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Abstract

This Deliverable D1.5 focusses on the PARATUS methodology how Earth observation (EO) datasets
together with new Artificial Intelligence (Al) techniques offer innovative possibilities to map future
exposure of people and elements to natural hazards in the future. In order to develop mitigation strategies
for possible future damage events, this detailed information on the future spatial distribution of the
population and further exposed elements are required. Current EO datasets, in particular long time series
data with high temporal and thematic resolution, and new techniques from the field of Al, like Long Short-
Term Memory Cells, offer innovative possibilities to extrapolate exposure information spatiotemporally.
Specifically, EO time series data is compiled that describe changes in global population and land use since
around 2000, while providing high spatial, temporal, and thematic resolution. The different datasets are
preprocessed to the same temporal (years 2000 — 2020) and spatial extent (100 m pixels). In combination
with static features (Fig. 6 to 9) the time series then serves as the basis for a novel Al-model, that identifies
characteristic change trajectories in the target variables over time and can extrapolate the target variables
correspondingly in spatiotemporal terms into the future. This can be done for instance for the highly
dynamic megacity of Istanbul, which is exposed to earthquakes and landslides. The resulting exposure
datasets can then be used for an early and sustainable urban planning, risk assessment, and risk reduction
efforts in the future, as well as for evaluating the systemic risk and vulnerability of human settlements.
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About PARATUS:

The PARATUS project aims to increase the preparedness of first and second responders in the face of multi-
hazard events and to reduce the impacts on various sectors resulting from complex disasters. The outcome
is to develop an open-source cloud-based Online Service Platform that offers support in reducing dynamic
risk scenarios and systemic vulnerability caused by multi-hazard disasters. To achieve these objectives, the
project will perform in-depth assessments of complex interactions between hazards and their resulting
impacts on various sectors, analyse the current risk situation and study how alternative future scenarios
could change multi-hazard impact chains. Based on these analysis, scenarios of multi-hazard impacts will be
co-designed and developed with stakeholders in four case study areas (including the Caribbean, Romania,
Istanbul, and Alpine regions).
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ANN Artificial neural network
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DEM Digital Elevation Model

EEA European Environment Agency
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JRC Joint Research Center

LSTM Long Short-Term Memory
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ML Machine Learning
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PARATUS Increasing Preparedness and Resilience of European Communities by Co-Developing
Services Using Dynamic Systemic Risk Assessment
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SLEUTH Slope, Land cover, Excluded regions, Urban land cover, Transportation, and Hillshade

STL Single task learning

WP Work Package
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Executive summary

Work Package 1 “Learning from the past: understanding the dynamic and interactive conditions of risk”
focuses on utilizing information from historical disaster events (so-called Learning case studies) and
combining this information with disaster history in application case studies. This includes analysing how the
hazardous events directly and indirectly impacted and would impact different sectors, such as health, cultural
heritage, environment and biodiversity, public finance, and key economic sectors. Learning from past events
allows us to advance risk science and achieve improved multi-hazard impact forecasting.

This Deliverable D1.5. aims to develop a methodology to project Land Cover and Land Use (LULC) in a given
area based on the analysis of existing remote sensing data and artificial intelligence (Al), within the EU
Horizon Europe PARATUS project!. Remote sensing time series data, that represent the trajectory of a change
in the past till the present combined with advanced artificial intelligence techniques, is exploited to provide
risk components for systemic risk assessment. The data and methods are used to develop indicators for
precursors for different types of threats, and monitoring of the risk indicators as input data for systemic risk
assessment.

The created multi-temporal exposure datasets, like land use, and population, are future, scenario-based
exposure modelling and are used to support risk assessment. Within the project the aim is to provide a
complete picture of risk by modelling and anticipating the exposure and vulnerability of the built
environment in addition to population forecasts. The resulting exposure assessment datasets can then be
used for early and sustainable urban planning, risk assessment, and risk reduction efforts in the future, as
well as for evaluating the systemic risk and vulnerability of human settlements.

This deliverable reports on the use of monitoring data and remote sensing services for exposure modelling.
In PARATUS this scenario-based exposure modelling is used as input into the understanding of impact chains
and systemic risk and for impact assessment (see WP2). In the context of this derivable the approach has
been applied in the application case of Istanbul. Within PARATUS the application case studies serve the
purpose of testing the methods on real test cases, working with local practitioners, and simultaneously
enhancing and transferring the impact of the research. Istanbul has been chosen as test case to develop and
test the methodology since it is a highly dynamic megacity, which is greatly exposed to earthquakes,
heatwaves, floods and landslides. In the following steps of the project the methodology should also be
applied in other test cases like Bucharest (Romania). Additionally, the methodology itself should be further
improved and other suitable datasets can be included as well. These advancements will help strengthen
systemic risk assessment methodologies and enhance the practical utility of the findings in disaster risk
reduction efforts.

