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Introduction: Urban flood modeling requires accurately representing building 
structures, as they influence flow paths, flood depths, and hydraulic dynamics in 
urban basins. However, the comparative performance of commonly used 
building representation techniques within rain-on-grid applications remains 
insufficiently quantified. This study assesses the effectiveness of three building 
representation techniques—Stubby Building (SB), Building Block (BB), and 
Building Resistance (BR)—in the urbanized Podoniftis basin, Attica, Greece.
Methods: Using a 2 m resolution digital elevation model within a rain-on-grid 
framework, buildings are represented with BB using 5 m and 12 m building 
footprint elevations, SB using a 0.5 m elevation, and BR using increased Manning’s 
roughness coefficients of 1 and 10 over building footprints.
Results: The different methods substantially influence simulated flood extent, 
water depth, and velocity fields. The BB method yields the highest mean depths 
(0.62 m) but tends to concentrate high-water depths adjacent to buildings in 
densely built-up areas. The BR method produces a larger flooded area with the 
lowest mean velocity (0.27 m/s), reflecting higher hydraulic resistance and a more 
distributed water storage. The SB method provides an intermediate behavior 
between the three approaches, while not explicitly resolving runoff generation 
and redistribution associated with building ingress and drainage systems. A Flood 
Hazard Rating assessment further shows that building representation affects the 
spatial pattern of hazard classes.
Discussion: The findings highlight that building representation is a key modeling 
choice in rain-on-grid applications, with each technique producing distinct flood 
hazard patterns that can influence risk management decisions. These results 
underline the need for more refined techniques that explicitly incorporate 
drainage networks and building ingress processes for urban flood hazard 
assessment.
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1 Introduction

Urban flooding represents a critical environmental challenge 
whose importance is magnified in densely built environments 
inhabited by concentrated populations (Cea and Costabile, 2022). 
Two recent European flood events exemplify the severity of urban 
flooding in high-density population centers. The Emilia-Romagna 
floods of May 2023 resulted in 23 overflowing rivers (Greco and 
Denti, 2023), at least 1000 evacuations, and €8.5 billion in damages 
(Reuters, 2023). The Valencia region also experienced catastrophic 
flooding in October 2024, resulting in estimated damages of 
€10 billion, 220 casualties, and a significant economic impact, 
quantified as a 0.2% reduction in Spain’s quarterly GDP 
(Aguado, 2024). Urban flooding is intensified by rapid 
urbanization (Andreadis et al., 2022) and inadequate planning 
(Wang et al., 2023; Zhou et al., 2019). It poses significant threats 
to infrastructure (Roldán-Valcarce et al., 2023), public safety (Li 
et al., 2023), and economic stability (Pellicani et al., 2018), especially 
in densely populated areas dominated by impervious surfaces and 
inadequate drainage systems, such as the region of Attica, Greece 
(Diakakis et al., 2017).

Accurate prediction and management of urban floods 
necessitate hydrodynamic models that simulate the interaction 
between rainfall, surface runoff, and urban infrastructure 
(Rosenzweig et al., 2021). Several advanced flood modeling 
platforms are now available for urban flood simulation, including 
TUFLOW, CityCAT, InfoWorks ICM, and LISFLOOD-FP, each 
offering capabilities for distributed rainfall-runoff modeling in 
complex urban environments. The rain-on-grid (RoG) approach 
is increasingly adopted across these platforms due to its ability to 
integrate rainfall input directly within the hydraulic model 
framework. An important aspect is the realistic representation of 
buildings and urban features, which significantly influence flood 
dynamics by obstructing flow paths, reducing infiltration, or altering 
runoff patterns (de Almeida et al., 2018). Traditional flood models 
often simplify or neglect these features, leading to inaccuracies in 
flood extent and depth predictions in urban areas (Guo et al., 2021).

Methods such as the Building Holes (BH), Building Blocks (BB), 
Stubby Building (SB) and Building Resistance (BR) constitute 
different simulation techniques that have been developed to 
address these challenges (David and Schmalz, 2020; Iliadis et al., 
2024). However, the explicit representation of urban features often 
necessitates high-resolution computational grids, creating a trade- 
off between hydraulic precision and operational runtime (Khosh Bin 
Ghomash et al., 2026). Recent advances in GPU-accelerated 
modeling have demonstrated speedups of two to three orders of 
magnitude, which in turn make city-scale simulations feasible 
(Buttinger-Kreuzhuber et al., 2022; Apel et al., 2024), though 
balancing mesh resolution with computational cost remains a 
constraint for large-scale applications (Sharifian et al., 2023).

The BH method entails snipping out of the computational grid 
the footprint of the buildings (Schubert and Sanders, 2012). The BB 
and SB methods elevate building footprints in the digital elevation 
model (DEM), effectively representing buildings as elevated 
obstructions in the floodplain (Shen et al., 2018). The key 
distinction between BB and SB lies in the elevation magnitude: 
BB uses heights of 5–12 m to represent full building structures as 
complete obstructions (potentially capturing rooftop ponding), 

while SB uses minimal elevations (typically 0.3–1.0 m) to 
simulate entrance thresholds and delayed water ingress without 
fully blocking flow paths. Alternatively, the BR method integrates 
building footprints into the land cover layer by assigning specific 
Manning roughness coefficients to simulate the hydraulic resistance 
posed by buildings without altering the topography (Bellos et al., 
2017; Beretta et al., 2018).

The Hydrologic Engineering Center’s River Analysis System 
(HEC-RAS) has become an established openly available tool for 
simulating flood hydraulics. Besides other software for similar 
purposes, it offers capabilities for two-dimensional hydrodynamic 
modeling and RoG simulations (Satriagasa et al., 2023). The RoG 
approach is gaining traction in flood modeling, especially in 
complex urban and rural environments (Alexopoulos et al., 2024; 
Iliopoulou et al., 2023). Among other capabilities (Van Dijk et al., 
2014), it offers a simplified approach to simulate rainfall-runoff 
processes. Unlike traditional methods that first calculate discharge 
hydrographs using a lumped model and then apply them as 
boundary conditions in a hydraulic model, RoG applies 
precipitation directly to a computational grid. This distributed 
approach simultaneously accounts for rainfall losses and 
computes hydraulic variables of interest in a single simulation, 
providing a more integrated and computationally streamlined 
solution that eliminates the need for separate hydrological and 
hydraulic modeling steps, thereby reducing data transfer errors 
and workflow complexity. The method is particularly 
advantageous in urban settings where traditional flood models 
may fail to account for the intricate flow dynamics between 
impervious surfaces, buildings, and drainage infrastructure 
(Ennouini et al., 2024), and where flood events are primarily 
driven by heavy rainfall (Iliopoulou et al., 2023).

