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Abstract

Urban flooding caused by short and high-intensity rainfall events presents increasing chal-
lenges for cities, threatening infrastructure, public safety and economic activity. Accurately
representing infiltration processes in hydrodynamic models is critical, as oversimplifying
infiltration can lead to significant errors in predicted flood extents and water depths. This
study systematically compares two widely used infiltration models—Green-Ampt and
Curve Number—implemented within two leading 2D hydraulic models, HEC-RAS and
IBER, to assess their influence on urban flood predictions. Simulations were conducted for
26 rainfall events, including both observed and synthetic hyetographs, across two urban
neighbourhoods in Pamplona metropolitan area, Spain. Model performance was evaluated
using root mean square error, mean absolute error and confusion matrix-derived metrics
such as precision, accuracy, specificity, sensitivity and negative predictive value. Results
indicate that the choice of infiltration method significantly affects both water depths and
inundation extents: while Green-Ampt yields more conservative water depth estimates,
Curve Number tends to underestimate flood extents. The comparison between the two hy-
draulic models has shown that IBER simulates broader flood extents and lower water depth
errors compared to HEC-RAS. The findings highlight the importance of selecting appropri-
ate infiltration methods and hydraulic models for reliable urban flood risk assessment, as
well as providing guidance for model selection in urban inundation studies.

Keywords: urban flooding; pluvial floods; infiltration methods; Green-Ampt; Curve
Number; 2D hydraulic models

1. Introduction
Urban flooding driven by short and high-intensity rainfall events poses growing

challenges for cities worldwide. In addition, it will amplify risks to infrastructure, public
safety and economic activity in the future. While stormwater drainage systems and surface
topography often dominate pluvial flood assessment, infiltration critically controls the
volume and timing of runoff, especially during short-duration and high-intensity storms.
Either neglecting or oversimplifying infiltration processes in urban models can lead to

Water 2025, 17, 2773 https://doi.org/10.3390/w17182773

https://doi.org/10.3390/w17182773
https://doi.org/10.3390/w17182773
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/water
https://www.mdpi.com
https://orcid.org/0000-0001-7297-1082
https://orcid.org/0000-0002-9715-0173
https://orcid.org/0009-0009-8940-1161
https://orcid.org/0000-0003-2764-6138
https://orcid.org/0000-0002-9346-6592
https://doi.org/10.3390/w17182773
https://www.mdpi.com/article/10.3390/w17182773?type=check_update&version=1


Water 2025, 17, 2773 2 of 27

substantial errors in predicted flood extents and water depths, as surface runoff may be
overestimated when subsurface losses are ignored [1].

Infiltration plays a relevant role in rainfall–runoff processes. There are several meth-
ods available for assessing infiltration amounts. They can be grouped into three main
categories regarding their formulation philosophy: physically based, semi-empirical and
empirical methods. Physically based methods are based on the Darcy and mass conser-
vation laws. The complexity of their formulations varies regarding the specific processes
(fluxes relationships and dynamics) considered, initial and boundary conditions defined
and dimensionality, among other factors. Some examples of physically based methods
are the original Green and Ampt version (GA) [2], Philips (P) [3], Mein and Larson [4],
Smith [5] and Smith and Parlange [6] models.

Semi-empirical methods are developed based on some simplifications of the continuity
equation and the relation between infiltration rate and cumulative infiltration. In this
category, models such as Horton (H) [7], Holtan [8], Overton [9], Singh and Yu [10] and
Grigorjev and Iritz [11] can be found.

Finally, empirical methods are formulated by fitting mathematical models to datasets
which were obtained from field and/or laboratory experiments. They usually depend on
either one or a few parameters that need to be defined. Their applicability range usually
depends on the conditions of the experiments that provided the datasets. Some exam-
ples of these methods are the Curve Number (CN) method proposed by the US-SCS [12],
Kostiakov (K) [13] and its variations Modified Kostiakov (MK) [14] and Revised Modified
Kostiakov (RMK), Huggins and Monke [15], and Collis-George [16].

In addition to the aforementioned formulations, hydrological practice has also widely
adopted conceptual loss models that are not directly derived from soil physics but rather
from simplified abstractions of rainfall–runoff processes [17]. These approaches concep-
tualize infiltration and other abstractions as lumped losses, thereby providing practical
tools for large-scale or real-time applications where detailed parameterization is not fea-
sible. The Initial Loss–Continuing Loss (IL–CL) and the Initial Loss–Proportional Loss
(IL–PL) models allow straightforward implementation in event-based flood simulations
and are particularly standard in regions such as Australia [18]. The IL represents the
canopy and surface detention and infiltration before the runoff starts. It is related to the
antecedent moisture condition. CL and PL represent the infiltration after the start of runoff.
The first method depends on an infiltration rate, and the second one considers a fraction of
the corresponding rainfall [19,20]. Similarly, related models such as the Runoff Coefficient
approach are also applied in urban hydrology to directly relate rainfall to runoff volumes.
Although such methods do not explicitly represent soil processes, their simplicity and
ability to simulate the basin response make them a valuable tool for engineering design
and flood assessment [20].

Some of the most widespread infiltration models include GA, H, K and P. Most
previous studies are focused on analyzing areas with non-urban land uses and basins
where urban coverage represents a small percentage. In [21], the authors assessed the
factors affecting the infiltration rate in a river basin in Nepal by applying the HEC-HMS
model considering the GA infiltration equation. The model outputs were compared with
field measures. The authors concluded that the most relevant factor corresponds to soil
coverage (or soil uses), having a higher impact than soil type or slope. An exponential
relationship between rainfall intensity and infiltration rate was also noted.

Some recent studies proposed modified versions of commonly used models, improving
their performance or adapting them to given conditions. In [22], the authors compared GA
and K methods in small basins located in Equatorial climate regions. They validated the
results of the models using field measurements. They concluded that GA provides better
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performance. They proposed a modification of the Kostiakov method oriented to improve
it. Such a change in the formulation allows incorporating soil characteristics. In addition,
in [23], a variation of the Horton method was proposed to adapt it to intermittent rainfall.

