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ARTICLE INFO ABSTRACT

Keywords: Flooding is a highly destructive natural disaster affecting millions of people annually, causing
Disaster risk reduction substantial global economic losses. Especially in the Global South, vulnerable populations with
Flood limited resources for flood protection and recovery suffer the most. However, effective flood im-
GIS pact analysis and standardized geospatial data processing and visualization is lacking, hindering
Python ) effective disaster risk reduction. This study employs Python to develop a standardized, auto-
Earth observation . . o . . .

Open data mated analysis and visualization model to address flood impacts after a high magnitude event

anywhere in the world by using global geospatial data sets.

In order to test its applicability two relevant cases, with different locations and scales, were
selected, (Bangkok, Thailand, and Tula de Allende, Mexico). In both cases the automated flood
model efficiently processed flood extent and depth data from ICEYE SAR images, added the popu-
lation estimates from the German Aerospace Center, and key infrastructure elements from Open-
StreetMap. The output of the automated process is presented as web-based interactive maps, of-
fering insights into flooding severity and impacts with minimal user input. This quick approach
(processing time between 41 s and 10,5 min) facilitates timely responses by first responders, with
great potential to aid and improve the efficiency of international humanitarian efforts.

By leveraging global high-resolution geospatial data for local-level analysis, this study
demonstrates the versatility and time-saving benefits of this automated analysis and visualiza-
tion. Automated models standardize results, minimizing human errors, and enabling consistent
historical flood data comparison. Even though the databases are gathered from trusted sources,
additional evaluation of uncertainties of the results with field data should be considered in fur-
ther development of this tool. Nevertheless, this research highlights the worldwide potential, and
especially the Global South, of automated global geospatial analysis to improve disaster impact
reduction by enhancing efficient response efforts.

1. Introduction

Flood hazards and mismanaged flood risks have devastating economic, social, and environmental consequences particularly in
rapidly growing cities of the global South. This is largely due to poorly built urban infrastructures combined with lack of up-to-date
information of the risks and capacity to manage risks in a holistic manner [1]. Due to climate change floods have become more fre-
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quent, intensive, and less predictable than before, affecting especially the poorest and most vulnerable areas in the world [2-6]. Ac-
cording to the Swiss Re Institute, floods caused economic losses accounting for more than 82 billion USD globally in the year 2021.
Economic losses are particularly important in the Global South where only 7% of losses are covered by insurance [7]. In 2022 floods
resulted in the deaths of 7954 people worldwide, significantly over the average of 5195 yearly deaths in the previous 19 years (Centre
for Research on the [8]).

A significant improvement for the reduction of flood induced damages can be achieved if flood situation analysis is provided at
sufficient spatial accuracy and speed to enable targeting of the first responders and humanitarian aid [9]. Flood situation analysis for
operative first aid actions require a combination of multiple sources of location-specific (geospatial) information, including extent of
the flooded area, estimation of the flood depth within inundated areas and sufficiently accurate data of physical infrastructures, popu-
lation distribution and accessibility to different sites for mitigation actions [10-12].

Digital location-specific data sets of these critical factors can be efficiently combined, analyzed, visualized, and automated using
Geographical Information Systems (GIS), AI, machine learning and coding languages such as Python [10,13,14]. However, one major
challenge has been a lack of sufficiently accurate and up-to-date geospatial data of the floods and cities’ key infrastructures, which are
relatively scarcely available in the rapidly changing cities of the world [15]. This concerns especially combining flood extent and
depth information with identification of most vulnerable informal settlements within a city, at hyper-local scales [16-20]. Another
challenge has been to identify such data generation and flood situation assessment mechanisms, which would be repeatable, transfer-
able, and scalable for disaster risk reduction efforts throughout the world, without losing a precision of local accuracy and context of
flood-related information. At best, operative solutions are able to combine scalable and accurate data products, such as those gener-
ated from Earth observation satellites to ensure that flood risk assessment can be made against up-to-date situation awareness [14].
These data need to be merged into visual products, which allow fast and reliable interpretation of and responses to the situation at
hand.

Recent developments of new satellite platforms and sensors with substantially improved spatiotemporal resolutions have opened
new possibilities for mapping and tracking natural hazards at operational and at local scales. Synthetic-aperture radar (SAR) satellite
data has become a prominent source of rapid and instantaneous assessment of flooding extent and depth due to multiple advantages
compared to optical satellite imagery [21-27]. SAR sensors can penetrate cloud cover and are not affected by the lack of daylight and
can thus be operated day-and-night in any weather [22]. In addition, integrating SAR data into automated processing protocols to ex-
tract fast and accurate water layers, e.g., water layer extraction in 9 min and 96% accuracy using RADARSAT [23], increases its po-
tential use in flood related applications. The European Space Agency (ESA) offers free SAR data through its Sentinel-1 satellite con-
stellation. Sentinel-1 SAR satellites are capable of producing data at a spatial resolution of up to 5 m with a daily revisit rate of 6 days
[28,29].