1 https://www.paratus-project.eu/
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1. Introduction to WP1 and D1.5

Work Package 1 (WP1) “Learning from the past: understanding the dynamic and interactive conditions of
risk” focuses on utilizing information from historical disaster events (so-called Learning case studies) and
combining this information with disaster history in application case studies. This includes analysing how the
hazardous events directly and indirectly impacted and would impact different sectors, such as health, cultural
heritage, environment and biodiversity, public finance, and key economic sectors. Learning from past events
allows us to advance risk science and achieve improved multi-hazard impact forecasting. Moreover, WP1
activities include the exploitation of satellite remote sensing data for providing risk components for systemic
risk assessment.

Hence, PARATUS methodologies (and therefore WP1-related work) incorporate two distinct types of case
study approaches: application case studies and learning case studies. Learning case studies (see Table 1.1)
encompass a collection of previous disaster events aimed at extracting valuable insights. By analysing
historical data, these case studies provide a means to comprehend the effects of past disasters on various
sectors. On the other hand, application case studies (see Table 1.2) serve the purpose of testing the methods
on real test cases, working with local practitioners, and simultaneously enhancing and transferring the impact
of the research.

Table 1.1. Learning Case Studies of the PARATUS project
Learning Case Studies (European)

2021 European floods Extreme rainfall event leading to severe flooding and heavy damage in different
sectors in Germany, Belgium and Netherlands: relevant cross-border disaster

example.
2021 Southern European|Severe impact on Greece, Italy and Turkey - interesting because of the multi-sectoral
heatwave and wildfires impacts (also touches on cultural heritage sites, vulnerable groups being more]
affected by heat).
2020 Gloria storm Catastrophic winter storm that affected NE Spain and S France by winds and heavy

rainfall. Severe impacts to coast, hillslopes and floodplains due to different cascading
and compounding events.

2020-2021 COVID-19 pandemic |We will look specifically how during the COVID-19 crisis other compounding events|
caused larger impact due to COVID-19 restrictions and large pressure on health
system in various locations, i.e. Romania (floods), Sint Maarten etc.

Landslides observatory, Lower|ln 2014 the long-term landslide observatory “NoeSLIDE — Monitoring of different

Austria landslide types in Lower Austria”, a multi-parameter measuring network for landslide
monitoring was initiated.

2018 VAIA storm Impact to forests, buildings, roads, due to cascaded hazards (landslides, fluvial
floods)

2017 Irma and Maria Severe Hurricane impact on St. Maarten and other Caribbean islands.

2017 Space weather event September 2017's geoeffective space weather and impacts to Caribbean radio

communications during hurricane response.

2010 Eyjafjallajokull  VolcanicVolcanic eruption and ash cloud causing severe disruption of air space. The event sets|

Eruption an example to the global impact of a local disaster.

Co-funded by
the European Union This project has received funding from the European Union's Horizon Europe Research and
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IThe 2005 European floods hit mainly Romania, Switzerland, Austria and Germanyi
during August 2005. Based on this event, a regional study was carried out in Tyrol,
which also considered the road and rail infrastructure.

2005 Flood Disaster in
Tyrol/Austria
Earthquake
August 17" 1999 Kocaeli and
February 6t 2023

Kahramanmaras Earthquakes in
Turkey

After the Izmit Earthquake, the national disaster risk management system has been|
improved by the means of new legal tools and organizations. Since 1999 several
earthquakes occurred but they were not as devastating as Kahramanmarag
Earthquakes on 6% of February 2023. These two earthquakes are important to see the
differences between planned actions and the reality due to cascading events.

\Vrancea earthquakes, Romania

Historical earthquakes. Cross-border impact by several earthquakes in the Vrancea
region, Romania in the 20th and 21st century affecting Bucharest, the most]
earthquake-prone capital in Europe.

Learning Case Studies (Global)

August 2021 Haiti

Tropical storm hits after the earthquake in a region with political unrest.

Montserrat & St. Vincent and the
Grenadines (SVG), Barbados in
April 2021

Strong explosions generated ash plumes, which are not only impacting the entire
island of Saint Vincent but also transporting massive amounts of ash to the
neighbouring island country of Barbados in the Lesser Antilles of the West Indies. A
team of UNU-GLOMOS led a Remote Environmental Assessment & Analysis Cell to|
support the UN mission teams.

The flood swept away the unfinished Tapovan Vishnugad Hydropower Project and
inflicted substantial damage on the Rishi Ganga Hydropower Project. Even as rescue]
and relief efforts were underway, a glacial lake outburst flood (GLOF) was suggested
as the reason for the flood, possibly triggered by glacier collapse (Info source:
ICIMOD: UNU-EHS has MoU).

