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Abstract

Efficiently managing complex disasters relies on having a comprehensive understanding of
the situation at hand. Immediately after a disaster strikes, it is crucial to quickly identify the
most impacted areas to guide rapid response efforts and prioritise resource allocation
effectively. Utilising early-stage estimations of impacted regions, derived from indicators such
as building distribution, hazard zones or geo-social media reports, can aid in planning data
collection initiatives to enhance situational awareness. Consequently, there is a need to
improve the availability and accuracy of early-stage impact indicators and to integrate them
into a coherent spatial and temporal analysis framework that enables identification of disaster-
affected areas. In this study, a method is proposed that is tailored to quickly identifying disaster
hotspots, especially in situations where detailed damage assessments or very high-resolution
satellite images are not readily available. The approach leverages the H3 discrete global grid
system and uses a log-linear pooling method coupled with an unsupervised hyperparameter
optimization routine to fuse information on flood hazard extracted from medium-resolution
satellite images with disaster-related data from Twitter and freely available supplementary
geospatial data on exposed assets. The performance of the method is evaluated by comparing
its outcomes against detailed damage assessments conducted during five real-world flood
disasters. The results indicate that it is possible to determine the areas most affected by a
flood solely based on readily available proxy information. Code and test data are available
from: https://github.com/MWieland/h3h
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1 Introduction

Effective and efficient management of complex disaster situations relies heavily on
comprehensive situational awareness. The lessons learned from recent disasters such as the
2021 floods in Western Germany underscore the paramount importance of timely
geoinformation for safeguarding communities (Holzheimer et al. 2022). In the response phase,
it is essential to quickly identify the most affected areas in order to guide rapid response
actions and to decide where to focus limited resources. Commonly, this is an iterative process
with continuous updates whenever new or more accurate information becomes available.
While initial estimates of disaster impacts may be based on fuzzy and incomplete information,
they are still relevant for providing an initial situational picture before more detailed and
spatially refined damage assessments become available. Early-stage estimates of most
severely affected areas based on indirect proxy information (e.g., population distribution,
hazard zones, etc.) can be used to plan data acquisition campaigns to improve the situational
awareness and hence the general understanding of where to focus further efforts in a targeted
and efficient manner.

A plethora of studies exists that target damage assessment from multi-temporal remote
sensing images (Adriano et al. 2021; Zheng et al. 2021; Wiguna et al. 2024). These
approaches provide detailed per-building assessments and are almost exclusively based on
very high-resolution aerial or satellite images (with ground sampling distance <=1m) that have
been acquired on-demand over specifically targeted areas (Voigt et al. 2016). Similarly, the
rapid damage mapping protocols employed by the Copernicus Emergency Mapping Service
(EMS) (Ajmar et al. 2017) are built on the premise that a preliminary selection of the most
impacted regions has already been conducted before initiating the rapid mapping activation.
However, particularly in the initial phase of a disaster, this assumption is often improbable,
leading to delays between the onset of a disaster and the availability of map products. This
raises the fundamental question: How can the most likely affected areas be detected before
initiating on-demand satellite data acquisitions and planning aerial or in-situ surveys?

A viable solution is to analyse remote sensing images from systematically acquiring satellites
such as Landsat, Sentinel-1 or Sentinel-2 (with ground sampling distance between 10 and 30
m) (Aimaiti et al. 2022). Putri et al. (2022) conclude that damage grading can only be
accurately achieved using higher spatial resolution images. Hence, studies based on medium-
resolution imagery commonly focus on the large-scale delineation of the hazard extent (Chini
et al. 2021; Martinis et al. 2022; Krullikowski et al. 2023). Although high accuracies are being
reported for flood hazard delineation and systematically acquiring satellite missions enable
timely product delivery, solely focusing on hazard assessment for prioritisation is inadequate.
In order to identify areas that require rapid response actions, one must also consider the
elements at risk, such as buildings and population. In addition, not all disaster impacts can
directly be observed from the top-view of remote sensing data.

Geo-social media data, i.e., social media posts containing a geographic reference such as a
GNSS position or a location mention, can complement this by providing ground-level
information. This can involve both text and image content, which can offer information about
the start, course and aftermath of an event. A major advantage of the data is its high temporal
resolution, which is characterised by a constant data stream and its near real-time availability
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(Fohringer et al. 2015). Most of the research focuses on the automatic extraction of topics
from social media posts. Traditionally, keyword-based methods were employed for this
purpose. Later, strategies based on supervised classification or unsupervised topic modelling
were proposed. For the latter, Latent Dirichlet Allocation (LDA) (Zhou and Chen 2014; Resch
et al. 2018; Havas and Resch 2021) was often used. With the recent surge of deep-learning
methods, more complex methods have become more frequent. In this context, Convolutional
Neural Networks (CNN) (Huang et al. 2020), Bidirectional Encoder Representations from
Transformers (BERT) (Adwaith et al. 2022), and Graph Neural Networks (GNN) (Papadimos
et al. 2023) have become popular. Classification tasks generally range from simple binary
categorisation (Hanny et al. 2024) to more complex cases, such as relevance classification
of textual content (Powers et al. 2023; Blomeier et al. 2024). While there is a clear focus on
textual data, there is also a considerable amount of research on automated image analysis
from social media, also in the disaster management context (Barz et al. 2021; Kamoji and
Kalla 2023). However, the structural and content-related diversity of the data still poses
methodological challenges. In the case of disaster management, a potential problem is data
scarcity in affected areas (Guo et al. 2023).

The fusion of multiple modalities from remote sensing, social media and other geodata is still
a largely unsolved research problem. Havas et al. (2017) propose a conceptual approach
towards leveraging information based on remote sensing, geo-social media and
crowdsourcing to support disaster management in near real time. A central research question
in this context is how information layers with different semantic meaningfulness, spatial
resolutions and temporal delays can be merged (Li et al. 2017). While several studies fuse
multi-modal data to improve landcover classifications (Cao et al. 2020) or flood hazard
delineation (Rosser et al. 2017; Huang et al. 2018), only few studies aim at identifying disaster
impacts. (Florath et al. 2024) combine Twitter (now officially X) data with hurricane trajectories
in an Extremely Randomized Tree regression approach to estimate the impact areas of two
hurricanes. Wang et al. (2018) propose an information fusion approach from remote sensing
and social media for the identification of very large floods. For this, they homogenise their data
using the Least effort and Maximum Entropy principle and test their methodology on the 2013
Boulder flood. Liu et al. (2021) propose a method called geographic optimal transport to align
spatial representations of remote sensing-derived indices and keyword-filtered Twitter data.
Yang et al. (2022) superimpose SAR imagery with posts from Sina Weibo to identify disaster
affected areas.

