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Abstract

Regional disaster resilience quantifies the changing nature of
physical risks to inform policy instruments ranging from local
immediate recovery to international sustainable development.
While many existing state-of-practice methods have greatly
advanced the dynamic mapping of exposure and hazard, our
understanding of large-scale physical vulnerability has re-
mained static, costly, limited, region-specific, coarse-grained,
overly aggregated, and inadequately calibrated. With the sig-
nificant growth in the availability of time-series satellite im-
agery and derived products for exposure and hazard, we fo-
cus our work on the equally important yet challenging ele-
ment of the risk equation: physical vulnerability. Given this
unique problem, we leverage machine learning methods that
flexibly capture spatial contextual relationships, limited tem-
poral observations, and uncertainty in a unified probabilis-
tic spatiotemporal inference framework. We therefore intro-
duce Graph Variational State-Space Model (GRAPHVSSM),
a novel modular spatiotemporal approach that uniquely inte-
grates graph deep learning, state-space modeling, and vari-
ational inference using time-series data and prior expert be-
lief systems in a weakly supervised or coarse-to-fine-grained
manner. We present three major results: a city-wide demon-
stration in Quezon City, Philippines; an investigation of sud-
den changes in the cyclone-impacted coastal Khurushkul
community (Bangladesh) and the mudslide-affected Free-
town (Sierra Leone); and an open geospatial dataset, ME-
TEOR 2.5D, that spatiotemporally enhances the existing
global static dataset for 46 UN-recognized Least Developed
Countries (as of 2020). Beyond advancing the practice of re-
gional disaster resilience assessment and improving our un-
derstanding of global progress in disaster risk reduction, our
method also offers a probabilistic deep learning approach,
contributing to broader urban studies that require composi-
tional data analysis in weakly supervised settings.

Code — https://github.com/riskaudit/GraphVSSM
Quezon City (Philippines) Dataset — https://doi.org/pzj2
METEOR 2.5D Dataset, Part 1/2 — https://doi.org/pzq4
METEOR 2.5D Dataset, Part 2/2 — https://doi.org/pzrd
Khurushkul-Freetown Dataset — https://doi.org/pzkw
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1 Introduction

When a large earthquake, widespread flooding, raging wild-
fire, or any natural hazard strikes, we frequently hear the call
for “resilience”, which has unfortunately become increas-
ingly ambiguous and overused in many recent global cli-
mate conversations (Bogardi and Fekete 2019; Parker 2020).
In contrast, when designing buildings and critical infras-
tructure, quantifying physical (or asset) resilience follows
a clearer framework as a dynamic risk, which is a tem-
poral convolution of three major changing elements — ex-
posure, vulnerability, and hazard — through time (Bruneau
et al. 2003; FEMA 2012; Almufti and Willford 2013). Vary-
ing temporal scales of dynamic risk analysis serve differ-
ent yet interconnected purposes, ranging from immediate
recovery efforts (Comerio 2006) at daily-to-annual scales
to development-oriented climate finance (ADB 2017) at
longer intervals, such as five-year periods. For example, low-
and middle-income countries in the Caribbean, Pacific, and
Africa have begun to benefit from modern international cli-
mate finance instruments, such as regional catastrophic risk
pools (Ciullo et al. 2023). This underscores the importance
of large-scale monitoring of changing patterns of exposure
and vulnerability, amid intensifying climatic hazards, to bet-
ter assess regional disaster resilience.

Despite recent advances in dynamic exposure and haz-
ard modelling — such as Google Open Buildings 2.5D Tem-
poral (Sirko et al. 2023), DLR World Settlement Footprint
Evolution (Marconcini et al. 2021), Global Human Settle-
ment Layer multitemporal products (Pesaresi et al. 2024),
Microsoft Aurora (Bodnar et al. 2025), Google Graph-
Cast (Lam et al. 2023), and ECMWF AIFS (Lang et al.
2024) — progress in mapping the dynamic nature of phys-
ical vulnerability remains limited (UNDRR 2025). Current
approaches still rely heavily on the static information from
the GEM Global Exposure Map and Vulnerability Model
(Yepes-Estrada et al. 2023; Martins and Silva 2023) and the
METEOR project (Huyck et al. 2019). Although analytical
Bayesian probabilistic approaches (Pittore, Haas, and Silva
2020; Gémez Zapata et al. 2022) and various dasymmet-
ric disaggregation techniques (Geil} et al. 2023; Dimasaka,
Geil3, and So 2025) have enhanced spatial accuracy, the intri-
cate subjectivity and coarse-grained representation of physi-



cal vulnerability as an ungeneralizable label across different
construction practices indicate that solutions must be highly
region-specific and consider the prevailing weakly super-
vised setup in both spatial and temporal domains.