India: Chamoli District on 7
February 2021
India: Kerala Floods and

Landslides in 2018

This historic flood led to the conduct of India’s first PDNA exercise and one of India's
most expensive reconstruction projects.

2011 Tohoku Earthquake and
[Tsunami and 1995 Great Hanshin
Earthquake

The 2011 event provides data on complex reactions and dynamic situations during a
disaster. On the other hand, the 1995 Great Hanshin Earthquake was the first]
earthquake in a metropolitan city. Legacies are still valid. We will investigate the
improvements in DRR and DRM from 1995 until 2011 in Japan. UT is in contact with
the Disaster Prevention Centre at Kyoto University. UNU-EHS has an agreement with
Tohoku University.

2005 Hurricane Katrina

Heavy rainfall and storm surge caused extensive flooding of a major part of New|
Orleans. Major social and economic disruption, massive outmigration of population.
Recovery dynamics.

Table 1.2. Application Case Studies of the PARATUS project

Application Case Studies

[Turkey: Istanbul

Romania: Bucharest

Caribbean: Sint Maarten & Saint Vincent & Regional scale

Alps: Brenner corridor

RAAN Co-funded by
the European Union
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Both Learning and Application Case Studies have been selected due to their unique characteristics concerning
stakeholders, hazard interactions, impacts on different combinations of sectors, their diverse vulnerabilities,
scale, and planning decisions. The coordination of Application Case Studies is part of Work Package 6; this
includes the application and integration of activities belonging to different WPs, encompassing the
involvement of the stakeholders. Therefore, more details on the different case studies can be found in the
deliverables of WP6. Specifically, deliverable D6.1 “Strategy and Case Study Protocols” describes the
strategies and case study protocols to be applied in four main Application Case Study areas. Deliverable D6.2
“Report 1 of Workshops in Application Case Studies” and Deliverable D6.3 “Report 2 of Workshops in
Application Case Studies” provide an overview of the workshops that have been organized in the period from
January 2023 to March 2024 in the four Application Case Studies and present the main findings.

In WP1, the elected events are studied by developing Impact Chains with the help of Forensic Analysis,
remote sensing, and disaster databases. The final objective of this work is to achieve a qualitative and
guantitative conceptualization of systemic risk related to complex disaster events.

In total WP1 includes 6 deliverables (see Table 1.3).

Table 1.3: The list of deliverables in WP1

H Name Due date[Description
(month)
D1.1 [Report on participatory workshops in the four Application Case 10 Lead Beneficiary: EURAC
Study sites, including Impact Chains diagram for each analysed
event.
D1.2 |Report on virtual participatory workshops in all learning and 20 Lead Beneficiary: EURAC

Application Case Study sites, including Impact Chains diagram

D1.3 ([Impact, damage and loss data related to the considered events in 20 Lead Beneficiary: EURAC
the four core cases. Wiki-type structured Database.

D1.4 |[Guidelines on the actionable assessment of hazards interactions in 24 Lead Beneficiary: UNIVIE
compound / cascading events

D1.5 |Methodology to project LU-LCin a given area based on the analysis| 24 Lead Beneficiary: DLR
of existing remote sensing data and Al

D1.6 [Report on the exemplification of the use of remote sensing services 36 Lead Beneficiary: DLR

analysis solutions

The deliverable D1.5 with the focus on exploitation of satellite remote sensing data and artificial intelligence
for providing risk components for systemic risk assessment aims to develop indicators for precursors for
different types of threats and monitoring of risk indicators. Therefore, monitoring data and remote sensing
services are integrated to map impacts by historical disaster events. This approach is an input into the
understanding of impact chains and systemic risk by using satellite-based extended time series and Al
approaches integrated with other data sources to provide multi-temporal exposure datasets (e.g., roads,

Co-funded by
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buildings and affiliated hazard-related structural types, critical infrastructure, land use, and population) for
future, scenario-based exposure modelling to support risk assessment. Therefore, it is input for other work
packages, like WP2 that is looking ahead and focussing on today’s future by doing systemic risk assessment
for current situation but also developing scenarios for future change.

After this introduction which summarises the main links to the PARATUS project, this deliverable provides a
short introduction on exposure modelling (Chapter 2) followed by a description of the used materials and
the developed method (Chapter 3). Chapter 4 and 5 shows the experimental setup, the achieved results and
gives also an outlook on future work.

