
Towards Prospective Disaster Risk Management:
Mapping Multi-hazard Urban Risk Dynamics Driven by
Evolving Exposure and Vulnerability via Earth Observation
Joshua Dimasakaa,b,c,∗, Fouad Bendimeradc, Renan Ma. Tanhuecoc,d, Christian Geiße,f and
Emily Soa,b

aDepartment of Architecture, University of Cambridge, United Kingdom
bCambridge University center for Risk in the Built Environment, United Kingdom
cEarthquakes and Megacities Initiative, Philippines
dDepartment of Civil Engineering, De La Salle University, Philippines
eEarth Observation Center, German Aerospace Center, Germany
fInstitute of Geography, University of Bonn, Germany

A R T I C L E I N F O

Keywords:
spatiotemporal
multi-hazard
prospective risk
exposure
physical vulnerability
neighborhood
barangay
city

A B S T R A C T

As local governments increasingly adopt geospatial Climate and Disaster Risk Assessment (CDRA)
to inform prospective public policy, the reliability of existing static risk intelligence is challenged by
the continuous evolution of building exposure, population distribution, and physical vulnerability.
Recent multi-temporal datasets of the built environment, derived from Earth Observation, have
enabled comprehensive regional exposure-hazard analyses, yet their intersection with physical
vulnerability remains underexplored. This study evaluates multi-hazard urban risk dynamics under
the compounding effects of earthquake and flood in Quezon City, Philippines, using high-resolution
multi-temporal building height data and Sentinel-2 imagery for projecting exposure and vulnerability
through probabilistic graph deep learning. To extend the current CDRA and static Barangay
Vulnerability Index (BVI), we present annual development profiles in terms of compound annual
growth rate (CAGR) of its existing risk metrics spanning 2016–2030, covering building exposure,
physical vulnerability, and earthquake-flood risk indicators. Against a baseline of 41,935 injuries
for hospitalization and 12,494 fatalities, our projections indicate annual increases of up to +298
injuries and +85 fatalities, with 24 barangays identified with high earthquake- and high flood-induced
displacement growth. Variability in growth trajectories across 142 barangays reflects the documented
northward expansion of urban development, contrasting with redevelopment-driven patterns in the
highly urbanized southern districts. Overall, our findings highlight spatially uneven trajectories of
multi-hazard risk, underscoring the need for participatory validation with planners and policymakers
to translate these spatiotemporal risk profiles into representations that are accessible, actionable, and
impactful for prospective disaster risk management in cities undergoing rapid urbanization.

1. Introduction
In the increasing adoption of digital mapping

technologies in many local governments, the geospatial
knowledge on Climate and Disaster Risk Assessment
(CDRA) has become the scientific backbone that directly
underpins many critical public policy instruments
(Amaratunga et al., 2019; Costa et al., 2024), such as
comprehensive land use plans (Lagmay et al., 2024),
emergency management (Freire et al., 2013), healthcare
resource management (Hou et al., 2023), risk transfer
financing mechanisms (Cabi et al., 2021), and recovery
aid allocation (Loos et al., 2020). However, as the scale of
climatic hazards intensifies and cascades, coupled with the
accelerating urbanization, such risk intelligence is becoming
outdated. This limitation primarily stems from the static
representation of physical asset exposure through fixed
building stock inventories, which often contain varying
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levels of uncertainty (Schorlemmer et al., 2026; Huyck
et al., 2022).

Amidst the institutional barriers and challenges in local
capacity (Malalgoda et al., 2016), this raises a critical
question on how frequently local governments can update,
fund, and re-conduct their geospatial risk assessments to
ensure that their public policies remain relevant to the
increasing exposure of the growing vulnerable population.
As local governments continuously revise public policies
through fiscal appropriations, the reliability of disaggregated
risk information becomes critical to the sustainable and
equitable reduction and management of climate and disaster
risk at the community level. Beyond improving the
accuracy of exposure information with the most up-to-date
characterization, tracking the trajectory of historical changes
in geospatial risk information can pinpoint areas that require
targeted, localized solutions for prospective disaster risk
management at scale.

