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high-resolution exposure model for population and residential buildings that could be used for
multi-hazard risk mitigation at the local scale across the globe. The methodology is applied to
Lignano municipality, a coastal area located in the northern Adriatic, prone to multiple hazards
such as seismically-induced tsunamis, meteorological events, coastal erosion and subsidence. The
population exposure layer is developed integrating population data with demographic charac-
teristics and socio-economic indicators. In parallel, the building exposure layer, which combines
census data with digital building footprints, contains information about: geographic distribution,
age of construction or retrofit, number of storeys, construction material types, average built-up
area, structural replacement cost, and structural regularity. These data layers are made avail-
able at two resolutions: 100 m and 30 m, with information also provided at the census unit level.
We describe the methodology developed for exposure assessment and discuss its potential use for
multi-hazard risk assessment in coastal areas.

1. Introduction

Exposure modeling is paramount for disaster risk mitigation and reduction. Characterizing exposed assets is a required step in order
to identify potential damages and losses and develop better risk mitigation strategies. However, exposure assessment is a complex task
itself, as the exposed assets are dynamic, interrelated and contribute differently to the overall damages/losses. Past efforts in the field
were focused on assessing exposure independently for different hazardous phenomena, depending on their spatial scales (e.g. floods,
[1]; earthquakes, [2,3]). Few studies have developed multi-hazard exposure models, which have been used for multi-risk assessments
(e.g., [4,5]). However, multiple hazards can occur simultaneously or consecutively [6], with cascade and amplification effects, which
often increase expected impacts and risks (e.g., [7,8]).

Current efforts in the research community are devoted to combining the existing knowledge on single hazard and their impacts to
account for potential occurrence of multiple hazards [9]. This is particularly relevant in coastal areas prone to land and marine
geohazards occurring at different timescales (e.g. tsunami and meteotsunami [10], subsidence, floods, drought and coastal erosion
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[11]. Revised exposure classification systems and taxonomies are being developed to support the interoperability and combination of
existing datasets at global and regional scales (e.g. GED4ALL by [12]) and are being refined at the national scale to account for specific
contexts (e.g., [2]). In addition, characteristics deemed relevant for assessing vulnerability to a given phenomenon can play different
roles in the response to different hazards [13]. For example, height can be a critical parameter, with tall buildings being more or less
vulnerable to certain earthquake ground motion, but potentially life-saving in case of floods and tsunamis, besides other factors.
Moreover, in today’s urban landscape many buildings are designed with irregularities [14] which can increase their vulnerability in
case of hazardous phenomena such as earthquakes [15]. In the case of floods, irregular building designs can disrupt water flow, make
buildings more vulnerable to damage, and create uneven water pressure or lateral load on the structure. This, in turn, could increase
the potentiality of a building experiencing structural failure [16]. For all these reasons, multi-hazard risk assessment methods require
as accurate as possible high-resolution, up to date, and as much as possible realistic and validated exposure models.

Furthermore, modeling future exposure is increasingly important due to climate change, population growth, and the increasing
urbanisation of societies [3,17, 18, 19]. However, combining the available sources of exposure datasets (e.g., census, ancillary data,
building footprints) into high-resolution exposure layers poses some challenges [20]. Nowadays, there are few examples of
high-resolution exposure layers that account for characteristics deemed relevant for multiple hazards (e.g., [21] and [22]). In addition,
exposed assets monetary value is rarely available despite its relevance for associating and comparing financial exposure to multiple
hazardous phenomena (e.g., [23]). Some exposure-related information contained in building footprints is still somehow overlooked
and could enhance current exposure layers (for example, with relation to buildings area and shape factors). Some studies have
demonstrated the effectiveness of openly available datasets in constructing exposure models for seismic and multi-hazard risk
assessment. For example, Nievas et al. [24] and Gomez Zapata et al. [25] utilized OpenStreetMap [26] data for scenario-based seismic
risk assessment, while Geif et al. [27,28] and Arrighi et al. [29] explored exposure modeling using satellite imagery and multi-hazard
contexts, providing valuable insights relevant to this study.

There have been few efforts to investigate the uncertainties related to exposure composition (e.g., [30-33]). However, uncertainty
in exposure models, which arises from assuming fixed proportions over aggregated data, greatly impacts risk analysis and loss esti-
mation. Furthermore, various sources of uncertainty in an exposure model should be examined during risk analysis, such as the
classification of buildings into different typologies and their spatial distribution [34].

In this work, we propose and introduce a methodology to develop high-resolution exposure assessment of urban areas, to be used
for multi-hazard risk reduction purposes at a city or municipality scale. The methodology comprises extracting geometric information
from footprints and integrating them into existing exposure layers, achieving higher spatial resolution and enhancing the description
of exposed assets characteristics. Given that the data used in this work has been collected in almost every nation across the globe, we
can assume the current methodology can be applied to other coastal areas worldwide. We demonstrate the approach for a selected
coastal area located in the upper Adriatic, prone to multiple hazards such as seismically-induced tsunamis, meteorological events,
coastal erosion and subsidence. We collect available data at local, national and global levels, both from official sources (e.g. building
census) and open source or access datasets, focusing on population and residential buildings. The methodology leverages local-scale
data, i.e. building footprint to develop indicators associated with building regularity and area, relevant for multi-hazard coastal
exposure and loss assessment. The developed datasets shall support the definition and testing of multi-hazard risk assessment and the
prioritization of action (e.g., targeted data collection) for resilient land use planning in the study area. We also discuss the potential
application of the methodology in other areas with different characteristics, underlining its advantages and limitations.

This paper comprises two main parts: part one illustrates the materials, data, process and methods that have been used to develop
high resolution population and residential building exposure models; part two provides a case study for a selected coastal area located
in the Northeast of Adriatic, namely the municipality of Lignano Sabbiadoro.