Co-funded by
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2. Introduction to exposure modelling

There has been an increase in the number of recorded natural hazard events in the last decades (Ritchie et
al.,, 2024a). Such events can cause huge losses, especially in human settlements with high population
densities. It can be expected that this situation intensifies in the future as the world’s population is still
growing within the coming 50 to 60 years to an estimated number of 10.3 billion people (UN, 2024). Further,
the ongoing climate change triggers both single and multi-hazard disasters with a higher risk of more extreme
events (Ritchie et al., 2024b). As a result, more people will be exposed to natural hazards in the future than
ever before. In order to develop mitigation strategies for possible future damage events, the understanding
and modelling of future risks from natural hazards is getting more crucial and because of that detailed
information on the future spatial distribution of population and further exposed elements are required
(Cremen et al., 2022). This urge is also recognised by the Sendai Framework for Disaster Risk Reduction (2015-
2030) and noted in the United Nations 2030 Agenda for Sustainable Development. This emphasises the need
to prepare for disasters in our world, and especially urban areas, since more than 50% of growth until 2025
is expected to happen in cities (Stevens et al., 2015). Resulting strategies are towards the minimization of
uncontrolled development in hazard-prone areas. While many natural-hazard risk-assessment frameworks
focus more on the current conditions and the historical context more researchers also provide risk-
guantification approaches for a sustainable future (Cremen et al., 2022). To obtain this information the aim
is to provide risk components about future population and land use land cover change by using a novel
spatio-temporal deep learning approach applied to remote sensing-based time series data.

The need for data on human population distributions is driven by a number of factors, including the necessity
of measuring impacts of population growth, monitoring human-environment interactions and the
requirement for urban planning (Stevens et al., 2015). In response to this, a number of methods have already
been developed to predict future population distribution spatially based on explicitly defined rules (GeiR et
al., 2024). Two popular techniques are cellular automata (CA) and agent-based models (ABM). Both
techniques examine population growth based on local rules and the interaction of neighbouring cells or
agents (Clarke, 2014). Furthermore, there are Markov chain models as stochastic ones, that describe a
potential sequence of events or states, with the probability dependent on the previous state (Gagniuc, 2017).
These methods are often based on simple rules that have to be defined with expert knowledge, which can
cause biases in the simulation (Maithani, 2009). While this simplicity is beneficial in some respects, it can also
result in the loss of important details (Zhu et al., 2024). This is a reason, why Machine Learning (ML) is
increasingly being used to forecast population change. The approach involves deriving a decision rule from
prior knowledge, such as a time series (Zhu, 2022) and so to say “learns from the past to predict a future
situation”. This approach and used datasets rely on a data driven method, that is trained by utilizing
spatiotemporal information. For instance, Chen et al. (2020) predicted residential land use and population
distribution with decision-tree-based models. Kubota et al. (2022) developed a Convolutional Neural
Network (CNN) to predict short-term population change by using mobile device information. Zheng and
Zhang (2020) used social media geolocation data to predict weekly population distribution in China. They
employed a Convolutional LSTM (ConvLSTM) model to achieve this. Also, by utilizing LSTM-based models,

Co-funded by
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GeiR et al. (2024) published a method to forecast long-term population development using observation (EO)
derived features. This work is based on the same approach.

The adaptation of land cover to human needs is leading to its increased use in different ways, which in turn
can increasing exposure to natural hazards (Kriger, 2016). In the context of natural-hazard risk assessment,
the focus of land use change is on urban growth (Cremen et al., 2022). In general, human-induced LULC
changes are challenging to predict. To gain insight into these complex processes models based on time series
and historical data are often employed to forecast future trends (Kriiger, 2016; Marconcini et al., 2021).
Therefore, analogous methodologies to those employed in forecasting population have been implemented.
For instance, Cellular Automata, Agent-based and Markov chain models. One well-known approach is the
SLEUTH (Slope, Land cover, Excluded regions, Urban land cover, Transportation, and Hillshade) model
(Clarke, 2008). As aforementioned, instead of rule-based methods there is a growing application of Deep
Learning (DL). For instance, Qian et al. (2020) combined different techniques and used a 3D CNN to extract
spatiotemporal neighbourhood features from land use data in order to predict land use change. To simulate
urban expansion Pan et al. (2022) applied a LSTM together with a U-Net. Recently, transformer-based models
have also been employed in a variety of fields. (Zhu et al., 2024) utilised one such model to simulate urban
expansion at an intra-urban granular level within an explainable ensemble deep learning framework.