Recent developments (2023–2025) have further enhanced RoG’s 
applicability in complex environments. Sharifian et al. (2023)
introduced GPU-accelerated solvers on non-uniform grids, which 
reduce computational costs for urban-scale simulations without 
compromising accuracy. Concurrently, applications in data-scarce 
regions have demonstrated that integrating high-resolution UAV 
photogrammetry (Alexopoulos et al., 2025a) and explicit bathymetry 
(Alexopoulos et al., 2025b) into RoG frameworks is critical for 
resolving micro-topographic hazards that coarser models might 
miss. The RoG method’s accuracy depends heavily on the 
resolution of the digital elevation model (DEM) and the quality 
of spatially distributed input data (Alexopoulos et al., 2024). For 
instance, in rural basins, coarser DEM resolutions tend to 
underestimate discharge peaks, which is consistent with other 
modeling approaches used in the literature (Rocha et al., 2020; 
Sivasena Reddy and Janga Reddy, 2015). They also result in delayed 
and sharper hydrograph peaks (Alexopoulos et al., 2024), higher 
water depths and lower flow velocities due to gentler average slopes 
and greater connectivity between drainage cells (Alexopoulos et al., 
2024). In previous RoG studies conducted in rural Slovenian basins 
(Alexopoulos et al., 2024), the most significant decline in model 
performance was observed between 1 m and 5 m DEM resolutions, 
with about 70% of the performance variation attributed to these 
resolution differences. Another critical factor in RoG modeling is the 
calibration of roughness coefficients, as traditional channel-based 
roughness values may not accurately represent overland flow 
conditions in urban settings where shallow water depths, variable 

Frontiers in Built Environment frontiersin.org02

Alexopoulos et al. 10.3389/fbuil.2026.1757749

https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org
https://doi.org/10.3389/fbuil.2026.1757749


slopes, and complex surface characteristics create distinct hydraulic 
conditions compared to open channel flow (Hinsberger et al., 2022; 
Surendran et al., 2008). Roughness parameters are known to be 
among the most critical inputs to hydraulic models (Bellos et al., 
2017; Dimitriadis et al., 2016), while recent studies emphasize the 
need to adapt roughness parameters dynamically, based on water 
depth, to better capture the hydraulic resistance exerted by both 
natural and urban features (David and Schmalz, 2021).

Beyond parameterization, computational efficiency remains a 
consideration for operational urban flood modeling. Recent 
advances in GPU-accelerated solvers have enabled speedups of 
up to 1000× over traditional CPU implementations (Buttinger- 
Kreuzhuber et al., 2022), permitting real-time simulations at 
1–2 m resolution for city-scale domains exceeding 200 km2. 
Non-uniform grid approaches can further enhance efficiency by 
up to 320× through adaptive mesh coarsening, though the accuracy- 
efficiency trade-off depends critically on error threshold selection 
(Sharifian et al., 2023).

However, urban flood modeling frequently suffers from data 
scarcity, where model calibration is “rarely used” due to sparse field 
measurements (Kohanpur et al., 2023). This forces reliance on 
simplified building representations, yet recent findings indicate 
that such simplifications can yield “overly confident predictions” 
that obscure localized risks (Kohanpur et al., 2023), with simulation 
errors magnifying considerably when grid resolution exceeds 
building gaps (Jiang et al., 2022). For stakeholders, 
acknowledging these sensitivities is critical, as it directly reduces 
the ability to act based on the model predictions for infrastructure 
planning (Kohanpur et al., 2023). Despite these implications, 
existing literature lacks a systematic evaluation of how standard 
representation techniques (within RoG frameworks) propagate 
these uncertainties in data-poor environments. This study 
addresses this gap by quantifying the sensitivity of hazard 
mapping to three distinct building representation methods, 
providing evidence-based guidance in data-scarce urban basins.

Despite the advancements in hydrodynamic modeling, a 
systematic evaluation of methods for representing buildings in 
RoG simulations is still lacking. Recent research emphasizes that 
uncertainty in urban flood predictions is often highly localized and 
exacerbated by model simplifications (Kohanpur et al., 2023). 
Furthermore, specific representation techniques like the Building 
Block method have shown significant sensitivity to grid resolution, 
particularly when cell sizes exceed building gap widths (Jiang et al., 
2022). The present study aims to assess the effectiveness of the BB, 
SB and BR techniques within RoG for urban flood prediction. While 
previous studies have examined building representation methods in 
urban flood modeling (Bellos and Tsakiris, 2015; Beretta et al., 2018; 
Iliadis et al., 2024; Schubert and Sanders, 2012), most have focused 
on fluvial flooding scenarios with explicitly modeled open channel 
networks, or have employed higher-resolution data (<5 m) in small- 
scale applications (<10 km2) with limited building counts.

To our knowledge, this is the first study to systematically 
compare SB, BB, and BR techniques within a RoG framework for 
basin-scale (66.3 km2) urban pluvial flood scenarios where drainage 
infrastructure is not explicitly represented. By examining how these 
representation methods perform under direct rainfall forcing across 
a large urbanized catchment with approximately 20,000 buildings, 
this work addresses a critical gap in understanding which 

approaches are most suitable for operational flood forecasting 
and hazard mapping in data-scarce urban environments where 
detailed drainage network data may be unavailable. By 
quantifying how each representation affects hazard-mapping 
outcomes in areas without major open channels, this work 
introduces a novel pathway for improving urban flood forecasts 
under flash-flood and pluvial-hazard conditions. The specific 
objectives of this study encompass analysing the influence of the 
SB, BB and BR methods on the simulation of flood extents, water 
depths, flow velocities, and spatial hazard distributions—key 
hydraulic variables for emergency planning and infrastructure 
protection. It includes a detailed examination of how each 
method alters the flow dynamics by obstructing flow paths and 
modifying runoff patterns compared to a baseline scenario. The BH 
method is not considered in the present study, as HEC-RAS is 
currently not supporting its application (Mustafa and Szydłowski, 
2021). Furthermore, these building representation approaches are 
evaluated from a flood hazard perspective to identify critical 
differences that could impact subsequent hazard mapping efforts, 
as the choice of building representation technique may significantly 
influence the assessment of flood-prone areas (Surendran et al., 
2008). Moreover, the scarcity of field measurements in urban 
environments and at small scales poses a significant challenge for 
verifying the consistency and plausibility of these different methods. 
Finally, the performance of these methods against a traditional 
simulation accounting only for imperviousness but neglecting the 
presence of building obstructions, is examined to shed light on the 
differences in key hydraulic outputs, commonly used by 
practitioners in the context of flood risk assessments for urban 
environments.

2 Materials and methods

2.1 Study area

The Podoniftis basin, located in Attica, Greece, covers 79.7 km2 

with an average slope of 14%. For this study, a sub-basin of 66.3 km2 

is investigated, focusing on the highly urbanized portion. Figure 1
depicts the basin, along with its respective elevation. The DEM 
utilized is obtained from the National Observatory of Athens. It 
holds a resolution of 2 m and has been processed for accuracy and 
consistency. The basin is highly urbanized, with approximately 60% 
of the area consisting of buildings and characterized by a large built- 
up area (Figure 2).

The area has a history of severe flooding events, most notably 
the catastrophic flood of October 21, 1994, which caused 
17 casualties and widespread damage to households, 
businesses, and infrastructure (Ethnos, 2023). The flood 
resulted in the overflow of the Podoniftis stream, in turn 
affecting the nearby municipalities of Nea Ionia, Nea 
Filadelfia, and Perissos (Ethnos, 2023).

2.2 Design rainfall

Design rainfall curves are fundamental for hydrological design 
and flood risk assessments (Iliopoulou et al., 2022; Yan et al., 2019). 
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The rainfall curves applied in this study follow the framework drawn 
directly from the Hellenic Ministry of Energy and Environment’s 
official flood-risk platform (https://floods.ypeka.gr/sdkp-lap/ 
omvries-2round/), thereby aligning the model inputs with 
national guidelines for flood-risk assessment. These curves 
describe the relationship between rainfall intensity, timescale 
(often mislabeled to as “duration”), and return period, which 
allows engineers to estimate design rainfall events for a given 

location. The employed probabilistic model for design rainfall 
over Greece is based on the revised methodology by 
Koutsoyiannis et al. (2024), and expresses the relationship of 
rainfall intensity x (mm/h), timescale k (h), and return period T 
(years) as shown in Equation 1: 

x � λ*
T􏼎β*� 􏼁

ξ − 1
1 + k􏼎α� 􏼁

η
*

(1)

FIGURE 1 
Podoniftis basin elevation.