Other studies compared several infiltration models applied to cultivated and/or
irrigated soils. In [24], the authors compared three infiltration methods (K, P and H) with
field measurements for experimental agricultural and horticultural lands. Their findings
showed the better performance of the P method. Other research efforts that compared
several methods applied to agricultural lands are (H, P, K, MK, RMK and Novels) [25] and
(GA, P, H, SCS, K, MK, RMK and Swartzendruber) [26]. Both studies observed that RMK
and MK provided better performance than the other methods. In [27], Mishra and co-
authors compared 14 models applied to 240 sites with available observed data. They used
the Nash–Sutcliffe model efficiency coefficient (NSE) to measure the model performance,
concluding that Singh-Yu, Holtan and H provided better results. They also found that all
models present poor performances for sandy soils.

Recently, some researchers have combined machine learning techniques (ML) with
hydrological models to improve their ability to represent infiltration processes for sites with
low data availability. In this sense, in [28], the authors evaluated the response of P, H and K
methods, comparing the results with their combination with ML methods, including an
artificial neural network (ANN) and the missForest algorithm (MF). They used measured
data of infiltration rates, cumulative infiltration, soil textures and moisture content. They
concluded that H provides better results for sites with heterogeneous characteristics (soil
type and coverage). They found that, in general, the hybrid model combining P and ML
improved the infiltration estimates compared to traditional methods.

Despite extensive benchmarking of these methods in agricultural and watershed
settings, their performance in urban zones remains less explored because of the inherent
complexities and heterogeneity of such areas. Heterogeneous soil properties lead to spatial
variability in infiltration rates, complicating parameterization and requiring extensive field
data for calibration [29]. In addition, limited availability of high-resolution spatial data on
soil characteristics and impervious surface distribution hampers model input preparation
and increases uncertainty in urban areas [30]. Sparse field measurements and variability
across urban sites lead to large uncertainties in model predictions, complicating validation
and reducing confidence in simulated runoff and flood extents [29]. Regarding topography,
irregular urban surfaces with buildings, roads and drainage networks also complicate
the representation of flow paths and wetting-front dynamics in infiltration models [31].
Some studies have analyzed the effect of a set of factors on the accuracy of flood inventory
maps [32–34]. They found that some of the most relevant factors in urban areas correspond
to rainfall elevation and, in particular, the slope of the terrain. Their findings highlight the
importance of a careful definition of model geometry. These studies also underscored the
impact of land use and density of drainage systems on flood vulnerability in urban areas.

In [35], the impact of infiltration rate on runoff generation was studied. The authors
modeled the infiltration through GA and H, comparing the results with measured data.
They concluded that model responses deeply depend on the site characteristics and present
a significant uncertainty, particularly for sandy soils. Other studies developed consider-
ing urban areas have focused on evaluating the impact of some elements on stormwater
drainage. In [36], the interactions of different urban spaces and coverages were evaluated
to improve stormwater runoff management. The infiltration rate was assessed using H
contrasted with observed data. They concluded that it is effective to provide sparse green
areas to manage urban stormwater runoff. Sage and co-authors [37] proposed a conceptual
model combining infiltration (GA) and flow redistribution (similar to the method included
in the EPA-SWMM). They compared the performance of the conceptual model with tradi-
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tional Richards and GA models, finding that the conceptual model improves the precision
of infiltration rate estimation, particularly when assessing rain garden performance. Com-
bining traditional infiltration models with simulation models (allowing flow redistribution)
and with ML constitutes a promising set of techniques for properly assessing rainfall–runoff
transformation in urban areas and the impact of infiltration rates.

Spatial clustering of impervious areas creates highly variable local infiltration re-
sponses during storm events, requiring models to resolve fine-scale land-cover patterns
for reliable predictions [38]. However, few investigations have systematically evaluated
how the choice of the infiltration method interacts with two-dimensional (2D) hydraulic
simulation tools and influences predicted inundation patterns in urban environments.

This paper addresses such a gap by comparing two widespread infiltration equations
with two leading 2D hydraulic models to evaluate urban pluvial floods driven solely by
stormwater runoff. We apply each model combination to two urban case studies under a
set of design storm hyetographs (synthetic and observed). Then, we quantify differences
in predicted flood extents and water depths using raster-based image analysis and error
metrics. By isolating infiltration effects from riverine and tidal influences, our results
elucidate how infiltration parameterization shapes urban flood risk assessments.

The paper is organized as follows: Section 2 explains the methodological framework
and describes the case studies; Section 3 presents and discusses the obtained results. Finally,
Section 4 summarizes the main findings and provides recommendations.

2. Materials and Methods
2.1. Case Study

The study focuses on two urban neighborhoods in the Pamplona metropolitan area
(Spain): Barañáin and Zizur Mayor. Both areas exhibit mixed impervious and pervious
surfaces and are representative of mid-size Mediterranean cities. Their geographic location
is depicted in Figure 1.

To characterize the case study sites, the geographical information provided by the
National Geographic Institute (Instituto Geográfico Nacional, IGN, in Spanish) was em-
ployed. In particular, the following shape and raster layers downloaded from the official
website [39]:

• Digital elevation (terrain and surface) models (DEMs).
• Land cover (CORINE Land Cover project).
• Soil cover.

For both models, the meshes in the hydraulic models were defined based on the DEMs,
depicted in Figure 2a,c. Based on the soil distribution, we assigned the GA and CN model
parameters as shown in Figure 2b,d. Land-use and lithology layers were used to identify
soil types in the Pamplona metropolitan area. More specifically, land-use maps provided
by the IGN and the COoRdinantion of INformation of the Environment (CORINE) Land
Cover (CLC 2018) project were used. Values of the GA an CN parameters for each soil type
were obtained from the literature based on previous experience [40].

The hydraulic models for both sites were fed with several rainfall events to simulate the
corresponding flooding. Four observed spatially distributed events were considered [41]:

• 20 July 2010—6:30 p.m. to 7:20 p.m.
• 20 July 2010—9:10 p.m. to 10:40 p.m.
• 18 September 2019—6:30 a.m. to 7:20 a.m.
• 18 September 2019—4:00 p.m. to 4:50 p.m.

For each event, quantitative precipitation estimation (QPE) fields were obtained with
time steps of 10 min [41]. For example, Figure 3 shows the rainfall spatial distribution
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for 10 min time steps from 9:10 p.m. to 10:40 p.m. on 20 July 2010, corresponding to the
Barañáin case study. Each of the grayscale raster maps in this figure shows the spatial
distribution of the QPE for the corresponding 10 min interval (starting at the time indicated
in a corner of each map). In addition, the corresponding point rainfall hyetographs were
defined and evaluated for two of these episodes.

