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Urban hydrological models are critical for flood risk management. However, the availa- Accepted 21 May 2026

bility of high-resolution topographic data for reliable outputs remains challenging in
data-scarce cities. Therefore, determining data quality in producing reliable information KEYWORDS

is fundamental. We evaluated open-source and proprietary topographic data for use in Urban; LIDAR; flood risk;
the two-dimensional hydrological model City Catchment Analysis Tool (CityCAT). We  flood model; data-scarce
modelled 12 scenarios using combinations of open-source and light detection and

ranging (LiDAR)-generated datasets, validating the results with community-generated

flood risk maps. The findings show high agreement with scenarios using LiDAR-derived

digital elevation models (DEMs) (bootstrapped Spearman’s p = 0.90). However, open-

source building footprints performed better, demonstrating that both are necessary for

reliable urban flood risk mapping. As LiDAR is costly with limited access, we urge for

publicly available high-resolution datasets for low- and middle-income countries

(LMICs) disproportionately impacted by climate change. Therefore, we address this

gap by focusing on a Latin American context with Cartagena de Indias (Colombia) as

a case study.

1. Introduction

Climate-induced precipitation patterns and extreme rainfall events have caused pluvial flooding to become
commonplace globally, with dense urban areas vulnerable to changing weather patterns, leading to substantial
economic and physical damage, and loss of human life (Kundzewicz et al. 2014; Zscheischler et al. 2018).
Flooding is the most common and consistent natural threat in cities, and is projected to intensify and increase
over the next decade (UN Habitat 2022). Thus, implementing appropriate flood preparedness measures is
critical for managing and mitigating flood impacts (Etinay et al. 2018). Addressing this requires a principal
understanding of risk using quality information, which would aid policy makers and disaster relief agencies in
developing flood management plans for creating more resilient communities and cities (UNDRR 2015).

Computational flood models play a key role in providing flood information through hazard maps, risk
quantification, vulnerability assessments and forecasting of future events (Prashar et al. 2023). A crucial
component of model usage is topographic and elevation data. However, model accuracy and reliability are
dependent on the quality of input data (Cea and Costabile 2022). Whilst high-income countries continue
developing their data resources and technological capabilities, many low- and middle-income countries
(LMICs) still lack up-to-date information (Sibandze et al. 2025). This hinders flood management efforts for
rapidly developing cities with increasing populations (Lowe et al. 2017).

Open-source global spatial datasets such as Open Street Map (OSM) serve as proxies for alternative data
sources when government data is limited or unavailable, particularly during disaster emergencies (Bozza
et al. 2016). The availability of free satellite imagery, 30 m Digital Elevation Model (DEM)s such as NASA’s
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Shuttle Radar Topography Mission (SRTM), and building footprints generated with Artificial Intelligence
(AI) create opportunities to use open-source topographic data in evidencing flood hazards, addressing
relief efforts in data-scarce cities (Thakuri et al. 2022; Schumann 2024). Despite this, the spatial and
temporal resolutions of open-source datasets are unable to capture the required detail for flood mapping in
urban topographies. Moreover, data completeness in global datasets remains uneven, with some locations
being better represented than others (Azizian and Brocca 2020; Muthusamy et al. 2021), thus requiring
careful assessment over local contexts to determine reliable flood hazard information (Bernhofen et al.
2022; Gevaert et al. 2024).

Airborne light detection and ranging (LiDAR) sensors offer more precise data, generating 3D point
information with X, Y planimetric coordinates and Z elevation (Muhadi et al. 2020). LiDAR is a valuable
resource for environmental applications such as flooding because of its capability to generate high-
resolution topographic data, from 1 m spatial resolution DEMs (Walker et al. 2025), to centimetre-scale
features such as buildings, roads and vegetation (Hung et al. 2018; Yoshida et al. 2023). However, use cases
of LiDAR are most often found in high-income countries. Whilst increasingly available, LIDAR data is still
costly and less available in countries most vulnerable to disaster risk (Nkwunonwo et al. 2020;
Abdelmoneim et al. 2023). The use of LiDAR for flood risk research in Latin American contexts is still
disproportionately under-represented. However, flood research using LiDAR is steadily increasing in
Brazil and Mexico (Pinos and Quesada-Romén 2021).

This research addresses the need for improved data for flood preparedness in generating resilient cities,
focusing on a Latin American context in Cartagena de Indias, Colombia, to narrow the knowledge gap.
Cartagena experiences recurring flooding, partly due to its geography on the Caribbean coastline, yet
increasingly due to climate change and dense urbanisation (OECD 2022). More frequent and intense
precipitation is exacerbating flood risk, causing devastation and disruption to lives and livelihoods each
year. Whilst flood management strategies are urgently required, these are undermined by outdated data,
which hinders the understanding of flood hazards and vulnerability, leaving the city and its citizens
inadequately prepared for flooding.

Therefore, this research aims to assess the quality of existing open-source geospatial data and compare
this with proprietary geospatial data in producing reliable and updated flood exposure information to
support communities, local policy makers and disaster relief agencies. To achieve our aim, we evaluated
and prepared existing open-source global and local datasets for use in the 2D hydrodynamic model
CityCAT, and then created a DEM and building footprints using airborne LiDAR for use as model data
inputs. We simulated multiple scenarios using combinations of data and then validated the scenarios
against both community- and government-generated flood risk maps. We then evaluated all other
scenarios against a baseline scenario best aligned with the community flood risk maps. Using the root
mean square error (RMSE), mean absolute error (MAE) and bootstrapped Spearman’s rank correlation
coefficient, we quantified the differences between each scenario to determine which datasets improved
flood risk information in Cartagena.

