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ABSTRACT

Urban flood modelling allows for developing effective strategies for mitigating flood risks and improving urban resilience.
Different urban models can be selected according to the desired objective, ranging from simplified frameworks to more so-
phisticated numerical models. While several studies explored the advantages and limitations of existing model types, very few

publications address the urban flood modelling issue based on data availability and data collection. Urban data regarding digital

elevation models, sewer networks, and small-scale features can vary significantly. Thus, the availability and resolution of avail-
able data strongly influence urban flood modelling. This study reviews existing approaches to achieve satisfactory urban flood
modelling according to the available data and desired objectives. We explored the advantages and limitations of data-rich envi-
ronments and the benefits of the simplifications. We identified two primary objectives most concerned with ongoing urban flood

simulation research: flood modelling for preliminary flood susceptibility assessment and flood hazard mapping. For each cate-

gory, we investigated how previous authors approached data collection tasks and which resolution they considered sufficiently

high to retain their objectives achieved. This study provides valuable guidance for scientists, engineers, and decision-makers,

promoting a more informed and mindful approach to urban flood modelling.

1 | Introduction

Urban flooding refers to the inundation of land or property in
urban areas due to excessive rainfall, poor drainage systems, or
a combination of factors preventing water from being absorbed
or drained. Due to impervious surfaces like roads, pavements,
and buildings, rainwater runs off quickly, overwhelming drain-
age systems. Urban flooding can have severe consequences,
including damage to property, disruption of transportation sys-
tems, and threats to public safety. It can also lead to the contam-
ination of water supplies, posing health risks to residents.

Compared to flooding in natural basins, the consequences of
urban flooding may become more severe in urban areas due to
the higher population density and concentration of economic re-
sources such as infrastructure and public buildings. In urban

areas, floods exhibit more diverse and complex processes, as the
water follows multiple flow paths, such as crossroads, sewers,
underpasses, courtyards, and parks, and flows around or within
buildings and urban furniture. Consequently, the high hetero-
geneity and variability in urban areas are a challenge associated
with several urban flood modelling projects that aim at acquir-
ing precise and reliable high-resolution topographic, hydrologi-
cal, and hydraulic data.

Data survey is the first step to implementing urban flood mod-
elling, and knowing which data is available and which data
the study requires is crucial to achieving the study's objective.
While several studies explored the advantages and limitations
of existing model types (Mignot and Dewals 2022; Mignot
et al. 2019; Bulti and Abebe 2020; Guo et al. 2021; Mudashiru
et al. 2021; Luo et al. 2022), very few publications address the
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urban flood modelling issue based on data availability and
data collection. The lack of data is a crucial challenge in devel-
oping and validating urban flood modelling (Luo et al. 2022).
Indeed, urban flood modelling dramatically relies on the
selection of input parameters; thus, several authors suggest
meticulously investigating the resolution and quality of each
input parameter before implementing any urban flood model
(Barco et al. 2008; Apel et al. 2009; Guo et al. 2021; Savage
et al. 2016; Yang et al. 2018). Moreover, the accuracy of hy-
drologic and hydrodynamic models used to study and predict
urban flooding depends on the availability of high-resolution
terrain and infrastructure data (Bermudez et al. 2018;
Bhuyian and Kalyanapu 2018; Bruwier et al. 2018; Shrestha
et al. 2022). Thus, without valid input data, the simulation ac-
curacy and transferability of a model could be questionable
(Lin et al. 2023).

On the one hand, a data-rich environment encourages the
development of models that can produce predictions that
align with the available data while staying within acceptable
margins of error. However, advanced modelling approaches
supported by detailed spatial information are not always
the answer (Xafoulis et al. 2023). Indeed, even though high-
resolution digital elevation models (DEM) describing urban
surface patterns are increasing and have been applied for
urban hydrological modelling, small-scale urban landscape
features, such as curbs, remain challenging to detect and are
often poorly represented. This small-scale information is re-
quired to describe surface flow patterns for high-resolution
hydrological models in urban areas (Song, Guan, Guo, and
Yu 2025). While these limitations can be complemented for
small catchments via thorough on-site visits, such detailed
investigations are often impractical for large areas (Krebs
et al. 2014). Moreover, sewer network data are usually of good
quality only for primary public stormwater collectors but be-
come increasingly incomplete for conduits with smaller diam-
eters, usually adopted to drain private parcels. Once again,
individuals can manually supplement this information for
small urban catchments, but this process is impractical for
parameterising large urban areas. In practice, urban flooding
systems involve several variables. Therefore, one suggested
approach to tackling this problem could be by hierarchical
simplification of the system, with an initial screening to iden-
tify the most critical variables (Dawson et al. 2008).

Previous studies have underscored the critical role of data qual-
ity, resolution, and completeness in achieving robust urban
modelling outcomes. However, while these studies have pro-
vided valuable insights and recommendations, a gap remains
in synthesising their suggestions into a unified approach that

addresses the multifaceted aspects of data surveys and resolu-
tion in urban flood modelling. Therefore, this study seeks to
formulate comprehensive research questions that build upon
previous authors' findings and integrate their suggestions into
a cohesive framework. Specifically, the research questions this
study attempts to answer are:

- How can urban flooding objectives be achieved according
to available data?

- What is the suitable spatial resolution for urban flood
modelling?

This paper aims to demonstrate that the suitable spatial resolution
depends on the objective of the model application and the area of
application. Thus, existing approaches to achieving satisfactory
urban flood modelling are reviewed according to the available
data and desired objectives. Then, the advantages and limitations
of data-rich environments and the benefits of the simplifications
are explored. This study identified two main objectives that are the
most concerned with ongoing urban flood modelling: flood risk
mapping for preliminary assessment and flood risk mapping for
flood hazard mapping. For each of them, this study investigates
how previous authors approached data collection tasks and which
resolution they considered sufficiently high to retain their objec-
tives achieved.

This study first presents the methodology for selecting litera-
ture in Section 2, laying the foundation for a comprehensive
review. Then, Section 3 describes the identified objectives and
sub-objectives of urban flood modelling. Section 4 provides
practical guidance and insightful suggestions from the re-
viewed literature, offering valuable insights for practitioners
engaged in urban flood modelling. Section 4 also discusses fu-
ture research needs and challenges. Finally, Section 5 draws
conclusions.