2. Materials, data preparation, and methods

Multi-hazard disaster risk analysis requires combining exposure information developed at different spatial resolutions and scales (i.
e. global, regional, national, local). The spatial resolution of exposure data, which is often aggregated at a broader scale and lower
resolution, may not be comparable with the spatial variability and extent of certain hazards affecting coastal areas (e.g. tsunamis,
floods, landslides, and coastal erosion). This variability depends on many factors, which are related, besides to data and hazard
modeling limitations, to the physical nature of the hazard itself (e.g. flooding and tsunami inundation strongly depends on details of
local scale topography). Therefore, if we aim to develop an exposure layer suitable for multi-risk assessment, we should target a spatial
resolution as high as the variability of the most detailed considered hazard. For instance, tsunami hazard maps are already available at
25m resolution for the Northern Adriatic coasts (see Peresan and hassan, MEGR 2024), which justifies improving exposure resolution
at 30m scale. Failing to get a sufficiently high-resolution exposure layer, clearly depending on available input data, may result in
inaccurate risk assessment (both underestimation and overestimation).

Hence, addressing this mismatch between hazard and exposure assessments is essential for improving the precision and reliability
of risk evaluations. Moreover, different vulnerability-related analyses may require specific information about individual buildings and
their spatial distribution. For instance, when assessing exposure to earthquakes, gathering information on building materials and
lateral load-resisting systems is key for achieving high spatial resolution risk estimates. However, for floods and tsunamis, knowing the
height of the ground floor above ground level, occupancy of the ground floor, ground floor hydrodynamics and the number of storeys
below ground level at a high-resolution is essential [1,35,36]. When dealing with population, the key factors influencing an in-
dividual’s vulnerability to specific hazards include: age, income, health or disability status, and education [37]. These factors play a
critical role in determining an individual’s or household’s ability to manage and respond to various impacts of hazards. The key
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hazard-specific parameters and potential indicators of vulnerability for residential building and population are listed in Table 1. To
tackle these challenges for coastal areas we present a comprehensive overview of the data collection, data preparation, tools and
methods to be followed to develop high-resolution exposure models for population and buildings located in areas subject to
multi-hazard.

2.1. Materials: exposure datasets

In this work, three different geospatial datasets are used to develop high-resolution population and residential buildings exposure
models: national census of population and buildings, global population datasets and building footprints. These datasets contain
exposure-related information relevant for possible application for coastal areas multi-risk analysis, including earthquakes, tsunamis,
floods, landslides, and coastal erosion.

The geospatial datasets collected, processed and ingested in this work are:

2.1.1. National census data

National census data depending on the country, includes information on population and residential buildings. These data are al-
ways aggregated at a given spatial resolution, ranging from province or municipality level to smaller census units. National census data
is considered as a detailed overview of a nation’s population, building typologies, demographics distributions in space at a specific
snapshot in time, and socioeconomic attributes. Globally, buildings are typically classified based on factors such as construction or
retrofit age, material type, height, and occupancy. Meanwhile, population data is generally categorized by age and gender. These
classifications play an essential role in defining the vulnerability of both buildings and populations to various hazards. Census data is
gathered through a systematic process of counting and data collection, typically carried out every decade. It is available for most
countries either at a local scale, through national censuses, or at a global scale, such as the Global Exposure Model [44].

2.1.2. High-resolution population density data

High resolution population density data, such as the one provided by Data for Good (part of the Meta company) for the year 2020
and lastly updated in April 2023. This dataset (hereinafter referred to as Meta data for ease of reference) contains high-resolution
Population Density Maps at a 30-m pixel resolution (https://dataforgood.facebook.com/dfg/) [45], and was developed by the Cen-
ter for International Earth Science Information Network (CIESIN), using artificial intelligence-Al to identify buildings based on satellite
imagery. This granular data has significant implications for various fields, including urban planning, humanitarian aid, risk and
emergency management and public health. This data is globally available and regularly updated.

2.1.3. Building footprints datasets

Building footprints datasets are increasingly used to develop high-resolution exposure layers. Globally, there are many resources
for these digital building footprints, such as OpenStreetMap [26] (https://www.openstreetmap.org/). However, OSM only provides
spatial distribution and geometry, lacking information on occupancy type and height, and potentially missing some data [46]. Land use
maps, such as CORINE land cover data [47], can provide occupancy information. Different techniques have been developed to extract
building height from aerial images [1] and other characteristics (e.g., occupancy types, construction types) from vertical satellite
images [20,48]. Volunteered geographical information-VGI or/and crowdsourcing data can also support the collection of attributes

Table 1
Key hazard-specific exposure parameters and potential indicators of vulnerability.
Exposed asset Feature Hazard References
Population Age Earthquake; Tsunami; meteo-tsunami; Flood [23,35,37]
Education
Income
Residential buildings Material Earthquake [12,38]
meteo-tsunami; Tsunami [37,39]
Flood -
Age Earthquake [12,38]
meteo-tsunami; Tsunami [37,40]
Flood [41]
Height/Number of storeys Earthquake [12]
meteo-tsunami; Tsunami [37,40]
Flood [42]
Height regularity Earthquake [12,38]
Tsunami; meteo-tsunami [16,40]
Flood [42]
Plan regularity Earthquake [12,38]
Tsunami; meteo-tsunami [16,40]
Flood [37]
Replacement cost Earthquake [12,23]
Tsunami; meteo-tsunami [23,40]
Flood [23,43]
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associated with building footprints and various vulnerability related parameters (e.g., [49-51]). Moreover, if digital building foot-
prints are available from national scale datasets, which include more detailed information on buildings, they can be also used. This
methodology guarantees a thorough and precise description of urban landscapes, integrating both authoritative and
community-generated information.

The exposure dataset for residential buildings is complemented here with building costs per square meters, which are used to
estimate the replacement cost. Additionally, in other regions, the value of buildings can be estimated using local expert judgments (e.
g., Central Asia, [23]). These exposure datasets were developed by enhancing census data with complementary additional datasets.
This approach allowed for the disaggregation of the census data and the incorporation of missing information that were not provided in
the original census.

2.2. Data preparation and methods

The main challenges related with combining exposure information are collecting available data, dealing with the missing data or
uncertain sources and data ingestion [52,25]. Exposure assessment relies on various sources with different spatial resolutions and
acquisition methods, adopting both top-down and bottom-up approaches [53]. Census data stands out as the most significant source
for reliable population and building data, but they are often provided in aggregated form for data protection purposes [54] and lack
certain attributes that could affect vulnerability.

