban areas may signif-
icantly affect the availability and quality of green spaces. On the other
hand, the surrounding areas, which may have experienced less intensive
urbanization, show a gradual increase in green quality along the surround-
ing belt of the densely populated city center. The observation suggests
that these outer regions provide more favorable conditions for the develop-
ment and maintenance of green spaces, which leads to better green quality.
Overall, the results emphasize the importance of urban planning strategies
and spatial factors to enhance green quality and promote a healthier urban
environment in the city center.

Potential areas for intervention can be identified in Figure 4.14. This
Figure serves as a tool to initiate discussions. Based on the cross-analysis
of the data and field visits, certain areas in the south/southeast of the
city of Asti have the potential to host nature-based solutions (NbS). These
areas have good connectivity to the existing ecological corridors associated
with the Tanaro River, the WWF La Bula Oasis and the Belangero Ponds
( 44.878822

�
N, 8.209906

�
E), as well as to the western region where the

Special Nature Reserve of Valle Andona, Valle Botto and Valle Grande
(44.9409

�
N, 8.1151

�
E) is situated.

4.3 Scenario Thinking through GAN-Based Syn-

thetic Satellite Imagery

4.3.1 Introduction

In the scientific discipline, scenario thinking is a comprehensive method
that goes beyond mere speculation about the future. It systematically
constructs a set of coherent and plausible future conditions under different
assumptions and interpretations. The scenario thinking process typically
involves several distinct phases:

• Identifying the Scope: This initial phase defines the specific focus and
boundaries of the scenario exploration, such as particular aspects of
urban development or environmental changes.
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• Gathering Information: Involves collecting relevant data, including
historical trends, current conditions, and expert opinions, to inform
the scenario development.

• Identifying Key Factors : This step entails pinpointing the critical
drivers and uncertainties that will influence future outcomes.

• Developing Scenarios: Multiple plausible scenarios are created based
on the gathered information and critical factors. Each scenario rep-
resents a different potential future based on varying combinations of
the identified drivers and uncertainties.

• Analysis and Implication: Each scenario is analyzed to understand
its implications, challenges, and opportunities.

• Strategy Development : Using insights from the scenario analysis,
strategies and plans are developed to navigate or leverage the po-
tential futures.

• Monitoring and Revision: Continuously monitor real-world develop-
ments and revise the scenarios and strategies as necessary to stay
relevant and practical.

This approach becomes particularly valuable in the context of Earth
Observation for urban planning. Here, scenario thinking is utilized to de-
velop a range of potential future urban developments. Planners can create
detailed scenarios by integrating Earth Observation data, such as satellite
imagery, climate models, and demographic trends. These scenarios might
encompass varying degrees of urban expansion, green space allocation, in-
frastructure development, and their potential impacts on environmental
sustainability and urban livability.

In applying scenario thinking to Earth Observation, urban planners
can evaluate the implications of various developmental pathways. For in-
stance, scenarios can be developed to show urban greenery’s impact on
microclimates or the effect of new infrastructure on traffic patterns and
air quality. By comparing these scenarios, planners can identify strate-
gies that align with sustainability goals, community needs, and resilience
against environmental changes. This methodological approach is crucial



142 Chapter 4. Building the Future

in rapid urbanization and climate change, offering a proactive tool for de-
signing cities that can adapt and thrive in the face of future challenges and
uncertainties.

This section introduces a novel urban planning and environmental sim-
ulation approach by leveraging Generative Adversarial Networks (GANs)
to generate multispectral synthetic satellite imagery, particularly tailored
for nature-based solutions.

Generative Adversarial Networks (GANs) have made significant strides
in recent years, showing impressive capabilities in a range of applications
[232]. This technique involves a pair of neural networks competing against
each other: a generator that creates data aiming to mimic reality as closely
as possible, and a discriminator that evaluates whether the data gener-
ated is fake or real. Conditional GANs (cGANs) incorporate additional
conditions during the generation process. This enhanced model has been
effectively applied in various tasks, including image colorization [233, 234]
and style transfer [235, 236].

Several recent works have studied the generation of synthetic satellite
imagery through GAN networks [237, 238, 239]. Satellite imagery possesses
distinctive characteristics that set it apart from conventional images typi-
cally employed in computer vision. In particular, they have multispectral
content that goes beyond the RGB bands. Consequently, standard GAN
architectures cannot be readily employed for processing such imagery [237].
For this reason, significant research is dedicated to identifying methods to
generate multispectral satellite images with consistent multispectral con-
tent [237, 238].