With the significant growth in the availability of time-
series satellite imagery, its rich information allows us to
recognize relevant patterns and tackle these challenges us-
ing machine learning methods that flexibly capture spatial
relationships, temporal dynamics, and uncertainty in a uni-
fied framework (Rolf et al. 2024). In particular, graph deep
learning methods have enhanced our ability to model spa-
tial relationships of irregularly structured data (e.g., connec-
tions between buildings) compared to conventional convo-
lutional neural networks (Bronstein et al. 2021; Sheikh and
Saha 2025). Additionally, deep state-space methods com-
bine probabilistic sequential learning with prior knowledge
specification and deep variational inference for uncertainty
quantification (e.g., the changes in the likelihood of a highly
vulnerable label given an existing coarse-grained belief sys-
tem) (Girin et al. 2020; Lin and Michailidis 2024). Together,
these advanced capabilities open new opportunities to ad-
dress the gap in modeling the interpretable regional dynam-
ics of exposure and physical vulnerability towards a more
fine-grained and accurate large-scale mapping while incor-
porating existing and valuable prior domain knowledge.

In this paper, our key contributions are:

* GRAPHVSSM or Graph Variational State-Space Model,
a novel spatiotemporal method that integrates graph deep
learning, state-space modeling, and variational inference
using time-series satellite imagery and prior expert belief
systems in a weakly supervised manner.

A probabilistic graph-based deep learning framework
that advances the purely analytical Bayesian updating ap-
proach of previous work (Pittore, Haas, and Silva 2020),
enabling the learning of complex relationships between
building height, local spatial connectivity, and region-
specific vulnerability labels.

A city-wide validation of the assumed probability distri-
butions for various indicators of regional exposure and
physical vulnerability, using Quezon City in the Philip-
pines as a case study.

A high-resolution demonstration of yearly changes in
physical vulnerability from 2016 to 2023 in the cyclone-
impacted coastal Khurushkul community in Bangladesh
(also known as “the world’s largest climate refugee reha-
bilitation project” (Khan et al. 2024)) and the mudslide-
affected Freetown in Sierra Leone in 2017.

A novel open geospatial dataset, METEOR 2.5D, that
spatially refines the existing METEOR dataset (i.e., from
450-meter to 90-meter scale) and significantly extends
it with country-wide dynamic evolution of regional ex-
posure and physical vulnerability for 46 UN-recognized
Least Developed Countries as of 2020, provided at five-
year intervals between 1975 and 2030.

2 Related Work

This section reviews related literature across three key topics
that motivate our development of GRAPHVSSM for mod-
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eling the dynamic geospatial nature of physical vulnerabil-
ity. We first examine current approaches and assumptions
in analytical and statistical dynamic models used in disas-
ter risk science, highlighting the distinct challenge of weak
supervision. We then discuss how their limitations motivate
the use of graph deep learning for efficient representation
learning of building attributes. Next, we highlight the suit-
ability of deep state-space models for handling short time
series, which is another core aspect of our problem setting.
Finally, we present the emerging concept of a graph state-
space model and describe how extending it with variational
inference supports a unified probabilistic framework for cap-
turing uncertainty within disaster risk practice.

2.1 Dynamic Mapping of Physical Vulnerability

Along with the rapid growth of volunteered geographic in-
formation and satellite-derived products, many recent stud-
ies have developed a variety of analytical and probabilistic
mapping approaches for dynamically updating the distribu-
tion of physical vulnerability across space and time (Cre-
men, Galasso, and McCloskey 2022). Relevant to our scope
of large-scale mapping, the pioneering work of Porter et al.
(2014) introduced the use of Beta probability distribution
to perform Bayesian updating of the likelihood of a sin-
gle building type using outcomes from field surveys. Build-
ing on categorical Bayesian inference (Agresti and Hitch-
cock 2005), Pittore, Haas, and Silva (2020) extended this
approach using Dirichlet and Multinomial probability distri-
butions to account for the correlation among different build-
ing types.