Geostatistical methods, such as composite indicators, have been used to fuse geospatial
information layers, and particularly to generate proxies for risk estimation at regional and
global scales (Nardo et al. 2005; Nadim et al. 2006; Peduzzi et al. 2009). Pittore 2015 extends
the concept of composite indicators and introduces focus maps as a means of prioritising data
collection for efficient seismic risk assessment. Focus maps aim to implement a joint density
of sampling probability for information collection that is conditionally dependent on the
indicators themselves. The concept is based on a probability pooling of normalised and
weighted input indicators. Also, supervised machine learning approaches (Snidaro et al. 2015;
Poria et al. 2017; Avgerinakis et al. 2018) and methods based on Bayesian networks (Muesing
et al. 2019) have been proposed in this context. Supervised machine learning methods are,
however, constrained to often limited availability of training data and tend to lack transparency,
which hampers their generalisation ability and application in disaster management.
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Consequently, there is a need to enhance the availability and quality of early-stage impact
proxy information layers and their integration into a spatially and temporally consistent
framework that enables the rapid identification of areas that are most affected by a disaster.
The aim of this study is to cover this need and propose an unsupervised method to identify
disaster hotspots that is specifically targeted towards situations where detailed damage
assessments and on-demand very high-resolution satellite or aerial images are not (yet)
available. The work centres around the following research questions (RQ):

RQ1: Is it possible to determine the areas most affected by a flood solely based on readily
available proxy information to guide on-demand satellite data acquisitions, aerial or in-situ
survey campaigns?

RQ2: Can flood-related information layers with different semantic meaningfulness, spatial
resolutions and temporal delays be fused in a spatially and temporally consistent framework?

RQ3: What is the contribution of different proxy information layers from remote sensing, social
media and other geodata to the identification of flood hotspots?

The proposed method fuses information about flood hazard derived from systematically
acquired medium-resolution Sentinel-1 (radar) and Sentinel-2 (multi-spectral) satellite images
with disaster-relevant, georeferenced posts from Twitter and freely available ancillary geodata
about exposed assets. The concept of focus maps (Pittore 2015) is combined with the H3 grid
system (Sahr 2011) for a spatially explicit multi-scale information fusion. The performance of
the method is evaluated against detailed damage assessments from rapid mapping activations
of diverse real-world flood disasters. Code and test data are published openly and can be
accessed from the following source: https://github.com/MWieland/h3h

2 Study areas and data

The study areas were globally sampled and covered a large variety of land-cover classes and
languages (Figure 1). For five distinct flood disasters, Twitter data (Section 2.1), flood maps
from remote sensing imagery (Section 2.2) and crowd-sourced building locations (Section 2.3)
were collected. For subsets of the study areas, per-building damage data from Copernicus
EMS and an openly available damage detection benchmark dataset have been acquired
(Section 2.4). Table 1 provides an overview of data availability and disaster extent per study
area. While the selection of study areas was generally limited by the availability of high-quality
damage data (for evaluation purposes), the aim was to test the global applicability of the
methods under varying environmental, cultural and geographic conditions.

USA, August 2017: On 25 August 2017, hurricane Harvey made landfall on the coast of
Texas. Substantial rainfall resulted in widespread flooding across south-eastern Texas,
affecting regions such as Fort Bend, Brazoria, Galveston and Harris County along with
extensive areas of Houston. The Copernicus EMS (EMSR229) was activated on 15 March
2019 for selected areas in the greater Houston area. Beyond rapid mapping efforts, extensive
damage mapping has been conducted as part of compiling the xBD remote sensing
benchmark dataset (Gupta et al. 2019).
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Mozambique, March 2019: During the night of 14 March, tropical cyclone ldai made landfall
near Beira, Mozambique causing major infrastructural damages as a result of the combined
effects of heavy rainfall, strong winds and storm surge. Following the cyclone, a significant
humanitarian crisis emerged, demanding urgent assistance for hundreds of thousands of
people in Mozambique and Zimbabwe. The Copernicus EMS (EMSR348) was activated on
15 March 2019 to produce damage maps for the most severely impacted areas in and around
the city of Beira.

Landcover distribution Study areas Language distribution

0(‘3em‘7‘an’f3021_>“
TGP, -

Shrubland deciduous

Cropland irrigated (25
P g AUsa, 2017 English

Mexico, 2020 W
o & )"?

&
oy U L
Mozambique, 2019 S& 88
N A (wat If. ..q u,w’/f{/! ,j 4
Others % ‘*’\Bu/ L 7 }’)
N L
- Bare areas - ‘\1: - A /

-——Water bodies

o

e B e & .
Pakistan, 2022 (S

Grassland 8

German
Other
Hindi
Urdu

Sparse veg.

Treecover
Herbaceous —

Cropland rainfed — —Mosaic natural veg. ol A Ay S P Spanish
Pakistan, 2022-09-10 USA, 2017-08-25 Mexico, 2020-11-08
Rah)
cobat i
Shikorpur [
Houston

; Sugar Land &) ;v‘ ,' ’»‘.(‘ :
0 40 80 km 0 L100 200km
LA A f f ! A : e B

Nawabshah Germany, 2021-07-15 Mozambique, 2019-03-15

Bonn

A 0 100 200 km A 0 40 80km A 0 40 80km
: : J : = J } } |

Figure 1: Overview of the location of the study areas with dates of respective flood disasters
as well as distribution of predominant land-cover and languages. For subsets of the study
areas per-building damage data is available for evaluation (red bounding boxes).

Mexico, November 2020: During October and November 2020, a sequence of cold fronts
accompanied by two cyclones led to significant flooding in Chiapas, Tabasco, and Veracruz,
Mexico. These events submerged vast areas, impacting approximately 800,000 people,
damaging more than 200,000 houses and flooding thousands of hectares of farmland. The
Copernicus EMS (EMSR479) was activated on 8 November 2020 to produce damage maps
for selected areas in Villahermosa.

Germany, July 2021: From 14 to 15 July 2021, torrential rainfall caused severe flooding in
the German states of North Rhine-Westphalia and Rhineland-Palatinate. Particularly affected
was the Ahrweiler district in Rhineland-Palatinate, where the Ahr river surged, devastating
numerous structures and claiming more than 110 lives. In response to this, emergency
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mapping was conducted jointly by DLR’s Centre for Satellite-based Crisis Information (ZKI)
and the Copernicus EMS (EMSR517).

Pakistan, September 2022: From June to October 2022, heavier than usual monsoon rains
and melting glaciers due to a severe heat wave caused some of the most severe floods in
Pakistan’s recent history. The Copernicus EMS (EMSR631) was activated on 10 September
2022 to produce damage maps for selected areas in Sindh province. The area of interest
centres around the most affected Sindh and Balochistan provinces.

Table 1: Data availability per study area.