Multiple novel approaches, which combine local and global data have also been co-developed and piloted to improve availability
and access to local geospatial hazard and risk data of flood events, urban infrastructures, and population distribution for disaster risk
reduction efforts. These include, for example mapping of global population distribution [30], crowdsourcing mapping of the effects of
devastating earthquakes and other emergencies [31,32], community mapping efforts of flood risks and experienced pluvial floods
[15], mapping urban floods based on social media data [33], settlement mapping using satellite imagery [34], mapping events in
near-real time with aerial imagery [35], and machine learning for rapid extraction of flood extents from earth observation data [14].
Volunteered GIS campaigns and innovative student-community driven risk data collection efforts, such as those implemented in Tan-
zania by the Resilience Academy [36], have shown how efficiently and extensively globally open data resources, such as Open-
StreetMap (OSM) can be improved and local open-access data ecosystems for climate resilience can be generated with local efforts
[371.

Humanitarian aid agencies and emergency management personnel work around the clock during times of crisis to rapidly collect,
verify, process, and analyze data in order to generate up-to-date situational awareness information to be used by first responders and
long-term humanitarian aid operations [38,39]. Every minute saved between data processing and interpretation of results by humani-
tarian agencies, emergency personnel and first responders could save numerous human lives and reduce infrastructure damage. Al-
though data accessibility and solutions for combining global and local data sets have substantially improved, there is a lack of auto-
mated and spatially explicit solutions, which would make flood situation analyzes cost-effective and reliable to support decision-
making and action on the ground. Automated geovisualizations of flood impacts would increase the efficiency of the first responders
when making impact assessment and action plans for aid distribution [11,40]. For any automated solution, it is important to clean up
and visualize data sets into standardized, easy-to-understand and informative packages, especially in times of crisis, and to avoid visu-
ally overloaded maps that do not follow basic cartographic principles [9,41].

The aim of this study is to develop and pilot an automated, standardized, repeatable and scalable geovisualization model, which
depicts possible impacts of floods on the residents of cities residing within inundated areas. Our model combines geospatial data sets
of flood extent and depth with population distribution and building footprints at a local city scale to depict variation of flood impacts
within a city. The model combines flood extent and flood depth information generated from the SAR satellite data space of ICEYE
with globally open, yet spatially accurate geospatial data of population distribution from World Settlement Footprint (WSF) provided
by the German Aerospace Center (DLR), and OpenStreetMap (OSM) data to link the flood and population information to essential ser-
vices and the number of inundated buildings based on the building footprints. We will test the developed and automated model in two
study cases, Bangkok (Thailand) and Tula de Allende (Mexico) to demonstrate how globally open OSM and WSF data sets in combina-
tion with flood extent and depth estimates derived from SAR satellite data can be turned into locally relevant information, which
could be used as a timely action and decision-support for First Response efforts anywhere in the world. We will discuss the value of
the model for possible operative applications and critically assess the methodology and challenges related to data sets and model per-
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formance. Our research is based on cooperation under Resilience Academy between the University of Turku, the World Bank, DLR
and ICEYE, with an objective of testing scalable flood impact geovisualization solutions for operative uses in the global South.

2. Data and methods

2.1. Data sets and study cases

The automated geovisualization model was developed using a set of geospatial packages in Python and Kepler.gl to automatically
access, edit, analyze, and visualize flood disaster impacts within both study cities on a neighborhood-scale. Three high-accuracy
geospatial data sets were used to develop the model. Firstly, estimates of the flood extent and depth were provided by ICEYE based on
their SAR data set (Table 1). SAR imagery -based data products of ICEYE allow near real-time and high-accuracy data to monitor
floods anywhere in the world [42]. Secondly, population distribution was taken from the WSF2019 data set, and thirdly building foot-
prints and locations of essential services were derived from OpenStreetMap (OSM).

Bangkok and Tula de Allende were selected as case study cities. Both cities have a frequently flooding river running through the
city and they suffered from severe fluvial and pluvial flooding during the recent years. Both cities also have key characteristics of cli-
mate risk prone cities of the global South with rapid urbanization, poorly maintained urban infrastructure and diverting flood waters
from rich neighborhoods towards poorer ones [47-49]. They are also located within globally historical and projected flood risk areas
[50]. However, the selected cities are also different from each other in the sense that Bangkok is a mega-city with a population of 10.9
million inhabitants and it is financially, culturally, and politically the most influential and important city in Thailand. Meanwhile
Tula de Allende is a relatively modest sized city, with a population of ~115,000 inhabitants and it is mainly known for its large arche-
ological site. These similarities and differences allow better testing of the model performance and practical value.

2.1.1. SAR-based flood extent and depth data set

The spatial flood extent and depth data layers were provided as ready-made data products of the ICEYE company. Synthetic-
Aperture Radar (SAR) -based datasets depict flood inundation situations of August 2021 in the case study cities (Table 1, Fig. 2). The
data was preprocessed by ICEYE by extracting flood depth values from raw SAR data and converting these into GeoTIFF data layers
(Table 1). Pixel values in the delivered GeoTIFF equal flood depth in meters. No data values have been filtered out in the Python script
produced in this article.