The United Nations Office for Disaster Risk Reduction
(UNDRR) (2017) defines prospective disaster risk
management (PDRM) as a set of activities that "address
and seek to avoid the development of new or increased
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disaster risks." In their recent Global Assessment Report
on Disaster Risk Reduction (GAR) (UNDRR, 2025a)
and Strategic Framework 2026-2030 (UNDRR, 2025b),
the future-oriented decision-making aspect of PDRM
can involve the use of tools such as probabilistic hazard
models with metrics like average annual loss (AAL) and
probable maximal loss (PML) or through the integration of
demographic and urban growth projections for enhancing
exposure and vulnerability data. While the use of AAL
and PML from probabilistic hazard models is suitable
for pricing catastrophe insurance policies for individual
housing market or shared economy-wide entities like
risk pools among cities and countries (Gignac-Eddy
et al., 2020), the technical and fiscal capacity of many
local governments at the scale of neighborhoods are,
however, more appropriately positioned to public policies
on emergency preparedness and post-disaster recovery,
which rather rely on the deterministic- or scenario-based
hazard maps (McGuire, 2001). Several studies have also
shown that local governments with significant social ties
to their communities and local knowledge play a key role
on the frontlines of disaster risk management (Basu et al.,
2013).

In this context, how projections of demography and
urban growth influence the spatiotemporal distribution
of exposure and vulnerability can provide the basis for
developing local PDRM plans. Several studies have shown
how this can inform (1) urban planning policies in the
cities of Hanoi (Vietnam), Nagoya (Japan), Shanghai
(China), and Hartford (United States) (Pham et al., 2011);
(2) future multi-hazard risk management in Vancouver
(Canada) (Chang et al., 2019); and (3) people-centered
decision-making for post-disaster financial assistance
programs and building code compliance in Istanbul
(Türkiye), Nablus (Palestine), Chattogram (Bangladesh),
Cox’s Bazaar (Bangladesh), Nairobi (Kenya), Nakuru
(Kenya), Quito (Ecuador), Kokhana (Nepal), Rapti (Nepal)
and Darussalam (Tanzania) (Cremen et al., 2022, 2023,
2026). However, as a demonstrated case study in this work,
while the Philippine government mandates the development
of a Comprehensive Land Use Plan (CLUP) from which
CDRA becomes vital (HLURB, 2013), current CDRA in
practice (EMI, 2022) remains limited to fixed building
stock inventories and other exposure indicators such as
population, although climate projections are integrated
(HLURB, 2015). Limited to hazard-based alone, this
shortcoming is primarily driven by the lack of available and
validated temporal data for fine-grained community-level
projections, as well as by the inherently expensive data
collection and monitoring requirements. Consequently,
this reflects a policy gap, yet an ample opportunity in
mainstreaming PDRM across all elements of climate and
disaster risk.

The increasing availability of global multi-temporal
datasets from Earth Observation and volunteered geographic
information systems (Woods et al., 2025; Sirko et al., 2021,
2023; Glazer et al., 2025; Pesaresi et al., 2024; Marconcini

et al., 2021) has enabled a growing body of research on
quantifying evolving exposure and vulnerability patterns
under the compounding and cascading effects of multiple
hazards. Drawing on these datasets, recent studies have
investigated the spatiotemporal intersections of built-up
expansion, population growth, and hazard intensification
across a range of contexts and scales. Stalhandske et al.
(2025) documented a 69% global increase in per capita
exposure to three or more hazards, including heatwaves,
droughts, wildfires, extreme precipitation, river floods,
and tropical cyclones, between 2003 and 2021 using the
WorldPop population dataset at 0.25-degree resolution.
Wang et al. (2026) demonstrated increasing exposure of
human settlements to landslide susceptibility elevated by
intensified rainfall patterns from 2000 to 2025 using Global
Human Settlement Layer products at 0.1-degree resolution.
Rentschler et al. (2023) revealed rapid global urbanization
within flood zones since 1985 using DLR World Settlement
Footprint data at 30-m resolution. At the city scale, Xia
et al. (2026) identified three distinct developmental stages
in the dryland expansion of Windhoek, Namibia, through
the relationship between informal settlement growth and
land surface temperature using the Google Open Buildings
2.5D Temporal dataset and Landsat imagery at 50-cm
and 30-m resolution, respectively, while Lee and Kim
(2026) analyzed daytime and nighttime population exposure
under compounding earthquake-flood scenarios (Quigley
and Duffy, 2020) in Seoul, South Korea, at 250-m resolution.
Despite the valuable insights into multi-hazard urbanization
dynamics, their focus on the spatiotemporal intersection
of exposure and hazard alone does not yet translate
into a risk-informed understanding, without accounting for
physical vulnerability.