2. Study area: Cartagena de Indias, Colombia

Located to the North-West of Colombia on the Caribbean coast (Figure 1), Cartagena de Indias is
vulnerable to climate change, facing rising sea levels and variable and increasing precipitation patterns
that impact the Caribbean region (OECD 2022). Cartagena is prone to annual flooding during heavy
rainfall months in the wet season, typically between April-June and August-November, the severity of
which is impacted by the El Nino Southern Oscillation (ENSO) seasonal weather patterns (Calil et al.
2017). With an estimated 2024 urban population of 903,895 inhabitants in an area of 82km* (DANE
2025), a complex network of canal channels and antiquated drainage systems, and high levels of poverty
and socio-economic disparities (Espinosa et al. 2020), Cartagena faces many challenges in adapting to
changing weather patterns. Figure S1 (Supplementary material) demonstrates daily recorded rainfall in
Cartagena, showing greater rainfall spread throughout the year in recent years. Between 2014 and 2024,
Cartagena saw 110 days of over 30 mm of daily rainfall, with a maximum daily rainfall of 222 mm. Figure 2
demonstrates the levels of flooding that local residents can face.
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Figure 1. Study area location, highlighting neighbourhoods whose residents were research stakeholders. Satellite
imagery ©Airbus Defence and Space (2024).

Figure 2. Images of flooding captured by local residents of Cartagena in October 2023.

Renewed urbanisation plans under the current administration demonstrate a drive for proactive flood
preparedness (Secretarfa de Planeaciéon 2024). However, risk reduction strategies are undermined by
political, social and economic challenges (Cohen et al. 2025). Tourism is a key economic driver. However,
it also contributes to spatial disparities between touristic and economically advantaged zones in the west of
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the city where there is concentrated development, and the ‘rest of the city’, where there is greater socio-
economic disadvantage. Irrespective, all zones and populations are vulnerable to recurrent flooding,
disrupting daily life, damaging property and risking people’s lives. Yet, existing flood information is
heavily reliant on news reports post-event, lacking adequate flood preparedness information before and
during events.

Whilst lack of adequate flood information is a problem throughout the city, areas outside of Cartagena’s
touristic zones are under-represented. Therefore, to aid inclusion and improve local preparedness
information, this research focuses on neighbourhoods in the south of the city, outside of Cartagena’s
touristic zones. The overall area examined is 15.6 km?, focusing on the neighbourhoods of Nuevo Bosque,
El Campestre and El Socorro, which are highlighted in Figure 1. El Campestre and El Socorro frequently
appear in news reports declaring emergencies following heavy rainfall events (El Universal 2022; El
Espectador 2023; El Heraldo 2024), and whilst they are more prone to flooding, Nuevo Bosque also
experiences flooding to the south of the neighbourhood. All three neighbourhoods are densely populated
(Table 1), have canals in or bordering them and have drainage issues. Local community leaders and local
residents of these neighbourhoods were research stakeholders, all of whom urge for greater institutional
support to address the problem of flooding.

3. Methodology

To determine the availability of existing datasets for flood model inputs, the proposed workflow included
an initial audit of available open-source data completeness. This included assessing global, national and
local government datasets. The topographic information required over Cartagena was rainfall, buildings,
elevation and green areas, as these were critical data inputs for CityCAT, the two-dimensional hydro-
dynamic urban flood model used in this research (Glenis et al. 2013). Table 2 demonstrates the datasets
audited in this research. We also generated additional DEM and building data, with a spatial resolution of
between 1 and 4 m, with privately obtained LiDAR data (Cuatro Conceptos 2024). The methodological
approach is illustrated in Figure 3.

This study simulated 12 scenarios for 5th November 2022, using a combination of different processed
DEM, rainfall, building and green area datasets. This was the heaviest rainfall day from rain gauge data
during a period of national flood emergency, as declared by the Colombia National Unit for Disaster Risk
Management (UNGRD) (World Health Organization 2023). Numerous flood-related emergencies
occurred during this period, affecting more than 37 neighbourhoods and 12,000 people (ReliefWeb
2022; Semana 2022). Comparing the sensitivity of data inputs is necessary in determining the reliability
of the data outputs, as it can determine whether at-risk places and communities are included or excluded
in flood risk management strategies.

Previous studies have demonstrated the value of community co-creation to capture lived flood
experiences through observational data, which in turn includes communities and aids in the credibility
of modelled outputs in data-scarce areas, thus advancing local hydrological knowledge (Assumpgio et al.
2018; See 2019; Mandal et al. 2026). This research builds on similar work by comparing modelled scenario
outputs with community flood risk maps created with community members living in the local neighbour-
hoods of El Socorro, Nuevo Bosque and El Campestre during social cartography sessions held in 2023.
These were also compared with local government flood risk maps, which, whilst obtained from the
Secretaria de Planeacion in 2023, were generated much earlier, though the exact date is unknown owing to
inconsistent metadata.

Each simulated scenario was given a label made up of the input data used whilst processing that
scenario. Figure 4 assists with understanding the flood model outputs in Figure 6. A label is provided for

Table 1. Information on study neighbourhoods (Secretaria de Planeacién 2023).

Neighbourhood Population size
Neighbourhood area size (ha) (2018 Census) Population density per hectare (ha)
El Campestre 59 10,306 174
El Socorro 52 10,609 204

Nuevo Bosque 43 8851 205




Table 2. Information on the datasets audited in this research.
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Spatial resolution, data type,

Data type Dataset data size Access type Source
DEM Advanced Land Observing Satellite Phased Array 125 m, Open JAXA (2014)
Type L-band Synthetic Aperture Radar (ALOS Raster, 69.8 MB
PALSAR)
ALOS World 3D - 30 30 m, Open Takaku et al. (2014)
Raster, 123 KB
NASADEM 30 m, Open NASA JPL (2020)
Raster, 123 KB
Government 12 m, Open Secretaria de
Raster, 7.3 MB Planeacion (2023)
Airborne LiDAR =13 pts/mz, Restricted  Cuatro Conceptos (2024)
3D point cloud, 15.9 GB
Buildings OSM Buildings - Open OpenStreetMap (2024)
Vector, 3.78 MB
Microsoft Global Building Footprints - Open Microsoft (2023)
Vector generated from Bing
satellite imagery, 9.3 MB
Google Open Buildings - Open Google (2024)
Vector generated from 50 cm
satellite imagery, 32.0 MB
Government Urban Buildings - Open Secretaria de
Vector, 35.4 MB Planeacion (2023)
Airborne LiDAR =13 pts/mz, Restricted  Cuatro Conceptos (2024)
3D point cloud, 16 GB
Green spaces OSM - Open OpenStreetMap (2024)
Vector, 1.58 MB
Government Green Zones - Open Alcaldia Mayor de Cartagena
Vector, 0.8 MB de Indias (2024)
Rainfall Daily Precipitation Rafael Nufiez International Open IDEAM (2025)