According to ICEYE, there is generally a mean absolute error (MEA) of 24-32 cm on the water depth estimations derived from IC-
EYE SAR data depending on the location characteristic and the quality of the DEM data used in the processing [51]. The major advan-
tage of ICEYE SAR flood data is the persistent monitoring capability of their fleet with daily coherent ground track repeat capabilities
[43,52,53]. This allows monitoring rapidly changing urban floods daily and the possibility of tracking the changing situation with
identically visualized flood maps. The data is classified as near real time as there is still a rigorous pre-processing phase any SAR data
has to go through which lasts a minimum of ~24 h, but this is unavoidable and sufficient for rapid mapping purposes.

2.1.2. Population distribution estimates from the World Settlement Footprint (WSF) 2019 data

Population distribution estimates of the cities were obtained from the World Settlement Footprint 2019 Population data set (WS-
F2019-Pop) of the German Aerospace Center (DLR) (Table 1). By request, they have created two new, improved raster data sets,
which cover the study areas. This data is planned to be released globally once finished. The WSF2019-Pop data has been produced by
creating a global imperviousness raster with a 10-m spatial resolution and calculating an estimated population count for every pixel

Table 1
Geospatial data sets used in the development of the automated geovisualization model of flood impacts.

Data set/variable Source Format Availability Accuracy/Precision  CRS No-Data (raster)/  References
Geometry (vector)

Flood spatial extent ICEYE SAR GeoTIFF Bangkok, Horizontal: EPSG:  3.40282e+38 [43-45]
and depth data Thailand 30m X 30m 32647
Vertical: 24-32 cm
Temporal: August

2021
Flood spatial extent ICEYE SAR GeoTIFF Tula de Horizontal: EPSG:  3.40282e+38 [43-45]
and depth data Allende, 3m X 3 m Vertical: 6369
Mexico 24-32 cm
Temporal: August
2021
WSF2019-Pop The German GeoTIFF Global Horizontal: EPSG: n/a [46]
Aerospace 10m X 10 m 4326
Center
Building footprints OSM GeoDataFrame Global Precise, but EPSG:  MultiPolygon, https://
incomplete 4326 Point www.openstreetmap.org/#
map =3/37.86/14.41
Essential services OSM GeoDataFrame Global Precise, but EPSG:  Multipolygon, https://
(Hospitals & incomplete 4326 Point www.openstreetmap.org/#
pharmacies) map=3/37.86/14.41
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based on global population data from the WorldPop Global Project and data provided by the Center for International Earth Science In-
formation Network (CIESIN) [46].

The WSF data has been validated against 900,000 validation samples by using crowdsourcing photo interpretation of very high-
resolution Google Earth imagery [54]. Resilience Academy students were used extensively for the validation work in Tanzania.

2.1.3. Building footprints and service data from the OpenStreetMap (OSM)

The OpenStreetMap (OSM) data layers downloaded include all inundated building footprints, all inundated hospitals and all inun-
dated pharmacies as discussed in more detail in the next chapter. OSM is an interactive and citizen-science generated web map and at
the same time it is the most extensive open-source geospatial database in the world [55]. OSM is considered a valuable source of in-
formation that is used by NGOs and the United Nations in humanitarian aid and disaster response efforts [56-59].

OSM data layers were extracted from the study area using area of the interest polygons calculated in the script and the OSMnx
Python package ([60]; Table 1; Fig. 1).

2.2. Geovisualization model design with Python

The geovisualization model was made around needs addressed in the Resilience Academy cooperation between the University of
Turku, ICEYE, the World Bank and the DLR. The different data sets explained above were combined to produce a tool for effective and
operative flood monitoring and action planning [37,61].

The resulting geovisualization model is an interactive, locally hosted flood impact map depicting inundated areas of different
flood depths. It provides statistics of the estimated population affected by the flood waters of these areas and is repeatable anywhere
in the world without any user interaction needed.

The automated geovisualization script was made using Python coding language version 3.9.0 of Python (Fig. 1). The Python script
uses several open-source libraries, geospatial packages (Table 2) and the Python script was written and run using JupyterLab.

The flood spatial extent and depth raster data from ICEYE was first read into JupyterLab and reprojected to the World Geodetic
System (WGS84, EPSG:4326) coordinate reference system (CRS). The raster cell size remained unchanged. The continuous raster data
of the flood depth estimated by ICEYE was classified into four flood depth classes:<35 cm, 35-50 cm, 50-100 cm, and >100 cm. The
classified raster layer was then converted into vector polygons for additional processing. The floodwater depth classes were chosen
based on global depth-damage curves which point to the fact that at around >0.5 m of floodwater depths buildings start to suffer criti-
cal structural and interior damage and it is dangerous for most people [62,63]. A slightly higher value than the MEA of ICEYE was
chosen as the smallest depth class to highlight areas where there is at least some water even with an error of 32 cm in the data and
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Fig. 1. The overall geovisualization model and the processing flow of the data sets and variables with the Python code.
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Table 2
A list of Python libraries, packages, and modules that were used in the analysis.