Our Contribution. Our work demonstrates
multi-hazard urban risk dynamics driven by both evolving
exposure and vulnerability, derived from Earth observation
data, through probabilistic graph deep learning (Dimasaka
et al., 2026b), using the case study of Quezon City
(Philippines). At the neighborhood-to-city scale, we
provide a significant extension to previous regional risk
assessment of Quezon City (EMI, 2022; Dimasaka,
2022; Allen et al., 2014), a city with about 3 million
population in 142 administering neighborhoods (hereafter,
barangay or brgy) exposed to both magnitude-7.2 West
Valley Fault earthquake scenario and recurring flooding
events comparable to RCP8.5 100-year return period.
Complementing the absolute measures of earthquake and
flood risk, our work generates maps of annual development
profiles of building exposure and population, physical
vulnerability in terms of building material, earthquake risk
by building damage state and casualty, and multi-hazard
displacement, thereby providing the local government
of Quezon City with relevant risk-informed insights for
developing their local forward-looking PDRM plans. Our
integration of the Google Open Buildings 2.5D Temporal
dataset also presents improvements in the existing static
geospatial exposure database.
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The remainder of this chapter is organized as follows:
Section 2 describes the geography and risk pro�le of
Quezon City, including the datasets across the three elements
of risk: multi-temporal high-resolution building exposure,
prior physical vulnerability, and multi-hazard scenarios.
Section 3 provides an overview of the implementation of
probabilistic graph deep learning, a data-driven model of
exposure and vulnerability, and then presents the assessment
of earthquake and �ood risk. Section 4 discusses the
derived maps of annual development pro�les, followed
by the reported improvements on the existing exposure
database and benchmarking with the most recent CDRA of
Quezon City. Section 5 enumerates various methodological
limitations as opportunities that can be further addressed in
future work.

2. Materials
2.1. Study Area: Quezon City, Philippines

With a land mass of about 161 km2, Quezon City
in the northeast portion of Metro Manila has the largest
population of over 2.9 million (as of 2015) among all
33 highly urbanized cities in the Philippines, occupying
over one-fourth of the size of the metropolitan (QCPDO,
2022). The city comprises six districts (numbered 1-6)
with 37, 5, 37, 38, 14, and 11 barangays, respectively,
as shown in Figure 1, Figure 2, and Figure 3. Over the
years, the city has urbanized with about 30% residential
with a ribbon-type commercial development concentrated
around major transportation networks. Despite the growing
demography of predominantly young at a median age of 27,
the QCPDO (2022) further reported that, in 2022, about
209,350 families still lived in informal settlements, and,
in 2021, the poverty incidence rate (among population)
is at 3.0%, which is equivalent to 94,134 residents
with insu�cient income for minimum basic needs. This
critical background information is important in the context
of our work that examines the growth in multi-hazard
displacement, exacerbating these existing socio-economic
conditions of the city.

2.2. Multi-temporal High-Res Building Exposure
The exposure dataset of Quezon City has undergone

multiple re�nements over two decades, evolving from the
foundational Metro Manila Earthquake Impact Reduction
Study (MMEIRS) in 2002 to 2004 (JICA et al., 2004).
This improved in the 2006 Air Quality Study by the
Metropolitan Manila Development Authority (MMDA)
and subsequently by the 2014 Greater Metro Manila Area
Risk Analysis Project (GMMA-RAP), the �rst megacity
multi-hazard risk assessment to integrate time-series
Landsat multi-spectral and aerial imagery, digital elevation
and surface models at 1-m resolution, 2010 census data
on population and housing, and other remote sensing
information (Bautista et al., 2014). Despite extensive
�eld survey validation, Bautista et al. (2014) recognized
several modeling challenges, including cloud corruption
and lighting illumination artifacts in satellite imagery,