Study area Date Coverage Damage Social media | Remote sensing Buildings
Mapping km?2 Mapped Relevant tweets Flooded km?2 Total
activation buildings

USA 2017-08-25 6,477 37,373 12,571 134 1,714,895
Mozambique | 2019-03-15 5,820 17,019 49 825 236,825

Mexico 2020-11-08 40,045 11,706 2,434 214 2,435,987
Germany 2021-07-15 5,130 7,721 548 35 569,314

Pakistan 2022-09-10 183,000 9,480 2,800 20,584 11,772,478

2.1 Geo-social media

The social media platform Twitter provides georeferenced data via various Application
Programming Interface (API) endpoints. Following the approach of Havas et al. (2021), Tweets
were retrieved via the REST and streaming API. In a first step, this data was filtered based on
the bounding box of the respective area of interest (Figure 1) and a predefined time frame.
Table 2 shows an overview of the filtering criteria and data. The important attributes for the
study provided by the APIs were the date, the text and the georeference of each Tweet. The
latter can be represented as a point or as the bounding box of a “place”, which is a location
that the user assigned purposefully.

Table 2: Overview of acquired Twitter data.

Study area Date Date range Tweets Disaster-related Tweets
Mapping Time-series (data acquisition) Total Total
activation

USA 2017-08-25 2017-08-01 - 2017-09-14 160,975 12,571
Mozambique | 2019-03-15 2019-03-02 - 2019-03-31 95 49

Mexico 2020-11-08 2020-10-25 - 2020-11-29 48,604 2,434
Germany 2021-07-15 2021-07-01 - 2021-07-31 11,177 548

Pakistan 2022-09-10 2022-09-03 - 2022-09-16 33,752 2,800

2.2 Remote sensing

With the launch of Sentinel-1 (April 2014 and April 2016) and Sentinel-2 (June 2015 and March
2017) satellites, comprehensive monitoring of surface water dynamics became feasible on a
large scale, offering high spatial resolution (approximately 10 to 20 m ground sampling
distance), frequent revisits (approximately every 2 to 6 days depending on location), and wide
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swath coverage (exceeding 250 km). Sentinel-1 satellites are equipped with a synthetic
aperture radar (SAR) C-band sensor that allows them to penetrate through clouds and image
day and night. Sentinel-2 satellites carry a multispectral instrument that captures data across
13 spectral bands, spanning visible, near-infrared, and short-wave infrared ranges. In this
study, data from both Sentinel-1 and Sentinel-2 satellites was used to delineate surface water
bodies and to differentiate between temporary flooded areas and permanent water bodies.
For each flood, the satellite images that were closest to the date of the respective rapid
mapping activation were acquired and used as basis to outline the maximum observed water
extent. A time-series of satellite images acquired over a two-year period prior to the disaster
date was used to identify permanent water bodies under consideration of seasonal variations.
Table 3 provides an overview of the satellite images used for each study area.

Table 3: Overview of acquired remote sensing data.

Study area Date Date Date range Sentinel-1 Sentinel-2

Mapping Satellite image Time-series (permanent water) Total number of Total number of

activation (flood) satellite images satellite images
USA 2017-08-25 | 2017-08-30 | 2015-01-01 - 2016-12-31 364 518
Mozambique | 2019-03-15 | 2019-03-19 | 2017-01-01 - 2018-12-31 339 535
Mexico 2020-11-08 | 2020-11-08 | 2018-01-01 - 2019-12-31 387 594
Germany 2021-07-15 | 2021-07-15 2019-01-01 - 2020-12-31 375 601
Pakistan 2022-09-10 | 2022-09-11 | 2020-01-01 - 2021-12-31 1362 4681

2.3 Crowd-sourcing and open geodata

Crowd-sourced datasets like OpenStreetMap (OSM) (OpenStreetMap 2024) can provide
invaluable high-quality information about location and characteristics of exposed buildings and
infrastructure worldwide. However, large variations in completeness and quality of crowd-
sourced datasets across geographic regions often hamper their usability for analyses that
require globally consistent data quality and completeness (Barron et al. 2014; Herfort et al.
2023). Therefore, building footprints from OSM were extended with Microsoft’s Building
Footprints (Microsoft building footprints 2024) and Google’s Open Buildings (Google open
buildings 2024) datasets on a case-by-case basis for each study area. After thorough visual
guality and completeness checks between building footprints and reference satellite imagery
prior to the respective flood disaster, OSM data was extended with Google’s Open Buildings
for the study areas in Pakistan and Mexico. For the study area in the USA, OSM data was
extended with Microsoft’s Building Footprints. The study areas in Germany and Mozambique
were already completely covered by OSM. To combine different datasets, a fuzzy location
matching criterion was applied on the centroids of the OSM building geometries. All buildings
of the supplementary dataset whose centroid fell outside of a 10 m buffer to the OSM buildings
were selected. An overview of the acquired buildings per study area is provided in Table 1.

2.4 Per-building damage data

Building damage mapping by means of in-situ surveys or visual interpretation of very high-
resolution optical remote sensing data is a common procedure to estimate the impact of a
disaster. In this study, readily available damage data from Copernicus EMS (Copernicus
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Emergency Management Service - Mapping 2022) and the xBD dataset (Gupta et al. 2019)
was used as reference to validate and test the method. For the study areas in Germany,
Mexico, Pakistan and Mozambique reference data from Copernicus EMS was derived. For
the USA study site, an excerpt of the xBD dataset is used. Per-building damages in these
datasets are categorised on the basis of ordinal classification schemes (e.g., 1. possibly
damaged, 2: damaged, 3: destroyed).

3 Method

Figure 2 provides an overview of the methodological framework of this study. Twitter data is
used to identify geo-social media hotspots (Section 3.1), flood maps are computed on the
basis of Sentinel satellite images (Section 3.2), and OpenStreetMap as well as other building
footprint data define the distribution of exposed assets. Copernicus EMS and xBD provide
observed damage data as independent reference. All data layers are aggregated to the
hexagonal H3 grid system (Section 3.3), normalized, and then combined using log-linear
pooling to predict flood hotspots (Section 3.4). Methods to choose hyperparameters with and
without reference data are introduced (Section 3.5) and the predicted hotspots are finally
compared with observed hotspots for performance evaluation (Section 3.6).
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Figure 2: Flowchart of the methodological framework.