2 | Methodology—Paper Selection Criteria

This study systematically searched the urban flood modelling
approach in peer-reviewed articles, reviews, and reports based
on the Scopus—Document Search (as of 31 October 2024). The
approach is inspired by the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) guidelines
for a systematic and transparent approach (Page et al. 2021).
According to the different levels of keywords mentioned in
Table 1, the collection of papers involved a structured, itera-
tive approach where keywords were categorised into various
levels to refine the search. Initially, Level 1 (primary) key-
words, representing broad, core concepts, were used to gather

TABLE1 | Review keywords, organised into levels offering increasing details and specificity.

Level 1 Level 2 Level 3
- Urban flooding - Urban areas/urban basin - DTM/DSM
- Urban flood modelling - Flood risk assessment - Sewer networks/drainage networks
- Flood risk mapping - Flood hazard mapping - Dual drainage concept
- Pluvial flood risks - Flood prone areas - Preliminary flood susceptibility assessment
- Flood susceptibility - Conditioning factors
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FIGURE1 | Word cloud of cited paper's keywords co-occurrence. The size of the words represents the frequency of the keywords, with a larger

size indicating higher frequency.

a wide range of documents. Then, Level 2 (secondary) key-
words, focusing on related subtopics, were applied to refine
the search results further, typically combined with Boolean
operators like “AND” and “OR.” Lastly, Level 3 (tertiary) key-
words, which include more specific terms, were used to fine-
tune the search, excluding irrelevant papers or addressing
more specialised areas. The search strategy progressively nar-
rowed the scope, and the papers retrieved were then analysed
for relevance, with the keywords from each level helping to
filter the literature systematically. Based on the search results
obtained in many attempts and adjustments, this study deter-
mined the final search strategy and identified 70 papers.

Among the identified papers, this study identified two main ob-
jectives of flood risk mapping: preliminary flood susceptibility
assessment (43% of the papers) and flood hazard mapping (57%
of the papers). An illustrative diagram of the papers' keywords
considered in the study is presented in Figure 1, while the
Supporting Information summarises the papers used, indicating
their keywords and the category they belong to.

Figure 1 provides a visual overview of the thematic structure
of the literature: the largest and most frequent keywords (e.g.,
‘urban’, ‘flood’, ‘modelling’, ‘susceptibility’, ‘risk’) reveal the
dual focus of existing research on preliminary flood suscepti-
bility assessment using GIS-based and data-driven approaches,
and (ii) high-resolution flood hazard mapping relying on 1D/2D
hydrodynamic models.

3 | Results—Objectives of Urban Flood Mapping

In this paper, urban flood mapping comprises two categories:
preliminary flood susceptibility assessment and flood hazard

mapping. Preliminary assessment provides a broad and initial
evaluation of potential flood-prone areas, while flood hazard
mapping involves a more thorough and precise analysis for com-
prehensive risk management (Cea and Costabile 2022).

3.1 | Preliminary Flood Susceptibility Assessment

According to the European Flood Directive, preliminary flood
susceptibility assessment aims to evaluate the level of flood sus-
ceptibility in a river basin, district or unit of management to se-
lect those areas on which to undertake flood mapping and flood
risk management plans (EU 2007). This approach allows for a
first identification of critical areas, which can be the subject of
more detailed analysis, leading to a better complementary un-
derstanding of the flood hazard.

Preliminary flood modelling usually formulates a binary pat-
tern recognition problem in which areas are divided into prone
and non-prone to flood, thus susceptible and non-susceptible to
flood. Additionally, flood susceptibility can also be expressed in
a more qualitative or graded manner, assigning levels such as
low, moderate, or high susceptibility. Such approaches require
further assumptions regarding threshold values, classification
criteria, and often involve subjective judgement or expert-based
interpretations. Different studies provide examples of meth-
odologies for assigning and validating these susceptibility lev-
els in different geographic contexts (Liuzzo et al. 2019; Santos
et al. 2019).

Most studies avoid direct flood simulations and instead as-
sess preliminary flood susceptibility by identifying areas most
prone to flooding using a combination of flood-related con-
ditioning factors, such as surface impervious ratio, land use,
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FIGURE2 | Sketch of urban flooding over the surface and sewer systems, highlighting key components and possible interaction pathways.

or drainage network density. Since no universal guidelines
exist for selecting flood conditioning factors in urban areas,
previous studies usually combine globally collectable condi-
tioning factors based on available data. Tehrany et al. (2019)
highlighted that the most used factors are elevation, terrain
slope, proximity to a river, geomorphology, drainage density,
rainfall, land use/land cover, lithology, soil, and stream power
index. However, these factors are mainly indicated for natural
basins. In contrast, Darabi et al. (2019) further distinguished
between conditioning factors and introduced some more re-
lated to urban areas. For example, they indicated that distance
to channel, land use, and elevation played significant roles
in flood hazard determination, whereas population density,
quality of buildings, and urban density were the most critical
factors regarding vulnerability. In both previous cases, as in
other studies (Sarkadi et al. 2022; Wang et al. 2023; Nguyen
et al. 2024; Song, Guan, and Yu 2025), authors use a grid-based
approach to compute the conditioning factor. This grid-based
approach usually exploits DEM with 5m resolution (Darabi
et al. 2019; Tehrany et al. 2019; Rahmati et al. 2020; Sarkadi
et al. 2022) for areas of the order of 30km? up to 150 km? or
with 10-30 m resolution for areas of the order of 300-1000 km?
(Lin et al. 2019; Parvin et al. 2022; Nguyen et al. 2024; Wang
et al. 2024). Lower resolutions are neither commonly nor
recommended for urban assessment because small-scale
urban landscape features, such as curbs, remain challenging
to detect and are often poorly represented, even with high-
resolution DEM (Krebs et al. 2014).

Once the conditioning factors have been identified, their ef-
fectiveness in delineating flood-prone areas must be vali-
dated to ensure model reliability and practical applicability.
Two main validation approaches are commonly adopted in
the literature. The first relies on historical flood event data,
such as flood extent data and creating a flood inventory map
(Al-Juaidi et al. 2018; Wang et al. 2023; Nguyen et al. 2024;
Traoré et al. 2024). By comparing the predicted flood extents
with the observed ones from historical events, researchers can
gauge the reliability of their models and conditioning factors
in accurately predicting flood-prone areas. Therefore, this val-
idating approach requires past events flood extension or point
information that is usually converted into grid maps to match
the DEM resolution of the conditioning factors (Al-Abadi and

Pradhan 2020; Balestra et al. 2022; Panfilova et al. 2024). The
second validation approach involves conducting detailed flood
simulations on smaller zones and then extrapolating the find-
ings to the entire study area. This approach allows research-
ers to assess the transferability and robustness of their models
and conditioning factors across different spatial scales with-
out conducting time-consuming and detailed simulations over
the entire study area. In this way, some researchers first un-
dertake detailed flood simulations on smaller areas and then
use this partial result as validation for the entire study area.
For example, some authors (Wang et al. 2019; Masoumi 2022)
first run detailed models to simulate surface flooding and
then compare the result of the simulation to preliminary
flood maps obtained from conditioning factors. However, this
latter validation approach is usually more suited for flood
risk assessment in river basins (Manfreda and Samela 2019;
Albertini et al. 2022). Indeed, river basins are usually larger
than urban ones, and it is worth running detailed simulations
that require long computational times only over smaller areas.