Inspired by human learning, it is often beneficial to combine related tasks and learn them jointly, as this
allows for the leveraging of shared information. Multitask learning (MTL) methods are used to enhance
generalisation performance for more effective representation learning (Zhang and Yang, 2022). As a result,
MTL is becoming increasingly popular in a number of different fields, like meteorology to forecast weather
(Yan et al., 2024), in urban and smart city planning to forecast traffic flow (Karimzadeh et al., 2021), in natural
language modelling for sentiment classification (Jin et al., 2020) or in medicine for surgeries (Islam et al.,
2021). It has also been employed in the risk assessment context, for example to classifying multicriteria
street-level images with five vulnerability-related target variables (Aravena Pelizari et al., 2023). Given the
strong correlation between population distribution and land cover types, and the subsequent impact on
spatial population distribution and land cover types (Stevens et al., 2015), within the Task 1.3 a DL multitask
learning (MTL) approach was developed to simultaneously predict population and land use and land cover
(LULC) based on past changes. Based on the combination of information this approach seems to be suitable
within the PARATUS project focusing on cascading natural hazard events and the analysis of the events from
multiple directions.

Co-funded by
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3. Material and Methods

3.1. Study area

The developed method is tested and applied in one of the highly relevant test case areas of the PARATUS
project: the megacity of Istanbul in Turkey. Due to its high exposure to natural hazards, like heatwaves,
droughts, floods and especially earthquakes and landslides, it represents a critical case study (Portoghese,
2024). Istanbul experienced a rapid population growth in the last two centuries from 8 to 16 million people,
increasing the pressure on the city's infrastructure and resources. The largest city of Turkey is located near
the North Anatolian Fault (NAF), one of the most seismically active and dangerous fault lines in the world.
The city also has a history of devastating earthquakes, with the 1999 Kocaeli (Izmit) earthquake as reminder
of the region's seismic vulnerability. Further the probability of a significant earthquake occurring in the next
30 years after the 1999 event is estimated at 35-70% (Parsons, 2004; Kundak et al., 2024).
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Figure 1: Boundary of the case study area of Istanbul

The spatial extent of the test area (Figure 1) was derived from the administrative boundary provided by
OpenStreetMap (OSM). The selected extent covers the full metropolitan area, including both the European
and Asian sides of the city and thereby capturing the diverse range of urban, peri-urban, and rural landscapes
that contribute to the city's overall vulnerability profile. By using the OSM boundaries a free and open
available dataset has been chosen, as well as to keep consistency in the spatial delineation with regard to
other study areas.
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3.2. Time-variant datasets

Following an exhaustive investigation of data pertaining to exposure, which was also linked to the input
provided for deliverable D4.1, two multitemporal gridded datasets were harvested, harmonised and aligned
to a set of geospatial covariates, i.e. driving factors, in order to map the trajectory of past development. The
aim was to have a collection of freely and openly accessible remote-sensing based datasets with a high
spatial, temporal and timely resolution, and a coverage for Europe or even worldwide. All datasets are
harmonized and aligned to the raster grid of the population data.

The different datasets are described in more detail below.

3.2.1. Population
To represent the spatiotemporal population change, the gridded multitemporal population distribution of
the WorldPop initiative is used? (Figure 2). The raster data set includes the population counts, with the
absolute number of people in that area in a 100-meter grid, beginning in 2000 and continuing until 2020 on
a yearly basis. Furthermore, the population counts are adjusted to align with the United Nations population
estimates®. For the generation of the WorldPop dataset a Random Forest (RF)-based semi-automated
dasymetric modelling approach is applied that includes detailed census and ancillary data. In order to create
the dasymetric weights, a variety of remote sensing and geospatial data is incorporated, including country-
specific census counts linked to corresponding administrative units, landcover, elevation and slope, road
networks and waterways, night-time lights, large water bodies, settlement or populated place locations,
climate data, protected area delineations, and various “facility” locations. This is done prior to the gridded

Population Counts
600

oo

Population Counts
600

Mo

Figure 2: WorldPop Population on a yearly basis from 2000
(top) to 2020 (bottom) and a spatial resolution of 100 m pixels

2 https://hub.worldpop.org/project/categories?id=3
3 https://population.un.org/wpp/
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prediction of population density, which is carried out with the Random Forest model. Subsequently, the

predicted density layer derived from the RF is employed to redistribute the census counts across a grid,
effectively disaggregating the population data to a finer spatial resolution at country level (Stevens et al.,
2015). The data is unconstrained, which means that there is no residential settlement mask used to delimit
settlement areas and because of that there are no zero allocation of population grid cells.