To overcome this limitation, disaggregation is often employed to redistribute the aggregated population or buildings data at a
higher resolution (e.g., [23,54]). Several input data including land use, nighttime lights and infrastructure, can be used as proxies for
disaggregation, providing indicators of human presence [54]. Moreover, other data sources are used to extract some building features
that are missing in the census building. Therefore, in this study, for the development of the population exposure model, the Meta
high-resolution population density data, was complemented with the national population census data, assumed to be more reliable
with respect to the global dataset. Also, the building census data was complemented with the additional attributes provided by the
digital footprints dataset and population density is used as a proxy to disaggregate the buildings data. In both cases, high-resolution
data were combined with lower-resolution ancillary data (e.g. official census). Hence, the final exposure layer for the residential

Fig. 1. Flowchart illustrating the development of high-resolution population and residential buildings exposure models. The green color indicates
the two datasets (census residential buildings and building footprints) that have been used to develop the high-resolution residential buildings
exposure model and grey color indicates the two datasets (the census population data and Meta population data) that have been used to develop the
high-resolution population exposure model.
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buildings is provided at a higher resolution than the census unit level (Fig. 1). All spatial operations are performed using the QGIS [55]
open-source software. A step-by-step list of the Python libraries and QGIS [55] functionalities, all based on open-source code, used in
the spatial analysis workflow is provided to ensure the replicability of the approach.

2.2.1. Population exposure layer

In the current work we present a methodology for development of high-resolution population exposure dataset by combining
national and global datasets (see 2.1 for details), namely the Meta dataset (https://data.humdata.org/organization/meta) and the
available census data. Meta data is available globally at 30-m grid points, while census data is aggregated at the census unit level.
Census population data was used to refine the Meta data, combining the reliability of the census data with the higher resolution of the
Meta data.

To achieve that, Meta data was aggregated to the same level as the census data. Consequently, the percentage difference (Prgy)
between the national census and the Meta dataset can be estimated according to the below equation.

Prdiff _ ( (Pcen.su.s - PMeta)

——-*100 1
Pcensux +PMem)/2 ( )

Where P is census population number at the census unit, Py, is the Meta population number aggregated at the same census unit
level. The comparison shall be also performed for each census unit, and the percentage difference can be used to correct the Meta
dataset (Fig. 2) by it in each point of the Meta 30 m grid, by using equation (2).

DPyrerq * (Prdiff + 200)
(200 — Prgg)

corrected Meta population = 2)

DPye, refers to the Meta population dataset at a 30m grid point. The corrected Meta population now represents the disaggregating
census population data to the same 30m grid, ensuring that when aggregated back to the census unit level, the total population matches
exactly with the original census population for each unit.

The flowchart in Fig. 2 illustrates the disaggregation of census population data into a 30m grid using Meta data. In addition, a 100m
grid has been developed by aggregating the 30m data grid as illustrated in Fig. 2. The demographic characteristics (e.g. age, gender,
educational level, citizenship and employment status) were also disaggregated on the Meta grid using the same approach adopted for
disaggregating the total population number. Based on the census data, the day occupancy was computed as total population number
minus employed individuals, while night occupancy is assumed to match the population.

Seasonal variations in coastal populations pose significant challenges for accurate risk assessment and disaster response and are
considered as a limitation in the current work. Traditional census data often fails to capture dynamic fluctuations, leading to un-
derestimations of the population at risk during peak seasons. To address this, researchers and policymakers are exploring innovative
approaches, such as real-time monitoring using mobile phone data and social media analytics, to estimate seasonal population fluc-
tuations. By incorporating these dynamic estimates into exposure models and early warning systems, we can improve the effectiveness
of disaster preparedness and response efforts in coastal regions.

2.2.2. Residential buildings exposure layer
The available residential buildings census data is categorized into many typologies, based on age, number of storeys and con-
struction material types as mentioned in Section 2.1.1. Each census unit is characterized by a number of building classes, reflecting the

Fig. 2. A flowchart of the process used to disaggregate the census population data into a 30m regular grid using the Meta population data. Each
color represents a different census unit. From left to right, the flowchart shows how the Meta data are aggregated at the census level resolution in
order to compute the percentage difference, which is then applied to each cell of the high-resolution grid.
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predefined typologies of the census buildings. In this study, building typologies were grouped and associated with the available
vulnerability model classes in the literature, developed based on observed seismic fragility similarities [56].

The residential buildings exposure dataset in the proposed methodology is assembled by combining two data sources: the last
updated building census data (section 2.1.1) and building footprints (section 2.1.3). The two datasets have different spatial resolutions
(aggregated residential buildings at the census unit level versus single-building footprints) and different attributes. They nonetheless
share information about building height, expressed in meters in the building footprints and number of storeys in census buildings.
Building footprints dataset provide valuable information that is currently not accessible from official census data, such as area, height,
spatial location, and occupancy type. Building’s footprint-derived information was therefore assimilated into the census based on
matching height classes. This is done under the assumption that some characteristics of civil buildings (in particular those related to
their geometry) are homogeneous across height classes. This assumption enables us to associate characteristics derived from building
footprints (e.g., average area) to the residential buildings stock in the same height range for each census unit. A sketch of the
methodology is shown in Fig. 3.

The developed methodology consists of 3 steps: a) identification of height classes; b) extraction of building characteristics from
footprints; c) integration of census and footprint characteristics into a high-resolution building exposure layer (30 and 100-m). Finally,
the residential buildings reconstruction cost is also computed in each census unit. Each step of the methodology is described below.

2.2.2.1. Identification of height classes. Multiple attached footprints often represent a single building, so the geometries of attached
footprints are simplified by dissolving them. Moreover, building footprints may also include non-residential structures (e.g., touristic,

Fig. 3. The procedure for generating the high-resolution building exposure layer by integrating building footprints and census data. Census
buildings (A) are aggregated at the census unit which represented by white polygons, while building footprints (B) are represented by yellow. The
process involves classifying building footprints into height categories that align with the number of storeys in census data. Subsequently, building
characteristics such as height, area, plan irregularity, and vertical irregularity are extracted from footprint data. These attributes are then merged
with the aggregated census buildings for each storey class within each census unit and further disaggregated into a high-resolution building
exposure layer at 30 m and 100 m resolutions.
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commercial). Therefore, a land use map, along with specific area and height thresholds (i.e. 30 m?and 3m respectively), are applied to
filter out non-residential buildings. Buildings in each census unit are classified based on the number of storeys into a set of classes. To
align with this classification, building footprints are categorized into corresponding height classes (H < 5.0m; 5.0m < H < 8.5m; 8.5m
< H <12.0m; H > 12.0m) based on the number of storeys indicated in the census data class (1 storey; 2 storeys; 3 storeys; 4 < storeys)
(Fig. 1). This classification may vary from one area to another and should be validated to ensure accuracy with residential buildings.