3.1 Hotspot detection from geo-social media

To identify Tweets directly related to flooding, the model developed by Hanny et al. (2024)
was used. It is a fine-tuned Twitter-XLM-RoBERTa-base model that was improved by applying
an active learning approach. It classifies Tweets solely on the basis of their texts into the
categories “unrelated” and “related” with regard to natural disasters. It yielded an accuracy of
0.94 on a test data set based on CrisisLex. The results of the classification were then
aggregated on regular grids with a spatial resolution of 5 km by calculating the sum of all
Tweets and all disaster-related Tweets within the respective cell. Based on these aggregated
results, a spatial hot spot analysis was performed. For this, the Getis-Ord G* algorithm
(Equation 1) was used which considers the values of spatially adjacent observations. In this
study, spatial adjacency was defined by a Queen contiguity spatial weights matrix, to detect
hot and cold spots, i.e. statistically significant areas with particularly high or low occurrences
of the phenomenon under investigation. With respect to the application of this study, this
referred to the ratio of disaster-related Tweets on all Tweets in a region.
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where X; is the attribute value of the feature j, wi; is the spatial weight between feature i and |,
n is the sample size, X is the mean and S the standard deviation of the data set.

3.2 Flood mapping from satellite images

A modular processing chain was deployed for surface water monitoring from Sentinel-1 and
Sentinel-2 satellite images that handles satellite data search, preprocessing, analysis and
dissemination over a predefined area of interest (Wieland and Martinis 2019). Images are
analysed using sensor-specific pre-trained CNN for semantic segmentation to extract binary
water masks. The network architectures utilize a U-Net decoder and combine it with an
Efficientnet-B4 encoder. The networks were trained on an extended version of the freely
available S1S2-Water dataset (Wieland et al., 2023) with an AdamW optimizer, initial learning
rate of le-3, weight decay of 1e-2 and a weighted combination of binary cross entropy and
Lovasz Hinge loss. As input feature space for Sentinel-1, VV and VH polarizations as well as
slope information derived from the Copernicus Digital Elevation Model (DEM) were used.
Similarly, for Sentinel-2 six spectral bands (Red, Green, Blue, Near-Infrared, Shortwave-
Infrared-1, Shortwave-Infrared-2) and slope information were used as input features to train
the network. As reported by Bereczky et al. (2022) and confirmed by Wieland et al. (2023),
models trained on data showing no distinct inundation perform well in mapping the water
extent during flood events, reaching Intersection over Union (loU) scores of >0.8 for Sentinel-
1 and >0.9 for Sentinel-2. Time-series analysis was used to further distinguish permanent and
seasonal water bodies from temporary, potentially hazardous flooded areas. In this study,
followed Martinis et al. (2022) who specifically consider seasonality of surface water dynamics.
The seasonal reference water masks for the study areas were computed over a reference time
period of two years, for which all available Sentinel-1 and Sentinel-2 images were analysed.

Yflood = Ywater \T

)

The set difference of the water mask ywawer derived from the satellite image that depicts
the flood event and the reference water mask r produces the flood mask yiood that is
being used for further analysis (Equation 2).

3.3 Aggregation on H3 discrete global grid system

In this study, the H3 grid system that features a hierarchical structure with 16 spatial
resolutions and a 64-bit unsigned unique integer index for each cell is used (Sahr 2011). The
grid cells have a hexagonal shape, with uniform distances between the centroid of each
hexagon and the centres of its neighbouring cells. The choice of the H3 resolution level

9
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depends on the specific application as well as the extent and scale of the study area under
consideration. Since this study focused on regional to national scale analysis, H3 resolution
levels 6, 7 and 8 were used, which correspond to average edge lengths of approximately 3.7
km (roughly city size), 1.4 km (roughly neighbourhood size) and 0.5 km (roughly block size).
To convert the proxy information layers into H3 grid cells at the desired resolution levels,
specific import routines were devised depending on the format of the input data. Flood masks
were stored as binary raster layers and as such were converted by summing the positive raster
values inside each H3 grid cell, therefore providing a count of flooded pixels per grid cell.
Twitter hotspot maps were provided as vector polygon layers and converted to H3 by
assigning the polygon value at the centroid of each H3 grid cell. Exposed buildings were
provided as vector point layers and converted to H3 by counting the number of buildings per
H3 grid cell. Similarly, the per-building damage datasets were provided as vector point layers
with ordinal damage categories. Summing up the per-building damage grades provides an
aggregate measure of damage per H3 grid cell. The H3-Pandas Python package (H3-Pandas
2024) was used to handle all H3 specific geoprocessing operations. Converted input data
were stored in a H3-indexed Geopandas dataframe for further analysis.

3.4 Information fusion

Following the concept of focus maps, as outlined by Pittore (2015), the fusion of
heterogeneous proxy information layers from remote sensing, social media and other geodata
was approached with the overall aim to derive a joint probability of sampling that is
conditionally dependent on the input layers themselves. Within this sampling framework, let D;
be the set of proxy information layers that are relevant for the prioritization of disaster hotspots
and that are aligned on a two-dimensional geographical grid (G) with the same extent, origin
and grid resolution (Equation 3). In this study, G is defined by the H3 grid cells that span an
area of interest at a predefined resolution level.

Di:Di(x'Y)E[O'OO]'(x'Y)EG (3)

The conditional probability of sampling given a single proxy layer P(S|D;) at a specific location
can be defined by a simple normalization of its values to the range [0,1], where larger values
indicate higher relevance of a location for the disaster under consideration. Here a minmax
normalization (Equation 4) was applied and different truncations were tested based on quantile
intervals to account for outliers.

D; — min(D;) (4)

P(SID) = max(D;) — min(D;)

To approximate the joint probability of sampling and thus the prioritization of disaster hotspots
given more than one proxy layer Di, an appropriate pooling operator PG is required. Here a
log-linear pooling operator is used, which performs multiplicative pooling that emphasizes the
locations where all input layers indicate a higher probability of sampling (Equation 5).

10
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n
(5)
P(S|Dy, Dy, ..., Dy) = InPG(P(S|Dy), P(SIDy), ..., P(S|D,)) = InZ + Z w; In P(S|D,)

i=1

The property of a log-linear pooling that it directly prioritizes locations with matching input
layers makes it particularly suitable for the identification of disaster hotspots. Furthermore, by
defining pooling weights w; one is able to control the relative importance of proxy information
layers on the result.

3.5 Hyperparameter optimization

The main hyperparameters that are required by the information fusion method are the weights
w; of the proxy information layers that are used as input to the log-linear pooling (Equation 5).
The weights basically control the relative importance of the input layers on the result and allow
to vary the discriminating effect of the pooling, making the results more or less selective on
the specific input. Other hyperparameters to consider were the lower and upper quantiles [q;,
gu] at which the values during normalization of the input layers were truncated (Equation 4).
Using truncation with a quantile interval can enhance the robustness of the normalization.
Values falling outside the defined interval were adjusted to the boundary values. This
effectively removed the extreme tails of the distribution, which would otherwise have exerted
a disproportionate influence on the resulting probability P(S|D;).