Furthermore, we used seven combinations of rainfall depth (P), from 20 mm to 60 mm,
and duration (D), from 1 h to 3 h, associated with a set of return periods (Trs), between 2
and 200 years. Three intensity peak positions were considered for each P-D combination
(centered, left-skewed and right-skewed). Thus, we assessed the response to 21 synthetic
hyetographs, with 15-min time-step point rainfall, as depicted in Figure 4.

(a)

(b)

Figure 1. Case study location. (a) General view. Maps modified from WC1 (https://commons.
wikimedia.org/wiki/File:Spain_2_location_map.svg; accessed on 30 June 2025) and WC2 (https:
//commons.wikimedia.org/wiki/File:Navarra-loc.svg; accessed on 30 June 2025). (b) Detailed view.
Background map from OpenStreetMap (https://www.openstreetmap.org/copyright; accessed on 30
June 2025).

https://commons.wikimedia.org/wiki/File:Spain_2_location_map.svg
https://commons.wikimedia.org/wiki/File:Spain_2_location_map.svg
https://commons.wikimedia.org/wiki/File:Navarra-loc.svg
https://commons.wikimedia.org/wiki/File:Navarra-loc.svg
https://www.openstreetmap.org/copyright
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(a) Barañáin DEM (b) Barañáin soil distribution

(c) Zizur Mayor DEM (d) Zizur Mayor soil distribution

Figure 2. Digital elevation models (DEMs), in the first column, and soil distribution maps, in the
second column, for the Barañáin (a,b) and Zizur Mayor (c,d) case studies. Taken from [39].

Figure 3. Spatial distribution of rainfall intensity (mm/h) at 10 min intervals during the observed
event of 20 July 2010 for the Barañáin case study. Each panel represents the rainfall field at the
indicated time, showing the temporal evolution and spatial variability of precipitation across the
study domain. The grayscale bar (0–100 mm/h) indicates rainfall intensity values.

In total, for each site, we simulated 26 rainfall events considering two different infiltra-
tion methods (GA and CN) and applying two 2D hydraulic models (IBER and HEC-RAS).
Therefore, 104 simulations were run for each site (Barañáin and Zizur).

For a clearer presentation of the case studies, Table 1 summarizes the data used
to implement the hydraulic models and its main characteristics (source, resolution and
specific application).
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Figure 4. The synthetic hyetographs considered in this study. The code PXX-DY in the legend stands
for a hyetograph with a precipitation of XX mm and a duration of Y hours. The first row shows the
hyetographs with left-skewed peak positions, the second row with centered peak positions and the
third row with right-skewed peak positions. The first column includes the 1 h hyetographs, the
second column the 2 h hyetographs and the third column the 3 h hyetographs.

Table 1. Summary of data used for hydraulic model implementation, including source, resolution
and application.

Data Source Resolution Application

Digital elevation model
(DEM) [39] 2 m Terrain, model geometry

CORINE Land Cover
(CLC 2018) [39] 10 m Infiltration model parameters

(Green-Ampt, Curve Number)

Rainfall events
(observed, distributed) [41] 15 m and 10 min

(1 raster/step)
Rainfall events, boundary condi-
tions for hydraulic model

Rainfall events
(observed, point rainfall) [42] 10 min Rainfall events, boundary condi-

tions for hydraulic model

IDF curves
for Pamplona city [42] 15 min Synthetic hyetographs, boundary

conditions for hydraulic model

Analogously, Table 2 summarizes the settings of the hydraulic models implemented
in this research. Explanation and justification for the selection of the applied models can be
found in Section 2.2.
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Table 2. Summary of settings for both hydraulic models.

Settings HEC–RAS IBER

Terrain and topography DEM (2 m) DEM (2 m)

Geometry and mesh
Quadrilateral
min. area 0.5 m2

avg. area 10 m2

Triangular
side length 2 m

Infiltration parameters Values proposed in [40], based on soil cover and land use

Roughness coefficients Manning coefficient based on soil cover and land use

Boundary conditions Rainfall events (see Table 1)

Equations Diffusion wave Shallow Water Equations
(SWEs)

2.2. Methodological Framework

The proposed methodology involves two-dimensional (2D) hydrodynamic models
fed with rainfall inputs. Infiltration is explicitly simulated as a component of the rainfall–
runoff transformation process by implementing an infiltration method, among the ones
available in each hydraulic model. The hydraulic models allow flow (runoff) redistribution,
determining water depths and flooding extent derived for a given storm event.

Physically based 2D shallow-water models solve non-linear partial differential equa-
tions on fine meshes, requiring small time steps for numerical stability and leading to
high CPU and memory use. Simplified or diffusive-wave approximations reduce run
times but omit critical dynamics, such as inertial or viscous effects, compromising accuracy
under complex urban flow regimes. Additionally, high-resolution digital terrain models
(DTMs) with detailed building footprints and street geometry generate large datasets that
increase preprocessing times and computing requirements, which may exceed conventional
computation capabilities [31].

In this study, two widely spread and tested 2D hydraulic models were used:
HEC–RAS [43] and IBER [44]. We apply two infiltration methods, GA [40] and CN [45],
assessing the impact of using a given infiltration equation on the resulting flooding. We
chose such infiltration methods because they are available in both hydraulic models and
due to their extensive dissemination and level of implementation worldwide.

The hydraulic models were fed with a set of rainfall patterns: four spatially distributed
observed precipitation events, two observed hyetographs (point rainfall) and 21 synthetic
hyetographs, which were defined for seven combinations of rainfall depth and duration
(associated with a set of return periods) and three rainfall intensity peak positions (centered,
right-skewed and left-skewed).

The main results analyzed are both maximum water depths and flood extents, pro-
vided for each combination of hydraulic model, infiltration formulation and rainfall
event. We evaluated the results in raster format through image analysis. First, we com-
puted error indicators, such as MSE, RMSE and MAE, by comparing the water depth
rasters corresponding to two model settings. Therefore, the following pair comparisons
were implemented:

• The two rasters related to a given hydraulic model and rainfall storm, but with
infiltration computed with the two different methods.

• The two rasters derived from the two hydraulic models fed with the same rainfall
storm and applying the same infiltration method.