In contrast to these past studies that explicitly incorpo-
rate sparse in situ data, Lallemant (2015) applied a cellu-
lar automata approach and Markov chain modeling to dy-
namically update the physical vulnerability (e.g., incremen-
tally expanding buildings), despite the lack of data cali-
bration (Lallemant et al. 2017). Differently, Calderon and
Silva (2022) proposed representing each location as a multi-
agent system whose behavior depends on a geographically
weighted regression model. As a more interpretable and
manual yet costly approach, Schorlemmer et al. (2020) syn-
thesized large volumes of crowdsourced information, such
as OpenStreetMap, using a rule-based approach.

All of these past studies point toward the same prevailing
challenge posed by the weak supervision setting, where we
aim to refine coarse-grained vulnerability labels into finer
spatiotemporal scales. Our study seeks to advance these
state-of-practice methods by using deep learning to flexi-
bly capture rich information from diverse datasets, including
time-series satellite imagery, while also incorporating prior
expert belief systems. This enables us to derive probabilistic
representations that are better suited to disaster risk practice.

2.2 Graph Deep Learning of Building Attributes

Problems in weather, climate, and urban modeling that uti-
lize satellite imagery have seen significant advances through
the adoption of graph deep learning. The technique lever-
ages contextual information and handles unstructured data,
making it particularly well-suited for spatiotemporal graph-
structured datasets (Zhao et al. 2024).



For instance, Fill, Eichelbeck, and Ebner (2024) con-
structed distance-based subgraphs to predict residential
building type across multiple countries, outperforming con-
volutional neural networks. Likewise, Xu et al. (2022b)
and Lei et al. (2024) demonstrated that graph deep learn-
ing achieved higher performance than support vector ma-
chines and random forests. Kong et al. (2024) further em-
phasized its ability to capture correlations among different
building types. For other unstructured data, Dimasaka, Sel-
vakumaran, and Marinoni (2024) effectively linked sparse
settlement areas with complex road networks at large scales.

Therefore, considering the sparsity of the building foot-
prints in our problem setting, our study combines deep learn-
ing with graph-structured representations to provide greater
flexibility in modeling diverse representations and attributes
of the built environment.

2.3 Deep State-Space Model for Short Sequences

In time-series forecasting, real-world scenarios with limited
historical observations — particularly in spatiotemporal stud-
ies that rely on coarse temporal resolutions, such as yearly,
five-year, or ten-year intervals — motivate the use of simpler
models to avoid the overfitting tendency of more complex
ones (Lim and Zohren 2021). In our problem setting where
publicly available moderate-resolution satellite imagery has
recently been introduced to inform key global frameworks
through 2030, the characteristics of temporal data in terms
of information quantity, irregularity, and sequence length are
a crucial consideration in deciding between data-driven or
deep forecasting models (Benidis et al. 2022).

To tackle these challenges, Benidis et al. (2022) further
noted that deep state-space models outperform purely au-
toregressive and discriminative models, particularly in low-
data regimes (de Bézenac et al. 2020) and when dealing
with noisy or incomplete data (e.g., gaps in satellite imagery
or sparsity of satellite-derived products). Specifically, Ran-
gapuram et al. (2018) showed that hybridizing state-space
models with deep learning facilitates an interpretable and
generalizable framework by efficiently reducing the hypoth-
esis space using input prior knowledge to the latent states
(Grover, Kapoor, and Horvitz 2015) and combining the flex-
ibility of deep neural networks with the useful structural as-
sumptions of traditional state-space models via latent state
representations (Durbin and Koopman 2012). Hence, in our
study, we adopt a deep state-space model because its explicit
structural assumptions align well with estimating the like-
lihood of physical vulnerability classes based on building
height patterns and prior knowledge from expert-informed
census-derived products.