In this study, different methods were compared to select hyperparameters depending on the
availability of reference data (e.g., observed damage distributions). The base assumption of
this work was that in a real disaster situation no reference data would be available and the
information fusion method would be deployed in an unsupervised manner (Section 3.5.1).
However, also the possibility to learn hyperparameters prior to an application based on
observed damage data from other disasters was tested (Section 3.5.2).

3.5.1 Selecting hyperparameters without reference data

Optimizing log-linear pooling weights without reference data typically involves relying on
theoretical or subjective criteria. A widely used approach is to assign equal weights to each
input layer, which assumes that each source is equally reliable and valuable. Equal weights
ensure a neutral and balanced combination of probability distributions, especially when there
is no reason to favour one source over another. Commonly, equal weights are assigned such
that they sum up to one. Applying weights that sum up to greater than one is possible in the
context of log-linear pooling and effectively increases the discriminating effect of the pooling,
thus making the results more selective (Pittore 2015). If prior knowledge about the reliability
or relevance of each input layer is available, pooling weights can also be assigned subjectively
with higher weights referring to more reliable or relevant layers.

An objective method to optimize log-linear pooling weights without reference data is to
minimize the sum of the Kullback-Leibler (KL) divergences from each input layer distribution
to the pooled distribution (de Carvalho et al. 2023). The KL divergence from an input
distribution P(S|D;) to the pooled distribution P(S|Dy, D>, .., Dy) is defined as follows:
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The objective is to find the weights w1, wo, ..., W, that minimize the sum of the KL divergences
from each input distribution to the pooled distribution, while w; > 0 (Equation 7).

& @
min " Dy, (P(SIDOIIP(SIDy, Dy -, D)

i=1

This objective function was chosen over maximizing entropy, because it leads to a unique
solution as detailed and proofed in de Carvalho et al. (2023).

3.5.2 Selecting hyperparameters with reference data

A supervised approach was tested to optimize hyperparameters according to a prior
distribution from observed damage data. In this setup, the available reference data is split into
training and validation sets and cross-validation is used to find the weights resulting in the best
predictive performance on the validation set. Grid search is deployed as a transparent and
reproducible approach to find optimal hyperparameters for normalization and log-linear

pooling. The results of the grid search were, moreover, used for an explorative analysis of the
hyperparameter space. For the task at hand, the search space for w; is defined as follows:

w; € {0.0,0.25,0.5,0.75,1.0,1.25, 1.5, 1.75, 2.0} (8)
For the normalization quantile interval, the following search space is tested:

(91, 9u] € {[90.02 90.98], [90.01 90.99): [90.0, 91.01} )

The actual calculation of g and g, depends on the specific distribution of the random variable
under consideration (the input layers) and can be calculated as follows:

q=F ' 0); qu=F *(py) (10)

where F* is the inverse cumulative distribution function of the random variable, and p; and pu
the probabilities corresponding to the lower and upper quantiles.
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3.6 Performance evaluation

Performance evaluation in this study was conducted through a quantitative approach by
comparing the predicted disaster hotspots resulting from the information fusion with
normalized damage distributions from reference data. Evaluation metrics were derived from
an ordinary least squares (OLS) regression between predicted and true hotspot values. The
adjusted coefficient of determination R%q; is used to measure the proportion of variance in the
dependent variable that is explained by the independent variables, with R? being the regular
coefficient of determination, n being the number of observations and k the number of
independent variables (Equation 11).

B2 _1_ <(1 —R*)(n - 1)) (11)

adj n—k—-1

To prepare the reference data, the true damage grades from Copernicus EMS or xBD were
first converted into a compatible H3 format as described in Section 3.3. Subsequently, the
damage grades were normalized with Equation 4 to ensure uniformity across the dataset. The
spatial extent of the comparison is then restricted to the extent of the reference data, allowing
for a focused evaluation that only considers areas where the extent of damages is known.

4 Results

4.1 Explorative analysis of hyperparameters

To explore the influence of hyperparameters on the predictions, a grid search was run across
a large variety of parameter combinations, hotspot maps were computed for each of them and
compared the predictions against a prior distribution from observed damage data. Figure 3
shows an example of such a comparison for a single hyperparameter combination at H3
resolution 7 over the Germany study area. Input layers in this example were normalized
without truncation ([goo, Q10]) and log-linear pooling was performed with equal weights
([WBuiIdings:]--O, Weio0d=1.0, WTweetszl-O])-
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Figure 3: Comparison of predicted hotspot map and prior distribution from observed damage
data. Input layers were prepared at H3 resolution 7 and normalized without truncation.

Across all study areas, 10,935 parameter combinations were evaluated for each of three H3
resolutions, which resulted in a total of 32,805 test runs. Figure 4 shows the distribution of
R?q values over all tested hyperparameter combinations in all study areas grouped by H3
resolution. Please note that a direct comparison of regression metrics like R across
resolutions is not meaningful, due to different spatial aggregations. For data aggregation in a
different manner, the underlying data structure changes. This can affect the variability and
relationships between variables, leading to different R%j values. However, for each resolution
separately it was observed that a large variance of the dependent variable (here the true
damages) could be predicted from the independent variables (here buildings, flood and
Tweets). With the right hyperparameter settings, it was possible to achieve R?,q; values above
0.9 (at resolution 6), 0.8 (at resolution 7) and 0.6 (at resolution 8) and hence a very good fit of
the model to the observations. The choice of the normalization quantile interval for truncation
during normalization of the input layers only had minor effects on the predictive power of the
models, suggesting robustness to this parameter. The spread was similar across all quantiles,
indicating that normalization quantiles have minimal impact on model performance variability
at each resolution. At H3 resolution 6, it was observed that normalization without truncation
([g0.0, g1.0]) resulted in slightly better fits between model predictions and observations. At
resolutions 7 and 8, normalization with truncation ([do.o1, Jo.e9]) lead to minor improvements
compared to stronger truncation ([go.o2, Jo.es]) or no truncation ([qo.o, d1.0]).

Figure 5 shows the distribution of R?,q; values across varying log-linear pooling weights for the
input layers (buildings, flood and Tweets) at different H3 resolutions. Input layers were
normalized with truncation ([qo.o1, Jo.99]). The results indicate that the choice of pooling weights
significantly impacted the R%g values for different input layers, with each layer showing a
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unique pattern. For buildings (first column), the R%g values increase with higher pooling
weights at all resolutions. This suggested that increasing the discriminating effect of the
pooling and therefore making the results more selective for this layer improved model
performance. The R?%g values for the flood input layer (second column) improved with
increasing pooling weights up to a point (between 0.25 and 0.75 depending on resolution) and
then started to decline. This indicated an optimal level of pooling weights beyond which model
performance may decrease. The results for Tweets (third column) showed a relatively stable
pattern with less variation across different pooling weights, suggesting that model performance
for this layer was less sensitive to the choice of pooling weights.
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Figure 4: Results of grid search across all tested hyperparameter combinations in all study
areas grouped by H3 resolution (left) and further categorized by normalization quantiles (right).