In order to quantify the effects of the infiltration and hydraulic models, we employ
several metrics which provide systematic measures of error. The chosen metrics were
the following: root mean square error (RMSE), mean absolute error (MAE), and metrics
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derived from confusion matrixes. These matrixes provides various measures based on the
comparison of positive and negative values: true positives (TPs), false positives (FPs), true
negatives (TNs) and false negatives (FNs). This set of metrics includes precision (PRE),
accuracy (ACC), specificity (SPEC), sensitivity (SENS) and negative predictive values
(NPVs), among others. In order to calculate the aforementioned metrics we used the
definitions described in [46,47].

RMSE measures the square root of the mean of the squared errors, providing an
estimate of the average magnitude of the error and penalizing larger errors more severely.
In contrast, MAE calculates the mean of the absolute values of the errors, offering a direct
measure that is less sensitive to outliers compared to RMSE. Both metrics allow for the
interpretation of model accuracy in the original units of the variable of interest, facilitating
comparison and interpretation of the results.

Additionally, for classification tasks, a set of metrics derived from the confusion matrix
were used, such as PRE, ACC, SPEC, SENS and NPV [46,47]. While PRE indicates the
proportion of TPs among all positive predictions, ACC reflects the proportion of correct
predictions over the total number of evaluated cases. SPEC measures the model’s ability to
correctly identify negative cases, and SENS (or recall) assesses the ability to correctly detect
positive cases. NPV represents the proportion of TNs among all negative predictions. False
positive rate (FPR or fall-out) is the proportion of actual negatives incorrectly classified as
positive, while false negative rate (FNR or miss rate) indicates how often a model fails to
detect actual positive cases. The combined use of these metrics provides a comprehensive
view of model performance, allowing for the identification of strengths and weaknesses
in detecting different types of events or classes, which is a fundamental aspect in critical
applications such as water resource management.

We also analyze the effect of the rainfall patterns, particularly for the synthetic hyetographs
with the same rainfall depth and duration but different intensity peak positions.

The methodological framework is synthesized in Figure 5.

Spatially Distributed Events

Flooding Extent

HEC−RAS2D
GA Method

IBER
CN Method

MAE, MSE, RMSE

Maximum Water Depth

Synthetic Hyetographs
True (+), True (−) 

False (+), False (−)

Infiltration Methods

Urban 
Rainfall 

Flooding 
Analysis

Result Evaluation
Rainfall Patterns

Hydraulic Models

Results

Figure 5. Methodological framework for the present work.

3. Results
3.1. Simulation Results

We simulated the set of 26 rainfall events for both sites, considering two infiltration
methods and two hydraulic models, leading to a total of 208 simulations. For each sim-
ulation, we obtained the corresponding spatially distributed water depth layer. To keep
a clear presentation, we show here the results for the Barañáin (Figure 6) and Zizur Mayor
(Figure 7) case studies, corresponding to the synthetic hyetograph with P = 60 mm, D = 1 h
and a centered intensity peak (HCP60D1).
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HEC-RAS CN WD

HEC-RAS CN FE

HEC-RAS GA WD

HEC-RAS GA FE

IBER CN WD

IBER CN FE

IBER GA WD

IBER GA FE

Figure 6. Examples of results for the synthetic hyetograph with P = 60 mm, D = 1 h and a centered
intensity peak (HCP60D1) in the Barañáin case study: maximum water depths (WDs) and flood
extension (FE; white = flooded, black = dry) considering both infiltration models (GA and CN) and
both hydraulic models (HEC-RAS and IBER). The first column shows the results for HEC-RAS and
the second column for IBER.
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HEC-RAS CN WD

HEC-RAS CN FE

HEC-RAS GA WD

HEC-RAS GA FE

IBER CN WD

IBER CN FE

IBER GA WD

IBER GA FE

Figure 7. Examples of results for the synthetic hyetograph with P = 60 mm, D = 1 h and a centered
intensity peak (HCP60D1) in the Zizur case study: maximum water depths (WDs) and flood extension
(FE; white = flooded, black = dry) considering both infiltration models (GA and CN) and both
hydraulic models (HEC-RAS and IBER). The first column shows the results for HEC-RAS and the
second column for IBER.
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We observed that the HEC-RAS model tends to assign wrong water levels in some
cells. For example, it tends to identify wet cells on top of roofs. In other cases, such errors
may be related to the terrain height defined in the hydraulic model mesh generated from
the DEM. These errors caused some cells to have extremely high or low water depths.
Consequently, we proceeded to identify and remove the cells with such wrong water levels.

Therefore, in this analysis of 208 simulations with the IBER and HEC-RAS hydraulic
models, anomalies in the HEC-RAS results that could distort comparisons were identified.
Specifically, certain water depths in HEC-RAS were unrealistic outliers. For example,
in a simulation for a 20 mm rainfall event (with a 1-h duration and 2-year return pe-
riod), the maximum water depth reached 17 m in given cells, which is highly unrealistic.
A comparison of water depth distributions (Figure 8) shows that while most of the IBER
predictions are close to 0 m, with few extreme values, the HEC-RAS results are also clus-
tered close to 0 m but include a long right tail extending up to 17 m. This indicates that
HEC-RAS tends to predict larger and more extreme water depths, revealing outliers that
must be addressed for an accurate comparison with IBER results.

Figure 8. Comparisons of water depth distributions between the IBER and HEC-RAS hydraulic
models for the 20 mm synthetic rainfall hyetograph before removing outliers (abnormal depth values
obtained in HEC-RAS) in Barañáin (left) and Zizur (right).

In addition, we also identified similar anomalies in other HEC-RAS simulation results,
where water depths exceeded the expected values for the rainfall storms considered as
input. Therefore, we flagged outliers with water depths greater than 5 m, which was
considered as a reasonable threshold for exclusion. This revealed 48 outliers in Zizur
Mayor and 378 in Barañáin (Figure 9), all located at the same geographic points across
simulations. Such outliers were usually found on buildings, likely due to either HEC-RAS
misinterpreting building heights as water depths or from errors in terrain data handling. All
identified outliers were removed from the HEC-RAS results to ensure accurate comparisons
with IBER.

After removing extreme water depth outliers, we analyzed positive and negative
outliers by examining water depth differences between HEC-RAS and IBER. The left
panel of Figure 10 shows the frequency of positive differences (HEC-RAS—IBER > 2 m),
where HEC-RAS predicts significantly higher water depths, with some differences ex-
ceeding 5 m. The right panel of Figure 10 shows the frequency of negative differences
(HEC-RAS—IBER < −0.4 m), where HEC-RAS predicts slightly lower depths than IBER.
While positive outliers indicate frequent overprediction by HEC-RAS, negative outliers are
less frequent and relatively minor. To ensure accurate comparisons, both types of outliers
were removed from the HEC-RAS simulations. The updated water depth distribution
(Figure 11) demonstrates significant improvement compared to the initial distribution
(Figure 8).
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Figure 9. Locations of outliers (abnormal depth values obtained in HEC-RAS) in Barañáin (left) and
Zizur (right).
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Figure 10. Distribution of positive (left) and negative (right) outliers in the water depth differences
of HEC-RAS and IBER.