Name Version Information

Pandas 1.4.1 https://pandas.pydata.org

Geopandas 0.10.2 https://geopandas.org/en/stable/
Matplotlib 3.4.2 https://matplotlib.org

Kepler.gl 0.3.2 https://docs.kepler.gl/docs/user-guides
Shapely 1.8.1.postl https://shapely.readthedocs.io/en/stable/
OSMnx 1.1.2 https://osmnx.readthedocs.io/en/stable/
Rasterio 1.2.10 https://rasterio.readthedocs.io/en/latest/
PyCRS 1.0.2 https://github.com/karimbahgat/PyCRS
Os - https://docs.python.org/3/library/os.html
Mapclassify 2.4.3 https://pypi.org/project/mapclassify/
Seaborn 0.11.2 https://seaborn.pydata.org

Pyproj 3.3.0 https://pyproj4.github.io/pyproj/stable/
Utm 0.7.0 https://pypi.org/project/utm/

floodwaters over 1 m in depth make it extremely hard for adults to stand in and thus a danger for almost all people especially if the
water is flowing even at a slow pace [64].

A Python function (“findtheutm”, see code in GitHub) was used to get accurate area calculations of flood extents. This was achieved
with a function that takes latitude and longitude points from the centroid of the chosen data and then calculates in which UTM zone
the latitude point is in and chooses the correct Coordinate Reference System (CRS) for the area calculation. The result is then con-
verted to km?2. Using this function, the script can automatize an area calculation anywhere on Earth with minimal distortion.

To automate access to OSM freely available data from the flooded areas, the OSMnx Python package was used. Specifically, the
OSM's building footprint data was downloaded using polygon masks created from the polygonized flood data to get data only from
within the boundaries of the flooded area (see Appendix 1, page 4). This makes processing more efficient as data of buildings unaf-
fected by flooding is not downloaded. The Python script gets the geographical location information and the correct coordinate system
from the reprojected version of the original raster file provided by ICEYE (Fig. 2).

Unnecessary OSM data were removed and only the polygon footprints of buildings were kept. In addition, unnecessary data
columns were also removed and only the “geometry”, “building”, and “name” columns were kept. The hospital and pharmacy and
other public service data were also extracted as point features and used to highlight their location to avoid duplicate building poly-
gons.

The hospital and pharmacy data had to be searched for using two different OSM tags since OSM data can be mapped in different
ways depending on which tags the editing user decides to use. Each OSM element has a tag that consists of a key and a value. The tags
describe OSM elements; the key (the column name) describes the topic, category, or type of feature and the value provides detail for
the key-specified feature. For example, the hospitals were searched for using the tags “building = hospital” and “amenity = hospi-
tal” and to find all the inundated buildings the tag “building = True” was used.

Overlay analysis and zonal statistics (using Rasterio package function) of the vector and raster data was used to achieve results on
the impact of the floods. For example, the flood depth class data was overlaid on top of the WSF2019-Pop and OSM building footprint
data to generate a flood damage map and to find out how many people lived in areas affected by different water depths and how many
buildings had been inundated by the floodwaters. This method not only returns a statistical report of the total population affected by a
flooding event but also divides it by flood damage severity classes to reveal the number of people affected by extreme water depths
and thus in dire need of immediate assistance.

2.3. Geovisualization of the flood impacts with Kepler gl

Kepler.gl is a high-performance open-source web-based application for visualizing large geospatial data sets [65]. It is built on top
of Mapbox GL and deck.gl which are services that provide custom online maps and complex visualizations possibilities. Kepler.gl is
able to render millions of data points on the fly and performs very well with large data sets. Creating a map in JupyterLab by using the
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Fig. 2. Flowchart depicts how the geovisualization model locates the correct area of interest based on the ICEYE flood data layer to download OSM data variables
(building footprints, services), removing a need for human intervention.
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Kepler.gl library allows the user to add data with a few lines of code and opens an interactive view of Kepler.gl where it is possible to
edit the visualization. Icon names for hospitals and pharmacies had to be inserted into new columns in the corresponding Geo-
DataFrames (‘plus-alt’ for hospitals and ‘heart’ for pharmacies) so that these string values could then be recognized by Kepler.gl to
import them from the Kepler.gl icon database. Once satisfied with the visualization the configurations can be saved as a variable
(variable named “config” in this script) and used with other data that is named exactly the same and is in the same format. The Ke-
pler.gl map visualizations can also be changed while viewing the maps, but these changes are not saved. To save edited visualizations
for later use, the user has to edit the configurations, call the configurations with the “map.config” function, and save the configura-
tions as a variable in the script.

In this script, ICEYE flood depth data, WFS2019-Pop, and OSM data (inundated buildings, hospitals, and pharmacies) were added
to a Kepler.gl map and then visualized using the Kepler.gl configurations. Latitude and longitude values extracted from the flood ex-
tent data were used to zoom the map to the flooded area. The maps from Bangkok and Tula de Allende were then saved as local HTML
files which can be opened with a web browser if the file is downloaded to the computer in use. This was done because Kepler.gl is a
client-side only application, which means that it does not send or store any data to any backends, limiting the saving and sharing of
maps. The advantage of saving the map as an HTML file is that once downloaded it can be viewed and used normally by opening the
file with a web browser. The map can also be shared by sending just the HTML file to another user. The script also exports a bar chart
of the amount of population affected by different flood depths as well as prints out text of the number of hospitals, pharmacies and
buildings inundated. This data can then be shared as an image and as text.