Figure 5 can also provide valuable insights into the relative importance of input layers on the
prediction results. Layers with consistently higher R% values were generally more important
to the prediction. In this case, buildings showed the most substantial increase in R%.q values
with higher pooling weights, therefore suggesting high relative importance. Significant
changes in R?%g; values with pooling weights indicated sensitivity and importance. Buildings
and flood layers both showed sensitivity, with buildings improving consistently and flood
having an optimal pooling weight. An input layer that maintains stable R%gq values across
different pooling weights suggests robustness but not necessarily importance. Tweets showed
stability but less variation of R?,q values across pooling weights, which indicates that they were
reliable but of lesser relative importance for the prediction compared to the other layers. In
summary, buildings appeared to be the most important input layer for predictions, followed by
flood, with Tweets being the least impactful but still providing consistent predictive value.
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Figure 5: Results of grid search across different log-linear pooling weights for the input layers
(buildings, flood and tweets) at different H3 resolutions.

4.2 Optimization of pooling weights

Figure 6 compares the performance of different methods (with and without reference) to
choose log-linear pooling weights for the input layers (buildings, flood and Tweets) at H3
resolution 7. According to the results in Section 4.1, input layers were normalized with
truncation ([qoo1, Cogs]) before pooling. Various approaches were tested: optimizing
hyperparameters specifically for each study using grid search, assigning equal weights (0.33
and 1.0), employing supervised methods with cross-validation optimized on different study
areas, and using an unsupervised method based on KL divergence.

16



469
470

471
472

473
474
475
476
477
478
479
480
481
482
483
484
485
486
487
488
489

490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505

Pooling weights
. optimum
N equal_033
. equal_l

supervised
unsupervised

0.8

0.6

0.4

0.2

0.0

Germany usA Mozambique Mexico Pakistan

Figure 6: Comparison of methods to choose log-linear pooling weights for the input layers
(buildings, flood and Tweets) grouped by study area. Input layers were prepared at H3
resolution 7 and normalized with truncation ([qo.o1, Jo.90]) before pooling.

The results indicated that while equal weight methods provided a straightforward and relatively
effective approach, methods that involved optimization tended to offer better performance in
terms of the R?,; values. This suggests the importance of context-specific tuning for achieving
the best results in log-linear pooling. Optimizing hyperparameters specifically for each study
area (optimum) may be unrealistic for real applications due to the lack of appropriate reference
data during an ongoing disaster. The results for this method, however, showed that a very
good fit with observed damage distributions can be achieved solely based on the provided
proxy information layers. Assigning equal weights that sum up to one (equal_033) showed the
worst performance of all tested methods. Using equal weights of one per input layer (equal_1),
however, performed relatively well and even outperformed optimized methods in some study
areas. Cross-validation with hyperparameters optimized on different study areas (supervised)
was competitive and outperformed the equal weights method in some cases. However, it
showed large variations depending on the study areas it had been trained on. The
unsupervised method based on KL divergence (unsupervised) showed the least performance
variability and achieved good R?q values for all study areas. It was, therefore, the top-
performing method in terms of best fit and stability of results, together with the equal weights
method (equal_1).

Figure 7 shows hotspot maps that compare an observed damage distribution (reference) to
predicted distributions using different methods for selecting log-linear pooling weights. Each
map illustrates the joint probability of sampling and thus the prioritization of disaster hotspots
given input proxy information layers P(S|Dguildings, Driood, DTweets) 8Cross a geographic extent,
with varying intensities of red indicating higher probabilities. Observed damages (top left)
serve as the reference for comparison, where the most significant damage concentrates in the
eastern part of the map, particularly around the Ahr valley and Bad Neuenahr-Ahrweiler.
Optimizing weights on the same area with reference (optimum) closely matches the reference
and further highlighted that the input proxy layers can well explain an actual damage
distribution. All other methods were able to capture the general damage patterns with highest
concentrations of sampling probabilities around the Ahr valley. Only the prediction using equal
weights of 0.33 (equal_033) showed a clearly diffused and less concentrated distribution
compared to the reference. Overall, the maps underlined that while equal weighting methods
provided a baseline, methods that involved some form of optimization or learning (supervised
or unsupervised) delivered better performance in predicting damage distributions similar to the
observed reference.
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Figure 7: Map comparison of methods to choose log-linear pooling weights for the Germany
study area. Input layers were prepared at H3 resolution 7 and normalized with truncation
([90.01, Go.99]) before pooling.

4.3 Applications

In the following, the log-linear pooling method was applied to the study areas using each of
them as example to test specific features that are relevant for an application in a real-world
disaster situation. These include, testing the method’s spatial (Section 4.3.1) and temporal
(Section 4.3.2) consistency as well as its flexibility to incorporate different thematic input layers
(Section 4.3.3). The whole area of interest in each study area was used, unsupervised pooling
weights optimization and normalization of input layers with truncation ([go.o1, Jo.9s]) were
applied.

4.3.1 Spatial consistency (Pakistan)

Figure 8 shows the Pakistan study area at different H3 resolutions. The columns represent
input layers and respective predicted hotspot maps. At resolution 6, the map shows significant
hotspots in the northern part of Sindh province, which aligns with the locations of Larkana and
Jacobabad. There were some predicted hotspots in the central area, consistent with reported
flood impact in Dadu. The southern area showed distinct hotspots centred around the highly
populated greater Hyderabad region. The most prominent hotspot around Jacobabad is
depicted in further detail at H3 resolution 7 and further resolved at resolution 8 for the city of
Dera Allah Yar. The predicted hotspots aligned well with the reported locations of major impact
during the Pakistan floods of 2022, as reported in the news and documented by the United
Nations (UN-OCHA 2023). The maps, moreover, showed spatial consistency between
resolutions with increasing levels of details of flood impact being revealed at higher resolution
levels.
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Figure 8: Predicted hotspot maps at different H3 resolutions for the Pakistan study area.