FIGURE 2 
Podoniftis basin land cover.
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where α = 0.18 h and ξ = 0.18 are single parameters for the entire 
country, and λ* (mm/h), β* (years), and η* are spatially 
varying parameters (Iliopoulou et al., 2024). These are 
derived from a grid with a 5 km spatial resolution, covering 
the entire country. The mean-representative point rainfall 
curve for each basin is estimated using area-weighted 
averaging of the individual parameters implemented in a 
Geographic Information System (GIS) environment, resulting 
in Equation 2 for the basin: 

x � 67.84
T􏼎0.020� 􏼁

0.18 − 1
1 + k􏼎0.18� 􏼁

0.72 (2)

In this study, a design rainfall for a return period of 100 years 
(Figure 3), is constructed using the Alternating Blocks method 
(Sutcliffe, 1978). The method partitions the total rainfall depth 
into sectional depths (blocks), arranged in a time sequence with 
the maximum depth in the middle of the total duration, and 
distributes the remaining depths in descending order, alternately 
to the left and right of the central block.

Design rainfall events are constructed accordingly for 12 h total 
duration, which is selected to be sufficiently greater than the basin’s 
concentration time (of the order of ~3 h). The values extracted from 
Equation 2 refer to point rainfall. In the hydrological analysis, 
however, surface-average intensities are needed for the examined 
basin rather than point intensities. For this purpose, the point 
intensities resulting from the application of the ombrian curves 
are reduced to surface intensities by multiplying by the areal 
reduction factor (ARF). The ARF for time scales in the range of 
1 min–25 days and areas 1–30,000 km2 can be derived from the 
analytical expression in Equation 3 (Koutsoyiannis and 
Xanthopoulos, 1999): 

φ � max 1 −
0.048A0.36−0.01 ln A

k0.35 , 0.25􏼨 􏼩 (3)

where A is the area in km2 and k is the time scale in h.

2.3 Losses

The abovementioned procedure produces a design rainfall event 
based on a given duration and return period. However, it is the soil’s 
infiltration capacity that determines how much of the rainfall 
becomes surface runoff—this is known as the active or excess 
rainfall. To estimate infiltration losses and separate them from 
the total hyetograph, the method developed by the US Soil 
Conservation Service is used (USDA, 1986). This approach is 
based on the following assumptions:

During an initial period, denoted as tao
, all rainfall during this 

time, hao
, is absorbed entirely as a deficit (initial deficit), resulting in 

no excess runoff. Therefore, after this time tao
, the maximum 

effective rainfall depth cannot exceed h-hao 
where h represents 

the total rainfall depth of the event.
Beyond the initial deficit, hao

, the additional deficit during heavy 
rainfall cannot exceed a maximum value known as potential maximum 
retention, denoted as S. The initial deficit is expressed as hao 

= 0.1S. A 
lower value of 0.1 instead of the textbook 0.2 has been chosen. The 
change has been made for consistency with the literature, as a study in 
the wider region found that the actual initial abstraction ratio was 
significantly lower than 0.2, with an average ratio of just 0.014 across an 
entire basin and 0.037 within a sub-basin (Baltas et al., 2007). 
Therefore, adopting an initial abstraction ratio of 0.1 represents a 
more realistic yet conservative approach.

For any time, t > tao
, the ratio of the excess rainfall depth to the 

additional deficit (ha-hao
) is equal to the ratio of these values to their 

potential counterparts (h-hao
) and S, respectively. Based on these 

assumptions, the following empirical equation is used to estimate 
the excess rainfall in Equation 4: 

he �

0 h ≤ 0.1S

h − 0.1S( )
2

h + 0.9S
h > 0.1S

⎧⎪⎪⎨

⎪⎪⎩
(4)

This equation is applied both to the total rainfall depth and to 
partial (block) rainfall depth values, allowing the temporal evolution 
of the event to be determined. The deficit depth can asymptotically 
approach 1.1S for large rainfall if runoff data are unavailable. When 
the CN is known, the parameter S can be estimated from the existing 
literature. Specifically, S (in mm) is linked to runoff, a key parameter 
describing the basin is given by Equation 5: 

S � 254
100
CN

− 1􏼒 􏼓 (5)

The CN value ranges from 0 to 100 and is determined by factors 
such as soil type, land use, and antecedent moisture conditions in the 
basin (USDA, 1986). Here, a layer of CN values is derived from the land 
cover typology.

2.4 Hydraulic model

Although the input DEM has a 2 m resolution, a computational 
mesh resolution of 10 m was selected for this study. This decision 
balances computational efficiency with hydraulic accuracy in a 
regional-scale analysis covering approximately 20,000 buildings. 
HEC-RAS employs a subgrid bathymetry approach that preserves 

FIGURE 3 
Hyetograph for T100 rainfall intensity over a 12 h period.
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fine-scale terrain details within coarser computational cells by using 
precomputed hydraulic property tables (elevation-volume curves for 
cells and elevation-area curves for cell faces). This method allows the 
model to account for sub-grid topographic features without 
requiring mesh resolution to match DEM resolution. HEC-RAS 
is utilized for the experiments outlined in this study, as it supports 
the direct implementation of rainfall inputs, also termed RoG 
simulations. HEC-RAS solves the shallow water equations, also 
known as the Saint-Venant equations, which account for the 
conservation of mass and momentum in open-channel flow 
systems (US Army Corps of Engineers, 2024). The continuity 
equation (conservation of mass) is expressed as Equation 6: 

∂h

∂t
+ ∇ Vh( ) � q (6)

where:
h is the water depth,
V is the two-dimensional flow velocity vector, q represents 

external water sources or sinks, such as precipitation and infiltration.
The momentum equation, accounting for forces acting on the 

moving fluid, is written as Equation 7: 

∂V

∂t
+ V∇( )V � −g∇ h + z( ) + Vt∇2V − cfV (7)

where:
g is the gravitational acceleration, z is the elevation of the 

channel bed, Vt is the horizontal eddy viscosity coefficient, cf is 
the friction coefficient, which is a function of surface roughness and 
land use characteristics.

For simplification, when neglecting the viscosity and transport 
terms, the momentum equation can be approximated by the diffuse 
wave equation as shown in Equation 8: 

∂V

∂t
+ g∇ h + z( ) � gSf (8)

where Sf represents the friction slope, calculated using Manning’s 
equation. The Manning roughness coefficients are defined based on 
land cover data, to approximate a realistic representation of surface 
resistance to flow. It is acknowledged that rigorous model 
calibration against observed flood data would refine these 
parameter values and potentially improve model accuracy. 
However, such quantitative validation data are unavailable for the 
Podoniftis basin, which constitutes a common limitation in urban 
flood studies where historical events lack detailed inundation 
measurements. HEC-RAS solves these equations over the 
computational grid to simulate dynamic flow behaviors, 
including water depth, velocity, and peak discharges across the 
basin. Furthermore, the RoG model simulations adhered to the 
Courant criterion to ensure numerical stability, verifying time step, 
grid resolution, and flow velocity compliance.