3.2 | Flood Hazard Mapping

Flood hazard is the probability that a flood of a given severity
will occur at a site, with severity typically measured by hydrau-
lic parameters. Flood hazard mapping aims to estimate those
hydraulic parameters such as the maximum water depths, flow
velocity, flow extensions, or a combination of them. To the read-
er's knowledge, this paper does not consider flood risk maps
because it focuses on hydraulic parameters required for urban
flood modelling. Thus, this study does not consider exposure
nor vulnerability data (risk = hazard x exposure X vulnerability)
but focuses on hazard ones.

In urban areas, approaching flood hazard modelling requires
choosing how to model the surface system, the sewer system,
and the interaction between them, where the surface system typ-
ically comprises overland flow over buildings, streets, and open
spaces, while the sewer system represents underground storm-
water conveyance (Figure 2). The approaches can be divided
into three main groups: (1) modelling the sewer system without
explicitly modelling the surface system; (2) modelling the sur-
face system without explicitly modelling the sewer system and
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(3) modelling both systems and the interaction of them, accord-
ing to the dual drainage concept (Djordjevic et al. 2005).

According to the chosen approach, data collection and require-
ments differ significantly. This difference depends on the typi-
cal observed behaviour of the sewer systems: when the drainage
capacity of the sewer system is insufficient, it will reduce water
collection capacity and eventually overflow through interac-
tion elements (Cea et al. 2025). This behaviour usually happens
when the flood event has a high return period (Lee et al. 2016).
For example, Leandro et al. (2016) demonstrated that for low
return period events (20years), overland surface drainage is
mostly restricted along preferential natural flow paths away
from the building area, so sewer systems work. For higher re-
turn periods (100years), when heavy flooding is observed across
the natural flow paths and on the streets, the sewer system is
usually overwhelmed and thus works outside its design range.
This consideration is paramount because it determines which
data is worth collecting to achieve the objective and which data
can be ignored. For example, if the aim is to investigate flood
hazard mapping with regard to a high return period (higher
than 50years), authors should evaluate whether collecting sewer
network data is worth it or not.

3.21 | Sewer System Modelling

Among the approaches that only model the sewer system, one-
dimensional (1D) sewer flow models claim a relatively sim-
ple model construction and a shorter runtime for simulations
(Chang et al. 2015). Their implementation requires knowledge
of the sewer pipes: materials, diameters, slopes, junctions, and
elevations. Data collection for modelling storm sewer systems
could face either a lack of data or an overwhelming volume of
complex information to manage.

In the first case, authors usually implement urban flooding
simulations only where data are of good quality by consider-
ing simplified network representations. Indeed, sewer network
data become increasingly incomplete for secondary conduits,
usually characterised by smaller diameters. Therefore, it is com-
mon to focus on sewer pipes, usually on the main roads, omit-
ting minor drainage components due to unrecorded conduits or
lack of information required for the model development (Krebs
et al. 2014). Another approach to facing missing data involves
approximating pipe details by considering constant properties—
such as constant roughness coefficients—for the entire sewer
network (Dong et al. 2022). Also, Li et al. (2025) proposed a graph
reconstruction-based approach for generating physical sewer
models from incomplete information, addressing the challenge
of representing sewer drainage effect in urban pluvial flood sim-
ulation. Their approach utilises graph-based topological analy-
sis and hydraulic design constraints to derive gravitational flow
directions and nodal invert elevations in decentralised sewer
networks with multiple outfalls. However, it should be consid-
ered that Shrestha et al. (2022) investigated how data complete-
ness affects the accuracy of models by assuming different levels
of availability of stormwater infrastructure data (ranging from
5% to 75% of attribute values missing). Their study found that
the model overestimated flood depth and area, with different
levels of missing data depending on the parameters—roughness

and diameter primarily—and that model performance was more
sensitive to missing data downstream and closer to the outfall
than upstream missing data.

On the other hand, in cases of managing big data, some authors
streamline it by focusing on critical network elements, such as
primary streets, critical outfalls or conduits, to reduce prepro-
cessing data treatments while preserving model accuracy. One
suggested approach simplifies a sewer system hierarchically,
with an initial screening to identify the most critical points
(Dawson et al. 2008). For example, Ren et al. (2022) proposed a
method that simplifies complex drainage networks by analysing
network topology and generating subcatchments centred on out-
fall points. In this way, they reduced the issue of complex data
(their total pipe length was almost 80km) all over their study
area (3.6km?) by isolating different sub-networks and highlight-
ing critical paths. Also, Yang et al. (2018) analysed the impact of
using a stroke scaling method to generalise a storm sewer net-
work. Their approach proved that variations in sewer network
complexity did not significantly affect flooding simulating for
areas with a single drainage system, but they did for areas with
multiple drainage systems. Indeed, most of the flood volume
was primarily concentrated in the primary pipes, which could
be identified using the simplified sewer network. Therefore,
they also suggested isolating sub-networks and focusing on crit-
ical zones.