4.3.2 Temporal consistency (Germany)

Figure 9 shows the dynamic nature of the floods in Western Germany from 13 to 18 July 2021.
The maps highlight the spread and intensity of the flood event at H3 resolution 7, while the
time series plot captures the quantitative temporal trends in both flood extent and public
attention through social media activity.

e July 13-14, 2021: The region experienced an unusually high amount of rainfall, with some
areas recording more than 150 mm in 48 hours. The maps for July 13 and 14 show no
significant hotspots, aligning with the fact that heavy rainfall and severe flooding had not
yet reached critical levels.

e July 15, 2021: The floods reached their peak, especially affecting areas around
Euskirchen (northern parts of the study area) and the Ahr Valley (central parts of the study
area). The map for July 15 shows the appearance of several hotspots, corresponding to
significant flooding in these areas. Respectively, the time series plot shows a strong
increase in flood pixel counts and relevant Tweets. This indicated the growing severity of
the situation and increasing public awareness.
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548 e July 16, 2021: While the flood water extent began to decrease in most areas, the extent
549 of damage became fully apparent. The hotspot map for July 16 keeps pointing to the most
550 severely affected regions.
551 e July 17-18, 2021: Disaster response efforts were active in the affected areas and public
552 attention remained high as the extent of the disaster was reported in the media. The maps
553 for July 17 and 18 show fewer hotspots, indicating that the flood water extent further
554 decreased while focus remained on high impact areas in the Ahr valley. The time series
555 plot shows a significant drop in flood pixel counts, while Tweet counts remained high,
556 indicating ongoing public engagement with the disaster.
557  The results confirmed that the method was able to produce temporally consistent outputs,
558  which aligned well with the spatial distribution of actual events that happened during the
559  disaster.
Hotspots Germany, 2021-07-13 Hotspots Germany, 2021-07-14 Hotspots Germany, 2021-07-15
A 0 40 80 km A 0 40 80 km A 0 40 80 km
Hotspots Germany, 2021-07-16 Hotspots Germany, 2021-07-17 Hotspots Germany, 2021-07-18
A 0 40 80 km A 0 40 80 km A 0 40 80 km
0.0 0.2 0.4 0.6 0.8 1.0
P(S|Dguitdingss Drioods Drweets)
560 Date
561 Figure 9: Time series of predicted hotspot maps at H3 resolution 7 for Germany.
562 4.3.3 Influence of different exposure layers (Mozambique)
563  Figure 10 shows the influence of choosing different datasets for mapping exposed assets
564  using the study area of Mozambique as an example. The same flood and Tweets input layers
565 were applied, while the source of the exposure layer was varied. It compares per-building
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information from OSM with the aggregated built-up area product GHS-BUILT-S (building
counts per 100 m grid cells) of the Global Human Settlement Layer (GHS) (Pesaresi and
Politis 2023). Moreover, population datasets from GHS-POP (population counts per 100 m
grid cells) (Schiavina et al. 2023) and Kontur (population counts per H3 resolution 7 hexagons)
(Tarakanov 2020) were compared for their usability as input layer to predict hotspots. Overall,
the figure indicates that the city of Beira was the most critically affected hotspot in the study
area, primarily due to the high building and population densities. Despite a general agreement
across the different input layers regarding most exposed regions, differences in the predicted
hotspot maps became visible. In particular, when using the Kontur population dataset as input,
the predicted hotspot maps were more dispersed compared to the hotspots with GHSL
population input. Spatial distribution and intensity of hotspots derived with GHSL buildings and
population input were well aligned with each other. The GHSL-based hotspots, moreover,
closely matched the predicted hotspots on the basis of OSM data.
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Figure 10: Predicted hotspot maps at H3 resolution 7 derived with different exposure input
layers. Building locations from OSM (first column), building counts from GHSL Global Human
Settlement Layer (second column), population counts from GHSL (third column), and
population counts from Kontur (last column).

5 Discussion

Several studies developed methods to fuse information from remote sensing and social media
to improve accuracy of flood hazard maps (Rosser et al. 2017; Huang et al. 2018; Guo et al.
2023). Contrary to these, the study at hand aimed at predicting the sampling probability for
additional information collection that is conditionally dependent on the input proxy information
layers themselves. To achieve this, a spatially and temporally consistent log-linear pooling
framework was developed based on the H3 discrete global grid system. The fundamental
approach was similar to what has been proposed by Pittore (2015) in the context of seismic
risk assessment. Major differences to their work, however, include the utilization of a discrete
global grid system for scalable harmonization of input layers, the use of geo-social media data,
the development of an unsupervised optimization of pooling weights, and a quantitative
performance evaluation against observed damage distributions. The latter, moreover, allowed
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to perform an extensive hyperparameter exploration to better understand the sensitivity of the
method to variations in input layers, normalization and pooling weights. Lastly, the application
of this study focussed on flood rapid response rather than seismic risk assessment. To this
regard, it aimed at determining the most likely disaster affected areas before initiating on-
demand satellite data acquisitions and planning aerial or in-situ survey campaigns.

Information fusion

This study demonstrated that the proposed information fusion method effectively predicted
disaster hotspots in comparison to observed damage distributions. Despite the absence of an
absolute ground reference, the proposed approach offered a reliable comparative analysis
against damage distributions derived as part of rapid emergency mapping activations by the
Copernicus EMS. This is an advancement over other studies that use probability pooling
methods for example in the field of risk assessment, which commonly lack appropriate
reference data for validation (Nadim et al. 2006; Pittore et al. 2015). Through extensive
hyperparameter tuning and comparing various methods to approximate optimal pooling
weights, it was identified that equal weight methods are straightforward and relatively effective,
but optimization-based methods tend to perform better. This underscored the significance of
context-specific tuning in achieving optimal results in log-linear pooling. An unsupervised
method minimizing the KL divergence between input distributions and predicted distributions
showed superior performance, addressing the limitations of supervised methods which require
extensive training data (Wang et al. 2018). The proposed method leverages the H3 discrete
global grid system, fuses medium-resolution satellite data, social media inputs, and geospatial
data on exposed assets, offering a coherent and scalable framework for disaster hotspot
identification. This integrative approach contrasts with the methods of previous studies (Yang
et al. 2022; Florath et al. 2024) by providing a more flexible and comprehensive solution
adaptable to various disaster types and data sources. This capability is critical in improving
situational awareness during disaster response.

Reliability and semantic classification of geo-social media data

In the social media analysis, solely georeferenced data from Twitter are employed. The
reliability of such data has been shown in several studies. For instance, Ferner et al. 2020
compare their Twitter-based analysis with satellite-derived damage information for the
2014 Napa Valley earthquake and the 2017 Hurricane Harvey, showing that the footprints
coincide significantly. Similarly, Yang et al. 2019 confirm the reliability of Twitter data for
Hurricane Harvey. Liu et al. 2020 compare flood-related Tweets to meteorological alerts for a
flood in Boulder, USA and find that texts and imagery from Tweets can contain plenty useful
information for disaster management purposes. Additionally, Twitter's Academic API, which
was also used in our study, has been shown to provide a representative sample of Tweets
(Pfeffer et al. 2023). In another context, Tweets have also been found to be a reliable data
source for influenza surveillance (Aslam et al. 2014). For Sina Weibo, a comparable platform
to Twitter in China, a strong correlation to human mobility has been identified, i.e. a reliability
of this data as a representation of human activity (Liu et al. 2022). However, as our study
covered several areas of interest, it cannot be assumed that this reliability would be the same
for all regions. In particular, more rural areas are more likely to be less suitable for social
media-based analyses. To mitigate this issue and increase the amount of available data,
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content from other social media platforms (e.g. Mastodon, TikTok) could be used in future
work. However, such posts often contain spatially less accurate georeferences.