2.5 Benchmark runs for urban environment 
representation

Hydrological parameters used in the models, such as the Curve 
Number (CN) for infiltration modeling, play a significant role in 
determining runoff volumes and flood extents (Ajmal and Kim, 

2015). In urban areas, the CN is adjusted to reflect varying degrees of 
imperviousness, with higher values indicating less infiltration and 
more rapid runoff (Olang and Fürst, 2011). Inaccurate CN 
assumptions can lead to significant errors in runoff volume 
estimations and flood predictions (Shaw and Walter, 2009).

Two benchmark runs are performed using the CN method 
within HEC-RAS to establish reference scenarios for evaluating 
the performance of the building representation. In these 
simulations, building footprints, digitized as polygons, are 
integrated into the infiltration layer to model the impervious 
surfaces created by buildings. Approximately 20,000 building 
polygons were digitized in a GIS environment to precisely define 
building footprints across the study area (Figure 4). This allows 
differentiation of hydrological responses under varying infiltration 
conditions. Two CN values are selected for the benchmark runs:

• CN = 80: This value represents a moderate infiltration 
scenario, in which it is assumed that a high percentage of 
rainfall falling on building areas is converted into surface 
runoff, allowing some storage (accounted for through 
infiltration losses).

• CN = 100: This value represents an extreme scenario in which 
all rainfall falling on buildings is converted into surface runoff. 
This value assumes that water falling on rooftops or terraces is 
instantly drained and directed to streets with no obstructions, 
simulating impervious conditions observed in urban areas.

It is noted that in these runs, no other adjustments are made to 
the hydraulic model to account for the building effects, other than 
the effect of imperviousness.

To further understand the hydrological response of the 
Podoniftis basin, we established a series of profile lines across the 
study area. These profile lines, illustrated and numbered in Figure 4, 
represent a sample of locations from which peak discharge estimates 
are extracted and compared. The primary goal is to assess spatial 
differences in discharge patterns to help identify the localized 
impacts of the building modeling methods.

Five profile lines were strategically positioned across the study 
domain to capture representative hydraulic gradients and urban 
flow dynamics. The profile locations were selected based on the 
following criteria: (1) spatial distribution across upstream, 
midstream, and downstream portions of the basin; (2) 
representation of varying building densities (dense urban core vs. 
residential periphery); (3) proximity to the main drainage channel 
vs. overland flow zones; and (4) anticipated zones of flow 
acceleration (street channeling) and deceleration (building 
shadowing effects).

2.6 Modeling of buildings

2.6.1 Building blocks and stubby buildings
This method involves elevating the DEM within each building’s 

footprint to represent the physical obstructions caused by urban 
structures. In this study, building footprints are elevated by 0.5 m, 
5 m, and 12 m to better reflect the typical dimensions and structural 
characteristics of buildings in the urbanized Podoniftis basin. We 
chose these elevation values to reflect the influence of raised 
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structures on water flow dynamics. Specifically, the SB method, a 
sub-category of the BB method, is employed for the 0.5 m elevation. 
This approach slightly raises the building footprints above the 
terrain (within a range below 1 m) to simulate the delay in water 
ingress caused by elevated entrances, often above 30 cm (David and 
Schmalz, 2020; Iliadis et al., 2024; Shen et al., 2018). In contrast, the 
BB method focuses on integrating buildings into the terrain by 
substantially elevating their footprints (e.g., 5 m and 12 m), 
representing their structural height (Brown et al., 2007; Schubert 
et al., 2008; Shen et al., 2018). As a main drawback, it should be 
mentioned that the method may overestimate water depths in areas 
adjacent to buildings, due to instabilities caused by significant 
elevation differences, which render a 2D computational scheme 
less appropriate for the flow dynamics.

The polygons illustrated in Figure 4 are used to “burn” the 
building heights into the original DEM, which results in a modified 
DEM that represents the elevation changes caused by the presence of 
buildings. Figure 5 displays the basin’s elevation map, including the 
modified DEM with the burned building heights.

2.6.2 Building Resistance
The BR method is implemented as an alternative approach to model 

buildings within HEC-RAS. In this method, the presence of buildings is 
represented by adjusting the land cover layer within HEC-RAS to reflect 
the resistance exerted by urban structures on water flow. The model 
represents buildings at the cellular level, where each cell is assigned a 
Manning’s roughness coefficient. These coefficients indicate significant 
flow resistance, with values in the literature varying substantially from 
0.5 to 10 (Beretta et al., 2018; David and Schmalz, 2020; Shen et al., 2018). 
The building footprints depicted in Figure 4 are inserted into the 
land cover layer, and Manning’s roughness coefficients are assigned 
to account for the obstructive effects of buildings during water 
propagation. Two different Manning values are applied to the 

building footprints. A high Manning’s n value of 10 is used to 
simulate the significant resistance posed by buildings, which 
effectively act as near-solid obstructions to flow. Additionally, a 
lower value of n = 1 is used in to evaluate whether the value of 10 
results in excessive rainwater accumulation within the building 
footprint, because of the direct rainfall input.

The complete suite of simulation runs comprises both benchmark 
and building representation scenarios. The benchmark cases include 
the CN80-No Building Modeling and CN100-No Building Modeling 
runs, which represent moderate and extreme runoff conditions, 
respectively. For building representation, three approaches were 
implemented: the BB method with elevations of 5 m and 12 m, the 
SB method with a 0.5 m elevation, and the BR method employing 
Manning’s roughness coefficients of n = 10 and n = 1.

2.7 Flood Hazard Rating

We implement the Flood Hazard Rating (FHR) calculation within 
a GIS environment to assess building vulnerability during flood events 
(Surendran et al., 2008). The FHR calculation incorporates a 
classification system that categorizes the hazard levels based on the 
computed values. The FHR formula is expressed as Equation 9: 

FHR � d v + 0.5( ) + DF (9)

where d represents the flood depth in m, v denotes the flow velocity 
in m/s, and DF is the debris factor. The debris factor is assigned 
based on specific conditions:

DF = 0 when d ≤ 0.25 m.
DF = 1 when d > 0.25 m or v > 2 m/s.
In our case, the DF factor has not been considered in the 

calculation, since it is beyond the scope of the study. Because 

FIGURE 4 
Digitized footprint of buildings and location of profile lines within the Podoniftis basin.
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both flood depth and flow velocity inherently capture the core 
aspects of flood hazard, incorporating the debris factor was 
deemed unnecessary and its additional contribution considered 
questionable. The resulting FHR values are classified into four 
distinct hazard categories (Surendran et al., 2008):

Low Hazard (FHR < 0.75) characterized by shallow flowing 
water or deep standing water, requiring caution.

Moderate Hazard (FHR 0.75–1.25) considered dangerous for 
vulnerable populations, particularly children, with deep or fast- 
flowing water.

Significant Hazard (FHR 1.25–2.5) representing risk for most 
people, characterized by deep fast-flowing water.

Extreme Hazard (FHR > 2.5) poses extreme danger to all 
individuals, featuring deep, fast-flowing water.

2.8 Road network exposure analysis

To quantify flood hazard exposure on transportation 
infrastructure, an additional analysis was conducted using 
OpenStreetMap (OSM) road network data. Highway and road 
polylines within the basin were extracted from OSM and converted 
to point features at 0.5 m intervals using GIS tools. This sampling 
density ensures adequate representation of spatial variability along the 
road network while maintaining computational efficiency.