Airport Weather Station Tabular (CSV), 2.01 MB

Open-Source Data

Combine newer & older
/ Buildings L BF with 15% overlap
Generate DEM
DEM Resample DEMs to 4m with IDW
- bicubic interpolation interpolation
|
Channel network
burning into DEM
Merge, vectorise
- Generate IDF curve - Generate & clean building
/ RamﬂE— 80% daily rainfall over [ CityCAT footprints
2.5 hours processing
scripts DBSCAN

clustering (eps =
1.8, minPts = 10)

CityCAT simulations with
varying datasets to
generate flood depth maps

Ground filtering

with CSF

Hierarchical coplanar
segmentation

Lidar Data

Pre-process LiDAR data

Buildings

k=10, k=16)

Remove noise,
normalise & filter
points >1.6m

Analysis and validation using
community flood risk maps

Figure 3. Workflow detailing the open-source (grey) and LiDAR (blue) methodological approach taken to process data

for use in CityCAT flood simulations.

each scenario. This label is made up of a scenario number and corresponding codes that signify the data
type and input used. For example, in S2: B-Gov/D-AW3D/G-Gov, S2 refers to scenario 2, B- refers to
building data, and Gov signifies the use of local government building footprints (BF). This is the same as
for the other codes in the label. For example, D- refers to DEM, and AW3D signifies the use of ALOS
World 3D. Across all scenarios, the data inputs for green areas are the same (G-Gov).
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Model Inputs Model Output Labels

S.1: B-Gov/D-Gov/G-Gov

Buildings DEM Green Areas

S.3: B-Gov/D-Ldr/G-Gov

Government
G-Gov

Government Government

B-Gov D-Gov S.4: B-Ggl-Gov/D-Gov/G-Gov

Government &] ALOS S.6: B-Ggl-Gov/D-Ldt/G-Gov
Google Merge —  World 3D %
B-Gel-Gov D-AW3D S.7: B-Ldr/D-Gov/G-Gov
S.8: B-Ldr/D-AW3D/G-Gov
S.9: B-Ldr/D-Ldr/G-Gov
Lidar Lidar
B-Ldr D-Ldr $.10: D-Gov

S.11: D-AW3D

Figure 4. Schematic showing scenario labels to assist in comprehending Figure 6.

3.1. CityCAT flood model and data inputs

City Catchment Analysis Tool (CityCAT) is a physics-based two-dimensional hydrodynamic urban flood
model that simulates water flow and depth using shallow water equations, obtaining a solution using finite
volume methods with shock-capturing schemes (Glenis et al. 2013). This captures flood wave propagation
and handles wetting and drying processes of the urban terrain to obtain flood depth (Toro 2013). The
model generates a computational grid using a DEM and polygon-based vector layers of urban features
such as buildings and green areas. The building footprints are treated as solid exteriors using the ‘building
hole” approach and excluded from the grid to produce realistic overland flow paths, whilst green areas are
used to calculate infiltration using an iterative Green-Ampt method (Glenis, Kutija, and Kilsby 2018).
Manning’s roughness coefficients were assigned using the model’s standard values, which automatically
differentiate values between permeable green areas and impermeable surfaces. This introduces uncertainty,
as local roughness measurements were not available. Furthermore, whilst CityCAT can account for
drainage, obtaining such data is challenging in many contexts, especially in data-scarce urban environ-
ments such as Cartagena (Bertsch et al. 2022).

Despite these uncertainties, we used CityCAT for its advancement in representing water flows after
high-rainfall events in dense urban environments, efliciently capturing buildings and natural drainage
systems with a low computational load. Other two-dimensional flood models, such as HEC-RAS, could
also be applied to this analysis (Brunner et al. 2015); however, we chose to take advantage of institutional
links with CityCAT developers for any technical support. Furthermore, whilst CityCAT use cases have
been researched in Europe and the USA (Guerreiro et al. 2017; Iliadis et al. 2023), less research has
occurred in LMIC contexts where access to complete or high-resolution data is often limited. We sought to
broaden model use, whilst applying more advanced techniques to a Latin American context.

3.2. Flood modelling with open-source data

3.2.1. Rainfall

Cartagena experiences variable local rainfall patterns, yet obtaining rain gauge data is difficult, as gauges
are not spatially distributed throughout the city. Daily precipitation records are available from the National
Institute of Hydrology and Metrology, Instituto de Hidrologia, Meterologia y Estudios Ambientales
(IDEAM), and their rain gauge is located at the Rafael Nufiez Airport in the North-West of Cartagena
(IDEAM 2025). This area falls outside the study area, therefore does not always capture short-duration
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intense localised rainfall, which is typical in Cartagena (Mouthon-Bello et al. 2022). This introduces
uncertainty in the model; however, available precipitation data from a nearby weather station were
preferred as an indicator of rainfall distribution over simulated global atmospheric datasets and are a
consistent constraint in research relying on rain gauge data in Cartagena (Gonzalez-Alvarez et al. 2018).

We adapted daily rainfall records in the flood model simulations based on research by Mouthon-Bello
et al. (2022) and Castilla Villalba et al. (2023), who found that 80% of daily rain falls within the first 2.5 h of
a rainfall event in Cartagena. On 5th November 2022, the Rafael Nuiflez Airport rain gauge recorded 128.1
mm of daily precipitation. We adapted this method to create an intensity-duration-frequency (IDF) curve,
generating a storm profile of 80% of rainfall depth (102 mm) over a 2.5-h time period, using scale
invariance to downscale the rainfall intensity over 5-min intervals. To address rainfall uncertainty, we
performed a sensitivity analysis by modifying the adapted rainfall amount by +20%. We found that
different rainfall amounts vary in flood extent and depth; however, spatial flood path patterns remain
consistent (Figure S2, supplementary material). Whilst this does not resolve the lack of localised rain gauge
data, it demonstrates model consistency.