2.2.2.2. Extraction of building characteristics from footprints. In this study, we compute average buildings area in each height class
based on the footprints, and define new indicators to classify buildings based on their regularity in plan and in height.

@ Average building area

For each height class the average building area is computed based on the footprint geometry. First, the average footprints area in
each height class is calculated. Then, it is multiplied by the number of census buildings in the corresponding height class. The pro-
cedure is repeated for each census unit. Consistency checks can be run to identify potential underestimation or overestimation of built
area.

@ Plan Irregularity

Regarding the plan regularity, we tested three different methods to classify buildings based on their geometric characteristics.
Shape ratio was calculated as.

- the ratio between the long and short edges of the minimum bounding rectangle of the building;

- the percentage difference between the area of the minimum bounding convex hull of the building footprints and the area of the
building footprints;

- the percentage difference between the area of the minimum bounding rectangle of the building footprints and the area of the
building footprints.

Using the shape ratio of the minimum bounding rectangle of the building footprints, all building footprints were found to have a
value of less than 4. However, this is unrealistic compared to building footprints which also exhibit convex geometries. The percentage
difference between the area of the minimum bounding rectangle and the area of the building footprints, all building footprints gave
more reliable results and was validated against selected footprints. A threshold value of 10 % was defined and allowed to split the
footprints between a dominant class of regular buildings and the irregular ones (Fig. 4). The percentage of regular and irregular
buildings in each height class was computed in each census unit. Finally, the number of regular and irregular buildings in each census
unit was estimated by applying the percentage to the number of census buildings in each corresponding height class.

Fig. 4. Proposed classification for buildings plan regularity in the study area. Building footprints are classified based on the percentage difference
between their area (red) and the area of the minimum bounding rectangle (blue), while the yellow color indicates the minimum bounding convex
hull, which was tested but not used for the proposed classification.
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@ Vertical Irregularity

A building is characterized by vertical irregularity if one floor is significantly different in height from the others [57]. The indicator
of vertical irregularity has been defined as the percentage difference between the maximum height and minimum height of the
building footprints (both obtained from the dissolved footprints). Vertical irregularity was only assessed for footprints that contain the
information about the minimum and maximum height; this is not available in OSM, but it can be derived from national footprint
datasets such as the Italian CTRN (section 2.1) before dissolving them.

A threshold of 10 % difference between the maximum and minimum height is assigned to distinguish between vertically irregular
and regular buildings (Fig. 5). The percentage of regular and irregular building footprints is estimated for each height class, similarly to
what was done for plan regularity. The number of regular and irregular buildings was computed by multiplying the total building in
each height class by the respective percentage. Most of the buildings in the study area exhibit vertical regularity (Fig. 5).

2.2.2.3. Integration of census data and footprint characteristics. The final high-resolution buildings layer is obtained by disaggregating
buildings in each census unit using as a proxy the population distribution on a 30m regular grid. In a few census units, there are few
residential buildings without a corresponding population. In such cases, the number of buildings was divided among the Meta grid
points, assuming an equal distribution of buildings. The disaggregation was carried out independently for each height class. Infor-
mation on age, number of storeys, material types, total built area, number of irregular and regular buildings in height and shape is also
disaggregated (see equations (3) and (4)). The building exposure layer at the 30m grid is then aggregated to a 100m grid.

Popweighr = (PSOm / Pcen.su.s) (3)
DBSOm = (Popweight* Bcensus) (4)

where Popy.;gr, represents the proportion of the population at 30 m grid points (P3on) relative to the total population within each census
unit ( Peensus), While DB is the disaggregated building exposure model at 30m grid points, and Beensus corresponds to the number of
residential buildings within each census unit.

2.2.2.4. Replacement cost estimation. Replacement cost estimation is the process of determining the cost to replace a damaged building
with a structurally equivalent building at current market prices. This involves considering factors such as construction costs, labor
costs, material costs, permits, and other associated fees. Accurate replacement cost estimates are crucial for insurance claims, property
valuations, and disaster recovery planning. By providing a realistic assessment of rebuilding costs, these estimates help property
owners and insurers make informed decisions and allocate resources effectively.

This cost is usually given in local currency then can be transferred to one another per square meter for each residential building type
in each area. Here, we assume that the building’s reconstruction cost is equal to the market value. Each building value is computed
multiplying the corresponding cost per square meter by the building area obtained from the footprints (equation (5)). This

Fig. 5. Histogram shows the percentage difference between the maximum height and minimum height of building footprints used for estimating
vertical regularity. A threshold of 10 % percentage difference was defined to classify buildings into regular and irregular.
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computation is performed separately for each census unit of the final aggregated dataset. If building types with different values are
present within the same census unit, the average is used.

Replacement Cost (EUR) = building value(EUR /m?)* built — up area (m*) (5)

The final building’s exposure layer contains the following parameters, which are deemed relevant for the coastal hazards: popu-
lation number and its demographic; building material, age, number of storeys, structural regularity, and replacement cost.

3. Application and results
3.1. The study area

The Friuli-Venezia Giulia (FVG) region is located in northeastern Italy. Its coastal region, including the city of Lignano, situated on
the northeast Adriatic Sea (Fig. 6), faces various land and marine natural hazards such as floods, powerful winds, coastal erosion,
earthquakes, tsunamis, and meteotsunamis [58-60]. Given the vulnerability of these coastal areas, reducing the risks associated with
these disasters is crucial for the social and economic development of the region. Lignano, in particular, is a major tourist destination,
attracting several hundred thousands visitors during the summer. The considerable variability of the population throughout the year,
and the presence of multiple hazards which could potentially affect Lignano, makes it an area of particular interest for creating as
accurate as possible high resolution exposure models. Nowadays, the city has a population of approximately 6854 residents, with a
notably higher population density in the urban core compared to the more suburban areas. Covering an area of about 15.71 square
kilometers, the average population density comes to around 436.4 people per square kilometer [61]. Men represent 49.4 % of the
population, whereas women comprise 50.6 %, resulting in a total of 3633 females [61].