However, modelling only the sewer pipes allows for computing
the water depths and velocities in the sewer pipes. Therefore,
this approach is insufficient if the aim is to compute water depth
over the surfaces, but additional information is required. For
example, the water depths on the surface can be estimated by
coupling the overflow from the pipes with a stage-storage re-
lationship representative of the surrounding topography and,
thus, based on water depth, geometric features, and clogging
conditions. Therefore, beyond gaining information regarding
the pipe network, if the aim is to obtain water depths over the
entire study area, this approach requires the exact position of the
points where the flow outcomes from the sewer pipes and infor-
mation regarding the surrounding topography. For example, to
estimate flood hazard hydraulic parameters beyond the sewer
pipes and according to this approach, some studies first pre-
dicted the surcharge volume from the drainage system, which
was then translated into the flood depth of a sub-catchment
using a depth-volume or area-volume function (Hsu et al. 2000;
Chang et al. 2015). Therefore, they acquired a detailed spatial
DEM corresponding to the area to be investigated. However, it
usually emerges that acquiring detailed data does not balance
the inaccuracy of this simplified modelling. For example, ac-
cording to this combined 1D sewer modelling and stage-storage
relationships, flows can only outflow from the sewer pipes and
cannot return, and information regarding the roughness of the
surface is neglected. Therefore, this approach could lead to sig-
nificant inaccuracies in the hydraulic parameters. An improved
approach to estimating hydraulic parameters on urban surfaces
from sewer system modelling consists of modelling the outflow
from the pipes according to basic weir orifice formulas (Hakiel
and Szydtowski 2017). In this case, according to an experimen-
tal test, previous authors highlighted that the only influence
on exchange discharge value comes from the weir coefficient.
Therefore, this approach requires collecting data and estimating
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the weir coefficient for the overflow points, adding another
source of data collection.

Thus, if the aim of flood mapping according to sewer system
modelling starts diverging towards computing flood depth over
the study area, users should question whether switching to sur-
face system modelling or opting for a dual drainage concept is
worth it.

3.2.2 | Surface System Modelling

Several models exist to simulate detailed flood propagation only
on urban surfaces to assess flood hazard. These models range
from high-resolution simulations requiring extensive computa-
tional resources and detailed input data to simplified approaches
that balance accuracy and computational efficiency. The suit-
able resolution for simulating detailed flood propagation on
urban surfaces strongly depends on the type of model employed.
The aim here is not to identify the best model for acquiring flood
hazard information but to highlight the data types collected by
previous authors as well as the most commonly used approaches
for data acquisition. Urban data types in surface systems simu-
lations include topological data, which provides elevation and
contour information describing urban infrastructures such as
buildings and streets, and land use data, which informs the
model about the types of surfaces (Dasallas et al. 2024).

Topological data is usually obtained from DEM. A detailed DEM
is essential for topography but can be challenging due to data
scarcity or excessive information. Several studies investigated
the effects of different DEM resolutions on flood hazard model-
ling results. In their study, Arrighi and Campo (2019) explored
the implications of high-resolution DTM uncertainties on flood
depth estimations by creating distinct terrain representations,
varying from raw data to merged datasets incorporating build-
ing footprints and additional elevation points. Employing these
representations, they simulated different inundation scenarios,
addressing the challenges of merging elevation data sources and
discussing the trade-offs in time and effort required to increase
DTM detail. The comparative analysis of flood maps revealed sig-
nificant discrepancies, with variations reaching 180% in densely
urbanised areas depending on the terrain representation. Their
findings underscored the critical role of accurate terrain repre-
sentation in flood risk assessment, suggesting that DTMs should
ensure an adequate spatial resolution, for example, of the order
of 0.5-2m for a study area of approximately 3km? to correctly
represent street and buildings' patterns. Bodoque et al. (2023)
emphasised the importance of geometrically consistent DEMs
and proposed a procedure to create robust ones using LiDAR
data in an order of 2m resolution. Their study highlighted that a
lack of geometric coherence in DEMs causes detrimental errors
in the distribution of depths, velocities, and flooded zones. Shen
and Tan (2020) evaluated the influence of DEM resolution on
urban inundation modelling to determine if high-resolution in-
undation simulations could be achieved using resampled DEMs,
potentially reducing the data load without sacrificing accuracy.
They noted that lower-resolution resampled DEMs (30m) lead
to substantial inaccuracies in inundation depth, underscoring
the importance of carefully selecting DEM resolution (5m for
their study area of almost 2km?). Moreover, their study provided

a valuable suggestion regarding the highest possible DEM res-
olution that should be considered. They suggested analysing
building dimensions and density to determine the maximum
possible DEM. Indeed, DEM grids with coarser resolution may
smear flow paths in model terrain and subsequently change the
hydraulic behaviour, thus leading to less accurate simulation
results.

When detailed information from the DEM is unavailable, other
approaches exist to represent the complex topography, including
buildings, roads, and infrastructure. For example, Bellos and
Tsakiris (2015), who studied flood simulation in urban areas to
derive water depths, represented buildings by significantly in-
creasing the friction source terms, a standard method, especially
when the computational grid size is coarse (Varra et al. 2024).
Indeed, in urban flood modelling, friction source terms act as a
proxy for land use by representing how different surfaces resist;
thus, higher friction values slow down the water flow, mimick-
ing the effect of obstacles like buildings.

Land-use data, which allows for computing surface roughness
and accurately representing the diverse and dense urban fea-
tures, such as buildings, roads, and green spaces, should ide-
ally match the resolution of DEMs to capture fine details of the
urban basin. However, such detailed land-use data are often
lacking; thus, coarser resolution can be considered. For example,
Bodoque et al. (2023) exploited a national land cover mapping
(scale of 1:25,000) to estimate the land use/land cover units and
then matched it with the DEM resolution to run the flooding
model. Lowe and Arnbjerg-Nielsen (2020) focused on the data
resolutions that should be considered to characterise land use,
thus imperviousness in aggregated form. For their case study
(about 300km?), they found that a resolution of up to 400 m was
optimal for modelling overall imperviousness (building, roads).
When it came to building data specifically, they discovered that
aggregating it to a resolution of 200m was more effective than
using finer data. This 200m resolution was preferable because
it smoothed out extreme variations in flood levels around build-
ings, making the model results more stable and reliable. In other
words, finer data tended to exaggerate local flooding around in-
dividual buildings, while the 200 m resolution provided a more
balanced and realistic view across the study area. Another ap-
proach for acquiring data to evaluate land use, thus roughness,
was proposed by Leandro et al. (2016). They investigated the
variability of buildings and the heterogeneity of land surfaces
classified according to the online data on the Open Street Maps.
Using Open Street Maps data allowed for identifying areas with
different permeability and the location of ponding areas and
naturalised surface flow paths.