Figure 1: The administrative boundaries of barangays in
Districts 1 and 6 (EMI, 2022) showing our derived 2020
building height data at 10-m resolution.

false negatives in building detection where rooftops were
spectrally similar to vegetation or non-structural accessories
such as covered walkways, uncertainty in inter-storey
heights by occupancy type, incomplete census information
for select barangays, and inherent model uncertainties from
unsupervised land use classi�cation. In 2013, Earthquakes
and Megacities Initiative (EMI) centralized the �rst
comprehensive geospatial exposure database at the city
level using geographic information system tools (EMI,
2013), followed by a signi�cant update in 2022 through
manual digitization using the latest digital elevation and
surface models and high-resolution orthoimagery at about
0.40-m resolution (EMI, 2022). These successive updates
both re�ect the growing interest in city exposure modeling
in practice and the methodological challenges that motivate
the probabilistic and data-driven approach adopted in this
work.

Building on these developments, this work leverages the
publicly available high-resolution 50-cm annual building
height data from the Google Open Buildings 2.5D
Temporal dataset (2016 to 2021), derived from Copernicus
Sentinel-2 imagery through a super-resolution technique
with a mean absolute error of 1.5 m and a coe�cient
of determination, R2, of 0.91 (Sirko et al., 2023).
Recognizing that building height data alone provides
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Figure 2: The administrative boundaries of barangays in
Districts 2 and 5 (EMI, 2022) showing our derived 2020
building height data at 10-m resolution.

Figure 3: The administrative boundaries of barangays in
Districts 3 and 4 (EMI, 2022) showing our derived 2020
building height data at 10-m resolution.

insu�cient discriminative power for material typology
classi�cation to support the probabilistic graph deep
learning, we incorporated additional physically interpretable
covariates from Copernicus Sentinel-2 imagery, including
multi-spectral bands and other derived spectral indices
(Dimasaka et al., 2026b). Hence, we resampled these
building height maps at 50-cm resolution into coarser 10-m

Figure 4: Evolving exposure patterns of building height from
the Google Open Buildings 2.5D Temporal dataset (Sirko
et al., 2023) where the periods 2016-2021 and 2022-2030 serve
as observations and projections, respectively.

grids and expressed the building height (EBH) within each
grid using the non-negative constraint (i.e., EBH g 0) of the
lognormal probability distribution as:

ln EBH í N .�; �/ (1)

where � and � are the mean and variance of �ne-grained
building height values at 50-cm resolution within each
10-m grid. The resulting 2016-2021 maps serve as prior
distributions for building heights, which are inputs to
our graph-based deep neural network with parameters �
that transform the prior parameters .�; �/ into posterior
estimates .�� ; � � /, enabling projections for the period from
2022 to 2030, as shown in Figure 4. To illustrate, Figure 1,
Figure 2, and Figure 3 show our derived 2020 building height
data at 10-m resolution.

2.3. Prior Physical Vulnerability
The physical vulnerability of Quezon City's building

stock, characterized herein as building material typology,
has been re�ned across two successive exposure
developments. In the 2014 GMMA-RAP, Bautista
et al. (2014) addressed the absence of building-level
material typology data by leveraging coarse-grained
2000 census surveys on roof material types, such as
galvanized iron, tile, concrete, wood, and makeshift,
and wall material types, such as concrete, wood, and
makeshift. Bautista et al. (2014) expressed the composition
of each building material typology as proportions of
building counts and �oor area per roof-wall combination
within de�ned polygonal areas, as shown in Figure 5.
The 2022 CDRA update adopted this representational
detail while substantially enhancing its spatial precision
through the integration of the latest digital elevation and
surface models and high-resolution orthoimagery (EMI,
2022). While each roof-wall combination corresponds to
a physical vulnerability typology label, such as C1L for
low-rise reinforced concrete moment frames, that can be
synchronized with fragility and vulnerability functions in
standard risk assessment (Bautista et al., 2012; Tingatinga
et al., 2019), the di�culty of one-to-one and one-to-many
associations between roof-wall combinations and building
material typologies remains a methodological challenge in
ascertaining the true distribution of physical vulnerability.
In other work, we addressed this di�culty using the
combination of fuzzy mapping and deep learning-based
spatial disaggregation using census as constraints to a
clustering task (Dimasaka et al., 2026a), which is beyond the
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Figure 5: Schematic illustration of area-based approach.

scope of this study. Nonetheless, this area-based approach
can serve as a prior distribution for our probabilistic
categorical assumption, enabling deep learning-based
Bayesian updating toward a �ner-grained spatiotemporal
distribution of physical vulnerability across Quezon City.