The FVG region lies at the convergence of the Adria microplate and the Eurasian plate, at the junction between the Alps and
Dinarides mountain systems. This complex seismotectonic setting is the primary reason for the high level of seismic activity in the
region [62,63]. Throughout history, the region experienced a number of destructive earthquakes, the Friuli earthquake (M6.4) on May
6, 1976 [64] being the most recent destructive one, resulting in the deaths of 989 people [65]. On this occasion, most of the displaced
population was temporarily relocated to the coastal area, in particular in Lignano [65]. Historical records also indicate that the
Adriatic region experienced considerable impacts from earthquakes and tsunamis in the past [58-60]. However, while strong tsu-
namigenic earthquakes are infrequent in the Adriatic Sea [66,67], even moderate tsunamis can have undesirable effects due to the
presence of sites of high historical, cultural, and touristic interest, as well as fragile ecosystems such as lagoons and river deltas.

In addition, the Adriatic Sea represents a hotspot for meteotsunamis, with destructive events every few decades [68-72]. Regarding
flood hazards in the FVG region, the meandering part of the Tagliamento river can be subjected to flooding [73]. Finally, Lignano is
exposed to sea level rise and is vulnerable to land subsidence due to its low elevation coastline with the highest subsidence rate among
FVG region cities, approximately 4 mm/year [74]. Lignano was primarily developed after the 1950s, transforming a natural landscape
of sand dunes, forests, and wetlands, similar to those still partially preserved on the opposite side of the Tagliamento River mouth. This
historical transformation underscores the need to consider natural landscape preservation in future disaster risk reduction (DRR)
plans. The socio-economic significance and the fact that various hazards affecting Lignano make it an excellent candidate for
implementing the methodologies that have been developed.

Fig. 6. Regional map for the FVG region, located in northeastern Italy (left panel) and aerial view of the Lignano municipality (right panel).
Background map data extracted from Google maps(https://www.google.com/maps).
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3.2. Available datasets

3.2.1. The national census data

The census data used in the current study for the Lignano area is extracted from the Italian National Institute of Statistics (ISTAT)
and is shown in Fig. 7. The residential buildings data for the year 2011 [75] is used in this study, which is the last completed and
updated buildings census data for Northeastern Italy [50]. It is aggregated at the census unit level, with the census unit area ranging
from approximately 1800 m? in urban areas to 3.23 km? in rural areas. In this study, buildings are categorized into many typologies,
based on the age (i.e. < 1919; 1919-1945; 1946-1970; 1970-1990; 1990-2005; >2005); number of storeys (i.e. 1 storey; 2 storeys; 3
storeys; 4 < storeys); and construction material types (i.e. masonry; reinforced concrete; mixt from the other two types or other) [76].

The population census data is available for 2021 from the census database (Fig. 7) [61], which is providing detailed information
about the Italian population, aggregated at the same census unit of the residential buildings. Different classes have been developed
based on age (i.e. 0-5 to >74 years); gender (male, female), educational level (educated, not educated), citizenship (Italian, foreigners),
number of families and employment status (employed, unemployed). The number of tourists in Lignano during the summer of 2023
reached 3,790,865 (https://www.promoturismo.fvg.it/it/89976/dati-istat-sul-turismo), most of whom stayed in residential buildings.
However, there is no precise information available regarding the locations of these buildings to include in the final exposure model.
Nonetheless, this data indicates a significant increase in population exposure during the summer months, which consequently am-
plifies the associated risks.

3.2.2. High-resolution global population dataset

High-resolution Population Density Maps at a 30m pixel resolution (https://dataforgood.facebook.com/dfg/) [45] was retrieved
from Data for Good at Meta (hereinafter called Meta data for sake of easiness) (Fig. 8). In this work, we adopted the most recent
available Meta dataset as of 2020, which was last updated in April 2023. Alongside overall population estimates, this dataset provides
estimates for various demographic categories including overall population density, male, female, women of reproductive age, children,
youth, and elderly. It is important to note that the Meta high-resolution dataset provides population estimates (see Section 2.1), rather
than precise counts. Therefore, assessing its accuracy and adjusting it based on local or national data (as detailed in Section 2.2.1) is
essential before utilizing the data for social exposure and vulnerability analyses.

3.2.3. Building footprints

The digital building footprints for the study area are derived from the [77] (CTRN, 2003) (https://eaglefvg.regione.fvg.it/) and
[26] (OSM, 2022) (https://www.openstreetmap.org/). CTRN (2003) building footprints information about buildings’ occupancy,
area, and height are inferred from photogrammetric analyses; this detailed information is not always available in OSM building
footprints. On the other hand, the geometry of OSM building footprints is more representative of the actual shape of buildings and does
not require the geometric simplification seen in CTRN building footprints.

The last update of CTRN and OSM data for Lignano was in 2003 and 2022 respectively, which has been indicated from the last date
of the building footprint images. The CTRN and OSM included all different types of buildings in the municipality of Lignano, but non-
civilian footprints were excluded from the analysis. The CTRN (2003) was assembled by the FVG regional government based on
photogrammetric analyses and we assume that these building footprints and the information contained hereby are reliable for the
purpose of exposure development. The building footprints were also compared with the land use products in order to check their
consistency.

Fig. 7. Spatial distribution of the population counts for each census unit (left panel) [61]. Spatial distribution of the count of residential buildings in
each census unit (right panel) [75].
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Fig. 8. Spatial distribution of the Meta population layer displayed on: a regular 30 m grid (left panel), and census unit level (right panel).
3.3. High-resolution population exposure layer for Lignano

The percentage difference between the national census and the aggregated Meta dataset is estimated, which is approximately 2 % at
the Lignano municipality scale (Fig. 9). The estimated percentage difference used to refine the Meta population data at 30m grid. The
developed population exposure layers are provided at 30m and 100m resolutions (Fig. 10). Population is classified based on its de-
mographic characteristics (i.e. population grouped into many age classes, gender distribution, night and day occupancy and number of
families) and socio-economic indicators (e.g. number of citizens, foreigners, employed individuals).