Building on the preceding section on graph deep learn-
ing, our study therefore advances deep state-space modeling
by integrating graph neural networks, which capture more
inductive relational biases in terms of neighborhood effects
among buildings that share the same local contextual char-
acteristics. While early formulations of graph state-space
models have primarily used encoder-decoder architectures
(Zambon et al. 2023; Cini et al. 2025), we expand this ap-
proach by incorporating variational learning to parameter-
ize the latent space representations probabilistically (Blei,
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Figure 1: A schematic diagram of GRAPHVSSM consist-
ing of four key modular components, where X, E, and
V represent any independent explanatory variables (e.g.,
signals of satellite imagery and other auxiliary data such
as proximity to road networks), exposure (e.g., probabil-
ity of building presence and height), and vulnerability (e.g.,
probability of a particular building typology), respectively.
Each module has a variational autoencoder with graph con-
volutional networks (Kipf and Welling 2016) for encoder
(e., f € {fOF fTEFOV fTV1) and decoder (ie., g €
{gOF, gTEGOV ¢TV1), signifying relationships between
and dynamics within X, E, and V.

Kucukelbir, and McAuliffe 2017), leveraging the noisy sig-
nals of satellite imagery. This framing aligns well with the
probabilistic treatment within disaster risk science, enabling
our proposed approach to coherently quantify uncertainties
across regional exposure, vulnerability, and hazard (Ward
et al. 2020).

3 Graph Variational State-Space Model

This section presents the formulation of GRAPHVSSM, as
illustrated in Figure 1. We first discuss the probabilistic rep-
resentations of our exposure and physical vulnerability, fol-
lowed by how these representations are integrated into each
modular component of our graph state-space model. Next,
we present the supervised variational learning that incorpo-
rates input prior knowledge. Finally, we show how this ap-
proach benefits from the expressive representation of spa-
tiotemporal graphs, including its features and assumptions
behind our design of the adjacency matrices.

3.1 Probabilistic Models

We define the exposure E with two distinct probabilistic
assumptions for the continuous and discrete variables of



building height and presence, respectively. Upon initial em-
pirical investigation of their signal distributions and con-
sidering the non-negative constraint, we assume building
height (Egg) and presence (Egp) to follow lognormal and
Bernoulli probability distributions, respectively, as:

InEgn € {InEZH, mESH} ~ N (1y(X), p(X)) (D
Egp € {EZ5. Egp} ~ Bern(py(X)) 2

where py, 3y, and p, (i.e., via logit £y) are outcomes of
our encoder networks, fOF and fT¥, with learnable param-
eters, 6.

Moreover, following the analytical formulation of Pittore,
Haas, and Silva (2020), we also represent the vulnerability
V as a categorical multinomial random variable:

V e {VOV VTV} ~ Mult(py(X),...,p5 (X))  (3)

where p, are outcomes of our encoder networks, fOV and
FTV, with learnable parameters 6.

In a given single pixel that can have varying spatial reso-
lutions in our experiments, we want to determine the prob-
ability of observing k" building typology from all possi-
ble K types. Unlike their approach that uses discrete counts
of buildings (Pittore, Haas, and Silva 2020), we improve
this analytical approach to use the rasterized proportions of
buildings, enabling the efficient use of geospatial data across
large areal extents.

3.2 State-Space Model Components

For ease of demonstration, we sequentially train the modules
in the following order: OE, TE, OV, and T'V. This modu-
larity provides flexibility, for cases where only the relation-
ship between E and V is found to be more relevant than
the well-studied task of predicting or forecasting E. Never-
theless, our full training has still enabled us to establish and
validate our probabilistic assumptions for E and V.

OE: Observation Exposure Module The encoder net-
work fOF inputs the X covariates and jointly outputs the
probabilistic parameters £, 29F, and pP® for EQE and
EQE. The decoder network g©® inputs the samples of EQE

and Egg and outputs X, a reconstruction of our covariates.

TE: Transition Exposure Module The encoder network
fTE inputs the samples of EQE and EQE at time ¢, ap-
pended with the previous g T¥-reconstructed covariates (i.e.,
not the original X) for the same time step, ¢.

Then, it jointly outputs a different set of probabilistic pa-
rameters uf ®, X7, and py F for ELE and EZE for the
future time step, t + 1.

Similarly, the decoder network gT® inputs the samples of
ETE and ELE from a future time step, ¢ + 1, and backward
reconstructs our inputs to fTE, for the preceding step, .