3.2.2. Digital elevation models

For improved precision in high-resolution urban flood models such as CityCAT, DEMs with a spatial
resolution of 5 m or less are required, as larger cell sizes misrepresent flow between buildings (Iliadis et al.
2023). We tested different open-source DEMs, assessing 12.5 m spatial resolution Advanced Land
Observing Satellite Phased Array Type L-band Synthetic Aperture Radar (ALOS PALSAR) (JAXA
2014), 30 m NASADEM (NASA JPL 2020) and 30 m ALOS World 3D (AW3D30) (Takaku et al.
2014). Among the open-source DEMs evaluated, AW3D30 performed best and was therefore selected
for further use in model simulations (see Figure S3 supplementary material for results demonstrating
simulated DEM differences). A 12-m DEM was also obtained from the local mayor’s planning office
(Secretaria de Planeacion 2023). Owing to missing metadata, it was difficult to determine the government
DEM origins; however, it was included within this study as an official dataset.

To process the DEMs for use in CityCAT and compare open-source DEMs against the LiDAR-
generated 4 m DEM, we increased the spatial resolution of all open-source DEMs to 4 m using polynomial
bicubic interpolation. We acknowledge that resampling a DEM has the potential to introduce large errors
due to the loss of topographic information, and without panchromatic data, upsampling does not increase
spatial detail (Wechsler 2007). However, we wanted to assess the usefulness of available open-source DEMs
in high-resolution flood models when requiring critical flood risk information in cities with limited data
availability. The ALOS PALSAR DEM was initially upscaled to 20 m and then downscaled to 4 m to aid in
reducing noise and artefacts. We then burnt the channel network into all open-source DEMs using
channel vector data, approximating measurements reported by Naufal et al. (2024) due to a lack of data. As
CityCAT addresses buildings within the computational grid, they were not filtered at this stage.

3.2.3. Buildings

Using accurate and up-to-date BF is a crucial element as missing buildings in flood simulations are
unlikely to characterize flood risk in those areas. The government BF was made available by the local
government planning office (Secretaria de Planeacién 2023). These are illustrated in Figure 5 (map a).
Owing to missing metadata, it is unknown when the government BF were created. We analyzed the dataset
against satellite imagery acquired in 2024, finding that whilst there was overall coverage spatially
distributed across the city, there were mismatching BF with the satellite image. The missing footprints
are likely due to different temporal information between the BF and imagery, and the city’s rapid
expansion.

Open-source alternatives were available; however, they required further inspection to determine
applicability. Volunteer-generated map OSM generated large amounts of missing data over the study
area when compared with government BF (Figure 5, map b), which is a common issue across LMICs
(Herfort et al. 2023; OpenStreetMap 2024). Al-generated datasets by Microsoft and Google (with a 75%
confidence level) were also inspected (Microsoft 2023; Google 2024). Microsoft’s BF were large in area size
and not reflective of buildings in Cartagena. Whilst average building area size and coverage were largely
improved with Google’s BF, missing BF remained (Figure 5, maps c-d).
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Figure 5. Comparison of open-source building footprints available over Cartagena, using satellite imagery as a baseline
of comparison.

We determined that the government BF, despite not being the most up-to-date, was more credible as an
official dataset, though Google BF was useful as a proxy for missing data. Thus, merging both datasets was
one method of overcoming data incompleteness with an accurate building size. However, despite both
being reprojected to the WGS 84/UTM zone 18N (Northern Hemisphere) coordinate reference system, we
found a systematic spatial offset, with median residuals of 2.3 m. This is likely due to the use of centimetre-
resolution satellite imagery in the processing of the Google BF, as well as the different methods in
producing each dataset (Sirko et al. 2021).

To merge the datasets and create a more up-to-date BF, we first examined the offset with an overlap
analysis. This was to determine more recently developed BF in the Google dataset, which are missing from
the government BF. There was a median overlap of 72% between the BF of both datasets, with an upper
quartile of 83%. We then compared BFs with less than 28% overlap against Google satellite imagery and
found that buildings in the Google BF with less than 15% overlap only overlapped on the corners of

buildings in the government dataset. These residual buildings with slightly overlapping corners were
merged with the government BF, creating a new dataset of updated BF in Cartagena. This dataset was then

used in CityCAT. We also used the government BF in simulations to compare model outputs on each BF
dataset.

3.2.4. Green areas

Data on green areas was found on the OSM and the local government’s geospatial portal, MIDAS (Alcaldia
Mayor de Cartagena de Indias 2024). Observations of satellite imagery determined gaps between the two
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datasets. The OSM included newer green spaces that were not observed in MIDAS, but the OSM data were
incomplete. As Cartagena is densely urbanised with few green spaces, the use of the MIDAS dataset was
deemed sufficient, as any buildings identified in green areas would be prioritised by the model.

3.3. Generating data inputs with LiDAR

Airborne point cloud data was acquired from the Colombian-based company Cuatro Conceptos (Cuatro
Conceptos 2024). The point cloud covered a 45.84 km?* area over Cartagena and was generated on 17th and
18th June 2019. The dataset was large, with an average density of 13 points per m* and 23 LAS files. LIDAR
processing was carried out in 2 distinct stages: firstly, to generate elevation data and then to extract BFs,
using LasTools in QGIS 3.4.1 and LidR in RStudio 4.2.1 (Roussel et al. 2020).

3.3.1. Data cleaning and pre-processing
The LiDAR dataset was provided raw, therefore required pre-processing, including:

« reprojecting files to the WGS 84/UTM zone 18 N coordinate reference system;
e X and Y scale transformation;
« unclassifying rogue points to 0.