3.4. High-resolution residential buildings exposure layer for Lignano

The correspondence between number of buildings from census data and footprints is usually not exact (Fig. 11). This is because civil
buildings footprints also include non-residential buildings (e.g. tourist, commercial). Also, multiple attached footprints often represent
one single building. Geometries of attached footprints were therefore simplified prior to computing the height. The minimum and
maximum height values were nonetheless retained from the individual footprints. The attributes of the CTRN (2003) building foot-
prints have been joined to the geometry of the OSM building footprints. This approach was chosen because the latter database is more
up-to-date, while the former provides more detailed information. However, the geometric simplifications in the CTRN (2003) building
footprints could affect their accuracy. As a result, we utilized the geometry of the OSM building footprints, enriched with detailed
information such as usage, minimum height, and maximum height derived from the CTRN (2003) building footprints. Nevertheless,
some buildings that exist only in [26] (e.g. new buildings) contain only the area attribute. To mitigate the misfit between the two
datasets, the footprints with an area lower than 30 m? and height lower than 3m (that could be related to garages or any non-residential
buildings) were eliminated.

The buildings in each census unit are therefore classified using the height classes listed in Table 2, and associated with the cor-
responding characteristics derived from the footprints. This is achieved by estimating the percentage of building footprints for each

Fig. 9. The percentage difference between census population data and Meta population data for each census unit in the Lignano municipality.

11



H. Badreldin et al. International Journal of Disaster Risk Reduction 121 (2025) 105403

Fig. 10. Exposure layers produced for population [61], a) disaggregated on a regular 30 m grid and (b) aggregated on a 100 m regular grid.

Fig. 11. Number of building footprints for each height class (H < 5.0m; 5.0m < H < 8.5m; 8.5m < H < 12.0m; H > 12.0m), and number of
buildings in each storey class (1 storey; 2 storeys; 3 storeys; 4 < storeys).

Table 2

Building footprint height intervals and the corresponding storeys height in the census
buildings for the Lignano municipality.

Building footprints height (m) No. of storeys in the census buildings

H<50
50<H<85
85 <H<120
12.0 <H <155
155 <H < 19.0
19.0 <H <225
H> 225 >6

U WN -

height class, and multiplying it by the number of census buildings in the corresponding height class.

Average built-up area for each height class in the building footprints is computed and multiplied by the number of census buildings
in the corresponding height class (Table 1) to estimate the total built-up area. In the study area, only 2 out of 273 census units exceeded
the percentage of built-up area of 90 % which is deemed unrealistic. This discrepancy arises from attached houses, which are rep-
resented as a single footprint in all footprint resources (e.g., OSM, CTRN), whereas the building census identifies them as multiple
houses (Fig. 12). In these census units, the total built area was computed as the sum of all building footprints (assuming that they are all
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Fig. 12. Percentage of built area per census unit. Two methods are used to calculate this: (a) Multiply the average building area in each height class
by the number of census buildings in that class. (b) Divide the sum of all building areas by the census unit area. This method (b) is only used for units
where method (a) results in an unrealistic percentage over 90 %. Black polygons delimit the census unit.

residential). All other census units have a percentage of built area less than 55 % (Fig. 12). Fig. 13 displays, as an example, a map of
structural regularity in building footprints within a specific area of the Lignano municipality, demonstrating that most buildings
exhibit both plan and vertical regularity.

The developed residential building layer contains information about building age, number of storeys, construction material types,
average built area, total built area, replacement cost, vertical regularity, and plan regularity, classified following the taxonomy in
Table 3. The final residential building exposure layer is provided at three different resolution levels: census unit, 30m and 100m
resolutions (Fig. 14). The replacement cost exposure layer is produced at the census unit level (Fig. 15). The total replacement cost for
the municipality of Lignano is estimated at approximately 3 billion Euros. Mixed building materials, consisting of reinforced concrete
and masonry, represent the highest total replacement cost, amounting to 1902.76 million Euros. This significant cost is attributed to
the large number of buildings constructed with these materials and their substantial built-up area (Fig. 16).

4. Discussion and conclusion

The proposed methodology leverages available information on the selected coastal area and develops high-resolution exposure
datasets for multi-hazard risk assessment. This is particularly relevant in areas prone to fluvial or pluvial floods or marine hazards,
which present a high degree of spatial variability. The developed exposure layers are provided in three different forms: on 30m and
100m resolution grids and at the census unit level, combining information extracted from national census of population and buildings,
and footprints datasets. However, Other resolutions can be developed based on the availability of the datasets and the end user request.

The methodology presented here can complement existing exposure datasets developed at the regional scale for Europe (e.g. [79]),
which have lower spatial resolution and assume constant values of, e.g., built area. The exposure layers are developed using a
well-defined multi-hazard taxonomy (GED4ALL Global Exposure Database for Multi-Hazard Risk Analysis; [12]) developed by the
Global Facility for Disaster Reduction and Recovery (GFDRR). This taxonomy was complemented with a new, national-scale multi--
hazard taxonomy developed by multi-Risk sciEnce for resilienT commUnities undeR a changiNgclimate (RETURN, [80]) and with new
indicators to account for building geometric characteristics (see appendix A). In particular, we included new indicators for building
plan and height irregularity which are derived directly from footprint data. We select thresholds (e.g. for height or plan regularity) that
are context-dependent, so that they account for the actual geometric characteristics of buildings in the area. This allows to circumvent
the uncertainty associated with using broader-scale typologies and derive regularity information that is relevant for assessing potential
damages due to earthquakes (e.g. [81]; [82]), tsunamis [83] or both [84]. This study demonstrates the applicability of existing
multi-hazard taxonomies and identifies potential features to be included. However, other features (i.e., occupancy of the ground floor,
and number of storeys below ground) were not included in the current study due to the difficulty of retrieving such information.
Including these features in the building exposure model (e.g. using field surveys) would provide a more realistic estimation of the
building expected damages in case of occurrence of multiple hazards. Methods which are commonly employed in exposure analysis
rely on the correlation between the number of buildings and population density [1,23]. Unrealistic exposure values can lead to
inconsistent results, which were be verified by running spatial checks (e.g. on total built area in each census unit, Fig. 12) and by visual
inspection, which was possible due to the relatively small extent of the area (see Appendix B). These checks allowed for the calibration
of the exposure layer but ad-hoc verification and validation activities should be planned when applying the methodology to other
areas.