3.2.2. Land use land cover

As dataset for the Land Use and Land Cover (LULC) within Europe, the CORINE (Coordination of Information
on the Environment) programme of the Copernicus Land Monitoring Service (CLMS) implemented by the
European Environment Agency (EEA) and the Joint Research Centre (JRC) was used. Corine Land Cover (CLC)
is available for the years 1990, 2000, 2006, 2012 and 2018 with a 100 m raster. The high thematic resolution
of the dataset allows for the coverage of 44 different LULC classes (Figure 3), which can be grouped into five
major categories: artificial surfaces, agricultural land, forest and semi-natural areas, wetlands, and water
bodies. The data is generated through the combination of high-resolution satellite imagery with in-situ data,
such as topographic maps. The quality control process ensures an accuracy rate exceeding 85%, offering a
high level of detail that is invaluable for understanding land cover changes. In this study, the 44 thematic
classes are grouped into 11 categories: “vegetation”, “barren”, and “water”. For “built-up” the detailed sub-
classes defined by CORINE are used (“Continuous urban fabric”, “DiscontinuUous  mm continuous urban fabric

Il Discontinuous urban fabric

urban fabric”, “Industrial or commercial units”, “Road and rail networks and s mdustial or commercial units

Il Road and rail networks and associated land

associated land”, “Port areas”, “Airports”, “Construction sites”, “Sport and leisure port areas
Airports
faCI I |t|es”) Il Mineral extraction sites
' I Dump sites

I Construction sites
Green urban areas
Sport and leisure facilities
Non-irrigated arable land
Permanently irrigated land
Rice fields
I Vineyards
Fruit trees and berry plantations
ST, Olive groves
Pastures
Annual crops associated with permanent crops
Complex cultivation patterns
Land principally occupied by agriculture
Agro-forestry areas
) Broad-leaved forest
I Coniferous forest
Mixed forest
Natural grasslands
Moors and heathland
Sclerophyllous vegetation
Transitional woodland-shrub
Beaches dunes sands
Bare rocks
Sparsely vegetated areas
Il Burnt areas
Glaciers and perpetual snow
Inland marshes
M Peat bogs

s f' 4 P o= i Salt marshes
0 10 20 30km e 4 . oy~ [ > Salines
. B Intertidal flats
Figure 3: CORINE land cover almost every 6 years from 1990 I Water courses
. . . Water bodies
(top) to 2018 (bottom) and a spatial resolution of 100 m pixels Coastallagoons

Estuaries
Sea and ocean
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3.2.3. World Settlement Footprint (WSF) Evolution

An additional gridded settlement dataset is the World Settlement Footprint (WSF) Evolution from the
German Aerospace Center (DLR). The dataset outlines the global settlement extent on a yearly basis,
beginning in 1985 and continuing until 2015 (Figure 4). It has a spatial resolution of 30 meters. The data is
derived from Landsat satellite imagery, with calculations made for the minimum, maximum, mean and
standard deviation over time per pixel. These calculations are made for three indices: the normalised
difference vegetation index (NDVI), the normalised difference built-up index (NDBI) and the modified
normalised difference water index (MNDWI). This is combined with the WSF2015 as a reference for
settlement and non-settlement training samples, and the time series is generated with a supervised Random
Forest classification (Marconcini et al., 2021). The final product is a raster, with the values indicating the year
in which the pixel was identified as a settlement. In order to create a time series, the raster is transformed
into a binary representation, with settlement and non-settlement for the available years.

Figure 4: World Settlement Footprint (WSF) Evolution on a
yearly basis from 1985 (top) to 2015 (bottom) and a spatial
resolution of 30 m pixels

3.3. Driving factors

Additionally, to the time series data we also harvested, harmonized, and aligned to the population grid, a set
of geospatial covariates, i.e., driving factors. These variables are relevant for the future prediction of
population but also LULC, since they can have an impact on the distribution of both (Zhu, 2022; GeiR et al.,
2024). Zhu (2022) provides a comprehensive list of over 50 potential predictor variables that can influence
the forecasting of LULC. These have been utilised in previous studies, like Liu et al. (2017) or Gémez et al.
(2020). Overall, these variables can be classified into four main categories: environmental, infrastructural,
land-use related and social-economic variables. A land-use-related driving factor that varies over time is the
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distance to a populated area/urban/built-up. This data was derived from the WorldPop time series by
generating a binary raster comprising pixels representing populated and non-populated areas (Figure 5). The
Euclidean distance to the nearest populated target pixel was then calculated. Similarly, the same procedure
is employed to calculate the distance to water (Figure 6), distance to roads (Figure 8) and distance to city
center (Figure 9). The distance to water as environmental variable is derived from the OpenStreetMap (OSM)
geodata, which contains information about water bodies, and the water areas in the European Digital
Elevation Model (EU-DEM) from the EEA, which has a spatial resolution of 30 m. Another relevant input factor
for future modelling of LULC and population is the topography of the terrain, as human settlements primarily
appear in flat or moderate slopes (Dobson et al., 2000). Similarly, the European Digital Elevation Model (EU-
DEM) is used for this dataset, with the derived slope representing the terrain in the test case (Figure 7). The
distance to roads as infrastructural variable is computed by using the road network information provided by
OSM. The distance to city center as additional land use related driving factor was calculated by using the
middle between the historical city centre and the current central district. With the exception of the distance
to urban boundary the driving factors are time-invariant, since variables as terrain or water tend to be
relatively static over a longer time spans (Zhu, 2022).