After training the fTF and ¢gT®, we sample Egg for the
entire time horizon to identify the reduced set of pixels with
a high likelihood of building presence (i.e., N;FE > 0.5), in-
stead of using the full map. This new set of pixels concludes
the probabilistic modeling of E and introduces a different
set of adjacency matrices for the succeeding probabilistic
modeling of V.
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OV: Observation Vulnerability Module The encoder
network f©V inputs the samples of ELE and the previously
gTE-reconstructed covariates. Then, it outputs the proba-
bilistic K parameters pgv, corresponding to the K types
of physical vulnerability. The decoder network ¢®V inputs
the samples from this multinomial probability distribution
and outputs a further reconstruction of our covariates.

TV: Transition Vulnerability Module The encoder net-
work fTV inputs the samples of VOV at time ¢, appended
with the previous g©V -reconstructed covariates for the same
time step, t. Then, it outputs a different set of probabilistic
K parameters py V for the next time step, ¢ + 1. Similarly,
the decoder network g™V inputs the samples of VTV from a
future step, £+ 1, and then backward reconstructs our inputs
to fTV, for the preceding step, t.

3.3 Variational Learning

Encoder Reparameterization Tricks To enable the vari-
ational nature, we implement the following reparameteriza-
tion trick for the stochastic samplings of our building height
variable using:

Efp = et t =07 e AN(0,1) (4)

Similarly, the variables for building presence and propor-
tion of vulnerability types follow the same categorical pa-
rameterization trick via Gumbel-Softmax distribution for a

continuous, differentiable approximation, proposed by Jang,
Gu, and Poole (2016). In symbols,

elo,ktar)/T

K (e,i+g95)/T

Zj:l e
where K = 2 for binary Egp and K > 2 for multiclass V.
T is our scalar temperature input upon checking the shape of
prior distribution across K classes, and g* is sampled as:

g* = —log(—log(u*)), wu* ~ Uniform(0,1) (6)

In addition, as introduced in Section 3.1, £g are logits,
which are direct outputs of our encoder networks. To deter-
mine the corresponding probabilistic parameter p, for the
k" class or building typology for our Bernoulli or multi-
nomial probabilistic distribution, respectively, we can also
use the softmax operator but without the stochastic sampling
part and the scalar temperature input, as:

{E*BP7 V*}’ =

®)

elo.k

Zf:l eto:s
Local Pruning for K Vulnerability Types Following a
similar strategy for efficient training from multi-hazard im-
pact studies (Xu et al. 2022a), the first of our two ways of
incorporating prior knowledge information is through local
pruning of our multinomial probabilistic distribution. For
example, even though a region can have K vulnerability
types, some areas can have a varying number of types. To
illustrate, a more rural or more urbanized area might have
only fewer types, while the rural-urban interface area can
have more diverse types up to K types. In our experiment,
the logit is simply set to a small value (i.e., —1000) if the
k" building typology is known a priori to be non-existent.

ph = (7)



Loss Functions We train every module using the sum of
reconstruction loss, £¢, and Kullback-Leibler divergence
loss, £XL. The training of all decoder networks, g, is more
straightforward than that of our encoder networks, f.

On one hand, our decoder networks minimize £*¢ in
terms of a weighted mean-squared error.

| X
rec __ z 42
L = I ;:1 wi (x; — Iy) )

where, for N data points, z € X and & € X. w?® is a scalar
shape-dependent weight with values depending on their Eu-
clidean distances from the defining characteristic points of
the empirical distribution of X. For instance, since X seems
to follow a normal distribution upon investigation, we as-
sign higher weights to points located at the modal peak and
at both extreme ends; otherwise, the weights for other points
are linearly interpolated.

On the other hand, the encoder networks minimize £Xt
and use a similar weight assignment approach. For Egyy,
we take the average in such a way that, for i*" point,

L( (po; — po,i)?
EKL R )% X4 Ho
B ( B ©)
Ug,i Ug,i oo
+ o —In{—==)—1|w;
90,i 90,i

where (19 ; € py and og ; € 0. Similarly, 19, 09, wH°, and
w?° are from the prior distribution of building height.

For EBP .
) w? (10)

where pg; € py. Similarly, pp and wP° are from the prior
distribution of building presence.
For V where i*" point has K possible types,

K
Ly = ( > po.iklog Eosk ) w;”
P DPo,i.k
where pp; € py. po and wP° also come from the prior
distribution of vulnerability types. Specifically, wP° assigns
higher importance to the most likely class via masking.