The resulting spatial layer should therefore be used carefully due to the uncertainty that can be introduced by spatial operations (e.
g. disaggregation) at the local scale, and are therefore not intended for single-asset exposure and risk assessment. Residual problems
associated with missing or uncertain data might be tackled by involving local experts, e.g. practitioners, and validated with targeted
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Fig. 13. Map showing the structure regularity/irregularity in the building footprints. Left panel shows plan irregularities, where building footprints
are classified based on the percentage difference between their area and the area of the minimum bounding rectangle. Right panel shows vertical
irregularities, where building footprints are classified based on the percentage difference between the minimum and maximum height.

Table 3
Building typologies and occupancy defined for residential buildings in Lignano, based on [61,75]. GED4ALL building taxonomy scheme has been used
to write this taxonomy. The table also includes the built-up area for each taxonomy class, and the associated replacement cost.

Taxonomy occupancy Number of buildings Built-up area (m?) Replacement cost (M EUR)
MUR/LWAL/HEX:1/YPRE:1971/RES 38.06 143.00 24989.67 68.44
MUR/LWAL/HEX:2/YPRE:1971/RES 191.72 265.00 54156.07 161.95
MUR/LWAL/HEX:3/YPRE:1971/RES 145.83 112.00 31849.16 98.78
MUR/LWAL/HBET:4-/YPRE:1971/RES 128.61 59.00 28502.49 93.10
MUR/LWAL/HEX:1/YBET:1980,1996/RES 19.59 80.00 10581.30 27.38
MUR/LWAL/HEX:2/YBET:1980,1996/RES 128.15 145.00 31114.15 85.43
MUR/LWAL/HEX:3/YBET:1980,1996/RES 42.51 45.00 11589.01 36.58
MUR/LWAL/HBET:4-/YBET:1980,1996/RES 69.57 28.00 14766.18 47.62
MUR/LWAL/HEX:1/YBET:1997,2011/RES 4.09 14.00 2149.94 5.42
MUR/LWAL/HEX:2/YBET:1997,2011/RES 33.92 21.00 4871.13 14.20
MUR/LWAL/HEX:3/YBET:1997,2011/RES 73.05 22.00 5900.86 17.42
MUR/LWAL/HBET:4-/YBET:1997,2011/RES 52.78 15.00 5930.79 19.96
CR/LINIF/HEX:1/YPRE:1971/RES 6.81 29.00 4033.18 11.91
CR/LINIF/HEX:2/YPRE:1971/RES 164.02 145.00 37121.84 111.05
CR/LINIF/HEX:3/YPRE:1971/RES 178.27 64.00 23043.96 65.98
CR/LINIF/HBET:4-/YPRE:1971/RES 159.86 46.00 25082.15 82.43
CR/LINIF/HEX:1/YBET:1980,1996/RES 6.71 17.00 2443.51 6.27
CR/LINIF/HEX:2/YBET:1980,1996/RES 45.53 42.00 8785.95 24.50
CR/LINIF/HEX:3/YBET:1980,1996/RES 273.07 87.00 29793.55 82.46
CR/LINIF/HBET:4-/YBET:1980,1996/RES 183.62 46.00 33886.85 97.72
CR/LINIF/HEX:1/YBET:1997,2011/RES 9.14 17.00 2658.06 7.37
CR/LINIF/HEX:2/YBET:1997,2011/RES 42.99 38.00 10678.52 29.84
CR/LINIF/HEX:3/YBET:1997,2011/RES 65.34 17.00 6299.37 16.83
CR/LINIF/HBET:4-/YBET:1997,2011/RES 102.09 16.00 6884.05 20.52
O/LWAL/HEX:1/YPRE:1971/RES 23.44 95.00 13733.95 36.94
O/LWAL/HEX:2/YPRE:1971/RES 290.40 286.00 64200.80 188.09
O/LWAL/HEX:3/YPRE:1971/RES 357.55 200.00 57636.86 186.35
O/LWAL/HBET:4-/YPRE:1971/RES 584.80 140.00 70060.49 221.39
O/LWAL/HEX:1/YBET:1980,1996/RES 60.75 177.00 28996.94 79.20
O/LWAL/HEX:2/YBET:1980,1996/RES 484.79 548.00 123587.85 329.02
O/LWAL/HEX:3/YBET:1980,1996/RES 657.17 311.00 95378.42 280.89
O/LWAL/HBET:4-/YBET:1980,1996/RES 895.60 183.00 93204.11 289.77
O/LWAL/HEX:1/YBET:1997,2011/RES 57.86 66.00 9850.69 27.73
O/LWAL/HEX:2/YBET:1997,2011/RES 319.44 119.00 28150.44 74.61
O/LWAL/HEX:3/YBET:1997,2011/RES 586.38 124.00 38056.40 104.71
O/LWAL/HBET:4-/YBET:1997,2011/RES 349.51 68.00 25977.06 84.02

crowdsourcing (as proposed by Scaini et al. [50,85]) currently being implemented in the study area. Also, the increasingly available
spatial information data (e.g. high-resolution satellite and aerial images) can potentially support machine learning approaches (e.g.
[20,86]) to complement the methodology described here. The methodology is calibrated for a coastal area in northeastern Italy
exposed to different hazards, including earthquakes, fluvial and pluvial floods and marine hazards.
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Fig. 14. Exposure layers produced for residential buildings, disaggregated on a regular 30 m grid (upper panel) and aggregated on a 100 m regular
grid (lower panel).

Fig. 15. Replacement cost of residential buildings at the census unit level, which is estimated using the built-up area and the building value for the
year of 2023 [78].

5. Outlook

The case-study highlights the potential of the proposed methodology for further multi-hazard and multi-risk analyses, and allows
discussing advantages, shortcomings and limitations of the approach. The proposed methodology can be adapted to be applied in data-
scarce areas using remote-sensing to identify building footprints, and using lower-resolution census and ancillary data (e.g. [23]).
Future work will focus on assessing and reducing uncertainties, in particular due to the availability and reliability of input data and the
validity of the underlying assumptions (e.g. the proxies selected for spatial disaggregation). Preliminary verification of the obtained
results is encouraging, but extensive testing and validation in different areas may provide important insights for further improving
methodology and results.

Future work will also involve testing, validation and application of this methodology in other areas of the Mediterranean region
which are exposed to multi-hazard (e.g. Alexandria city in Egypt, [87]), adapting it to diverse geographies, hazard types, and data
availability constraints. Finally, we will actively engage school students through citizen science initiatives to extensively verify our
findings and formally validate the proposed methodology, while enhancing their awareness and understanding [88].