For each point, maximum flood depth, velocity, and FHR values 
were extracted from the corresponding raster outputs of each 
simulation run. The resulting dataset enables a statistical 
comparison of flood characteristics across building representation 
methods, specifically targeting areas of pedestrian and vehicular 
exposure. Quantile statistics (Q10, Q25, Q50, Q75, Q90, Q95) were 
computed to characterize the distribution of flood hazard variables 
along the road network.

3 Results

Figure 6 illustrates the maximum water depth results from the 
benchmark simulation CN100-No Building Modeling. The flood 
extent encompasses a substantial portion of the water basin. Depths 
predominantly fall in the ≤1 m range. Areas with depths exceeding 
1 m are observed primarily along the primary stream and in 
localized regions of the study area where water accumulates due 
to the terrain’s morphology in densely urbanized zones. Notably, 
depths exceeding 3 m are confined to sections of the main stream 
and specific urbanized areas where terrain depressions create natural 
water accumulation zones. Similarly, Figure 7 depicts the velocity 
distribution throughout the basin. Higher velocities (>1.5 m/s) are 
found along the delineated Podoniftis stream, and its contributing 
reaches in the northern sector, which feed into it from upstream.

In considering which CN scenario to adopt for the simulations 
that incorporate building modeling, CN = 100 provides a more 
conservative estimate; therefore, it is selected to capture the 
immediate runoff response expected from building footprints in 
urban areas. However, CN = 80 or less could be appropriate for 
scenarios where infiltration through green infrastructure or 
floodwater storage due to urban rainwater harvesting techniques 
is prevalent (Eaton, 2018; USDA, 1986).

Figure 8 presents the hydrographs corresponding to the profile 
lines depicted in Figure 4, covering all simulations outlined. The results 
align with expectations: higher discharges are observed closer to the 
basin outlet. The two benchmark runs (CN80-No Building Modeling 
and CN100-No Building Modeling) exhibit a disparity, with a 
difference of approximately 100 m3/s, which is due to the difference 
in the estimation of excess rainfall. The smallest differences between 
simulations occur in Profile Line 4, which is reasonable given its 
upstream location (as shown in Figure 4). It is important to note that 
the term ‘profile line’ here refers to a cross section used within HEC- 

FIGURE 5 
Podoniftis basin elevation, encompassing the “burned” values of 12 m buildings.
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RAS to derive the time series. Here, reduced surface runoff propagation 
and a sparser building footprint network minimize discrepancies. 
Among the terrain-elevation-based building modeling methods, the 
SB approach produces the highest discharge peaks, closely resembling 
the CN100-No Building Modeling scenario results. The BB methods 
yield similar results, with an average variation of ~30–40 m3/s when a 
5 m elevation is applied.

The BR method reveals the influence of Manning’s coefficient. It 
significantly affects peak discharge differences (reducing the Manning 
value from 10 to 1 lowers peak flow by approximately 90 m3/s, as it 
creates a delayed concentrated pulse that exceeds the n = 1 peak) and 
concentration time. However, as previously explained, Profile Lines 
3 and 4 remain primarily unaffected due to their location. For the other 
profile lines, differences in the BR method are stark, particularly in 

FIGURE 7 
Water velocity for run CN100-No Building Modeling.

FIGURE 6 
Water depth for run CN100-No Building Modeling.
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FIGURE 8 
Hydrographs for all simulations performed across the five profile lines outlined in Figure 4.
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Profile Line 1, where a one-hour discrepancy in peak discharge arrival 
is observed relative to the runs without building modeling.

Figure 9 presents depth and velocity snapshots in two selected 
quadrants within the Podoniftis basin. The upper rows correspond 
to the first quadrant (depth and velocity), while the lower rows 
represent the second quadrant. Each column illustrates one of the 
four RoG simulations: SB, BR-n = 10, BB-5 m, and CN100-No 
Building Modeling. The BB method stands out for its explicit 
representation of buildings, as water is visibly diverted around 
building footprints. While a variant of the BB approach, the SB 
method exhibits a slightly different behavior, particularly evident in 
the lower quadrant. Due to the reduced elevation assigned to 
building footprints in the SB approach, water can overflow these 
areas, which further leads to shallower depths around the footprints.

The lower quadrant, located farther northeast, shows greater 
water accumulation than the upper one. Additionally, many 
building footprints exhibit water pooling on top. The BB method 
has this effect most pronounced, where water accumulation is 

probably attributed to the elevation-volume relationship 
implemented by the HEC-RAS model (US Army Corps of 
Engineers, 2024). Since the mesh resolution is smaller than the 
building footprint area, many cells within the footprint lack 
elevation variability, inhibiting downstream water propagation. In 
contrast, the BR method resembles the baseline simulation more 
closely than the other methods but still shows notable differences in 
flood extent. Because rainfall is applied uniformly across all cells, the 
land cover class with higher friction values slows water propagation 
significantly.

The spatial velocity patterns in Figure 9 reveal important 
channeling and flow shadow effects in the SB representation 
compared to the CN100 baseline. In the second profile line area 
(Figure 9, rows 1–2), the SB model shows evidence of flow 
channeling between buildings relative to the CN100 model, 
creating preferential flow paths along street networks with 
localized velocity increases. These corridors of accelerated flow 
pose enhanced risk for pedestrian safety and vehicle stability 

FIGURE 9 
Depth (m) and velocity (m/s) extents for two different quadrants within the basin. First two rows correspond to the first quadrant; the remaining rows 
correspond to the second quadrant. Columns correspond to the simulation CN100-No Building Modeling, BB-5 m, BR-n = 10 and SB.
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during flood events. Conversely, in certain locations (particularly 
visible in the fourth profile area), the SB model exhibits velocity 
reductions compared to CN100, attributable to flow shadow effects 
where buildings obstruct and dissipate flow energy. The dual effects 
have important implications for emergency evacuation planning 
and highlight the value of explicit building representation for 
identifying localized hazard hot spots that would be missed in 
models treating urban areas as uniformly rough surfaces.

Figure 10 compares the overall distribution of values from the depth 
and velocity rasters generated in each run, and highlights differences 
among the modeling approaches. The BR method’s smallest depth 
values (0–0.5 m) are the most frequent. Surfaces with high Manning’s n 
values, indicative of increased roughness, exert greater resistance on 
water flow, dissipating energy and reducing flow velocity. This increased 
resistance causes water to spread laterally rather than accumulating 
vertically (Liu et al., 2024), leading to lower water depths over the 

building footprint land cover. In contrast, the BB method exhibits the 
highest frequency of greater water depths (0.5–2.5 m). It reflects 
significant water accumulation caused by obstructed propagation. 
The BR method is the second most common for depths in the 
0.5–1 m range, likely corresponding to pixels adjacent to building 
footprints. Meanwhile, the SB and CN100-No Building Modeling 
approaches result in similar overall depth distributions, although 
with different spatial variability as previously discussed.

Regarding velocity, the bulk of the distribution is within the 
0–0.5 m/s range. The BB method shows the second-highest 
frequency, after the BR, aligning with the expectation that higher 
depths typically correspond to lower velocities. However, patterns 
diverge for velocities above 0.5 m/s. The SB and CN100-No Building 
Modeling methods exhibit the highest frequencies in this range, 
which reflects their capacity to simulate greater flow velocities, likely 
due to less restrictive assumptions about water propagation.