In V, our initial findings suggest that the effects of weak
supervision combined with many possible classes posed dif-
ficulties in learning diverse classifications. Hence, we added
a supervised cross-entropy loss from a semi-supervised vari-
ational learning solution (Kingma et al. 2014).

CE __ Po
‘CV,z’ = ( )wi

3.4 Spatiotemporal Graph

Whether at city or country scale, we divide the region into
multiple square tiles and split them into training, testing, and
validation sets with a balanced number of V classes. Using

1 —po;

Do.i
DPo,i

Eg“pﬂ' = (pe,i log +(1—pe,i) log

1 —po,

Y

K

Zp(],i,k: log(pe,ik)

k=1

(12)
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the following spatiotemporal graph representations, we train
OE, TE, OV, and TV modules with graph convolutional
networks (Kipf and Welling 2016).

For each tile, we create an undirected exposure graph
GE = (NE, AP XF) at time step t. NF is the set of nodes
that represent all pixels in the square tile, AP is the grid-
based adjacency matrix or connectivity information between
these nodes from all eight directions, and XtE is the fea-
ture covariates such as the signals and derived indices from
satellite imagery. Through time, while the A remains un-
changed, the values of X/ may vary to indicate changes in
building presence and height.

To train the OV and TV modules, we then reduce the
AF if the sampled values of EZE exceeded 0.5. In this
case, the AP becomes A}, which identifies NV and also
changes through time. Our X, contains the sampled val-
ues of ELE and, as mentioned previously, the previously

TE _reconstructed covariates, thereby creating the undi-

g
rected vulnerability graph G} .

3.5 Evaluation

To facilitate a comparable evaluation with previous studies
on dynamic vulnerability modelling (Pittore, Haas, and Silva
2020), we calculate the Aitchison distance, d 4, which quan-
tifies the difference between the compositions of two differ-
ent models (i.e., prior p, and ours py) (Aitchison 1982).

1 K K 2
dy = M;Jz_;[m( ﬂ (13)

We demonstrate the application of GRAPHVSSM through
three distinct case studies, each with varying spatiotempo-
ral resolutions. First, we implement full sequential train-
ing of all modules for Quezon City, Philippines, at an an-
nual 10-meter resolution, conducted in close collaboration
with the disaster risk managers. Next, to account for sig-
nificant changes caused by recent disasters, we showcase
the benefits of modularity by training only the OV mod-
ule for the cyclone-impacted coastal Khurushkul community
(Bangladesh) and the mudslide-affected Freetown (Sierra
Leone), both at an annual 50-centimeter resolution. Finally,
to illustrate the scalability at a coarser continental level, we
train the OV module for 46 UN-recognized Least Devel-
oped Countries as of 2020, using a five-year interval at a
90-meter resolution. Further details are in the Supplemen-
tary Material section of our extended preprint version. (Di-
masaka, Geil3, and So 2025).

Do,
Do, ;

Po i

)5

4 Experimental Setup

0,5

5 Results and Discussion
5.1 Changing Physical Vulnerability Composition

In Figure 2, we illustrate, through two different time scales,
the changes in the composition of physical vulnerability
using our trained OV module with time-series satellite-
derived products of building exposure.
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Figure 2: Top: Annual changes in building presence and height (Google Open Buildings 2.5D Temporal) and the corresponding
METEOR prior and OV posterior probabilities for the informal settlement (INF) and unreinforced concrete block masonry
(UCB) classes in cyclone-impacted Khurushkul (Bangladesh) and mudslide-affected Freetown (Sierra Leone), respectively.
Bottom: Change in mean Aitchison distance between METEOR prior and OV posterior probabilities (from GHSL multitem-
poral products) of vulnerability classes across 46 UN Least Developed Countries (as of 2020), calculated as the ratio relative to
the 1975 baseline (T/1975), at five-year intervals, 1975-2030.