Finally, it is worth noticing that often, surface models do not
explicitly model the sewer systems in urban areas due to lim-
ited information or no data (Montalvo et al. 2024). However,
simplified approaches exist to account for the sewer network
without modelling it. For example, most studies accounted for
the missing sewer system modelling by considering an equiv-
alent infiltration capacity for the soil. Chang et al. (2015) es-
timated the equivalent infiltration by subtracting the sewer
capacity of the preassigned return period. Similarly, Padulano,
Costabile, et al. (2021) and Padulano, Rianna, et al. (2021)
considered constant additional infiltration rates all over the
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FIGURE 3 | Sketch of flow interaction between (left) from surface to sewer system; (right) from sewer to surface system.

domain to simulate the drainage effect of the sewer system.
Other studies considered a reduction of net rainfall or the
increase in infiltration rate over the domain by a factor pro-
portional to the system's drainage capacity (Guo et al. 2021).
Thus, several studies model only the surface system to acquire
flood hazard information and still account for the sewer sys-
tems, which comprises knowing the infiltration capacity of
the soil, the sewer systems’ capacity or a percentage of rainfall
reduction. While methods like rainfall reduction and fixed in-
filtration can reflect the pipe network's drainage capacity to
a certain extent, they fail to correctly reflect the process of
surface flooding receding and the flood risk transfer problem
caused by the drainage pipe network, lacking a clear physical
significance (Chen and Huang 2024). For example, Montalvo
et al. (2024) assessed urban pluvial floods when detailed
sewer network data is unavailable by generating a realistic
virtual sewer network based on the high degree of topological
correlation between street and sewer network layouts. Their
approach reasonably represented a sewer network's drainage
capacity during pluvial floods, especially compared with the
above-mentioned simplified approaches, such as the rainfall
reduction method, which in their study significantly under-
estimated the flood extent, especially in depressed areas.
Therefore, the dual drainage concept, which requires acquir-
ing information on the sewer systems, may seem more appro-
priate for this task. However, even though the dual drainage
concept would provide a more accurate and holistic approach
to flood modelling, the gap in implementing the dual drainage
concept remains substantial, and users should fully under-
stand the commitment required. For instance, Oberauer and
Lehmann (2024) demonstrate that comparable outcomes can
be achieved through the modification of 2D surface models,
which require less data than the dual drainage concept.

3.2.3 | Dual Drainage Modelling

Coupled sewer and surface system models currently provide
the most realistic representation of urban flooding, especially
during extreme events (van Dijk et al. 2014). These models sche-
matise the surface system as a grid or irregular mesh network,
where cells exchange water with neighbouring cells and with
the model of the sewer system by manholes and storm drains.
Under normal conditions, storm drains intercept surface runoff
and discharge into underground sewer pipes. However, if the
sewer system is surcharged, its discharge capacity is reduced,
and the flow could reach the surface. Therefore, an accurate

characterisation of the flow exchange is essential in numerical
models of urban flooding. For simplicity, the flow interaction be-
tween surface and sewer systems is usually called the surface-
to-sewer and sewer-to-surface processes (Figure 3) (Noh
et al. 2016; Dong et al. 2022). Surface-to-sewer exchange occurs
when rainfall runoff enters the drainage system through inlets
and manholes, whereas sewer-to-surface exchange represents
surcharge, overflow, or backflow from the sewer network
onto streets or ground depressions when the network becomes
pressurised.

Considerations regarding data acquisition for the sewer and
surface systems are the same as in the latter paragraphs. In
this case, modelling the interaction between these systems ne-
cessitates extensive data on interaction points (e.g., manholes,
storm drains) and the direction of these interactions (monodi-
rectional—from the sewer system to the surface system or bi-
directional—from the sewer system to the surface system and
back again). Generally, storm drains are widely distributed on
the road; thus, collecting their data distribution is mandatory
to build a more realistic simulation model. However, collect-
ing storm drain distribution data is almost impossible be-
cause of the shape diversity, welter of storm drains, and time
limitations, especially over larger areas. A solution to this
challenging task was suggested by Lee et al. (2016), who accu-
rately simulated flooding in urban areas with a dual drainage
concept by setting the number of storm drains on the ground
surface based on a criterion (170 m?/one storm drain) to avoid
a non-equilibrium problem arising from a difference in the
number of storm drains between the mesh generation meth-
ods. However, they suggested the urge need for further vali-
dation of their model with inundation survey data. Moreover,
Liang and Guan (2024) found that inlet spacing plays a crucial
role in affecting drainage efficiency. Also, Dong et al. (2022)
proposed an integrated model to assess the flood risks to peo-
ple and vehicles in urban areas. Their study assumed that
street inlets intercepted the surface runoff, while the overflow
process only occurred via manholes. However, their dataset
included only the surface topography data, thus the sewer
system data, such as sizes and locations of street inlets, man-
holes, and sewer pipes, was not covered. Therefore, to imple-
ment the dual drainage concept, they also used a hypothetical
sewer drainage system to investigate the interaction between
surface runoff and sewer pipe flow and the corresponding
influence on hazard degrees of people and vehicles. Leandro
et al. (2009) highlighted another vital concept for manhole
data: they pointed out that manhole elevations should align
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with the surface elevations of the corresponding grid cells
in the DEM. However, instead of merely adjusting the DEM
elevations, they argued that incorporating virtual manholes
based on their drainage areas is even more critical. To achieve
this, they developed a trial-and-error technique to identify the
optimal number and placement of these virtual manholes,
ensuring that the model accurately represents surface flow
dynamics and the interactions between the sewer system
and the surface system. Jang et al. (2018) modelled different
types of inlets to improve the accuracy of flood simulations:
manhole-based approach, where surface water drains directly
into manholes, ignoring street inlets; inlet-manhole approach,
where surface water drains into manholes connected to mul-
tiple inlets; inlet-node approach, where surface water drains
into sewer nodes connected to individual inlets. The study
was developed in a data-rich environment: over an area of ap-
proximately 20km?, which comprises about 3500 manholes
and more than 74’000 street inlets. They demonstrated that
by draining surface water into distributed sewer nodes rather
than manholes, flood extents can be predicted more accu-
rately, and the fluctuation of sewer water level can be signifi-
cantly reduced using the inlet-node approach. This method
also minimised sewer water level fluctuations, demonstrat-
ing that accurate inlet modelling is crucial for effective flood
management in urban drainage systems.

To sum up, previous studies have highlighted the importance
of accurately modelling the interaction between sewer and
surface systems, particularly when validation procedures or
survey data are available. However, they also strongly recom-
mend conducting systematic field data validation campaigns
to enhance model reliability and applicability. These cam-
paigns could involve the integration of high-resolution LiDAR
data, GPS-based manhole elevation surveys, and the deploy-
ment of mobile sensors or UAVs during storm events to cap-
ture real-time surface inundation. For example, the inlet-node
approach proposed by Jang et al. (2018), though developed in
a data-rich environment, could be further tested in cities with
limited sewer data by combining simplified synthetic sewer
networks with targeted field validation in flood-prone zones.
Such efforts would help assess the model's adaptability and
identify critical parameters influencing performance under
data-scarce conditions. Moreover, standardising validation
methodologies across case studies could reduce inconsisten-
cies in model assessment and promote broader adoption of
dual drainage concepts in urban flood modelling.