The data also had large height (Z) outliers, displaying values from -113 to 533 m. To reduce these, we
analyzed point density and neighbouring points to determine parameters for a statistical outlier removal
(SOR) noise removal algorithm, determining 15 nearest neighbors (k), with a maximum distance threshold
of 2 standard deviations, as suitable for this dataset. This reduced outliers, but further refinement was
required, as the height values still demonstrated outliers. Owing to Cartagena’s location as a coastal city
and the prevalence of channels, Z values below 0 were expected. Further inspection of minus values
showed a median average of -7 m. High-value outliers were also investigated, often displaying cranes and
power lines. These were separated from high-rise buildings and removed. After cleaning the data,
minimum and maximum height values were set to -7 and 115 m, respectively.

3.3.2. LiDAR-generated DEM

A 4 m resolution DEM was derived from the point cloud data for use in CityCAT. The ground points were
classified using the cloth simulation filtering (CSF) algorithm, which inverts the point cloud so that the
ground is facing up, placing a cloth over this to determine nodes identified as ground (Zhang et al. 2016).
It works well in flat terrains; therefore, it is suited to the topography of Cartagena. Table S1 (supplemen-
tary material) displays the default CSF parameters, which were tested and then fine-tuned, evaluating
against satellite imagery to reduce misclassification. The DEM was then derived using the ground points
and interpolated using a K-nearest neighbor classification with inverse distance weighting (IDW).

The algorithm determines the nearest points (k) within a given radius of unsampled locations in the
point cloud data, allocating weights to each point by calculating the inverse distance raised to a given
power (p). Whilst IDW is a commonly used algorithm and regarded for its simplicity and computational
speed, there is also a critique of accuracy (Bater and Coops 2009). However, Guo et al. (2010) found that
IDW performs well when creating 5-10 m spatial resolution DEM’s, whereas the use of IDW at higher
spatial resolutions (1 m or less) produces more inaccuracies. Nearest neighbor algorithms have also
demonstrated strong performance in urban areas, so combining the traditional IDW with a K-nearest
neighbor (KNN) classifier can improve ground point detection (Polat et al. 2015). Sensitivity analyses were
performed to determine suitable values of k (10) and p (2), before formatting the DEM to ascii format
ready for use in CityCAT.

3.3.3. LiDAR-generated buildings

The provided LiDAR data was also used to experiment with generating BF to overcome missing data.
Whilst there have been significant advances in LiDAR segmentation, differentiating between urban
features within close proximity, such as trees, cars and buildings, remains a challenging task (Karsli
et al. 2024). Cartagena exemplifies this with trees of varying heights tightly woven throughout the city’s
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urban fabric. We address this using a coplanar approach, whereby neighbouring points on the same two-
dimensional plane are segmented and identified as rooftops, and then use the density-based clustering
algorithm density-based spatial clustering of applications with noise (DBSCAN), as proposed by Ester et al.
(1996) to identify individual buildings.

We pre-processed the non-ground points identified in Section 3.3.2, filtering points above 0 to remove
outliers. The point cloud was then normalized by subtracting a 1 m DEM for coarse-resolution building
footprints. Elevation values <1.6 m were removed to eliminate artefacts such as cars and low-level
vegetation (Ma 2005). Duplicated points from overlapping tiles were also removed before identifying
building shapes.

The coplanar algorithm in the LidR package determines clusters of dominant planes using covariance
eigenvalue tests and then uses weighted Gaussian kernels in a Hough spherical accumulator (Limberger
and Oliveira 2015; Roussel et al. 2020). The algorithm was run twice on the original dataset because of
variable densities in areas of overlapping tiles. Between 4 and 25 k nearest neighbours were tested,
determining an initial run of 10 nearest neighbours to identify smaller buildings, and a second run of
16 nearest neighbours to identify larger buildings. The remaining isolated points were removed using
conservative SOR parameters (k=2, m=4).

Coplanar detection of isolated building points was performed, but did not identify individual buildings.
For this purpose, DBSCAN was used with values of 1.8 ¢ and 10 (minPts). A range of parameters was
determined using a shoulder method and then tested against satellite imagery, which is critical, as
DBSCAN can be highly sensitive (Schubert et al. 2017). Clusters identified as noise were removed, and
the remaining clusters were polygonized. DBSCAN was used on both coplanar datasets before they were
fused together. To create a final vector BF dataset, post-processing included filling gaps within the BF,
removing polygons with an area size less than 20 m? as these are unlikely to be buildings, and deleting
polygons which intersected with roads. Manual cleaning was also required. To improve the linearity of the
building shape, buildings were simplified and orthogonalized in the QGIS. These were then used for
processing in CityCAT.

3.4. Quantifying scenario differences and uncertainties

In the absence of quantifiable flood maps for validation, no one scenario was deemed accurate. Instead, the
scenario that best aligned with the community flood risk maps was used as a baseline scenario to compare
all other scenarios and understand the differences between them. We used the mean absolute error (MAE)
to measure the average absolute differences between all scenarios against the baseline, treating values as a
comparative interpretation rather than absolute differences, and explored this further with the root mean
square error (RMSE).

Furthermore, bootstrapping is well used in hydrological studies as a statistical technique to measure
uncertainty, particularly in the absence of ground-truth data (Hirsch et al. 2015; Faghih et al. 2017;
Couasnon et al. 2020; Landwehr et al. 2024). Bootstrapping uses random samples of observed data, never
using the same sample twice, calculating uncertainty for each sample and then measuring the average
across all samples (Tibshirani and Efron 1993). In this study, we used bootstrapping of 1000 samples with
Spearman’s rank correlation coeflicient to measure spatial uncertainty between the baseline scenario and
all other scenarios.

4. Results and discussion

We assessed the influence of open-source and proprietary geospatial data in producing improved flood
exposure information using a two-dimensional hydrodynamic urban flood model in a data-scarce context.
Through a comparative analysis with community flood risk maps, model outputs demonstrate varying
results with greater spatial flood extent differences when using open-source global DEMs. The use of a
LiDAR-derived DEM captured improved flood information at a local scale. These differences are due to
the native spatial resolution and micro-topographic detail of each dataset. Despite this, AW3D demon-
strated that pre-processing the DEM through burning the channels network can also improve the
simulated flows. When assessing BF, the LiDAR-generated BF distort flood estimates, as buildings are
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too large, but the open-source BF provides flood information in between the buildings, which is necessary
in dense urban areas. Using a combination of open source and proprietary data can work well in the
absence of official data, but auditing existing information and assessing data quality is critical to generating
improved flood maps and making informed decisions, particularly in data-scarce contexts.