In Khurushkul, Bangladesh, our findings show that prior
to the disaster, our posterior maps for 2016 and 2017 indi-
cated an increasing density of informal constructions around
the coastal community. However, this pattern lessened in
2018 following the disaster and began to show signs of scat-
tered rebuilding from 2019 onward, with a notable expan-
sion near the northwest part of the map (i.e., close to the
water body). The 2021 posterior map also captured the sig-
nificant displacement caused by the construction of the air-
port. Since the building height and geometry of the new
airport facilities have different characteristics from that of
the surrounding dominant informal settlement patterns, the
trained OV module recognized these differently, assigning
lower probabilities of being classified as informal construc-
tions. This result underscores the influence of local contex-
tual information (i.e., how the houses are sized and irregu-
larly arranged) as captured by the graph neural network, on
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the probability of a particular building typology.

In Freetown, Sierra Leone, although the mudslide caused
the affected area to be uninhabitable, our posterior maps re-
vealed a post-disaster community-level behavior in which
a densification of the same weak vulnerability class (unrein-
forced concrete block masonry) occurred around the perime-
ter and, in some instances, even within the previously dev-
astated area. Since both cases show the persistence of highly
vulnerable building types in areas with elevated climate and
disaster risks, our evidence collectively suggest the critical
importance of regularly monitoring the spatial and tempo-
ral distribution of physical vulnerability to better inform a
holistic community-level disaster resilience planning.

On the bottom half of Figure 2, the change in mean
Aitchison distance supports our prior expert belief systems
regarding the compositions of vulnerability classes. Partic-
ularly, our resulting heatmap inflection points around 2000-
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Figure 3: Annual changes in OE/TE posterior parameters for Egp (left) and Egyy (middle), and the mean Aitchison distance
between prior and OV/TV posterior probabilities of V classes (right) in Quezon City, Philippines.

2010 (i.e., shifting from decreasing to increasing) suggest
that the METEOR data likely reflects vulnerability patterns
during that decade. Between 1975 and 2000, the positive rate
of change corresponds to the influence of a low built-up area
characterized by a more homogeneous composition of vul-
nerability classes. After 2010, the rate of change accelerates
beyond that of the 1975-2000 period, indicative of the an-
ticipated urban expansion and substantial changes in the het-
erogeneous composition of physical vulnerability classes.

5.2 Uncovering Spatiotemporal Dynamics

Examining the derived posterior parameters across our four
modules of the graph state-space model reveals insights into
the regional spatiotemporal dynamics of building exposure
and physical vulnerability. As shown in Figure 3, during the
observable 2016-2021 period, the trends of posterior param-
eters for OE, TE, OV, and T'V remained similar but began
to diverge after 2021, implying the learned slow temporal
behavior in building exposure and physical vulnerability.

5.3 Learning Interpretable Probabilistic Latents

Representing latent variables as parameters of assumed
probability distributions has become feasible through the
use of multiple explanatory covariates and derived indices
from satellite imagery, as shown in Figure 4. Our results
further demonstrate that incorporating prior knowledge into
the Kullback-Leibler divergence and cross-entropy losses to
address weak multi-class supervision allows the framework
to balance supervised learning with deep Bayesian coarse-
to-fine-grained updating. This yields interpretable posterior
parameters and enables the reconstruction of covariates us-
ing reparameterization techniques for both continuous and
categorical distributions.

6 Conclusion and Future Work

While machine learning and time-series satellite imagery are
increasingly used to understand climate and disaster risks —
especially for dynamic exposure and hazard mapping — our
work tackles the equally important yet uniquely challenging
aspect of modeling physical vulnerability at large spatiotem-
poral scales. Our contribution demonstrates a probabilistic
deep learning approach, contributing to broader urban stud-
ies that require compositional data analysis in weakly super-
vised or coarse-to-fine-grained settings. For future study, we
recommend the following next steps:
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Figure 4: Top twelve: Explanatory covariates and derived in-
dices from satellite imagery. Bottom ten: Comparisons be-
tween prior and OE/OV posterior parameters.

¢ In training the graph state-space model, while we under-
stand that this may become computationally expensive,
simultaneous, instead of sequential, learning can provide
insight into a unified modelling framework.

In vulnerability modelling, the use of vector-based rep-
resentation of buildings can result in an interesting mod-
ification of the multinomial probability distribution that
uses discrete counts, instead of rasterized proportions.

Calibrating the T'V module with monitored information
on the changes of physical vulnerability (e.g., retrofit,
demolition, or disaster damage) can improve the overall
performance and flexibility with new observations.
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