4 | Discussion

According to previous studies, we highlight which data they
used and which data they acquired to retain the objectives
achieved.

4.1 | Preliminary Flood Susceptibility Assessment

For preliminary flood susceptibility assessment in urban areas,
the prevailing standard resolution of 5m emerges as a common
denominator, balancing the need for sufficient detail with a
broader perspective. This resolution provides the necessary level

of detail during the initial stages of assessment for a preliminary
understanding of flood-prone zones without overwhelming com-
putational demands. This resolution is widely adopted across
studies because it provides sufficient geomorphological informa-
tion to delineate flow paths, depressions, and major urban struc-
tures while avoiding the computational and data-acquisition
burdens associated with high-resolution DEMs. As several au-
thors highlight, adopting submetric or LiDAR-based DEMs for
susceptibility mapping often yields limited additional benefit rel-
ative to their cost and processing requirements; their full value
is realised primarily in flood hazard mapping, where detailed
hydraulics and building-scale processes are explicitly modelled.

The suggested resolution of 5m for preliminary flood suscep-
tibility assessment is suitable for relatively small to medium-
sized catchments (10-40km?). Indeed, this resolution enables
the extraction of geomorphological features using open-source
tools within GIS software. For example, GIS techniques ex-
ploit DEM, providing insight into flow paths and depressions.
Moreover, a resolution of 5m allows for a reasonable distinction
between urban infrastructure, such as buildings and streets.

For higher catchments (>40 to 50km?), many studies employ
coarser DEMs (10-30 m), which remain effective for capturing
regional topographic gradients and broad-scale drivers of sus-
ceptibility. However, users opting for such a resolution or even
lower should be aware that some critical urban details may be
lost. Indeed, these resolutions could still represent broader topo-
graphical features such as building areas, parking, and parks,
but they may miss finer details in densely built environments,
such as narrow streets or passageways between buildings.

Thus, the evidence across studies, three consistent patterns
emerged. First, coarse DEMs (10-30m) offer adequate perfor-
mance for broad-scale susceptibility assessments and large
catchments, but they risk omitting fine-scale urban morphol-
ogy. Medium DEMs (5m) represent the most effective trade-off,
providing actionable spatial detail without excessive computa-
tional burden; this is particularly true for neighbourhood-scale
analyses and urban areas with moderate structural density.
High-resolution DEMs (<2m) are generally unnecessary for
susceptibility mapping; their benefits become evident only in
hazard models with explicit representation of overland flow hy-
draulics and building-level interactions.

Similar considerations arise in the validation phase. Most sus-
ceptibility studies rely on flood inventory maps constructed from
past flood reports, emergency records, or crowdsourced obser-
vations. Prevailing approaches exploit existing flood inventory
maps, collecting reports of past severe flood events; thus, their
spatial extension is usually provided in a vectorial formal form
and then converted into a grid-based one that matches DEM
resolution. Other approaches run urban flood simulations on a
smaller part of the study area or use information from existing
flood hazard maps, where available. In the second case, errors
and uncertainties increase due to flood modelling simulations.
Therefore, the first type of approach is preferred. Finally, consid-
ering these maps are usually provided in grid form, point infor-
mation regarding past flood events is commonly used to validate
them. In this way, users can geolocalise the points where past
events occurred or where users reported flood events.
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4.2 | Flood Hazard Mapping

For flood hazard mapping aiming to estimate key flood param-
eters such as flood extent, water depths, or flow velocity, the re-
quired data change according to the approach chosen to model
the surface system, the sewer system, or both.

4.2.1 | Sewer System Modelling

The approach of modelling only the sewer system requires data
of good quality regarding the characteristics of the sewer pipes
to model. This data includes detailed information such as ma-
terials, diameters, slopes, and hydraulic properties of the sewer
network. Acquiring this information for all the sewer networks
over a case study is challenging because data is usually unavail-
able or difficult to obtain. Most approaches suggest focusing on
critical zones and devolving the effort into acquiring and pro-
cessing data near the outfall. Indeed, it was demonstrated that
missing information far from the outflow does not significantly
influence flood simulation. Approximation regarding missing
features introduces uncertainties in the modelling; thus, strict
simulation is preferable to those pipes with good-quality data.
However, acquiring data for modelling only the sewer system is
uncommon in extracting information regarding flood hazards in
urban areas. Indeed, sewer pipe data is insufficient to estimate
surface water depths and potential flood extents, but data on the
surrounding topography, land use, and surface roughness are
required. This additional data involves high-resolution elevation
data with resolutions of less than 1 m, land cover maps, and in-
formation on drainage infrastructure beyond the sewer system,
such as manholes or storm drains. Furthermore, this approach
estimates water depths or flood extensions on the surface only
when the sewer network overflows through such drainage in-
frastructure. It is worth highlighting that significant overflows
occur when the water reaches such an energy that it flows up the
storm drains or manholes to the surface. Therefore, since sewer
overflow usually happens with high return periods, acquiring
all this data for the sewer pipes and surrounding topography is
not convenient when extracting crucial flood hazard informa-
tion through modelling only the sewer pipes.

To conclude, even though it seems that modelling the sewer
pipes requires information only regarding it, it appears that ad-
ditional and detailed information is required to achieve crucial
flood hazard information on the surfaces. Therefore, it is sug-
gested that data for the sewer pipes and detailed information re-
garding surface topography be acquired only for specific points/
zones of the study area where users are confident that sewer sys-
tems could overflow. Otherwise, considering the effort required
to acquire detailed surface data, it would be wiser to model the
surface systems and follow the data acquisition suggestion in its
dedicated paragraph.

4.2.2 | Surface System Modelling

When modelling only the surface system to obtain flood haz-
ard maps in urban areas, the importance of a topological rep-
resentation cannot be overstated. While high-resolution data
is valuable, the coherent integration of urban infrastructures

within the DEM proves crucial for accurate flood hazard eval-
uations. Therefore, rather than identify an optimal resolution
for urban flooding applications, it is worth highlighting that
without a coherent representation, even the most detailed
DEM can fail to predict floods accurately, leading to inade-
quate risk assessments and ineffective mitigation strategies.
Therefore, prioritising a coherent DEM ensures that flood
hazard maps are reliable and practical. Common approaches
suggest starting from a DEM with resolutions ranging from 5
to 10 m to combine them with detailed information regarding
streets and buildings.