Following the formulation from the preceding section,
we rasterized the building material typology from the
2022 exposure database at a 10-m grid resolution,
expressing the physical vulnerability (V) of each cell as a
categorical random variable under a multinomial probability
distribution as:

V í Mult.p 1; § ; p K / (2)

where p1; § ; p K are the compositional values of K building
typologies summing to 1.0 within each 10-m grid. Unlike
the multi-temporal building exposure, the prior for physical
vulnerability is static and non-time-varying across the 2016
to 2021 period, re�ecting an underexplored opportunity
in large-scale monitoring of building typologies using
Earth observation data. In the same way, our graph-based
deep neural network with parameters � transforms the
prior parameters .p1; § ; p K / into posterior estimates
.p1

� ; § ; p K
� /, enabling temporal inference for the period

from 2016 to 2030. Recognizing this current limitation
brought about by the lack of temporal building typology
data, this also presents an opportunity for future iteration
for recalibration studies, when data becomes available.
Such data can range from a new census of population
and housing to emerging research innovations, including
temporal disaggregation tools (Huber et al., 2026) and
OpenBuildingMap (Schorlemmer et al., 2026; Oostwegel
et al., 2025), which leverage the temporal evolution of
OpenStreetMap data, a form of volunteered geographic
information of building typology (Bennett, 2010).

We grouped these detailed typologies into broader
material classi�cation, as shown Table 1, and summarized
their presence in each district and barangay in the
supplementary �le.

2.4. Multi-Hazard Scenarios
The compound e�ects of sequential hazards, wherein a

large earthquake is followed by �ooding or vice versa, are
important in Quezon City, where existing human settlements
reside within and around an earthquake fault line, alongside
recurring hydrometeorological hazards. Scenarios such as
a major earthquake during the typhoon season or an
impending typhoon landfall during the aftermath of a large

Table 1
Building material classi�cations of detailed typologies.

Material Symbol Description

Wood
W1W3 Wooden light-frame (small)
W2 Wooden light-frame (large)
N Makeshift or informal

Masonry

CHBMWS Concrete hollow block
URA Unreinforced adobe walls
URM Unreinforced masonry walls
RM2 Reinforced masonry walls

Concrete

CWS Concrete with steel
C1 Reinforced concrete frame
C2 Reinforced concrete shear wall
C4 Concrete shear walls & frames
PC2 Precast concrete frames

Steel
S1 Steel moment frames
S2 Steel braced frames
S3 Steel light frames

Figure 6: Multi-hazard scenarios: earthquake intensity map at
175-m scale (left) and �ood depth map at 10-m scale (right)
(EMI, 2022; QCDRRMO and UPRI-NOAH, 2022).

earthquake could dramatically exacerbate risks to a�ected
communities. To explore this compound risk scenario, we
considered the earthquake scenario of a magnitude-7.2
along the West Valley Fault in combination with a �ooding
simulation under the RCP8.5 with rainfall at a 100-year
return period (EMI, 2022). As shown in Figure 6, we adopted
the hazard maps from the 2022 CDRA of EMI (2022) to have
a consistent comparison across risk metrics.

2.4.1. M-7.2 West Valley Fault Earthquake Intensity
Described as the �Big One� in public discourse and

estimated as the maximum size from the MMEIRS project
(JICA et al., 2004), the magnitude-7.2 earthquake scenario
in the West Valley Fault is reportedly to have a return
period between 400 and 600 years with an uncertainty
range of 100-400 years, based on the paleoseismic studies
by Nelson et al. (2000). Depending on the distance from
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Table 2
Modi�ed Mercalli Intensity Scale (Wood and Neumann, 1931).