— b

Figure 5: Distance to urban boundary — derived from WorldPop grid with urban and non-urban values and
scaled from 0 to 1 from 2000 () and 2020 (r)
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Figure 6: Distance to water — derived from OSM and  Figure 7: EU-DEM Slope with the slope in degrees and
DEM water surfaces and scaled from O to 1 a spatial resolution of 25 m pixels

‘

Figure 8: Distance to roads — derived from OSM and Figure 9: Distance to city center by using the
scaled fromOto 1 historical and business city center, scaled from O to 1
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3.4. Multitask long short-term memory model

As in the approach outlined by GeilR et al. (2024), the time series data comprising the target variables
population and LULC are combined with the driving factors as input for the time steps t1, t2, ..., tn. These
serve as training data for the single- and multitask long short-term memory (LSTM) models, which can be
used for the prediction of future population and LULC. LSTMs represent a version of recurrent neural
networks (RNN). RNNs are a type of artificial neural networks (ANN) that can be used to process sequential
data (Rumelhart et al., 1986), such as time series or language data. Information is processed with a single
element per time but due to the recurrent connections, the information from the previous elements is
maintained in the internal state of the hidden units. Consequently, the weights are shared across different
time steps (Goodfellow et al., 2016). Due to the “memory” of the network the problem of vanishing and
exploding gradients exist, wherefore Hochreiter and Schmidhuber (1997) introduced the concept of long
short-term memory (LSTM) networks. An additional feature of LSTMs, compared to RNNs is the incorporation
of an LSTM cell, which enables internal recurrence. These cells are equipped with gate and memory cells,
which regulate the information flow and can also “forget” used and not needed information. This ability is
also learned during the training of the network and enables the LSTM model to learn long-term dependencies
(Goodfellow et al., 2016). Due to this advantage LSTMs are useful for the extrapolation of time series data,
as demonstrated by Geil} et al. (2024) in their forecasting of future population distribution in Lima.

As previously indicated in the introduction, instead of training related tasks separately/individually within
single task learning (STL), Multitask Learning (MTL) can be applied as alternative. Many real-world problems
on which models are trained are not simply single-task problems, but rather, they are multitasking problems,
since domain-specific information is shared during the training of related tasks. This is employed by MTL as
an inductive transfer mechanism with the objective of enhancing the generalisation performance by
leveraging this information in a parallel training of these tasks (Caruana, 1997). In comparison to single task
learning, multitask learning offers a number of advantages (Vandenhende et al., 2022). For instance, due to
the sharing of layers, a reduction in memory footprint is observed. Furthermore, due to less repeated feature
calculation they increase inference speeds. When the tasks share complementary information most
importantly MTL improves the performance or regulates the specific tasks.

N 7Y

Forecasted Exposure
. . Deep Population I .
T!me-rzrr;mt Learning P Analysis
Ir('ntpu :)a Time- Model
e o invariant (LSTM)
driving factors
Forecasted
LULC Hazard
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Figure 10: Overview of the current workflow
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Within this work the existing method from Geil3 et al. (2024), which was based on Zhu (2022), is further
developed by adding multitask learning to simultaneous predict future population as one and LULC change
as the second task. The LSTM model is used as backbone model, which is shared by both of the two output
tasks. To obtain two separate outputs from the shared network, fully connected (linear layers) are added.

4. Experimental Setup

The described datasets are all reprojected and resampled to align with the WorldPop dataset. As coordinate
reference system WGS84 (World Geodetic System 1984, EPSG:4326) was chosen, with a 100-meter grid and
a spatial dimension of 2385 by 936 pixels for the test case area of Istanbul. The multi-class layer was
preprocessed using a one-hot encoding method, resulting in the creation of a separate layer for the final 10
land cover classes. All layers were normalized individually and stacked to create a multidimensional array
with the shape (21, 10, 2385, 936). The first dimension shows the time steps from the year 2000 until 2020.
The second dimension is the driving factors and also the target variables (pop and LULC), with the
aforementioned image size in the last two positions. For the purposes of training and validation, the datasets
were subsampled to create smaller, overlapping images of 256 by 256 pixels. Similar to Geil} et al. (2024),
not all the time steps are used, but a three-year interval. This represents an optimal balance between
capturing the timely change and forecasting capability, while also ensuring sufficient input time steps to
maintain efficient training. As illustrated in Figure 11 six time steps were selected for training purposes (2000,
2003, 2006, 2009, 2012, 2015), and an identical number was employed for validation (2003, 2006, 2009,
2012, 2015, 2018). For both the final time step is used as target year for the validation, while the initial time
steps are used for training the model.