In the realm of this thesis, the primary goal was to develop a method
capable of generating synthetic Sentinel-2 satellite imagery with a keen fo-
cus on maintaining the multispectral content’s coherence in comparison to
real data. Section 4.3.2 illustrates the proposed approach, which unfolds
in two distinct phases, addressing the unique challenge posed by the multi-
spectral nature of satellite imagery that distinguishes it from the standard
RGB images prevalent in conventional computer vision tasks. Section 4.3.3
presents the results.

The proposed approach aims not only to contribute to the body of
knowledge on synthetic imagery generation but to bolster the capabilities
of urban simulation tools within the realms of sustainable urban develop-
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ment and climate resilience. By providing a novel tool capable of simu-
lating hypothetical urban scenarios, the goal is to offer urban planners,
environmental scientists, and policy-makers an advanced instrument for
envisioning and evaluating potential future developments and interven-
tions. This forward-looking tool is designed to support decision-making
processes by enabling the exploration of various urban growth patterns,
land-use changes, and environmental mitigation strategies. By generating
realistic synthetic satellite imagery, the assessment of urban development’s
impact on climate resilience and sustainability can be conducted with un-
precedented accuracy and detail, thereby contributing to creating more
sustainable and resilient urban landscapes.

4.3.2 Materials and Methods

The methodology extends upon existing frameworks by integrating ad-
vanced GAN architectures to generate high-fidelity, multispectral imagery
that mimics the characteristics of the Sentinel-2 satellite constellation. Fig-
ure 4.15 illustrates the proposed approach. The solution generates Syn-
thetic Sentinel-2 Multispectral images from Simulation Scenarios with a
two-step process:

1. Simulation Scenario to RGB :

• Starts with a land cover mask representing a simulation sce-
nario.

• This mask undergoes processing by a label-conditional Genera-
tive Adversarial Network (GAN).

• The GAN generates a realistic RGB image that reflects the tex-
tures corresponding to the different land cover types indicated
by the mask.

2. RGB to Multispectral :

• The generated RGB image serves as input to the second phase.
• A U-Net-like architecture processes it.
• The U-Net model is designed to convert the RGB input into a

Synthetic Sentinel-2 Multispectral image, predicting the values
across the various spectral bands that Sentinel-2 would capture.
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Figure 4.15: Proposed approach for the generation of Synthetic Sentinel-2
Multispectral image from Simulation Scenarios.
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The adopted approach in the first step is based on the solution pro-
posed in [240]. The model is a conditional GAN with spatially adaptive
denormalization (SPADE) [239]. It consists of an encoder, a generator, and
a discriminator. The encoder takes an input image and produces a mean
and variance that is passed as an input to the generator. The generator
uses a random vector z from the reparameterized output of the encoder
and the class mask to generate synthetic images through a series of SPADE
ResNet blocks.

Step 2 uses a Regressive U-Net, as described in Section 2.2.3. In par-
ticular, the network architecture was adapted to produce a feature mask
of 7 channels as output. The seven channels correspond to the multispec-
tral bands of Sentinel-2, excluding RGB bands and bands at 60 m spatial
resolution that were ignored in this thesis.

This approach exploits the well-known inter-band dependencies that
the network can learn [241]. It’s efficient regarding computational resources
and allows for shared feature learning, which could improve performance
if the bands have significant correlations.

4.3.3 Results

For the experiment, step 1 was implemented using the already trained
network made available from the authors in [240]. A dataset containing
2000 64x64 patches of Sentinel-2 satellite images was created for the second
step. Patches were sampled across different areas of Europe, focusing on
urban and peri-urban areas. The dataset was split into training, validation,
and test sets with a 70-20-10 ratio. In order to create the dataset for step
2, step 1 was executed on all the patches, using a land cover mask derived
from ESA WorlCover 2021 [242]. Thus, the output patches at step 1 for
step 2 training were created.

Table 4.3 shows the results. The proposed solution was compared with
machine-learning algorithms using RGB bands as features. The results pre-
sented in the table represent the average of the metrics obtained for the
seven predicted bands. The comparison of the proposed solution with tra-
ditional machine-learning algorithms using RGB bands as features further
supports the approach’s effectiveness, with the Regressive U-Net demon-
strating significantly lower Mean Absolute Error and Root Mean Square
Error values. These preliminary results aim to show the feasibility of the
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Table 4.3: Results for step two of the proposed approach: generate multi-
spectral content from RGB bands.

Model MAE RMSE

Regressive U-Net 0.16 0.43
Linear Regression 0.37 0.91
Random Forest 0.34 0.87

proposed approach. Further experiments will need to be conducted, par-
ticularly employing Generative Adversarial Networks (GANs) for Step 2
as well.