FIGURE 10 
Frequency distribution of water depth (m) and velocity (m/s) across depth/velocity bins for simulations CN100-No Building Modeling, BB-5 m, BR- 
n = 10 and SB. Depth bins range 0–4 m divided into intervals of 0.5 m; velocity bins range 0–4 m/s in 0.5 m/s intervals.
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Table 1 presents summary statistics including quartiles, which 
provide insight beyond mean and median values. The first quartile 
(Q1) represents the depth/velocity exceeded by 75% of the flooded 
area, while the third quartile (Q3) represents the threshold exceeded by 
only 25% of the area. For flood risk management, Q3 is particularly 
relevant as it indicates elevated conditions affecting a significant 
minority of locations—useful for design standards and worst-case 
planning. The spread between Q1 and Q3 also reveals the distribution 
character: narrow spreads indicate uniform conditions, while wide 
spreads suggest high spatial variability with localized hot spots. The 
BB-5 m run records the highest mean (0.62 m) and median (0.28 m) 
depths, which indicate significant water accumulation due to buildings’ 
explicit representation. Interestingly, the BB-12 m configuration 
exhibits different accumulation patterns than BB-5 m despite higher 
elevation values. While greater building heights would, in theory, 
create more extreme obstructions, the interaction between 
computational mesh resolution (10 m), typical building footprint 
dimensions (10–20 m), and elevation magnitude produces complex 
numerical behaviors that do not scale linearly with building height. 
Specifically, when building elevation (12 m) substantially exceeds mesh 
resolution and water depths (typically <3 m), the steep elevation 
gradients can create numerical artifacts and alter the solver’s 
wetting-drying dynamics, leading to different ponding patterns than 
the moderate elevation (5 m) case where transitions are less abrupt. 
Flow is obstructed, and a pooling phenomenon appears on top of 
buildings. Conversely, the CN100-No Building Modeling run shows 
relatively low mean (0.35 m) and the lowest median (0.12 m) depths 
because of minimal obstruction and more uniform water distribution 
across the study area. The BR-n = 10 approach exhibits slightly lower 
depth statistics (mean = 0.31 m, median = 0.13 m) than CN100, 
attributable to increased resistance. The SB method resembles CN100- 
No Building Modeling in mean and median depths but exhibits a 
different modal depth (0.79 m vs 0 m for CN100), indicating that the 
most frequently occurring depth is higher when buildings are 
represented with slight elevation. This suggests more persistent 
shallow ponding adjacent to building footprints in the SB approach.

Regarding velocity, the CN100-No Building Modeling run 
maintains the highest mean (0.67 m/s) and median (0.36 m/s) 

velocities, consistent with unobstructed flow pathways, while the SB 
approach also demonstrates high velocities. However, this basin-wide 
statistic masks important spatial heterogeneity that has implications for 
localized risk assessment. While CN100 exhibits higher mean velocity 
overall, detailed examination of velocity rasters reveals that in specific 
locations the SB method produces higher local velocities than 
CN100 due to flow concentration and channeling effects. These 
high-velocity SB zones are characterized by: (1) proximity to main 
drainage paths where flow is already concentrated, (2) dense building 
configurations creating narrow flow corridors (street widths <10 m) 
that restrict and accelerate flow, (3) moderate slopes (3%–8%) that 
sustain flow energy without excessive turbulent dissipation, and (4) 
convergence points where multiple street networks merge. Identifying 
such locations is critical for localized flood risk assessment, 
infrastructure protection planning, and emergency response 
prioritization, as they represent zones where building representation 
substantially alters hazard characterization beyond what basin- 
averaged statistics would suggest. In contrast, the BB-5 m and BR- 
n = 10 runs exhibit significantly lower mean and median values. The 
effect further enforces the restrictive impacts of building-induced flow 
diversion and elevated friction. Additionally, the BB-5 m run displays a 
broader velocity spread (standard deviation equal to 0.68 m/s) 
compared to BR-n = 10 (0.56 m/s).

Figure 11 presents the FHR distributions for the four modeling 
approaches: SB, BR-n = 10, BB-5 m, and CN100-No Building 
Modeling. The baseline CN100-No Building Modeling simulation 
predominantly falls within the Low-hazard and Moderate-hazard 
categories across the basin but results in the highest FHR values 
within the mainstream. The absence of building-induced 
obstructions allows for more uniform water distribution and flow 
velocities, minimizing hazard conditions, outside the area of the 
mainstream where flow is concentrated. The BB-5 m approach 
exhibits the highest prevalence of Significant and Extreme Hazard 
classifications, mainly concentrated in densely urbanized areas. The 
explicit representation of buildings leads to increased water depths and 
localized flow acceleration around building footprints, thereby 
elevating the FHR. The presence of buildings impedes natural water 
dispersion, resulting in higher hazard ratings in built-up zones.

TABLE 1 Depth and velocity summary statistics (mean, median, standard deviation, mode, first quartile and third quartile) for simulations CN100-No Building 
Modeling, BB-5 m, BR-n = 10 and SB.

Depth statistics

Run Mean Median Standard deviation Mode First quartile Third quartile

CN100-No Building Modeling 0.35 0.12 0.73 0 0.04 0.31

BB-5 m 0.62 0.28 0.86 0.08 0.08 0.82

BR-n = 10 0.31 0.13 0.62 0.01 0.05 0.29

SB 0.36 0.14 0.71 0.79 0.05 0.33

Velocity statistics

CN100-No Building Modeling 0.67 0.36 0.89 0.21 0.18 0.77

BB-5 m 0.44 0.24 0.68 0 0.11 0.47

BR-n = 10 0.27 0.1 0.56 0 0.03 0.25

SB 0.61 0.32 0.85 0.3 0.16 0.66
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The reduced elevation around building footprints facilitates 
temporary water pooling, which leads to Moderate and 
occasionally Significant Hazard areas adjacent to buildings. The 
BR-n = 10 method shows a distribution of hazard classes, shifted 
towards Low hazards across the basin, and higher hazard in the 
stream area. Overall, all methods efficiently capture the higher risk 
area as the one belonging to the mainstream and its reaches, but 
differ in the representation of risk in the wider basin.

On the other hand, results from the SB approach are similar to the 
CN100-No Building Modeling run in overall hazard distribution but 
include localized pockets of higher hazard classifications (Moderate to 
Significant Hazard). Analysis of the spatial distribution of these 
elevated hazard zones reveals consistent patterns characterized by 
specific topographic and urban morphology features:

1. Locations immediately adjacent to the main Podoniftis stream 
where building obstructions locally concentrate flow and 
increase velocities at building corners and narrow passages;

2. Downstream areas near the basin outlet where accumulated 
runoff interacts with dense building clusters, creating complex 
flow interference patterns;

3. Topographic depressions surrounded by buildings (elevations 
10–20 m lower than surroundings) that trap and pond water 
with limited drainage pathways; and

4. Street intersections in dense urban fabric where perpendicular 
flows merge and accelerate.

These spatial patterns suggest that building representation 
primarily influences hazard classification in transitional zones 

between open channels and dense urban fabric, rather than in 
areas that are either clearly within the main floodplain (where all 
methods agree on Extreme Hazard) or well-removed from flow 
paths (where all methods show Low Hazard). This finding has 
practical implications: building representation refinement efforts 
should prioritize these transitional urban areas to maximize the 
benefit to hazard mapping accuracy.