2000 2003 2006 2009 2012 2015 2018 (2021 2024 2027 2030 2033

Figure 11: Training, validation and forecasting time steps for a 3-year interval
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5. Experimental results and outlook

With the trained model, future time steps of population distribution, alongside land use and land cover
(LULC) changes, can be forecasted. This model employs a sliding time window approach, allowing forecasts
over multiple future intervals. The maximum forecastable time steps are determined by the chosen interval
(e.g., annually or triennially) and the extent of available historical data. Previously forecasted years are
iteratively used as inputs to project further time steps. For instance, in the case of Istanbul, population
distribution forecasts with a three-year interval can be extended to 2033. The first experimental output of
population forecasting (Figure 12, 13 & 14) shows the potential of the method and implicates next steps for
evaluation measures and further statistical analysis. The model was validated using 2018 as a reference year,
with ground-truth data providing preliminary accuracy metrics. The population prediction achieved a Root
Mean Squared Error (RMSE) of 0.2 (Hodson, 2022), while LULC classification demonstrated an overall
accuracy of 90% (Parashar, 2023).
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Figure 12: Forecasted time steps (2021, 2024,2027, 2030) that show possible future population distribution
based on the past trend (preliminary result)
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Figure 13: By comparing the forecasted population distribution for 2030 with the WorldPop values from 2018,
areas with population increase and decrease can be identified (preliminary result in absolute numbers).

The resulting spatial projections of population distribution in Istanbul provide essential data for multiple
applications. One key use is to analyse areas of population growth and decline by comparing projections
against the 2018 WorldPop dataset (Figure 13). This information on anticipated population shifts informs
models of natural hazard exposure, allowing predictions of potential future impacts from earthquakes,
wildfires, floods, and other events. In the case of Istanbul, the forecasted exposure datasets can be integrated
with earthquake models and other relevant data to generate hazard risk maps.

Based on the results obtained, potential next steps are outlined in the following. A further step in the
evaluation of the approach is to compare it with statistical population estimations based on demographic
information, including data on birth and death rates and migration movements. A comparison may be made
at the city, district, neighbourhood or other level, depending on the availability of data. The migration or
potential relocation of activities in the past is thereby represented in a geographic context, with changes in
population numbers and distribution mapped using the World Pop data set.

As the method is a trend analysis, external variable factors such as a pandemic or a political decision are not
included in the training process. Next steps could be to consider how this information can be spatially coded
and included in the model.

The subsequent stages of the process, in addition to the consideration of the data required for WP2, may
involve the aggregation of population change at the district or zoning level for subsequent integration into
WP2. In the case of data availability, the aggregated data in conjunction with zoning plans of Istanbul can
also be employed for future planning purposes.
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By further developing the methodology within the PARATUS project, the described pathway to predict
population is followed in a more exhaustive way. However, PARATUS innovatively aims to provide a complete
picture of risk by modelling and anticipating the exposure and vulnerability of the built environment in
addition to population forecasts. LULC projections serve as foundational data for mapping future changes in
built environments, which can be further refined by incorporating detailed geospatial datasets. As an
example, an overview of LULC prediction for 2030 is mapped in figure 14.
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Additionally, to the obtained results, a possible next step can be a statistical representation of the classes on
an aggregation level, that is useful for further analysis in other tasks, for instance combined with before
mentioned zoning plans of Istanbul to better show land use changes.

The output of this deliverable is input for the WP2 “Today’s future: how current hazard and risk may change”.
WP2 focuses on the development of a generic methodology for a systemic multi-sectoral and multi-hazard
risk assessment and its application to the four application case studies using the outputs of WP1 and the
available information from earlier European projects and Copernicus services. The produced risk components
for systemic risk assessment from this deliverable 1.5 are therefore valuable input data for WP2.

As a future outlook for potential hazard risk maps, a comparable methodology was employed in Lima and
Callao, Peru, where population growth was projected at three-year intervals up to 2035. When integrated
with simulations of seismic and tsunami hazards, these projections (Figure 15) demonstrated that population
growth is anticipated in regions characterised by high peak ground acceleration as well as tsunami inundation
areas (GeiB et al., 2024). For instance, this can also be done in a similar way for the city of Istanbul in the
context of a possible earthquake scenario.

Figure 15: Maps of the predicted population of Lima affected by earthquakes and tsunamis for the year
2035, alongside corresponding hazard intensities, illustrate the changes compared to 2020. In these maps,
solid grey bars represent the population data from 2020, while additional coloured or textured bars indicate
the estimated population changes—either increases or decreases—by 2035. The colour coding on these bars
correlates with the intensity of the respective hazards (Geifs et al., 2024).
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