Figure 4.16 shows the results of the proposed approach. The left col-
umn displays the input scenarios, which are masks of land cover layouts.
These layouts indicate where specific land covers, such as vegetation or
water bodies, are intended to be placed in an urban setting. The cen-
ter column depicts the synthetic RGB images generated by a conditional
Generative Adversarial Network (GAN) based on the input scenarios. The
GAN has transformed the land cover masks into realistic-looking RGB
images that mimic the appearance of natural features within an urban
landscape. The right column shows the Normalized Difference Vegetation
Index (NDVI) computed on the synthetic multispectral Sentinel-2 images
produced from Step 2. The NDVI is a derived index that indicates the
presence and condition of vegetation, with green tones representing higher
vegetation density and orange to red tones indicating lower vegetation den-
sity or urbanized areas.

It is noteworthy to observe the consistency of the NDVI index pro-
duced in relation to the input scenario, which evidences that the generated
synthetic image possesses coherent multispectral content. This coherence
underscores the effectiveness of the synthetic generation process in accu-
rately simulating the spectral characteristics associated with the various
land covers depicted in the input scenario.

Figure 4.17 presents a what-if analysis for assessing the impact of var-
ious Nature-based Solution (NbS) installations on Land Surface Tempera-
ture (LST).

On the image’s right side, each scenario’s LST impact is visualized
through thermal maps, with varying color intensities representing differ-
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s

Figure 4.16: Synthetic Multispectral Sentinel-2 data. (left) Input sce-
nario, (center) Step 1 output: synthetic RGB image with conditional GAN,
(right) NDVI computed on the Synthetic Multispectral Sentinel-2 image
generated from the step 2.
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Figure 4.17: What-if analysis for four scenarios to study the impact of dif-
ferent future Nature-based solution installations in terms of Land Surface
Temperature

ent temperatures. The scenarios are ranked from 0 to 4, with Scenario 0
depicting the current state and Scenarios 1 to 4 representing progressive
NbS installations. Each scenario is accompanied by an average temper-
ature value, allowing for a comparative analysis of the potential cooling
effects offered by the NbS installations. Land Surface Temperature was
computed using the approach described in 3.3.1. The Landsat-8 scene
used for downscaling was the same for all the scenarios. To change was
only the corresponding synthetic Multispectral Sentinel-2 of the scenario.

4.4 Conclusion

This chapter presents a comprehensive approach to integrating Nature-
based Solutions (NbS) within urban planning frameworks to address the
twin challenges of urban expansion and environmental sustainability.

Since the steps of planning NbS should follow five key guiding princi-
ples [243], this research focused on Place specificity, analyzing the green
characteristics, together with the environmental and social characteristics
of the city. The planning and management of green spaces in urban areas,
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focusing on urban forests (UF), is gaining interest globally, especially in the
USA and Canada [244]. Therefore, promoting NbS requires a preliminary
investigation of the area available for the specific NbS to be implemented
and scaled up [244].

This approach mainly aims to identify areas where UF can be imple-
mented as Nature-based Solutions (NbS). It proposed a methodology for
implementing NbS in urban settings, especially for climate-change adap-
tation, which also considers social aspects. To respond to these challenges,
the thesis proposes implementing the 3-30-300 rule. The intent of the ’rule’
seems more to serve as a guideline that prompts discussion and can help
cities set targets. It, therefore, provides a discussion tool to understand
where green spaces are adequately provided and where there are gaps.
Thus, the rule is more of a tool to discuss the importance of trees with
the ambition to be reported, for example, in a policy brief. It is not a
benchmarking tool per se and certainly not between cities, but a touch
more within cities to reduce social inequalities between neighborhoods.

The proposed revision of the rule is intended to trigger a debate on
including the concept of UF as NbS [203]. Thus, the research proposes a
PI to identify city neighborhoods that need NbS implementation, or more
precisely, a method of suggesting to politicians where to direct funds for
implementing new UF as NbS in the city. Therefore, the section discusses
the data based on the research carried out and points out some synergies/d-
ifferences with different methods [204] used in implementing and upscaling
NbS in urban areas.

Focusing on the Turin and Asti case studies, the approach allowed the
identification of those neighborhoods to upscale NbS, demonstrating its
effectiveness in identifying neighborhoods where NbS could significantly
enhance urban livability and environmental quality.