Figure 12 presents the spatial distribution of FHR across two 
representative quadrants, complementing the depth and velocity 
analysis shown in Figure 9. The BB-5m method produces the most 
pronounced high-hazard zones, particularly along street corridors 
between building blocks where flow channelization amplifies both 
depth and velocity. The SB method yields FHR patterns comparable 
to the CN100-No Building Modeling baseline, with localized 
increases adjacent to building footprints. In contrast, the BR-n = 
10 approach results in predominantly low-hazard classifications 
across both quadrants, consistent with its characteristic depth 
and velocity attenuation. The spatial patterns reinforce the 
quantitative differences observed in Figure 11 and highlight the 
sensitivity of localized hazard assessments to the choice of building 
representation.

Figure 13 presents the quantile distribution of depth, velocity, 
and FHR sampled along the road network. The BB-5m method 
exhibits the highest depth values across all quantiles, with 
Q95 reaching 2.35 m compared to 1.23 m for CN100. Velocity 
distributions show less variation among methods, though BB-5m 
and BR-n = 10 produce lower velocities at upper quantiles (Q90- 
Q95) due to flow obstruction and friction effects, respectively. The 
FHR quantile analysis reveals that the BB-5m approach generates 

FIGURE 11 
FHR at the basin scale for simulations CN100-No Building Modeling, BB-5 m, BR-n = 10 and SB.
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substantially higher hazard values, with Q95 reaching 
3.40 compared to 2.45 for CN100 and 1.88 for SB. The BR-n = 
10 method produces intermediate Q95 values (2.66) despite its 
lower depth and velocity distributions, reflecting the 
multiplicative relationship between depth and velocity in the 
FHR formulation. These results indicate that building 
representation choices propagate non-linearly into hazard 
classifications, with implications for pedestrian safety assessments 
along urban road networks.

4 Discussion

The RoG method can offer a potentially realistic solution for 
urban flood modeling, particularly for capturing pluvial hazards and 
flash floods in areas without major open streams. However, it poses 
significant challenges and open questions in accurately representing 
hydrodynamics in urban areas. Directly imposing rainfall on grid 
cells with building footprints on the terrain underneath reinforces 
the importance of accounting for drainage processes, as their 
absence becomes evident in the hydraulic outputs. The BB 
approach, for instance, introduces some artificial ponding on top 
of buildings in cases where mesh resolution is smaller than the 
building footprint and elevation differences are null. This limitation 
prevents water from being conveyed naturally and exaggerates the 
flood depths in a way that does not reflect realistic drainage patterns. 
To resolve this issue within this approach, a coarser mesh may be 
applied in the areas dominated by building structures (Iliopoulou 
et al., 2023). Similarly, the BR method proves less suitable for RoG 
applications because rainfall applied directly on high roughness 
building pixels generates excessive water accumulation on the 

building footprint regions. Moreover, increasing Manning’s n 
values intensifies the distortion of flow patterns and amplifies the 
artificiality of the resulting water depth extents, while increasing 
concentration times. The method is deemed appropriate for surface 
water but not for rainfall being drained.

In contrast, the SB method reduces water accumulation atop 
building footprints, improves numerical efficiency in resolving 
depth-elevation relationships, and implicitly allows for some storage 
in the buildings, by allowing significant water depths to flow along 
these areas. However, the SB approach does not adhere strictly to the 
conceptual intent proposed in the literature of simulating ingress (e.g., 
Iliadis et al., 2024). It does not explicitly simulate building intrusion or 
vertical drainage pathways. Still, this might be too ambitious a goal for 
large-scale simulations, which is why conceptual approaches have been 
mostly explored in the literature to represent similar complex 
interactions, such as “porosity” (Soares-Frazão et al., 2008). This 
necessity for trade-offs mirrors the variability seen in international 
flood mapping standards. While global-scale modeling frameworks 
often rely on “bare-earth” terrain datasets where buildings are removed 
to ensure consistency across vast domains (Wing et al., 2024), national 
engineering standards, such as those in the United Kingdom, 
increasingly utilize high-resolution models (e.g., 5 m) that demand 
more explicit representation of urban features (Dottori et al., 2022).

Taken together, these behaviors underline the need to select 
a building-representation method according to the intended 
modeling purpose. Under a fixed 10 m mesh, all methods 
were numerically stable; however, their physical realism 
under RoG differed markedly. BR, while producing smoother 
and more attenuated inundation patterns, is generally suitable 
for broad-scale, basin-level hazard screening, where fine 
building geometry is not critical. SB and BB provide more 

FIGURE 12 
FHR spatial distribution for two quadrants within the basin. The upper row corresponds to the first quadrant; the lower row corresponds to the 
second quadrant. Columns represent simulations CN100-No Building Modeling, BB-5 m, BR-n = 10 and SB.
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explicit interactions with the built environment and therefore 
capture localized channeling and street-scale hazard 
concentration. In general applications, mesh size becomes an 
important criterion because both elevation-based approaches 
(BB and SB) rely on the grid’s ability to resolve building edges 
and gaps; coarse meshes can suppress rooftop ponding (BB) or 
oversmooth overflows (SB), whereas finer meshes can amplify 
RoG-induced storage effects. Consequently, practitioners may 
use BR for rapid large-scale screening, and choose SB or BB 
when the objective is to analyze detailed hazard patterns or to 
assess building-induced channeling. Within the explicit 
elevation-based methods, SB provides a more moderate and 
physically plausible response under RoG in data-scarce urban 
basins, whereas BB is more appropriate when a conservative 
upper-bound hazard depiction is required, acknowledging that 
this approach carries a higher risk of producing unrealistically 
high local depths and FHR values in dense built-up areas.

Roof sewer connections also represent a factor worth 
mentioning; while lumped approaches (e.g., in SWMM) allow 
roofs to be represented as reservoirs discharging to the sewer 
network (Sañudo et al., 2022), this study retains a surface- 
focused geometric approach because the minor drainage network 
data for the Podoniftis basin are unavailable. Furthermore, 

excluding explicit roof-sewer connections allows us to isolate the 
hydraulic effect of building geometry from the uncertainty of 
unmapped drainage exchanges, particularly since typical building 
typologies in the study area lack significant stormwater attenuation 
mechanisms and discharge directly to the street. Choosing a 
particular modeling scenario inherently depends on the intended 
application. None of the examined modeling approaches 
compensate for the lack of explicit drainage networks or the 
volumetric capacity of buildings to store or exclude water 
(Montalvo et al., 2024; Zhu et al., 2024). From a computational 
standpoint, the total runtime differences between the three building 
representation methods were found to be marginal in this regional- 
scale application.