On the other hand, for smaller urban area zones (i.e., districts
or zones of the order of 3km?), resolutions of 1 to 5m are more
appropriate. Indeed, this finer resolution captures intricate ter-
rain and urban infrastructure features. Thus, fine spatial res-
olutions (around 0.5-2m) for densely built environments are
ideal, while aggregated data can suffice in larger or less densely
built regions. In any case, a variable that cannot be overstated is
building density and distance. Indeed, it is suggested that DEM
be avoided with resolutions lower than the distance; otherwise,
they could not be adequately represented.

Finally, previous literature identified several approaches to
account for the sewer systems. These approaches consider an
equivalent infiltration capacity for the soil or a constant addi-
tional infiltration rate all over the domain to simulate the drain-
age effect of the sewer system. However, on one hand, it is not
common to implement those approaches to derive flood hazard
maps for higher return periods. During those events, previous
authors demonstrated that the drainage systems' capacity is
often insufficient; thus, they could be ignored without signifi-
cant variation in the results. On the other hand, other authors
highlighted that during intense events (with higher return pe-
riods), the sewer system significantly influences flooding in
some areas because of the overflow through interaction points.
However, a dual drainage concept is mandatory to account for
this phenomenon.

4.2.3 | Dual Drainage Modelling

Considerations regarding the data required for modelling the
sewer and surface systems through the dual drainage concept
follow the suggestions above, while considerations regarding
the data needed to model the interaction between them are pro-
vided below.

To accurately model the interaction between sewer and sur-
face systems, extensive data collection and detailed charac-
terisation of interaction elements are imperative. Interaction
elements data are almost unavailable because of the shape
diversity, non-uniform location along streets, and clogging
status during their lifetime. Previous studies suggested set-
ting a constant parameter for the number of interaction el-
ements along the street. However, this suggestion derives
from model stability issues rather than data collection sug-
gestions. Moreover, most previous authors considered small
areas (linear streets of about 100 m) and hypothetical or syn-
thetic case studies built in the laboratory. Therefore, there is
a pressing need within the scientific community to enhance
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methodologies to acquire interaction point data. More rigor-
ous data collection strategies and refined parameters would
significantly contribute to the accuracy of flood modelling
through the dual drainage concept.

In the meantime, it is clear that significant effort and exten-
sive field surveys are mandatory to implement the dual drain-
age concept for urban flood modelling accurately. Developing
a reliable dual drainage model—which captures both the sewer
system and the surface system and their interactions—is a com-
plex task that demands considerable resources, time, and exper-
tise. Unlike previous approaches that explicitly model one or
the other system that may approximate some features, the dual
drainage concept requires detailed mapping and assessment of
infrastructure conditions and precise interaction points between
surface and subsurface systems. The effort to gather these data
is enormous, involving numerous challenges, including docu-
menting the locations, dimensions, and operational conditions
of inlets, manholes, and other interaction points. Furthermore,
operational conditions can change frequently due to factors like
clogging or wear over time, requiring surveys to be updated reg-
ularly to maintain data accuracy.

Finally, in many urban areas, data gathering is further compli-
cated by limited accessibility to certain parts of the drainage
network, requiring specialised equipment and techniques to
conduct surveys effectively. As a result, accurately implement-
ing a dual drainage concept demands both significant financial
investment and dedicated personnel for on-ground data collec-
tion and processing. Additionally, since each urban area has
unique drainage characteristics, site-specific customisation is
often needed, further adding to the workload.

4.3 | Future Challenges

In urban flood modelling, future challenges in data acquisition
pose significant obstacles as we confront the evolving dynamics
of urbanisation. The need for more detailed data that accurately
represents urban environments' complexities evolves through
alternative data sources, such as remote sensing technologies,
Internet of Things (IoT) sensors, and social media platforms.
However, fusing heterogeneous datasets remains a substantial
methodological challenge, requiring innovative models and
standardised procedures for integration.

4.3.1 | Merging Remote Sensing Data

Recent developments in remote sensing technologies have sig-
nificantly enhanced the capacity to support urban flood model-
ling, particularly in data-scarce environments (Teng et al. 2017).
Optical, SAR, and LiDAR observations now provide increas-
ingly detailed information on land cover, imperviousness, soil
moisture, and surface water extent, which are essential for
characterising urban hydrological processes. Numerous studies
have demonstrated the value of satellite-derived flood maps for
improving hydrodynamic simulations. For instance, SAR imag-
ery has been shown to reliably identify inundated areas under
a variety of atmospheric conditions, while high-resolution opti-
cal data support rapid flood mapping. At the same time, remote

sensing-derived water levels and flood extents have become an
important source of information for calibrating and validating
hydraulic models, enabling improved representation of flow
dynamics in urban settings. Collectively, this growing body of
literature underscores the accelerating role of remote sensing in
urban flood analysis and highlights its continued potential to
complement traditional datasets used for hazard assessment and
flood forecasting.

4.3.2 | Public Engagement for Acquiring
Alternative Data

The increasing use of smartphones and videos by citizens is
a new paradigm for harvesting urban flood data (Mignot and
Dewals 2022). Because dense urban areas are rarely equipped
with direct instrumentation for measuring inundation extent,
water depth, or flow velocity, researchers increasingly rely on
citizen-generated observations, including photos, videos, text
reports, municipal call logs, and geotagged social media posts.
Recent studies demonstrate that social media can serve not
only as qualitative evidence but also as a quantitative source
of flood information. Fohringer et al. (2015) showed how geo-
located photos posted during the 2013 European floods could
be processed to infer flood extent in near real time. Other
works (Le Coz et al. 2016; Griesbaum et al. 2017) highlight
that water depth can be estimated using reference objects (e.g.,
cars, buildings, street furniture), while videos uploaded during
flood events can support velocity estimation through particle
tracking or motion analysis. Additional research confirms the
operational value of social-sensing-based flood mapping and
its integration into emergency management workflows, un-
derscoring the growing maturity of these techniques. These
methods provide valuable calibration and validation data in
locations where traditional sensors or ground surveys are lack-
ing. Beyond social media, community mapping has proven
highly effective in data-scarce settings. Petersson et al. (2020)
developed a systematic framework for acquiring information
on culverts, drains, ditches, and informal drainage pathways
through community-led surveys. Their results illustrate that
public engagement can generate reliable, high-coverage in-
frastructure datasets that are otherwise expensive or un-
available, making such approaches particularly suitable for
resource-constrained environments. Finally, Lin et al. (2023)
demonstrated the potential of large-scale ‘social sensing’ by
producing near real-time flood risk maps through the auto-
matic extraction of disaster information from online platforms.
Their approach shows that user-generated content enables
rapid situational awareness, providing spatially and tempo-
rally dense data within minutes of an event.