Figure 11. Distribution of water depths between IBER and HEC-RAS for 20 mm synthetic rainfall
hyetograph in Barañáin (left) and Zizur (right) after removing outliers.
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3.2. Model Comparisons and Performance Assessment

The maximum water depth and flood extent raster output layers were compared by
applying the metrics mentioned in Section 2. The authors applied a pair comparison to
assess the effect of the infiltration methods (for the same event and hydraulic model) and
the influence of the hydraulic model (for the same event and infiltration method).

For water depth comparison, the authors considered RMSE and MAE metrics, while
for flood extent analysis, the metrics related to the confusion matrixes were applied.

3.2.1. Effect of Infiltration Method

Tables 3–6 synthesize the values obtained for the metrics included in Section 2. For
the comparison regarding the infiltration models, GA was considered as the ground
truth value.

Table 3. Infiltration model comparison results for the Barañáin case study using HEC-RAS. GA is
considered as the ground truth value. Abbreviations: RMSE = root mean square error; MAE = mean
absolute error; Pre = precision; NPV = negative predictive value; Sens = sensitivity; Spec = specificity;
Acc = accuracy.

Event RMSE MAE Pre NPV Sens Miss Rate Spec Fall-Out Acc

20JUL2010_2110 0.270 0.052 0.974 0.924 0.823 0.177 0.990 0.010 0.937
HCP20D1 0.116 0.010 0.998 0.973 0.554 0.447 1.000 0.000 0.974
HCP40D1 0.151 0.018 0.994 0.949 0.490 0.510 1.000 0.000 0.951
HCP60D1 0.178 0.026 0.989 0.935 0.508 0.493 0.999 0.001 0.938
HCP40D2 0.148 0.018 0.995 0.952 0.507 0.493 1.000 0.000 0.955
HCP60D2 0.179 0.026 0.991 0.937 0.526 0.475 0.999 0.001 0.940
HCP40D3 0.150 0.018 0.995 0.952 0.509 0.491 1.000 0.000 0.954
HCP60D3 0.181 0.026 0.991 0.936 0.531 0.469 0.999 0.001 0.940
HDP20D1 0.123 0.010 0.997 0.977 0.575 0.426 1.000 0.000 0.978
HDP40D1 0.150 0.017 0.991 0.957 0.510 0.490 1.000 0.000 0.958
HDP60D1 0.176 0.024 0.986 0.938 0.494 0.506 0.999 0.001 0.941
HDP40D2 0.162 0.025 0.994 0.918 0.374 0.626 1.000 0.000 0.922
HDP60D2 0.180 0.025 0.987 0.938 0.531 0.469 0.999 0.001 0.941
HDP40D3 0.151 0.018 0.993 0.955 0.519 0.481 1.000 0.000 0.956
HDP60D3 0.182 0.026 0.987 0.937 0.528 0.472 0.999 0.001 0.940
HIP20D1 0.114 0.010 0.998 0.973 0.550 0.450 1.000 0.000 0.974
HIP40D1 0.150 0.018 0.995 0.949 0.488 0.512 1.000 0.000 0.952
HIP60D1 0.213 0.026 0.819 0.973 0.810 0.190 0.975 0.025 0.954
HIP40D2 0.146 0.017 0.997 0.954 0.508 0.492 1.000 0.000 0.956
HIP60D2 0.177 0.025 0.990 0.938 0.520 0.480 0.999 0.001 0.942
HIP40D3 0.150 0.018 0.995 0.954 0.523 0.477 1.000 0.000 0.956
HIP60D3 0.179 0.026 0.993 0.938 0.528 0.472 1.000 0.000 0.942

Across 208 simulations (26 storm events × 2 infiltration methods × 2 hydraulic
models × 2 study sites), flood water depths and inundation extents varied systematically
with both the infiltration methods and hydraulic models. The GA method yields consis-
tently higher water depths than the CN method, with mean RMSE values of 0.15 m versus
0.12 m with HEC-RAS and 0.18 m vs. 0.14 m with IBER. RMSE increases with total rainfall
depth, reaching 0.25 m for the 60 mm events.

The CN method tends to underestimate flood extents by up to 10% compared with the
GA method, especially across pervious-to-impervious transition zones. When comparing
hydraulic models, IBER simulates inundation extents approximately 5% larger than HEC-
RAS under identical conditions, exhibiting lower water depth errors (mean MAE values
of 0.08 m vs. 0.10 m). Confusion-matrix metrics reveal SPEC above 90% in all scenarios.
However, SENS falls below 75% for right-skewed intensity peak synthetic storms. This
indicates that, under these conditions, the models are less capable of detecting all the areas
that actually become flooded, especially those that are inundated towards the end of the
rainfall event.
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Table 4. Infiltration model comparison results for the Barañáin case study using IBER. GA is
considered as the ground truth value. Abbreviations: RMSE = root mean square error; MAE = mean
absolute error; Pre = precision; NPV = negative predictive value; Sens = sensitivity; Spec = specificity;
Acc = accuracy.