MMI Description

8 �Damage slight in specially designed structures;
considerable in ordinary substantial buildings with
partial collapse; great in poorly built structures.
Panel walls thrown out of frame structures. Fall of
chimneys, factory stacks, columns, monuments, and
walls. Heavy furniture overturned. Sand and mud
ejected in small amounts. Changes in well water.
Disturbed persons driving motor cars.�

9 �Damage considerable in specially designed
structures; well-designed frame structures thrown
out of plumb; great in substantial buildings, with
partial collapse. Buildings shifted o� foundations.
Ground cracked conspicuously. Underground pipes
broken.�

10 �Some well-built wooden structures destroyed; most
masonry and frame structures destroyed with
foundations; ground badly cracked. Rails bent.
Landslides considerable from riverbanks and steep
slopes. Shifted sand and mud. Water splashed
(slopped) over banks.�

the fault rupture and soil characteristics through which the
earthquake propagates, Figure 6 (left) maps the Modi�ed
Mercalli Intensity (MMI) (Wood and Neumann, 1931) (see
Table 2 for descriptions) based on its empirical relationship
with peak ground acceleration calculated from ground
motion prediction models. EMI (2022) reports earthquake
intensity in terms of MMI to ensure comparability with
previous studies (MMEIRS and GMMA-RAP) and to
support its interpretation and application by government
practitioners who are more familiar with intensity-based
scales than with engineering measures such as peak ground
acceleration or spectral response values.

2.4.2. RCP8.5 100-year Flood Depth Map
As established in the Quezon City Drainage Master

Plan (QCDRRMO and UPRI-NOAH, 2022), we used the
�ood depth map under the scenario of Representative
Concentration Pathway (RCP) 8.5 (2020-2039) with
rainfall at a 100-year return period, as shown in Figure 6
(right). The RCP8.5 scenario represents an upper-bound,
business-as-usual trajectory (i.e., worst-case scenario)
characterized by the highest projected greenhouse gas
concentrations, compounded by the absence of climate
mitigation measures and sustained high population growth
(Riahi et al., 2011). This is also comparable in intensity
to the observed inundation from severe tropical storm
Ondoy, known internationally as Ketsana (EMI, 2022). The
�ood depth map is strati�ed into �ve increasing inundation
levels: (< 0:2m) remain generally manageable; (0:2 * 0:5m)
destabilize moving vehicles; (0:5*1:5m) pose casualty risks
and disrupt light to medium vehicles; (1:5 * 3:0m) render

Figure 7: The varying number of building types (left) controls
the splitting of dataset into training (70%), testing (15%), and
validation (15%) sets (right).

households signi�cantly non-functional; and (> 3:0m)
displace residents to upper �oor levels.

3. Methods
3.1. Probabilistic Data-Driven Model

The probabilistic data-driven model, known as the
Graph Variational State-Space Model provided in detail in
Dimasaka et al. (2026b), trains four modules of graph-based
deep neural network that approximates: (1) the relationship
among the patterns of building height (exposure), input prior
of material typology compositions (physical vulnerability),
and other covariates from Copernicus Sentinel-2 imagery;
and (2) the dynamics of posterior estimates for the
lognormal and multinomial probability distributions of
building exposure and physical vulnerability, respectively.
Similar to Bayesian updating enhanced by probabilistic
graph deep learning, it trains a set of parameters � for
each posterior distribution by balancing new information
across temporal periods against the prior information from
the Google Open Buildings 2.5D Temporal dataset and
the Quezon City's building stock with material typology
characterization.

s
The graph-structured representation of building

exposure and physical vulnerability incorporates
neighborhood information from eight-directional
adjacency1 among 10-m pixels, establishing a learning
propagation mechanism as the parameters � of a three-layer
graph convolutional neural network2 (Kipf and Welling,
2016) converge to an optimal solution. In each module
of physical vulnerability, the variational autoencoder3

learns a structured4 latent5 representation consistent

1eight directions: north, east, west, south, northeast, southeast,
southwest, and northwest

2a type of graph-based deep neural network
3a deep learning solution that approximates the posterior estimates
4�structured� means the use of parameters of a probability distribution
5similar to the term�hidden� because the true compositions are not

fully observed (or available)
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