4.1. Flood model scenario maps

The 12 generated flood scenario maps are displayed in Figure 6. Each scenario in each row in Figure 6 uses
the same building data input during simulation. For example, row 1 shows S1, S2 and S3, which used B-
Gov, indicating government buildings. Each figure column used the same DEM. For example, column 1
shows S1, S4, S7 and S10, which use D-Gov, indicating the government DEM.

Scenarios that use the LIDAR DEM demonstrate natural flows of floodwater, as the largest flood depths
are concentrated along existing channels. This is illustrated best in S10 (Gov DEM), S11 (AW3D) and S12
(LiDAR DEM), where only a DEM was simulated to determine whether elevation data in the absence of
building data could provide reliable information in data-scarce contexts. Scenarios using AW3D also
demonstrate floodwater representation along channels. However, some flood zones identified by local
communities are not captured, and sections of the channel are missing flooded areas. This is likely a
limitation of the vector-based channel burning in the DEM. Obtaining accurate channel measurements
could improve this, but the data is not publicly available. Although, AW3D performed better than
scenarios using the government DEM, which was inconsistent with the results of the community reports.
The LiDAR-generated DEM captured more variation in topography, coarse urban features and the channel
network. Figure 7 demonstrates this, highlighting the loss of topography when resampling the open-source
DEMs. This reinforces the trade-off between the spatial resolution available and the need for fine-scale
detail when capturing flood risk in complex urban terrain.

Across scenarios using the same DEM (Figure 6, Columns 1, 2 and 3), patterns of spatial variations of
flooding are similar. However, the scenarios without buildings (S10, S11 and S12) show an average spatial
extent of 15.63 km, which is approximately 39% greater than that when buildings are included, as
demonstrated in the statistical analysis in Table 3. Overall flood extents in S1 to S9, which include
buildings show between 9 and 11 km” of flood extent. This highlights that whilst the LIDAR DEM can
demonstrate spatial flood patterns, DEMs alone are insufficient in capturing flood risk dynamics.

Figure 8 shows the flood depth distribution with maximum depth values displayed above each scenario,
corresponding with the colour-coded scenarios in Figures 4 and 6. In Figure 8, we see similar patterns of
flood depth distribution in S3, S6, S9 and S12 (LiDAR DEM), compared to all other scenarios. The
embedded box plots demonstrate that across all scenarios, the majority of the flooded cells were low risk
(<30 cm). However, the maximum flood depths ranged between 3.78 and 4.86 m across the scenarios,
demonstrating that dangerously high flood risk was concentrated in specific areas.

In Table 3, we used the median absolute deviation (MAD) and interquartile range (IQR) to understand
the dispersion of flood depth data. We found that the scenarios with building data (S1-S9) demonstrated
greater flood depth values than scenarios without buildings, with medium- to high-risk flood pixels
(>30 cm) forming between 11% and 14% of the overall spatial extent. Adding buildings in the flood model
simulations showed higher flood depths in the 90th percentile, suggesting that buildings intensify the
accumulation of flooding, increasing flood depth.

4.1.1. Neighbourhood level flood risk

Scenarios were further explored at the neighbourhood level to determine the influence of data inputs
alongside government and community flood risk maps. Figure 9 illustrates this with scenarios S1-S3 (Gov
BF) in the neighbourhood of Nuevo Bosque. There is a misalignment between the government flood risk
map and flood risk as reported by local communities. Of the generated flood maps, S3 (LiDAR DEM)
demonstrated flood patterns that were more closely aligned with community perceptions of flood risk,
particularly in the South and centre of Nuevo Bosque. However, some areas deemed as medium to high
risk by communities were not evident in S3. This is in part due to incomplete government data with
missing building footprints in scenarios S1-S3. When alternative BF were used, high flood risk pixels were
modelled as demonstrated in Figure 10, highlighting the importance of up-to-date BF.
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Figure 7. Hillshade comparison of the 4 m resampled government and AW3D DEMs, and the 4 m generated LiDAR DEM.

Table 3. Comparison of each scenario, showing overall flooded extent in km? and a statistical analysis of the spread of
flood depth through observing the maximum, median, the median absolute deviation (MAD) and interquartile range (IQR).

Overall extent Flooded extent Depth Depth
(km2) >0.3 m (%) max (m) Depth median (m) MAD (m) Depth IQR (m) Depth IQR p90 (m)
S1 10.93 12.95 4.24 0.013 0.009 0.067 0.448
S2 10.94 10.46 4.63 0.026 0.018 0.067 0.324
S3 10.94 11.79 4.60 0.012 0.011 0.106 0.353
S4 10.32 13.93 3.77 0.014 0.010 0.088 0.486
S5 10.34 11.62 4.60 0.029 0.020 0.079 0.377
S6 10.34 12.44 4.81 0.014 0.012 0.120 0.369
S7 9.45 13.32 4.70 0.013 0.009 0.072 0.455
S8 9.47 10.81 458 0.026 0.018 0.066 0.348
S9 9.68 11.72 4.77 0.012 0.011 0.103 0.351
S10 15.63 9.06 4.36 0.009 0.004 0.017 0.235
S 15.64 6.85 4.85 0.018 0.011 0.035 0.164
S12 15.64 9.31 459 0.007 0.006 0.053 0.276

When observing scenarios S4-S6 (merged Google and Gov BF) over El Socorro, a similar story to
Nuevo Bosque was observed in that modelled flood risk in S6 (LiDAR DEM), which displayed spatial
patterns similar to the community flood risk map (Figure 11). We also observe similar patterns in S5
(AW3D), which is likely due to the two major channels running throughout the neighbourhood. In El
Socorro, there were greater discrepancies between the government and community flood risk maps, where
areas highlighted as flood risk zones by communities were not exhibited in official data. The outputs in S5
(AW3D) and S6 (LiDAR DEM) displayed a combination of risk demonstrated on the community and
government flood risk maps. This suggests that the model could be over- and under-representing and
requires cautious interpretation of the results. Despite this, the modelled flood extent showed closer
alignment with the experiences of local communities when using the LIDAR DEM.