3. Results

3.1. Code and performance of the automated geovisualization model

The developed code met all requirements previously set for its use as a tool for fast reacting after flood events in both study sites.
The code can be found in the following GitHub repository: https://github.com/resilienceacademy/-flood-automapping. The data out-
comes from the automated model consistently mapped the two study sites to the correct location despite the different coordinate ref-
erence systems (CRS) in the source data. This means that the reprojection process in the code works automatically without the user
having to worry about projecting the data correctly. The area calculations are also accurate, despite the geographic location of the
flood changing as the “findtheutm” function finds the correct CRS to use for the area in question The final map also automatically
zooms to the correct area of interest without user interaction.

To evaluate the performance of the model in these two case study areas a series of test sets were carried out (Table 3). The longest
processing time (7 min 40 s) corresponded to the Bangkok metropolitan area. This was related to the model step where it extracts the
over 12,000 building footprints of the inundated buildings in the study site. As there were only 36 building footprints in the flooded
area in Tula de Allende, it took only 12.86 s on average to extract the data. There is a significant difference in the total average pro-
cessing time between the two study areas with 10 min and 33 s for Bangkok and only 41.73 s for Tula de Allende. This is logically ex-
plained easily by the difference in the flood extent, 718.76 km? in Bangkok and only 2.2 km? in Tula de Allende, and thus also the dif-
ference in the amount of OSM data from these two areas. The visualization configurations in Kepler.gl transfer over without issue and
as such the visual look of the flooding events are identical in both study sites.

Table 3
Processing times during each testing round of the script, and averages for both study areas. The script performed consistently in the 5 test runs per study area.

Time in seconds (Bangkok, Thailand)

Process st test 2nd test 3rd test 4th test 5th test Average
Importing modules 8.21 7.92 7.3 6.03 4.39 6.77
Raster transformations 0.846 0.776 0.571 0.62 0.272 0.617
Vector transformations 108 95 90 91 89 94.6
Raster clipping 27 25.7 27.3 26.3 25.7 26.4
Getting OSM data 492 460 453 456 441 460.4
Results 26.2 25.3 26.3 26.6 24.7 25.82
Kepler.gl 32.6 14.073 15.193 15.176 16.065 18.621
Total time 694.856 628.769 619.66 621.726 601.127 633.228
Time in seconds (Tula de Allende, Mexico)
Process st test 2nd test 3rd test 4th test 5th test Average
Importing modules 6.95 6.53 3.04 3.94 4.53 4.998
Raster transformations 0.272 0.55 0.314 0.442 0.31 0.378
Vector transformations 18.7 18.6 18.1 19.4 19.9 18.94
Raster clipping 1.24 1.15 1.35 1.14 1.64 1.304
Getting OSM data 21.8 10.2 10.2 11.3 10.8 12.86
Results 1.71 2.00 1.98 2.42 2.55 2.132
Kepler.gl 1.525 1.338 0.962 0.882 0.93 1.127
Total time 52.197 40.368 35.946 39.524 40.660 41.739
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3.1.1. Model sensitiveness

The results of the model are very sensitive to the data used, as are all models. The datasets chosen for this study have been vetted
by previous studies and have been found to be accurate as described in section 2.1. The modeling results sensitivity to the input data
was tested and illustrated by running the model with alternative population data layers.

Running the model in Tula De Allende with Global Human Settlement Layer (GHSL) and WorldPop population data returns almost
the same result for people affected by the flood: 6637 for the GHSL data and 6522 for the WorldPop data. This is significantly more
than the result of 4908 people affected based on the WSF2019-Pop data. This can be attributed to the significantly larger cell size of
the GHSL (250 x 250 m) and WorldPop (100 x 100 m) data which causes overlap with the actual riverbed and the data grids (Fig.
3.) The significantly more accurate WSF2019-Pop (10 x 10 m) data shows no values on top of the actual riverbed as it is not inhabit-
able. Population data grids which are too large cannot properly mode intricate cities built around flood prone rivers causing estimates
of the affected population to be exaggerated. In the Global South these areas are where the most vulnerable populations live.

The accuracy of the analysis created by the model is also very sensitive to the availability and quality of OSM data in the region.
Comparing the results of inundated buildings to satellite imagery highlights the fact that only a fraction of the buildings in Tula de Al-
lende have been mapped to OSM (Fig. 4). The same can be observed in the map created from Bangkok, Thailand. OSM data, however,
is constantly changing and the results will be better in the future as the OSM project is ongoing.

3.1.2. Geovisualization outputs of flood impacts in the case study cities

The results generated by our model are produced in the exact same format for both case study cities and there are no issues with
area calculations as the model can choose the correct Universal Transverse Mercator (UTM) zone for each data set and perform the
area calculations based on the location of the flood globally.

The geovisualizations from Bangkok and Tula de Allende produced by the model script can be viewed by going to: https://
drive.google.com/drive/folders/1UPXMbsMnxtNXkGiR3bTDE3495XTZqCne and downloading the to.html files and then opening
them in a browser. The files should open in the default browser where the user can then interact with the maps.

Based on our modeling results the total flooded area in Bangkok (718.76 km?) covered an area where over 13,000 buildings were
inundated with floodwater threatening 1.4 million people (Fig. 5.). The equivalent numbers in Tula de Allende (~2.20 km?) were 36
buildings, with nearly 5000 people living within inundated areas (Fig. 6).