As for the results of the case-study, the potential use of the developed layers was preliminarily discussed with selected stakeholders
and end-users (e.g. municipality and civil protection representatives) at different resolutions depending on their requirements and the
data policy. Higher resolution layers are not intended to be released publicly due to potential ethical issues, and their use is restricted to
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Fig. 16. Pie chart showing the distribution of population number , residential buildings number, built-up area, and replacement cost across the
different building material types (i.e. masonry: MUR; reinforced concrete: RC; and mixt from the other two types or other: O) for the Lignano
Municipality.

selected emergency managers such as the Civil Protection. The exposure dataset developed here is intended to be used in combination
with hazard data, in particular from physics-based tsunami simulations (e.g. [66]), and vulnerability assessments to estimate risk and
potential losses, inform disaster risk reduction activities (e.g. the design of evacuation plans) and support ecosystem-based land-use
planning in riverine and coastal areas [89,90].
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Appendix A

Table A.1
Checklist table for building typologies and occupancy characteristics developed using the RETURN taxonomy [90]. A checkmark (v) indicates a
developed characteristic, while an (X) denotes an undeveloped characteristic that requires more data and field surveys for completion.

Attribute group Attribute method

Occupancy Number of occupants v Total population number
Occupancy of ground floor
Daily/night

AN

Daily=total population number - employed individuals
Night = Total population number

Seasonal use

Cultural heritage asset

Age classes

Gender

Number of families

Employed

Non-employed

Italian and foreigners
Building Features Age of Construction or age

of retrofit

Number of storeys

Height of structure (m)

Number of storeys below

ground

Average plan surface
Vertical structure system Direction

Building Material type

Gravity load system

Lateral load coefficient

Ductility/quality

Lateral load resisting system

Seismic code level
Building configuration and Building position in the

regularity block
Plan regularity

16 age classes

AR N N N N N e

1919-1970; 1970-1990, >1990

4 storeys classes (1; 2;3; 4<)
Building footprints elevation + 1.5m

ANIN

>

Total built area and average built area from building footprints

RC; URM; mixed-others

R R IR G R

<

Percentage difference between the area of the minimum bounding rectangle of the building
footprints and the area of the building footprints
Elevation regularity Percentage difference between the maximum height and minimum height
Building horizontal Floor type
diaphragms Roof shape
Roof covering material
Roof system material
Hydrological aspects Height of ground floor
above ground
Protection measures
Foundation and soil Foundation system X
condition

I IR

>

Appendix B

Verification and preliminary validation activities were conducted in five target areas (approximately 50 buildings) within Lignano
during July 2024. All authors visually inspected these areas and used OSM data to verify the developed method, ensuring coverage of
diverse building typologies and ages. For details on the validation activities, see Appendix B. Irregularities/regularities in building plan
and height were extensively checked at the five target areas. Most irregularities/regularities are correctly estimated using building
footprints, except for: a) newly reconstructed buildings where mismatched footprints were found, b) hotels with long horizontal
curtain coverage, causing vertical irregularities in the building footprints, and c¢) Some buildings are missing in the CTRN (2003)
building footprints but are present in the OSM footprints. Therefore, their height irregularities could not be determined, as we relied on
height differences to estimate it, which are only available in the CTRN 2003) footprints. However, plan irregularity was estimated
using either OSM or CTRN footprints, as we only needed the footprint area which can be estimated easily using GIS.

Additionally, a number of new residential, touristic or mixed-use high-rise buildings with irregular shapes and often exceeding ten
storeys, are currently under construction. In several cases, these new buildings are replacing older, low-rise single-family houses, and
are not included in the census data and building footprints. These high-rise buildings, seismically-resistant, could be advantageous for
vertical evacuation during floods or tsunamis, but they also have larger occupancy. Their presence should be therefore accounted for in
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revised emergency plans. Some other areas are experiencing intensive expansion with the construction of new buildings, typically with
two storeys. Some of these buildings were under construction during the validation activities in July 2024. So far, this expansion is not
captured by the census data, OSM, and building footprints.

Fig. b.1. Location of the five target areas where visual validation activities were carried out in the Lignano municipality during July 2024, indicated
by the red polygons.Validation stop points 1, 4 and 5 are illustrated in Figures B.2, B.3, and B.4. The black polygons represent the census units in
Lignano. Background map data extracted from [26] is available at https://www.openstreetmap.org [91] and is licensed under the Open Data
Commons Open Database License (ODbL).
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Fig. b.2. An example of the newly constructed high-rise buildings in Lignano (a, b, and c), located at validation stop point number 2. Images in
panel a and b are captured by the authors, ¢ map data extracted from Google Earth engine (https://earthengine.google.com/) and d maps data
extracted from [26] is available at https://www.openstreetmap.org [91] and is licensed under the Open Data Commons Open Database Li-
cense (ODbL).
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Fig. b.3. An example of replacing old low-rise single-family houses (a and c) with high-rise buildings (b) in Lignano, which is under construction as
of July 2024. The building footprints (c) and Google Earth data (a) are outdated and still include the older low-rise single-family houses. Maps data a
and c extracted from Google Earth engine (https://earthengine.google.com/) and d map data extracted from [26] is available at https://www.
openstreetmap.org [91] and is licensed under the Open Data Commons Open Database License (ODbL). Image b is captured by the authors.
Black rectangles pointing to the low-rise single-family houses (a and c¢) and high-rise buildings (b).
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Fig. b.4. An example of the expansion of new building construction in rural areas. The blue polygon represents the census unit, which is
comparatively coarser. Images a and b are captured by authors, and the lower map data extracted from [26] is available at https://www.
openstreetmap.org [91] and is licensed under the Open Data Commons Open Database License (ODbL).

Data availability statement

High-resolution Population Density Maps is available athttps://dataforgood.facebook.com/dfg/. The census buildings data and the
population census data are available for the years 2011 and 2021 from the census database [61,75] respectively. The digital building
footprints are derived from the [77] (Eaglefvg - Sistema di consultazione delle banche dati territoriali della Regione Autonoma Friuli
Venezia Giulia). The replacement cost is obtained from the last updated Real Estate Agency market values, provided by the Italian

government for the year 2023 (agenziaentrate.gov.it).
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