Furthermore, whilst the community in El Socorro stated that flood levels are dangerously high during
heavy rainfall periods, flood depth was not quantified. Therefore, modelled flood depths which increased
by approximately 21% in S6 (LiDAR DEM) and S5 (AW3D) than S4 (ALOS PALSAR) should be
interpreted as indicative rather than absolute and treated with caution until quantifiable validation data
are available. Ideally, this would include surveying flood extent and water levels after a flood event using
high-precision equipment such as a GNSS or a total station. However, in practice, this approach can be
dangerous and difficult to implement. Thus, the community flood risk maps provide locally relevant
information to compare against the simulated outputs.

When considering the impact of BF on the scenarios, there were greater overall flooded pixels in S3
(Gov BF) and S6 (merged Google and Gov BF), whilst S9 (LiDAR BF) showed 9% less flood extent but
greater flood depth. This is likely due to the building size. Table 4 presents a comparison of BF across the
different datasets. The median average of building size demonstrates that the government BF is 44%
smaller than the LiDAR BF. This impacted the model flood depth and extent, with a larger BF under-
estimating the flood extent.
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Figure 8. Comparison of flood depth distribution (m) for each scenario, shown on a Log'® scale (y-axis).
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Figure 9. Flood risk maps in the neighbourhood of Nuevo Bosque. Maps include the simulated model outputs (a—c), the
local government Secretaria de Planeacién (2023) flood risk map (d) and co-created neighbourhood risk maps (e).



S3: B-Gov/D- Ldr/G Gov

S6: B-Ggl-Gov/D- Ldr/G Gov

GEOCARTO INTERNATIONAL e 15

S9: B-Ldr/D- Ldr/G Gov

Max de m 3.15m " ) Max depth 3.08m . 7 X Maxdemh 2.6m . ‘
P e _’{ . e “{r L _":.-
- g d ' R\ ¥ g . Uo7 + [ ,._-. + ; 5; 3
r L LA NG P SR
L] ¥ ’ 3 .
s ' ~L
e SRS o8 *FarSnd B ) b SV N
Y S S| [BEEESH L T Sl o

Figure 10. Flood maps showing the impact of missing building footprints on simulated flood model scenarios S3, S6
and S9.
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Figure 11. Flood risk maps in the neighbourhood of El Socorro. Maps include the simulated flood maps of S4, S5 and S6
(a—c), the Secretaria de Planeacién (2023) flood risk map (d), and flood risk as experienced by local residents (e).

Table 4. Comparison of building footprint datasets used in scenario simulations, presenting the overall number of
buildings, density and coverage, and average building size.

Number of Mean building Median building Building Building
Building footprint dataset buildings area (m?) area (m?) density (km?) coverage (%)
Government 74,246 66 57 4756 31
Government & Google Merged 80,818 68 57 5177 35
LiDAR 19,586 319 102 1254 40

We present this in Figure 12, where the simulated maps a-c used the LiDAR DEM and different
building footprints. In this figure, we highlight an area of flood risk to compare the co-created flood risk
map with communities (map e) against the other flood maps. S9 (LiDAR BF) demonstrated lower flood
risk than S3 (Gov BF) and S6 (merged Google and Gov BF). Whilst smaller buildings can be observed in
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Figure 11 Map C, the LiDAR-generated BFs were largely overestimated, merging closely connected
buildings to form blocks of buildings rather than individual BF.

This highlights the importance of using BF, which reflects the existing terrain in flood model simula-
tions. In the future, using approaches such as automatically assigning neighbourhoods with a region-
growing approach or integrating LIDAR with very-high-resolution multispectral and hyperspectral imag-
ery using deep learning approaches may improve building footprint accuracy (Hess et al. 2025; Rehman
et al. 2025). Advanced processing techniques are not always available to practitioners; therefore, open-
source alternatives remain valuable, and in this case, a combination of merged government and Google BF
provided the updated BF to scale required for use in flood simulations.

4.2. Scenario comparisons

For the comparative analysis, we chose S6 (LIDAR DEM) as a baseline scenario to compare against as it
demonstrated the closest alignment with flood risk areas identified by local communities and used the
most up-to-date BF at the time of analysis, with the inclusion of the Google Open Buildings, which were
produced in 2022. S3 (Gov BF) and S9 (LiDAR BF) were not chosen as the baseline, as S3 had missing BF,
which impacted flood model outputs of areas at risk, as presented in Figure 10, and S9 had a reduced
overall flood extent due to large buildings.

Figure $4 (supplementary material) demonstrates depth differences between S6 and all other scenarios,
with MAE and RMSE to quantify divergence. Scenarios S3, S9 and S12 showed smaller differences with
MAE values of 0.05 m or less, and RMSE values of 0.15 m or less. Similarities were expected in these
scenarios, as S6 used the LIDAR DEM; however, S3 demonstrated the smallest difference, with an MAE of
~0.01 m and an RMSE of 0.08 cm. All other scenarios demonstrated larger differences, with an RMSE of
more than 0.32 m, showing greater divergence from S6.

Figure 13 presents the results of the bootstrapped Spearman’s rank correlation coefficient. It shows a
high correlation coefficient (o) score between the LIDAR DEM-based scenarios, meaning that there is
greater similarity between these flood scenarios and S6. However, there were differences between each of
these scenarios. With a tighter distribution and p-value of 0.97, S3 was most closely aligned with S6. S9 and
S12 showed more variability, although the differences between the latter scenarios were small, with p-
values of 0.90 and 0.92, respectively. This suggests that there are small differences between using the
LiDAR BF and only using a LIDAR DEM. Scenarios using AW3D and the government DEMs showed p-
values ranging between 0.11 and 0.23 with larger outliers, meaning that these scenarios are less consistent
with local people’s experiences of flooding in Cartagena.