A more careful examination of the population estimates against the depth of the flood shows that in Bangkok, Thailand 685,989
live in areas that were inundated by over 0.5 m of water, which indicates that their buildings were severely inundated. The flooding
in August of 2021 in Bangkok, Thailand was so extensive that 1,013,859 people were living in areas that had estimated flood depths

w0

Population
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Population

o demage 1<- 26 oo Wederage damoge (3F Shom| _ Signiean: cemage (50 - 100 cug e S St durage (0
Flood deplh Flood gepth Flood depth
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Tula de Allende, Mexico Tula de Allende, Mexico Tula de Allende, Mexico

Fig. 3. Model analysis of Tula de Allende using three different population datasets: GHSL, WorldPop and WSF2019-pop data. The analysis shows the significance of
high precision datasets as too large raster cell sizes exaggerate the number of people affected.
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Fig. 4. Snapshot of the flood in Tula de Allende. The blue lines show the outlines of the flooded areas, and the red, orange and yellow polygons show flooded building
footprints of the OSM data set. The image highlights the immense lack of OSM data in the area. Satellite imagery by Mapbox.

of over 0.25 m during the flooding event. The people severely affected most likely had little or no chance to go outside during this
flooding event and the water levels that were captured and estimated by the ICEYE flood depth and extent data would have caused
first responders significant trouble to reach these people in urgent need of assistance.

According to the overlay analysis of the flooded area, there were 5112 buildings inundated by over 0.5 m of water, 6260 buildings
inundated by a maximum of 0.5 m of water, and 1786 buildings that fell in-between the two categories, bringing the total number of
inundated buildings to 12,843 based on the OSM data during the writing of this article. Of these buildings, 75 were hospital buildings
and 11 were pharmacies. This does not mean that 75 separate hospitals in Bangkok were inundated as hospitals usually consist of
multiple separate buildings. Most of the mapped buildings in OSM in the area of Bangkok are strategically, societally, or economically
important big buildings. The OSM data in the area of Bangkok lacks many buildings, which makes the situation much direr in reality,
especially in the poor neighborhoods that are often overlooked in favor of mapping more affluent and economically important areas.
These results might change considerably even in a short span of time as OSM is constantly changing and updating by nature.

A total of 4908 people were affected by the flooding in Tula de Allende, Mexico in August of 2021. Of these people, 3956 lived in
areas that were inundated by over 0.5 m of water according to the flood classes calculated from the ICEYE SAR data. Of the 36 inun-
dated buildings in Tula de Allende, two were hospital buildings. There were no inundated pharmacy buildings, which also proves that
the script does not cause an error if there is no data from the area of interest. The OSM data in the area of Tula de Allende, Mexico
lacks a majority of buildings, like in the case of Bangkok, which makes the number of inundated buildings much higher in reality. The
results show a severe lack of data in these Global South cities and reveal the need to increase the pace of mapping OSM data in these
areas. The results are from the time of writing as OSM data is constantly updated.

4. Discussion

4.1. Opportunities for automated geovisualization of local flood impacts with global data sets

Based on the results, the automated geovisualization model developed in this study works consistently and accelerates the flood
impact assessment work in practice. The model and use of globally available, yet locally accurate geospatial data sets are capable of
producing explicit information of the expected impacts of floods to the residents residing in the cities. The geovisualization shows,
through the combination of multiple geospatial local scale data sets where the most severely flooded areas in the city are and how
many residents are estimated to be impacted. The geovisualization model can be fairly easily modified and optimized towards specific
areas/use cases by changing a few lines of the source code. The process is much faster than using desktop GIS software, although the
code can also be run in ArcGIS Pro using the ArcGIS Notebooks. Even though this study focused on mapping the impact of floods, this
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Fig. 5. Estimated number of residents affected by the floods in Bangkok, Thailand.

model can map any disasters that have been captured using remote sensing methods. The model analyzes the impact on humans and
infrastructure within the area of interest and can just as well be used to map the impact of earthquakes or large-scale bombing in con-
flict zones. One can even use other raster data than SAR data. Only the classification of flood depth zones needs to be removed or
modified to suit the use case.

To use the model, the user can download the code from the GitHub repository (https://github.com/resilienceacademy/-flood-
automapping) and install all Python libraries listed in Table 2. After this the user must have access to a raster layer depicting an area
of interest (e.g. METEOR project fluvial flood data in the Climate Risk Database of the Resilience Academy) and a raster layer depict-
ing population estimates (e.g. WordPop data). The model was tested with several different population datasets (WFS, WorldPop and
Global Human Settlement Layer GHSL) and flood data (ICEYE, METEOR project) and worked without any issues.