All simulations in this study were performed using the standard 
HEC-RAS 2D Shallow Water Equations–Eulerian–Lagrangian 
Method (SWE-ELM) solver, which employs an implicit 
numerical formulation. In this scheme, the classical CFL stability 
requirement of Courant ≤1—strictly applicable to explicit 
methods—does not impose a stability limit. Instead, Courant 
numbers in SWE-ELM act primarily as accuracy indicators: 
values around unity correspond to a flood wave that advances no 
more than one cell per timestep, while values greater than 1 may 
introduce additional numerical diffusion or minor timing shifts, 

FIGURE 13 
Quantile distribution of flood depth (a), velocity (b), and FHR (c) sampled at 0.5 m intervals along the road network for the four building representation 
approaches. Values represent the 10th, 25th, 50th, 75th, 90th, and 95th percentiles.
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especially where flow gradients change rapidly. According to HEC- 
RAS guidance, SWE-ELM solutions generally remain stable for 
Courant numbers up to approximately 3, with larger values 
affecting accuracy rather than stability. In our simulations, the 
proportion of cells with Courant >1 was small and nearly 
identical across all configurations (Baseline 0.19%, BR n = 
10 0.12%, BB-5m 0.12%, SB 0.14%), which indicates consistent 
and robust numerical behavior among the tested methods. 
However, the channeling effects induced by the SB and, 
especially, the BB methods could impact numerical stability 
under the CFL criterion, particularly in steep catchments with 
short concentration times, where high-velocity flows concentrate 
in narrow corridors. To mitigate potential CFL violations in these 
specific locations, practitioners may need to employ mesh 
refinement and reduce local time steps, measures that would 
incur a mild increase in computational cost.

Building drainage needs to be considered, especially in the case of 
the BB, where the footprints drastically modify the water pathway, and 
higher depths are observed. Additional refinements, such as 
representing buildings as prisms with elevation gradients, could 
better represent the drainage from the footprints and prevent the 
artificial retention observed under BB conditions. More insights would 
have been extracted regarding the most favorable method, given 
validation data. The absence of such data constitutes a significant 
limitation of the study. This limitation is common in urban studies, 
where “soft” data (e.g., testimonies) are typically the standard and often 
only become available following catastrophic events (Tegos et al., 
2022). In such data-scarce environments, model abstractions 
become necessary to balance computational feasibility with the 
available information, though they inevitably simplify complex 
runoff processes (Krebs et al., 2014). Consequently, the selection of 
SB, BB, or BR methods must account for how these structural 
simplifications influence hazard predictions when detailed 
validation data are missing (Montalvo et al., 2025). In addition to 
that, the absence of extensive validation data precludes a rigorous 
uncertainty quantification, which is critical given that model 
simplifications can yield overconfident predictions in localized high- 
risk zones (Kohanpur et al., 2023). Additionally, the known sensitivity 
of the BB method to grid resolution relative to building gaps (Jiang 
et al., 2022) suggests that propagated uncertainties regarding flood 
extent may vary spatially across the modeled domain.

While all methods evaluated are limited, the differences among their 
outputs carry implications for designing urban drainage structures, 
hazard mapping and regulatory compliance. In high-stakes contexts, 
subtle modeling choices may produce flood extents and hazard 
classifications that deviate, as shown in the FHR analysis, and 
potentially surpass acceptable thresholds for flood risk management 
(European Parliament and Council, 2007; Tadesse et al., 2024).

Beyond technical accuracy, such modeling discrepancies have 
socio-economic implications for decision-making. Fox et al. (2024)
demonstrate that integrating vulnerability data into risk mapping 
can fundamentally alter the identified “geography of risk,” shifting 
prioritization from asset-rich areas to those with lower coping 
capacity. Consequently, the choice of building representation is 
not merely a hydraulic refinement but a critical factor in 
minimizing the deviation between modeled outputs and actual 
community risk (Ma et al., 2025), and ensuring more equitable 
urban management strategies.

The road network exposure analysis further substantiates these 
differences. The quantile distributions reveal that the BB-5m 
method yields Q95 FHR values 40% higher than those from the 
SB approach, thereby directly affecting the proportion of road 
segments classified as extreme hazard. The discrepancies carry 
practical implications for evacuation route planning and 
emergency response, where hazard thresholds determine road 
accessibility during flood events.

5 Conclusion

To our knowledge, this is the first study to systematically 
examine different building modeling methods within the RoG 
flood modeling framework. By evaluating three distinct building 
representation methods—BB, BR, SB—against a benchmark 
scenario with no building obstructions (CN100-No Building 
Modeling), we illuminated both the potential and the limitations 
inherent in building modeling practices.

5.1 Key findings

Impact on inundation patterns: All building modeling 
approaches influence inundation patterns. Introducing building 
footprints through large elevation adjustments (BB) or increased 
friction coefficients (BR) can lead to water-accumulation patterns 
inconsistent with the topographic gradients observed at baseline and 
elevated hazard levels. The BB method, for instance, may display 
excessive water depths around building footprints or occasional 
pooling on building rooftops due to mesh resolution. The BR 
method results in excessive water pooling and distorted flow 
patterns when high Manning’s n values are applied. 
The comparative analysis suggests that the SB technique 
effectively balances computational stability, realistic flow 
patterns, and moderate flood area prediction. Regarding 
computational stability, the percentage of cells with Courant 
number >1 remains low and comparable across methods 
(Baseline 0.19%, BR n = 10 0.12%, BB-5m 0.12%, and SB 
0.14%). Regarding realistic flow patterns and flood area 
prediction, as detailed in the results (Figure 13), the BB-5m 
method exhibits the highest depth values (Q95 2.35 m) and 
hazard ratings (Q95 3.40), which indicates a tendency towards 
extremely conservative predictions. In contrast, SB produces 
moderate hazard values (Q95 1.88) and avoids the excessive 
hydraulic resistance observed in BR, offering a solution that 
does not suffer from the unrealistic extents of BR nor the 
significant channeling effects of BB. Although limitations 
remain with regard to capturing explicit drainage pathways, 
the SB approach may be preferable for RoG simulations in 
urban contexts, given its closer alignment with observed 
hydraulic and hazard patterns.

Limitations of current methods: No single method adequately 
captures the complexity of urban hydrodynamics. While the SB 
approach reduces some pooling issues by allowing water to flow over 
building footprints, water accumulation remains excessive, as the 
hydraulic model does not account for drainage pathways and storage 
effects within built environments.
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Implications for hazard management: The FHR results indicate 
that all modeling approaches reliably identify high-risk areas along the 
main streams, where FHR classifications are consistent across 
methods. However, different assumptions about building 
representation influence the distribution of FHR across the broader 
basin. These variations can lead to discrepancies in hazard mapping 
outside the main streams, which, in turn, may misinform regulatory 
compliance and flood risk management decisions.

5.2 Implications and future directions

In our research, we have evaluated different methods to more 
accurately represent the interplay between surface hydrodynamics, 
built infrastructure, and precipitation inputs. A multi-model 
approach may provide a feasible solution in contexts where 
robust validation data are unavailable, leveraging the 
complementary strengths of multiple methods to mitigate 
individual limitations. While the BB and SB modeling 
approaches are likely to be more appropriate than BR in 
scenarios where drainage patterns are explicitly represented in 
hydraulic models, it should be noted that, in principle, the BR 
approach is competitive because it can account for building ingress. 
Given the absence of direct field measurements in this study, future 
work should compare the simulation outcomes with flood imagery 
from Earth observation and satellite platforms to further calibrate 
and refine the modeling approaches. Future research should also 
benchmark these geometric representations against coupled 1D-2D 
approaches like Iber-SWMM to quantify the trade-offs between 
geometric abstraction and explicit roof drainage representation.

5.3 Contribution to the field

The present manuscript contributes to the ongoing discourse on the 
accuracy of urban flood modeling by highlighting the significant effects of 
building representation methods within the RoG framework. It advocates 
for the development of more nuanced and integrated modeling 
techniques that can better capture the complexities of urban 
hydrodynamics. By addressing the shortcomings of existing methods, 
this study paves the way for more accurate and reliable simulations of 
urban and pluvial floods, ultimately supporting more informed decision- 
making in flood risk management and urban planning.
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