4.3. Limitations and opportunities

This research has shown that flood exposure information can be improved with high-resolution spatial
data. The differences were greater when using global DEMs, government, and Al-generated datasets, thus
demonstrating that each dataset requires careful inspection and filtering before use in flood models.
However, the absence of quantifiable validation data limits confidence in the simulated depth values.
Furthermore, the rainfall sensitivity analysis (Figure S2, Supplementary material) demonstrated how the
rainfall amount also introduces uncertainty in the magnitude of flood depth and extent. Therefore,
estimates should be interpreted as approximate rather than exact values, and best-case scenarios must
be evaluated cautiously rather than as definitive predictions. Obtaining spatially variable rainfall data
would provide more realistic flood risk patterns, as would drainage information. However, without this
information, data with meter-level precision can still improve flood risk understanding in data-scarce
contexts. In this study, the LiDAR-derived DEM displayed spatial patterns of flood pathways broadly
consistent with flooded areas identified by local communities, whilst demonstrating differences from
official flood risk maps.

This is not unique to Cartagena; it is a common experience across many cities in LMICs. Open-source
data is often used as a proxy in data-scarce cities, and whilst it is a valuable resource as can be seen with
ALOS World 3D, this research has shown that it should be used alongside high-resolution datasets to
preserve micro-topographic detail needed to model localized flooding. In Cartagena, the mayor’s office is
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keen to improve the city’s resilience to climate change (Secretaria de Planeacion 2024). Investing in high-
resolution spatial data would help with this, albeit this is dependent on capacity, political will and
prioritisation of competing demands. LiDAR is expensive, difficult to process due to the data size and
requires high computational power. Collaborative relationships between researchers and local private
companies can bridge these barriers, as was the case in this research, and enable vital disaster preparedness
efforts (Ekeu-wei and Blackburn 2018).

Working with local communities to understand flooding in the absence of official data is extremely
valuable for producing improved flood knowledge (Wolff 2021). However, Landwehr, Dasgupta, and
Waske (2024) argue that validating flood maps with communities only is insufficient. We acknowledge that
there were broad uncertainties in this study, as validation was carried out qualitatively on a small scale.
Despite this, communities are the first to experience the direct impacts of flooding; therefore, they have
rich insight and experience to contribute to advancing critical flood knowledge (Paul et al. 2020). In this
study, local knowledge advanced flood information of the existing landscape in Cartagena when data
availability and quality were limited. This presents an opportunity for future work to embed the knowledge
of those impacted by flooding more systematically through multimedia methods such as images, fusing
these with hydrological information, for timely, reliable flood information (Starkey et al. 2017; Fehri et al.
2020). However, in-situ approaches also have uncertainties and challenges, including safety, which is
important to consider in Cartagena (Fraisl et al. 2022).

Flood observations can also be complemented by synthetic aperture radar (SAR) imaging in the absence
of ground truth data in data-scarce regions (Dasgupta et al. 2020). However, our early experimentation
using open-source Sentinel-1 imagery has not yet produced reliable results. This may be due to double-
bounce backscatter issues from Cartagena’s dense urban fabric, which can mask channels (Schumann
2020), and the spatial resolution of Sentinel-1 (10 m). Studies using 2-3 m spatial resolution SAR have
found improved accuracy in urban areas when integrating the data with flood model results (Mason et al.
2021). We will investigate this further in future work through leveraging relationships with potential
commercial partners, demonstrating the challenges of data acquisition.

Inequalities in data hinder equitable progress. As high-income countries adopt more advanced tech-
nology and higher resolution data, the gap in knowledge systems continues to increase, potentially
undermining Sustainable Development Goals (SDGs) progress (Zachariah et al. 2025). In order not to
leave communities behind, updated and realistic flood information is necessary for preparedness efforts.
This research has focused on improving the data quality in Cartagena with LiDAR, but future work will
continue to broaden these efforts on two parallel approaches. Firstly, to continue working with local
stakeholders to systematically develop flood knowledge. Secondly, to further investigate model uncertain-
ties by comparing alternative widely used 2D hydrodynamic models such as LISFLOOD and HEC-RAS
(Bates and De Roo 2000; Brunner et al. 2015). Ongoing work will focus on addressing the limitations
mentioned, whilst continuing to develop further relationships with communities and commercial entities
to create a system that embeds and improves flood information in a data-scarce city.

5. Conclusion

In assessing open-source and proprietary datasets for more accurate flood risk information in data-scarce
cities, we showed that metre-level spatial resolution data is necessary, particularly when risk is located at
the urban neighbourhood level, where most vulnerabilities occur. Whilst ALOS World 3D performed
better in simulations than the government DEM, the LiDAR DEM outperforms, as there were larger
differences generated by open-source DEMs when compared against community flood risk maps.
However, Al-generated building data supplemented official data, which was outdated and therefore
missing data. Through auditing and using suitable open-source data, and leveraging relationships with
commercial partners to generate spatial datasets using LIDAR data, we generated new information for use
in hydrological models. However, precise magnitude values in modelled outputs must be interpreted with
caution, taking into account data and model uncertainties. In the absence of quantitative validation data,
we carried out a comparative analysis of dataset differences and flood patterns using bootstrapping with
Spearman’s rank correlation coefficient to compare all scenarios against the one scenario that qualitatively
demonstrated community experiences of flooding. As a result, we generated improved flood maps that
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align closely with the lived experiences of local communities, creating much-needed flood information in
Cartagena.

A similar workflow could aid local governments and disaster relief agencies working in areas where
existing flood information is missing or outdated, to provide updated information, which in turn can aid
relevant flood preparedness plans. This would also ensure that in disaster preparedness, all local commu-
nities are included. To the best of our knowledge, this research was a principal study in using LiDAR data
for use in a 2D physics-based flood model in the context of Cartagena, contributing to the literature and
narrowing the gap in flood research in Latin America. Further future work will include integrating
community experiences with flood model outputs more quantitatively, using geolocated images via mobile
phones for capturing flood risk and depth, which would aid in improving certainty and contribute to in-
situ flood observations.
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