However, it should be noted that typology and data quality differences
can lead to results variations [245]. Precisely for this reason, since a single
approach for all cities under analysis does not work [246], the proposed PI
allows the inclusion of several aspects (at least social and environmental),
depending on the city under consideration. This aspect makes it possible
to replicate the approach almost everywhere, finding an essential basis in
the rule proposed by [217] and promoted by the IUCN. However, it is
important to emphasize that the possibility of applying the PI in different
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places does not mean that it is correct to compare the results of very
different cities with different climates. Instead, it serves as a guideline to
direct policy choices concerning the planning of UF as NbS within cities.

Focusing on the NbS of urban forestry, the research addressed the ques-
tion: Where can NbS be implemented within the city to maximize their
social impact? This regards explicitly the upscaling of those punctual NbS
implemented and tested by European projects to amplify their impact.
In particular, neighborhoods that should have precedence in NbS imple-
mentation were highlighted. These findings could help local governments
implement the City’s Green Plan with a helpful methodology to achieve
environmental objectives.

On the other hand, the research proposed an approach to address the
question: Can the impacts of urban development strategies be predicted
before their execution? Starting from urban forests as pivotal components
of NbS, the study leverages Generative Adversarial Networks (GANs) to
produce synthetic multispectral imagery. This methodological advance-
ment not only aids in visualizing the potential outcomes of implementing
NbS within urban environments but also enhances the decision-making
process by providing a scientifically grounded basis for predicting the en-
vironmental impacts of urban interventions before their actual realization.

The importance of strategically planning and managing urban green
spaces cannot be overstated in the context of increasingly complex urban-
ization challenges and climate change imperatives. The novel approach
discussed in this chapter underscores the synergy between technological
innovation and urban ecological planning. By simulating various scenar-
ios of NbS implementation and their consequent impacts, the study offers
valuable insights into how urban areas can evolve toward sustainability
and resilience.

The results of the proposed approach demonstrate the effectiveness
of the synthetic generation process in accurately simulating the spectral
characteristics associated with various land covers. Using the Generative
Adversarial Network and the Regressive U-Net, realistic RGB images have
been successfully generated and transformed into Synthetic Sentinel-2 Mul-
tispectral images with high spatial and spectral fidelity.

The what-if analysis presented for assessing the impact of Nature-based
Solution installations on Land Surface Temperature showcases the practi-
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cal utility of the generated synthetic multispectral data. Visualizing and
comparing the LST impacts of different future scenarios provides valuable
insights for urban planning and environmental management.

In conclusion, the approach contributes significantly to the discourse
on sustainable urban development planning, providing a robust framework
for employing NbS as a strategic tool for enhancing urban ecosystems.
Integrating GAN-based synthetic satellite imagery into urban planning
processes marks a step forward in utilizing advanced technologies for en-
vironmental sustainability. This approach supports the informed planning
and implementation of urban green spaces and facilitates the proactive
management of urban environments in the face of future challenges, align-
ing with global sustainability goals and fostering the well-being of urban
populations.





Chapter 5
Conclusions

This thesis synthesizes a comprehensive approach towards Earth ob-
servation that is underpinned by the tenets of sustainability, designed to
serve a wide array of user needs across temporal dimensions.

Embarking on a journey from past to future, the thesis posits that
a user-centric model is imperative to harness the full potential of Earth
observation data. Through its three pillars—Learning from the Past, Mon-
itoring the Present, and Building the Future—the research encapsulates a
complete cycle of understanding our planet’s dynamics.

The pillar "Learning from the Past" serves as a cornerstone for under-
standing how historical data, when analyzed through the lens of modern
Artificial Intelligence (AI) and Earth Observation (EO) technologies, can
inform current and future sustainability efforts. This phase of the research
delves into the analysis of historical satellite imagery and environmental
datasets, utilizing advanced AI algorithms to unearth patterns and trends
in land use, vegetation cover, and biomass changes over time. By system-
atically studying the transformation of landscapes, urban sprawl, and the
evolution of natural resources, significant insights are garnered into the
impact of human activities on the environment.

One of the critical achievements under this pillar has been the devel-
opment of methodologies capable of estimating aboveground biomass and
understanding land consumption patterns. These methodologies leverage
the temporal depth of EO data, providing a unique perspective on the
trajectory of environmental degradation and recovery. Such insights are
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invaluable for assessing the effectiveness of past conservation strategies,
understanding the dynamics of ecosystem services, and informing policy
and planning decisions.

Furthermore, "Learning from the Past" underscores the importance of
historical context in sustainability science. By establishing a baseline of
environmental conditions, researchers can better gauge the magnitude of
changes and identify underlying causes. This historical perspective is cru-
cial for setting realistic and achievable sustainability goals, as it considers
the natural variability and resilience of ecosystems.