For identifying relevant geo-social media posts, a binary ROBERTa-based model was used.
Alternative approaches, such as specific relevance classification (Derczynski et al. 2018;
Blomeier et al. 2024) or topic modelling (Havas and Resch 2021; Hanny and Resch 2024),
could be explored in future studies to understand their impact on the results of the information
fusion. Initially, attempts were carried out to directly aggregate relevant Tweets to the H3 grid,
but the resolution significantly influenced the results of geo-social media analysis, particularly
when the number of relevant Tweets was limited and not well georeferenced. This issue could
be mitigated using an independent spatial hotspot analysis before conversion to H3, which
helped address the Modifiable Areal Unit Problem (MAUP) by incorporating a chosen spatial
neighbourhood. However, a meaningful spatial delimitation for aggregating Tweets remains a
limitation of the approach. Additionally, changes in social media platforms’ policies may impact
academic data access and user structure, as was shown for Twitter (Schmidt et al. 2023),
which also affects the reliability of the approach. Therefore, replicating this study with different
data sources is essential for moving the findings forward into a real-world application.

Flood mapping from satellite images

The experiments highlighted the sensitivity of the input flood water mask on the results,
emphasizing the need to understand the accuracy and limitations of the respective inputs.
Errors in the source data directly affect the resulting hotspot map, as the fusion method does
not handle uncertainties or compensates for input errors. Bayesian information fusion methods
that incorporate uncertainty could provide significant benefits in this context (Pittore et al.
2018). To ensure high quality input flood masks, Martinis et al. (2022) stressed the importance
of using an up-to-date reference water mask that considers seasonality, as static masks may
lead to unreliable flood extent representations. This become particularly relevant in regions
with dynamic hydrological conditions. In this study, reference water masks with a seasonal
component were derived to reduce potential over-estimations of flood inundation. Fichtner et
al. (2023) advanced this concept by identifying hazardous flood areas through spatio-temporal
anomaly detection in a time series of water maps. This approach could be a robust alternative
for continuous monitoring and should be further explored in future studies. If archived water
extents are not readily available and/or computational resources are limited, it is suggested to
use a single pre-event (non-flood) water extent of the same season as reference.

Exposure information

Crowd-sourced per-building datasets were used to define exposure. The main reason to focus
on per-building data was to ensure the same geographical core entity as the reference dataset
(per-building observed damages). Such detailed datasets can provide high-quality information
about location and characteristics of single buildings, roads and other infrastructure. Variations
in data completeness, however, may limit their usability for analyses that require globally
consistent data quality and completeness (Herfort et al. 2023). Therefore, it was shown that
globally consistent gridded representations of built-up area (GHSL-Builtup) and population
distribution (GHSL-Pop or Kontur) at large geographical units can provide a valid alternative.

H3 discrete global grid system
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The H3 Discrete Global Grid System (DGGS) was chosen to combine heterogeneous input
proxy information layers, showing advantages over traditional GIS methods (Li and Stefanakis
2020). A DGGS enables consistent multiscale analysis by dividing the Earth's surface into
distinct grid cells, facilitating the integration of diverse data types cohesively (Purss et al.
2019). This approach mitigated computational challenges by spatially aggregating pixel
information and allowed for the observation of successive phenomena at the same geographic
locations across scales (Chaudhuri et al. 2021). Moreover, the H3 grid offered enhanced
performance, scalability, and operational flexibility, making it a suitable choice for disaster
hotspot identification and response planning.

6 Conclusions

In this study, a method was proposed to quickly identify disaster hotspots, especially in
situations where detailed damage assessments from in-situ surveys or analysis of very high-
resolution satellite images are not readily available. The method utilizes the H3 discrete global
grid system for spatially consistent integration of heterogenous geoinformation layers. It
combines flood hazard data derived from systematically acquired medium-resolution satellite
imagery with disaster-related information from geo-social media and freely accessible
geospatial data on exposed assets. The fusion is based on a log-linear pooling of normalized
proxy information layers coupled with an optimization of pooling weights. With respect to the
main research questions, we can draw the following conclusions.

RQ1: Is it possible to determine the areas most affected by a flood solely based on readily
available proxy information to guide on-demand satellite data acquisitions, aerial or in-situ
survey campaigns?

In five diverse study areas, it was shown that it is possible to determine the areas most affected
by a flood solely based on readily available proxy information. An extensive hyperparameter
search and a comparison of different methods to approximate optimal pooling weights
revealed that while equal weight methods provided a straightforward and relatively effective
approach, methods that involved optimization tended to offer better performance. This
suggests the importance of context-specific tuning for achieving the best results in log-linear
pooling. An unsupervised method that minimizes the KL divergence between input
distributions and predicted distribution showed superior performance and can overcome the
training data limitations of supervised methods.

RQ2: Can flood-related information layers with different semantic meaningfulness, spatial
resolutions and temporal delays be fused in a spatially and temporally consistent framework?

While being simple and transparent, the method was capable to incorporate geoinformation
layers with different semantic meaningfulness and spatial resolutions into a spatially and
temporally consistent framework. This means it can be adapted to other natural hazards (e.g.,
landslides, fire, earthquakes, etc.) or exposed assets (e.g., roads, railways, critical
infrastructure, etc.). In this study, flood hazard extents derived from remote sensing, exposed
buildings from crowd-sourcing and relevant text messages from Twitter were used as input.
The methods to derive these information layers from the respective data sources, are
established, extensively tested and highly accurate.
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RQ3: What is the contribution of different proxy information layers from remote sensing, social
media and other geodata to the identification of flood hotspots?

The experiments revealed that exposed buildings appear to be the most important input layer
for predictions, followed by flood maps, with Tweets being the least impactful but still providing
consistent predictive value. Using other data sources (e.g., public datasets, field reports, etc.)
to derive proxy information layers is possible. However, it is important to understand the
accuracy and limitations of the respective input, as errors in the source directly transfer into to
the resulting hotspot map. The fusion method itself does not handle uncertainties, nor is it able
to compensate for errors in the input. Therefore, next steps focus on exploring uncertainty
aware Bayesian information fusion methods for this application. Ongoing and future efforts
aim to incorporate these methods into rapid mapping processes to support prioritisation and
early-triggering of data acquisition (Muhlbauer et al. 2024) and to contribute to data-driven
decision-making in early phases of disaster response.
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