Event RMSE MAE Pre NPV Sens Miss Rate Spec Fall-Out Acc

20JUL2010_2110 0.104 0.041 0.998 0.785 0.102 0.898 1.000 0.000 0.790
HCP40D1 0.020 0.006 0.813 0.984 0.837 0.163 0.981 0.019 0.968
HCP60D1 0.026 0.009 0.952 0.965 0.844 0.156 0.990 0.010 0.963
HCP40D2 0.022 0.007 0.717 0.989 0.855 0.145 0.974 0.026 0.965
HCP60D2 0.023 0.009 0.923 0.973 0.873 0.127 0.985 0.016 0.965
HCP40D3 0.024 0.007 0.713 0.989 0.871 0.129 0.972 0.028 0.964
HCP60D3 0.023 0.009 0.912 0.975 0.882 0.118 0.982 0.018 0.964
HDP20D1 0.043 0.010 0.380 0.951 0.044 0.957 0.996 0.004 0.948
HDP40D1 0.017 0.006 0.844 0.978 0.798 0.202 0.984 0.016 0.966
HDP60D1 0.027 0.010 0.961 0.950 0.797 0.203 0.992 0.008 0.952
HDP40D2 0.018 0.006 0.768 0.983 0.815 0.185 0.977 0.023 0.963
HDP60D2 0.026 0.010 0.948 0.962 0.840 0.160 0.989 0.011 0.959
HDP40D3 0.018 0.006 0.771 0.983 0.818 0.182 0.977 0.023 0.963
HDP60D3 0.025 0.010 0.948 0.962 0.842 0.158 0.989 0.011 0.960
HIP40D1 0.021 0.006 0.762 0.988 0.854 0.146 0.977 0.023 0.968
HIP60D1 0.024 0.009 0.923 0.976 0.877 0.123 0.986 0.015 0.968
HIP40D2 0.024 0.007 0.641 0.993 0.880 0.120 0.971 0.029 0.966
HIP60D2 0.026 0.007 0.864 0.985 0.907 0.093 0.976 0.024 0.966
HIP40D3 0.029 0.008 0.626 0.994 0.904 0.096 0.968 0.032 0.965
HIP60D3 0.033 0.008 0.845 0.986 0.916 0.084 0.972 0.028 0.964

Table 5. Infiltration model comparison results for the Zizur case study using HEC-RAS. GA is
considered as the ground truth value. Abbreviations: RMSE = root mean square error; MAE = mean
absolute error; Pre = precision; NPV = negative predictive value; Sens = sensitivity; Spec = specificity;
Acc = accuracy.

Event RMSE MAE Pre NPV Sens Miss Rate Spec Fall-Out Acc

St2_2019 0.072 0.143 0.724 0.973 0.973 0.027 0.721 0.279 0.829
St2_2010 0.096 0.207 0.894 0.958 0.980 0.020 0.798 0.202 0.913
St1_2019 0.056 0.118 0.602 0.992 0.984 0.016 0.753 0.247 0.816
St1_2010 0.049 0.119 0.459 0.999 0.996 0.004 0.798 0.202 0.827
HIT200P60D1 0.064 0.117 0.836 0.847 0.841 0.159 0.843 0.157 0.842
HIT100P60D3 0.101 0.171 0.662 0.969 0.977 0.023 0.588 0.412 0.764
HIT100P60D2 0.099 0.167 0.649 0.965 0.973 0.027 0.592 0.408 0.758
HIT020P40D1 0.071 0.136 0.524 0.996 0.993 0.007 0.689 0.311 0.767
HIT010P40D3 0.092 0.155 0.563 0.986 0.985 0.015 0.593 0.407 0.729
HIT010P40D2 0.088 0.154 0.543 0.986 0.983 0.017 0.601 0.399 0.725
HIT002P20D1 0.025 0.065 0.814 0.941 0.844 0.156 0.928 0.072 0.905
HDT200P60D1 0.055 0.111 0.625 0.986 0.976 0.024 0.743 0.257 0.814
HDT100P60D3 0.078 0.142 0.663 0.938 0.940 0.060 0.656 0.344 0.775
HDT100P60D2 0.077 0.137 0.666 0.933 0.935 0.065 0.658 0.342 0.775
HDT020P40D1 0.049 0.107 0.533 0.994 0.984 0.016 0.762 0.238 0.810
HDT010P40D3 0.064 0.120 0.574 0.965 0.945 0.055 0.687 0.313 0.767
HDT010P40D2 0.068 0.129 0.937 0.665 0.937 0.063 0.665 0.335 0.703
HDT002P20D1 0.045 0.116 0.383 0.999 0.996 0.004 0.813 0.187 0.832
HCT200P60D1 0.074 0.137 0.629 0.991 0.988 0.012 0.682 0.318 0.790
HCT100P60D3 0.103 0.174 0.674 0.953 0.967 0.033 0.584 0.416 0.764
HCT100P60D2 0.097 0.167 0.668 0.959 0.968 0.032 0.609 0.391 0.770
HCT020P40D1 0.070 0.136 0.543 0.995 0.990 0.010 0.695 0.305 0.774
HCT010P40D3 0.090 0.156 0.584 0.98 0.978 0.022 0.610 0.390 0.742
HCT010P40D2 0.085 0.150 0.558 0.981 0.976 0.024 0.614 0.386 0.735
HCT002P20D1 0.061 0.133 0.357 0.999 0.997 0.003 0.739 0.261 0.772
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Table 6. Infiltration model comparison results for the Zizur case study using IBER. GA is considered as
the ground truth value. Abbreviations: RMSE = root mean square error; MAE = mean absolute error;
Pre = precision; NPV = negative predictive value; Sens = sensitivity; Spec = specificity; Acc = accuracy.

Event RMSE MAE Pre NPV Sens Miss Rate Spec Fall-Out Acc

St2_2010 0.101 0.033 0.343 0.999 0.996 0.004 0.892 0.108 0.898
HIT200P60D1 0.072 0.018 0.417 0.997 0.920 0.080 0.950 0.050 0.949
HIT100P60D3 0.110 0.028 0.446 0.995 0.926 0.074 0.930 0.070 0.929
HIT100P60D2 0.102 0.027 0.431 0.995 0.921 0.079 0.929 0.071 0.929
HIT020P40D1 0.073 0.020 0.313 0.998 0.935 0.065 0.943 0.057 0.942
HIT010P40D3 0.079 0.020 0.260 0.999 0.961 0.039 0.948 0.052 0.948
HIT010P40D2 0.075 0.019 0.262 0.999 0.957 0.043 0.949 0.051 0.949
HDT200P60D1 0.041 0.011 0.658 0.991 0.879 0.121 0.968 0.032 0.963
HDT100P60D3 0.051 0.012 0.647 0.995 0.929 0.071 0.965 0.035 0.963
HDT100P60D2 0.050 0.012 0.645 0.995 0.927 0.073 0.965 0.035 0.963
HDT020P40D1 0.045 0.015 0.299 0.995 0.858 0.142 0.938 0.062 0.936
HDT010P40D3 0.055 0.017 0.297 0.996 0.886 0.114 0.937 0.063 0.936
HDT010P40D2 0.054 0.017 0.290 0.996 0.884 0.116 0.937 0.063 0.936
HCT200P60D1 0.061 0.015 0.578 0.994 0.903 0.097 0.960 0.040 0.957
HCT100P60D3 0.083 0.019 0.523 0.995 0.920 0.080 0.954 0.046 0.952
HCT100P60D2 0.074 0.018 0.520 0.995 0.917 0.083 0.955 0.045 0.953
HCT020P40D1 0.069 0.020 0.333 0.997 0.919 0.081 0.939 0.061 0.939
HCT010P40D3 0.076 0.021 0.305 0.998 0.928 0.072 0.940 0.060 0.940
HCT010P40D2 0.073 0.020 0.298 0.998 0.926 0.074 0.941 0.059 0.941