The value in the automated geovisualization model comes from the spatial and temporal accuracy, model speed and repeatability
in which the visualizations are produced. For smaller cities like Tula de Allende, the map is practically instantly ready for use, and de-
pends only on the time it takes for ICEYE to process flood extent and depth data sets. ICEYE is capable of providing SAR imagery in as
little as 15 min from image acquisition [66]. To replicate the exact results of the study the model requires access to the ICEYE flood
depth and extent data that has been processed from raw SAR data by ICEYE with information of the flood depth. While this model
does not process and prepare raw SAR data, there are multiple different models to perform the pre-processing phase [14,27]. Con-
necting this model to one of the SAR processing models will speed up the front-end of the process: delivering geovisualised maps and
statistics of flood impacts. This will produce financial gain as it saves the valuable working time of analysts and faster response to dis-
asters saves lives, reduces the amount of damage caused to infrastructure and speeds up the rebuilding process [14].

The geovisualization model can run with any population data that is in a raster format, but the WSF2019-Pop data has a few key
advantages. Its spatial resolution of ~10 m at the equator is much higher than other openly available global population data sets like
the WorldPop data or the Global Human Settlement Layer (GHSL) data, which have a spatial resolution of 100 m. This is important
when mapping flooded areas, which can be very intricate and unpredictable, especially in city environments. Using population data
that is too coarse leads to overestimation of the number of most affected populations during flooding as the data overlaps the rivers
and other water bodies where the highest measured flood depths often are. In times of emergency when first responders need esti-
mates to be as accurate as possible, data that is too coarse and causes overestimations is a problem.

Maps and statistics produced by the script would be relevant for first response teams and humanitarian aid organizations since the
model is considerably faster than other rapid mapping services such as the Copernicus Emergency Management Service (CEMS) and
the United Nations Institute for Training and Research - Operational Satellite Applications Programme (UNITAR/UNOSAT) Rapid
Mapping Service [67,68]. Several different geospatial data visualization libraries were tested aside from Kepler.gl including Folium,
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Fig. 6. Estimated number of residents affected by the floods in Tule de Allende.

Leafmap, Plotly, IpyLeaflet, and Geemap, but ultimately Kepler.gl was chosen as the most suitable for this study because it is free, it
can handle a lot of data points, it offers a wide variety of visualization options and other modifications.

Using this model, the first response is more efficient and can be focused on the areas which are most in need of aid relief. Geospa-
tial data can also be used to analyze past trends for future risk areas and to develop early warning systems for imminent floods or
other disasters.

4.2. Challenges related to the use of geospatial data sets for operative cases

There are still challenges with the developed model, mainly around the possible future deprecations or compatibility issues be-
tween the different Python libraries and packages used, which raised some issues already during the process of writing the code. One
function that was missing from all the Python libraries used was the ability to easily and accurately overlay raster files that have no
data values. Also, the ability to upload the visualization to an online server for sharing would have been very useful, but there are so
many costs involved in running a server that services with this option are subscription-based with monthly or yearly costs (e.g., Ar-
cGIS Online).

Also, the chosen geospatial data sets and their quality, accessibility and use still have several issues of concern for wider adoption
of the model for disaster risk management operations.

Firstly, mean absolute error in the ICEYE flood depth data causes uncertainties in the results of the analysis and these cannot be
avoided without in-situ measurements of the actual flood depths at the same time as the SAR data is generated. Our initial coopera-
tion plan was to evaluate in-situ calibration with SAR flood depth measurements in Dar es Salaam, Tanzania, but due to lack of floods
in 2020-21, we could not materialize the plan, and thus omitted Dar es Salaam as a case study city. Lee et al [69] compared in-situ
depth measurements of dam reservoirs to TDX InSAR data with a spatial resolution of 12 m and the difference between the in-situ and
SAR-derived data was between +1 m with a standard deviation of 0.60 m. Barreto et al. [70] were also able to estimate water levels
in rivers accurately with SAR data by comparing results to extensive field measurements. Charles Blanchet of ICEYE has also stated in
an interview that their mean absolute error is 24-32 cm [51]. This suggests that ICEYE's estimations can be deemed plausible and
fairly accurate and that SAR satellites can be used to monitor flood water depths as long as a margin of error is acceptable.

An error prediction module with ancillary data, such as high-resolution topographic data, in the geo-visualization could enhance
the model and reduce uncertainties due to flood depth inaccuracy [71,72]. The flood extent data however is extremely accurate com-
pared to similar data extracted from lower resolution Sentinel-1 SAR imagery from or satellite imagery. The approach also favors the
use of ICEYE SAR data as there is no alternative in terms of accuracy and availability. This data can however be too expensive for
many smaller actors and due to this the model is aimed to be used by large, global actors such as the World Bank, the UN, or the Red
Cross.
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Secondly, the WFS2019-Pop data however has not yet been released fully as it is still being worked on in-house at the DLR. How-
ever, the results are accurate when compared to other world population data sets and census data from the regions [46]. Using the
model with existing worldwide population datasets also causes over estimations of the number of people affected as the raster cell
sizes are too big in other datasets (e.g. GSHL and WorldPop) to accurately map intricate cities in the Global South where informal set-
tlements often sprawl around extremely flood prone rivers flowing through the city.