A key challenge associated with the use of citizen-generated
flood information is the heterogeneous reliability of the obser-
vations. Unlike official monitoring networks, social-sensing
data vary widely in terms of spatial accuracy, temporal consis-
tency, and informational content. Several studies have therefore
stressed the need to implement systematic procedures to ver-
ify and validate citizen-reported data before integrating them
into urban flood models. In parallel, cross-validation against
authoritative sources, such as municipal flood records, insur-
ance claim databases, hydrodynamic model results, or remote
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sensing flood maps, has been shown to improve the robust-
ness of extracted inundation information (Le Coz et al. 2016;
Schumann et al. 2018).

Reliability can also be strengthened through multi-source tri-
angulation, where observations are only retained if multiple
independent posts, images, or reports corroborate the same
inundation pattern, an approach commonly applied in social-
sensing frameworks. Moreover, recent advances in machine
learning have enabled automated filtering of crowdsourced
content, helping identify implausible, duplicated, or irrelevant
reports and assigning quality scores based on image clarity,
presence of reference objects, or contextual metadata. Several
authors have also emphasised that uncertainty should be explic-
itly acknowledged by deriving probabilistic descriptions of flood
extent or depth when integrating crowdsourced information
into models (See et al. 2018), making it possible to quantify the
confidence associated with citizen-reported data.

While emerging sources such as social sensing and citizen-
reported observations offer valuable opportunities to enrich
urban flood modelling, their practical use is still limited by
concerns regarding reliability and accuracy. Robust verifica-
tion, filtering and cross-validation procedures therefore remain
essential for transforming raw, opportunistic reports into trust-
worthy hydrological information that can be used confidently
in modelling applications. The importance of establishing such
validation frameworks becomes even more evident when exam-
ining the patterns shown in Figure 1, where keywords associ-
ated with alternative data sources are almost absent. Instead,
terms related to terrain modelling and urban morphology—
such as LiDAR, DTM/DSM and building representation—dom-
inate the word cloud, highlighting the current dependence of the
field on conventional, topography-driven datasets. This imbal-
ance reinforces the need to enhance the credibility and integra-
tion of citizen-generated information so that it can complement
traditional data sources and contribute to more spatially dense,
timely and context-specific calibration and validation of urban
flood models.

4.3.3 | Machine Learning Approaches

Data collection is critical even for modern machine-learning and
deep-learning approaches in urban flood modelling. Although
machine learning and deep learning methods can learn pat-
terns and relationships directly from observed data, even when
datasets are incomplete or heterogeneous, their predictive per-
formance, generalisation, and reliability remain strongly depen-
dent on the quantity, quality, and representativeness of input
data (Wagenaar et al. 2020).

For instance, in a study by Zhou et al. (2023), a deep learning
model combining a long short-term memory network with
Bayesian optimisation and transfer learning was used to predict
urban flood depths. Their results show that, when trained on
appropriately collected data, the model achieved high accuracy
and was many times faster than conventional hydrodynamic
simulations. The authors also stress that data-driven model
benefits greatly from well-sampled spatial and temporal data to
learn flood dynamics robustly.

Supervised machine learning algorithms, such as Random Forest,
Support Vector Machines, and gradient boosting, have been used
to map urban flood hazard or susceptibility using observed geo-
spatial data (e.g., 1and use, elevation, rainfall) (Li et al. 2025). Deep
learning models, particularly convolutional neural networks and
recurrent architectures, have further been applied to capture
complex spatiotemporal flood behaviours using multi-source
data. For example, convolutional neural networks-based flood-
emulation models have been trained on digital elevation raster
and rainfall inputs to generate flood inundation maps rapidly.

Despite such advances, there remain important challenges.
Overfitting, limited interpretability, and difficulties in transfer-
ring models to new urban contexts are common when input data
are sparse, noisy, or not representative (Bentivoglio et al. 2022).
Moreover, data scarcity or poor resolution may prevent deep
learning models from fully capturing key flood drivers in urban
domains, limiting their utility for robust risk assessment. To
address these limitations, hybrid frameworks that integrate
artificial intelligence-based algorithms with physically-based
hydrodynamic models have been proposed. Such combined
approaches leverage the strengths of both data-driven learning
(efficiency, pattern recognition) and process-based models (in-
terpretability, physical realism), potentially improving generali-
sation and trust in predictions.

In conclusion, while machine learning and deep learning al-
gorithms offer powerful, flexible tools to advance urban flood
modelling, the importance of careful, systematic data collection
cannot be overstated. Robust datasets, including high-resolution
topography, sensor networks, remote sensing, and crowd-
sourced observations, remain foundational to maximise the po-
tential of these techniques, particularly in real-world flood risk
management.

5 | Conclusion

In conclusion, our paper investigated the data needed to achieve
the identified urban flooding objectives. A thorough literature
review has identified key objectives that drive urban flood simu-
lation research and underscored the importance of tailoring spa-
tial resolution to specific modelling goals and catchment scales.
Our findings emphasise the nuanced relationship between
data availability, model complexity, and the desired outcomes
of urban flood modelling. We have elucidated that the suitable
spatial resolution is contingent upon the objectives of the model
application, with considerations for preliminary flood suscep-
tibility assessment and flood hazard mapping. By synthesising
previous approaches and recommendations, we have provided
insights into researchers’ strategies to navigate data-rich envi-
ronments and the trade-offs associated with simplifications. We
have highlighted the importance of understanding how differ-
ent spatial resolutions impact the accuracy and applicability of
flood models for various objectives. Ensuring data accessibility
and interoperability across different platforms remains a per-
sistent concern, hindering collaboration and comprehensive
modelling efforts. Overcoming these challenges requires in-
vesting in advanced data collection technologies, establishing
robust data-sharing protocols, and fostering collaborative part-
nerships among stakeholders. Even though the ongoing efforts
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to advance urban flood modelling techniques by integrating
innovative methodologies, future research should focus on re-
fining models through comprehensive sensitivity analyses and
incorporating additional data sources addressing data availabil-
ity and challenges related to model limitations.
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