For the HEC-RAS model, higher P values are related to high error metrics (RMSE
and MAE) and small NPV, SPEC and ACC values. ACC values remained stable across all
analyzed events. However, SENS values increased when P rose from 40 mm to 60 mm,
but their peak was obtained at 20 mm, exhibiting high variability depending on storm
duration. Other metrics showed minimal dependence on storm duration and hyetograph
peak position.

For the IBER model, errors increased with intermediate P amounts (40–60 mm) and
were notable with a low P of 20 mm due to limited runoff generation for such precipitation
amounts. NPV values were consistent across P values, with minor variations tied to storm
duration. ACC and SENS followed similar trends: SENS values decreased for right-skewed
precipitation peaks and increased for left-skewed ones. While SPEC remained stable
(93–95%) across scenarios, PREC improved with higher P values and right-skewed storms.

3.2.2. Effect of Hydraulic Model

The comparison of the RMSE and MAE values between the IBER and HEC-RAS
hydraulic models using the CN and GA infiltration methods reveals similar performance
differences across the events, as depicted in Figure 12. In terms of RMSE values, the CN
method consistently showed slightly lower error values compared with the GA method,
with the highest RMSE values found in the 2010 storm event. Similarly, the analysis with
MAE showed the same trend. The GA method exhibited higher absolute errors than the CN
method, again with the 2010 storm event showing a similar MAE value for both infiltration
methods. These results suggest that the GA method produces higher water depths than the
CN method.

Authors also checked the relationship between RMSE values and storm precipitation
and duration, shown in Figure 13. In terms of precipitation amount in each event, RMSE
values generally increase as precipitation also increases, with both infiltration methods
showing higher error values for events with greater precipitation, such as the 2010 storm
event. Similarly, for event duration, RMSE values appear to marginally increase with longer
durations, though the trend is less pronounced. The GA method exhibits slightly higher
RMSE values compared with the CN method across both precipitation and duration values.
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Figure 12. Comparison of maximum water depth between IBER and HEC-RAS models for the
two infiltration methods (CN in grey and GA in black), applying two metrics for each rainfall event:
RMSE values (top) and MAE values (bottom).

In addition, authors compared the flooded extent area using performance matri-
ces between the IBER and HEC-RAS models using the GA and CN infiltration methods
(Figure 14). The GA method exhibits consistently higher SENS values than the CN method,
indicating its better ability to detect the occurrence of flooded cells. However, the CN
method generally demonstrates higher SPEC, reflecting its stronger performance in identi-
fying non-flooded areas. While the miss rate is lower for the GA method, aligning with its
higher SENS, the CN method shows slightly lower fall-out, indicating fewer false alarms.
These variations highlight distinct trade-offs between the two methods in predicting flooded
area extents.

The relationship between SENS (sensitivity or true positive rate, TPR) and storm
precipitation and duration shows clear trends for both CN and GA methods, as seen in
Figure 15. SENS increases with higher storm precipitation, indicating better detection of
flooded pixels under intense rainfall conditions. The GA method consistently exhibits
higher SENS than the CN method across all event precipitation amounts. Similarly, SENS
improves with longer storm durations, with the GA method outperforming the CN method.
These results highlight the superior performance of the GA method in detecting flooded
cells under varying precipitation intensities and durations.
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Figure 13. Relationship between RMSE values and storm precipitation (left) and duration (right).

The flooded area extent comparisons were conducted by analyzing the metrics within
the HEC-RAS models and the IBER models separately, focusing on their performance under
different infiltration methods, shown in Figure 16. The comparison of flooded area extent
simulations within the two models, based on the GA and CN infiltration methods, reveals
distinct trends. For HEC-RAS, while the GA method demonstrates consistently higher
sensitivity, indicating better detection of flooded areas, the CN method shows improved
specificity values, reflecting stronger performance in identifying non-flooded areas. Within
the IBER models, both infiltration methods (GA and CN) exhibit strong performance in
terms of specificity and fall out, indicating their ability to accurately identify non-flooded
areas while maintaining fewer alarms. The GA method in IBER models also achieves higher
sensitivity and lower miss rates compared with the CN method.

According to the comparisons of RMSE and MAE values between the IBER and HEC-
RAS hydraulic models, the observed trend of slightly lower RMSE and MAE values for the
CN method compared with the GA method suggests that both methods perform similarly
in representing maximum water depths in this study. The differences in RMSE values
between the two methods are minimal, of approximately 5 cm, which can be considered
as not significant. This indicates that both methods provide comparable accuracy for
the analyzed storm events. The empirical nature of the CN method may simplify the
characterization of the infiltration process, aligning well with the specific characteristics of
the storm events. Meanwhile, the GA method, which is more process-based, introduces
additional complexity and parameter sensitivity, which could explain the slightly higher
errors. Water depths simulated by the CN method are slightly lower than the GA method.
Therefore, they may correspond to smaller runoff amounts. Ref. [48] agrees with our
findings that while both the GA and CN method have high correlation coefficient values,
the CN method provides smaller runoff estimates compared with the GA method for
modeling rainfall–runoff processes in ungauged watersheds.
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Figure 14. Comparison of flooded area extents between IBER and HEC-RAS for the two infiltration
methods using performance matrices. (Top–Bottom) SENS (sensitivity), miss rate, SPEC (specificity)
and fall-out.
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Figure 15. Relationship between sensitivity values and event precipitation (left) and duration (right).

The analysis of the relationship between RMSE values and storm precipitation and
duration indicates that RMSE values depend on both variables. Higher storm precipitation
amounts tend to result in larger errors, likely due to the increased complexity of runoff
and infiltration processes. These findings are consistent with those of [49], who observed
that the RMSE of water depths increased consistently with higher precipitation levels
across return periods in their study on urban stormwater modeling. Similarly, the slight
rise in RMSE with longer durations may reflect the accumulated challenges of modeling
prolonged events which involve dynamic changes in soil saturation and flow conditions
over time.