Thirdly, OSM data is still lacking detailed data in many rapidly developing countries and cities, and this causes very high margins
of error in the analysis in both Tula de Allende and Bangkok. The quality of OSM data also varies extremely from building to building
and due to this only the polygon building footprints have been used in the analysis. The visual comparison of OSM data and satellite
imagery shows that OSM is lacking many building footprints in both study sites. There is a severe lack of building footprints in the city
centers, which are almost always the most extensively mapped due to the high concentration of economically, strategically, and so-
cially important locations, thus data lacking from these areas suggests that most probably the situation is even worse in more periph-
eral rural regions [57]. This model however can be used to run the same analysis in cities with frequently reoccurring flooding and
thus highlight the areas most in need of mapping. The people living in the flood risk areas are the ones most in need of help during a
flood and data analysis such as the one provided by this study's model is a way to get help there as fast as possible. Mapping the flood
risk areas of the Global South through services such as OSM provides a way to help and understand the risk these areas face. The map-
ping can be done through mapathons or by leveraging Al models to create building footprints from high quality satellite data. While
using OSM data can be seen as a weakness of this model, the OSM project is not going away, and more and more data is added to OSM
every single day. This model can also be used to raise awareness of the areas most in need of geospatial data to help rescue efforts and
humanitarian aid. There can also be significant download times when using OSM data from extremely large floods such as the 2022
Pakistan floods. This can however be circumvented by making multiple maps, one for each municipality for example.

While there has been considerable thought put into the datasets selected for this study and the data has been evaluated and com-
pared thoroughly, the main value of the model, however, comes from automating the process and enabling the use of different data
sources. This enables the user to evaluate the accuracy and completeness of datasets and use their preferred datasets for the analysis.
This also enables the model to be used to evaluate all natural phenomena and human conflicts that happen within an area of interest
and that have been captured using remote sensing methods such as SAR satellites.

4.3. Future development needs

Since the geovisualization model was built and published using open-source code, anyone can use it freely and develop the code
further. Future developments could include uploading the data to an online web map for easier sharing, but this would require more
funding to cover the costs included as there are no services providing this for free.

While SAR data provided by ICEYE is not generally free, it has many advantages compared to freely available SAR data from Sen-
tinel-1. The less than daily revisit rate of the ICEYE constellation provides critical data when it is needed from anywhere in the world,
while the Sentinel-1 constellation is only capable of a 6-day revisit cycle. The spatial resolution of ICEYE's Spot Mode is 0.25 m,
which is considerably higher quality than Sentinel-1's free SAR data that has a spatial resolution of 10 m [29]. This difference in the
spatial resolution is a significant factor to the quality of flood estimations in urban city environments of the Global South, which are
extremely densely populated with informal settlements, a lack of building regulations and/or city master plans.

As WSF and OSM are globally open geospatial data services and products, they can also be freely used and OSM data can be ac-
tively updated with targeted mapping campaigns to ensure sufficient data quality. Adding road networks from OSM would allow
them to be used in routing first response vehicles on site and to warn about roads destroyed or blocked by the flooding. The output
could also be turned into a dashboard to allow the visualization of the graphs and numerical data produced by the model. Essential el-
ements of effective and automated geovisualizations should include a scalable model with a dynamic map combined with graphs and
charts which show the scope of a disaster [73].

The visual outlook should also be finalized using a panel of seasoned emergency response professionals to make sure it follows
global guidelines and universally understandable symbology. Volunteered geographic information (VGI) data could also be gathered
during disasters and implemented into a dashboard view in order to see people in distress and to gain insight from people on the
ground.

Simultaneously, the need and utility of more open-source geospatial data can be tracked. The critical risk areas can be identified
for future improvements and essential services for these areas can be planned to withstand flooding either by reinforcing the build-
ings, constructing flood preventative measures, increasing people's awareness of the risks, or by relocating the settlements just outside
the critical risk area.

5. Conclusions

This study successfully developed an automated tool that aims to contribute to disaster risk reduction, especially helpful in the
Global South. It automatically gathers global geospatial data by using the Python programming language, to produce a standardized,
automated flood analysis and visualization model. The model ingests raster data of a flooding event provided by the user (commer-
cially produced SAR satellite data by ICEYE) and combines it with global datasets such as open-source population estimation data by
the German Aerospace Center (DLR) and volunteered geographic information (VGI) from the OpenStreetMap (OSM) project. Such
overlay produces ready to use GIS data, statistics of the effects of a disaster caused by flooding, and an interactive map of the scope of
the disaster. Thus, the model can produce analytic and descriptive data from anywhere in the world in minutes to be used by first re-
sponse efforts and global humanitarian aid.

11



O. Nygren et al. International Journal of Disaster Risk Reduction 103 (2024) 104319

In particular, this study highlights that global data sets can be used to achieve significant and extremely important data visualiza-
tions in a timely manner when the process is automated through coding, in this case with Python language. Automating the analysis
and visualization of the data considerably speeds up production of relevant data visualizations and frees up resources of GIS analysts.
However, it also points out that the main obstacles to success are related to the accuracy, availability, and cost of the data when relay-
ing into commercial products.

Finally, the model created in this study can be effectively used to create the first assessment of a flooding event anywhere in the
world but, as pointed out before, it may be greatly enhanced when combined with collaborative efforts with both global and local
stakeholders. Therefore, future development of this tool, combined with site specific collaborations, shall provide the newest, most ef-
ficient technology and methods, while taking into consideration the complex needs and concerns of local inhabitants most affected by
natural disasters.
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