In essence, this pillar not only bridges the past with the present but
also lays a solid foundation for future interventions. It exemplifies how
the integration of AI and EO can transform vast and complex datasets
into actionable knowledge, guiding efforts towards more sustainable and
resilient environmental management practices.

The "Monitoring the Present" pillar emphasizes the critical role of
real-time or near-real-time data analysis in understanding and managing
current environmental and urban challenges. The application of Artificial
Intelligence (AI) to Earth Observation (EO) data has revolutionized the
capacity to observe, quantify, and respond to ongoing changes in the envi-
ronment, urban settings, and climate patterns.

A key contribution under this pillar is the development of the GeoAI
Processing Block, a sophisticated tool that enhances the processing capa-
bilities for EO data. This innovation allows for more accurate and timely
assessments of various phenomena, including urban heat islands, defor-
estation rates, water quality, and air pollution levels. Such capabilities are
instrumental in deploying immediate responses to environmental crises,
optimizing resource management, and improving urban planning strate-
gies to enhance sustainability and resilience.

Furthermore, this pillar showcases the power of combining AI with EO
for monitoring biodiversity, ecosystem health, and the impacts of climate
change. By providing detailed, up-to-date information on environmental
conditions, stakeholders are better equipped to make informed decisions,
implement corrective measures, and track the effectiveness of sustainability
interventions over time.

"Monitoring the Present" also highlights the importance of accessibility
and integration of EO data into decision-making processes. The democ-
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ratization of EO data, facilitated by AI-driven tools, enables a broader
range of stakeholders, including governments, NGOs, researchers, and the
public, to engage with and contribute to sustainability efforts.

In summary, this pillar underscores the importance of harnessing cutting-
edge technologies to maintain a vigilant watch over the planet’s health. It
demonstrates how AI-enhanced EO can serve as a dynamic and powerful
tool for real-time environmental stewardship, empowering societies to nav-
igate the complexities of present-day sustainability challenges.

Lastly, "Building the Future" presents two strategic approaches that
align with the predictive needs of users. By leveraging past data for in-
formed action planning and employing scenario analysis, the thesis equips
users with the tools not only to envision but also to strategically influence
the future. It lays out a path for users to predict the outcomes of potential
actions, enabling them to make decisions that optimally impact the future.

A notable aspect of this pillar is its emphasis on Nature-based Solutions
(NbS) for urban planning. Through detailed case studies, including the
cities of Turin and Asti, the research demonstrates how AI and EO can
be instrumental in identifying potential areas for implementing NbS, such
as urban forestry, green roofs, and water management systems. These
solutions are recognized for their ability to enhance urban biodiversity,
improve air and water quality, reduce urban heat islands, and contribute
to the well-being of urban populations.

Moreover, the "Building the Future" pillar introduces innovative method-
ologies for scenario planning that incorporate the multispectral capabilities
of EO data and the analytical prowess of AI. These methodologies allow
urban planners, policymakers, and communities to simulate the impacts
of different development pathways on urban greenery, biodiversity, and
climate resilience. Such scenario planning is invaluable for assessing the
trade-offs and synergies of various urban development strategies, ensuring
that future growth aligns with sustainability goals and climate adaptation
needs.

This pillar also underscores the importance of integrating AI and EO
into the participatory planning processes, ensuring that the development
of future strategies is inclusive, data-informed, and grounded in a deep
understanding of ecological and social systems.

In conclusion, "Building the Future" represents a proactive approach to
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sustainability, where AI and EO technologies serve as enablers for designing
cities and environments that are resilient, equitable, and harmonious with
nature. It highlights the potential of these technologies to inform and
inspire the sustainable transformation of urban and natural landscapes for
generations to come.

Throughout this thesis, the synergy between AI and EO emerges as a
powerful enabler of sustainability. The novel approaches and methodolo-
gies developed have not only advanced the understanding of environmental
and urban systems but also equipped stakeholders with the tools to mon-
itor, assess, and influence the trajectory of sustainable development.

As the focus turns to the future, the integration of AI and EO will
continue to play a pivotal role in addressing the complex challenges of sus-
tainability. The insights gained and the technologies developed through
this research provide a solid foundation for further innovation and imple-
mentation. The journey towards sustainability is ongoing, and the work
presented in this thesis represents a significant step forward in leveraging
AI and EO for the betterment of the planet and future generations.

In closing, this thesis reaffirms the transformative potential of Artificial
Intelligence and Earth Observation in empowering sustainability efforts
across the globe. The challenges ahead are significant, but with continued
innovation and collaboration, it is possible to harness the power of these
technologies to create a more sustainable, resilient, and equitable world.
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