Results from the flooded area extent comparisons using performance matrices between
the HEC-RAS and IBER models suggest that the GA method is more effective in detecting
flooded cells, as indicated by its higher SENS and lower miss rate values. To the best of
our knowledge, no existing studies have explicitly demonstrated that the GA method can
detect more flooded areas than the CN method. However, ref. [50] found that the GA model
outperformed the CN method in estimating both runoff volume and peak discharge across
most watersheds in their study. We believe that their findings provide additional support
for our conclusion. This makes GA a better choice in applications where capturing all
flooded areas is critical. However, the CN method’s higher SPEC and lower fall-out indicate
a stronger ability to avoid FPs, which may be beneficial in studies where overprediction of
flooded areas can have significant consequences.

The relationship between SENS (TPR) and event precipitation and duration reveal that
sensitivity is significantly influenced by both precipitation intensity and event duration.
Higher precipitation levels likely amplify the distinctiveness of flooded pixel signals,
particularly for the GA method. The increased SENS values observed with longer durations
may indicate improved model performance as runoff dynamics become more evident over
time. The GA method, with its consistently higher SENS values, shows greater reliability
in detecting flooded areas, making it an ideal choice for applications that require precise
runoff identification. This aligns with the findings of [51], who, despite focusing on highly
agricultural areas rather than urban flooding, found that the GA model outperformed the
CN model in accurately predicting large streamflow events. The GA model’s ability to
accurately handle large hydrological events, as highlighted in their study, supports its
effectiveness in identifying flooded areas in urban environments, where extreme runoff
events are a key concern. Together, these findings suggest the versatility of the GA method
across different hydrological applications.
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Figure 16. Performance of both infiltration methods (GA and CN) on each hydraulic model (IBER
and HEC-RAS). (Top–Bottom) SENS, miss rate, SPEC and Fall-Out comparisons between IBER and
HEC-RAS for the two infiltration methods.
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An analysis of the behavior of the HEC-RAS and IBER hydraulic models individually
has been conducted, examining the trends within each model by comparing their results
under different conditions. The performance trends observed within both the HEC-RAS
and IBER models, particularly in terms of the infiltration methods, highlight that the GA
method is generally more effective in detecting flooded areas, as evidenced by its higher
SENS values and lower miss rates. However, the CN method shows higher SPEC and
lower fall-out values within both models, making it suitable in scenarios where minimizing
false alarms is essential. Notably, the IBER models, regardless of the infiltration method,
perform exceptionally well in terms of SPEC and fall-out values, suggesting their reliability
in identifying non-flooded areas. Therefore, IBER models with the GA method effectively
balance the trade-off between detecting flooded areas and minimizing false predictions,
making them the most reliable choice across all performance matrices. The trends discussed
here are specific to comparisons made within HEC-RAS models and within IBER models
based on their respective infiltration methods (GA and CN). These results should not
be interpreted as a direct comparison between the HEC-RAS and IBER models. The
comparison between the HEC-RAS and IBER models when using the same infiltration
method was already discussed in the above paragraphs.

The diffusion wave approximation simplifies the modeling process by neglecting
acceleration effects and assuming equilibrium between gravitational and resistance forces,
making it particularly effective for simulating urban floods, where interactions between
water flow and urban infrastructure are highly complex [52]. Despite the challenges posed
by intricate flow dynamics and irregular geometries, studies have shown that simplified
models can produce comparable results to more complex models in terms of flooding
extents, depths and exchanged volumes, while offering the advantage of reduced compu-
tational costs [53]. However, significant differences were observed in specific aspects of
flow behavior, such as in the receding limb of the flood hydrograph, where the Gravity
Wave Model (GWM) and Shallow Water Equations (SWE) provided smoother transitions
compared to the Parallel Diffusion Wave (PDWAVE) model, which exhibited higher hy-
draulic heads and discharges at most manholes. These findings underscore the potential of
simplified models for efficient flood modeling while highlighting the importance of model
selection depending on the specific requirements of a study [53].

3.3. Considerations Regarding Study Limitations

Although an extensive analysis was performed, including a large number of simula-
tions covering a reasonable variety of scenarios and settings, there are some aspects that
may limit the applicability of the study’s conclusions.

The heterogeneity of soil coverage and the distribution of impervious surfaces in urban
areas increase the complexity and uncertainty when trying to achieve a rigorous definition
of model parameters. The methods in this study were applied to a particular area with
specific characteristics. Extending the study to urban areas with different characteristics
would help expand the conclusions and their applicability. However, the chosen sites
present pervious (green urban facilities) and impervious (buildings and streets) areas which
are representative of mid-size European cities.

The sensitivity of infiltration models, such as GA, to saturated hydraulic conductivity
requires careful the choosing and calibration of their parameters. However, the lack of
accurate data for calibration makes this task difficult. A sensitivity analysis may provide
insight regarding this aspect. Although we did not apply this kind of assessment, we used
contrasted values for the model parameters, which may reduce their impact on the results
when comparing the infiltration methods (for the same hydraulic model). For hydraulic
model comparison (same infiltration method and parameter values), the influence of not
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calibrating them could be neglected. Further research could be developed for deepening
the knowledge regarding the effect of parameters on model performance when applied to
urban areas, both thorough sensitivity analysis and field experiments (adjusted to urban
environment conditions).

Machine learning (ML) techniques can significantly improve the accuracy, spatial
resolution, and adaptability of infiltration assessments in urban flood modeling. By learning
complex, non-linear relationships from diverse datasets, ML models overcome many
limitations of traditional, parameter-driven methods. Random forest models trained on
soil texture, land use, impervious cover and limited field measurements can generate
high-resolution maps of infiltration rates across urban watersheds, capturing the strong
heterogeneity of urban soils and reducing overestimation of runoff [54]. Combining classical
infiltration formulas with ML is a promising technique [28,54] for enhancing the accuracy
of urban flooding assessment associated with rainfall episodes. These techniques enhance
the precision, spatial granularity and adaptability of infiltration assessments in urban flood
modeling by capturing non-linear patterns from different data sources. Recent research
demonstrates that ANN models, when calibrated with minimal yet strategically selected
inputs such as precipitation and upstream catchment flow, can simulate dynamic urban
runoff with substantially higher correlation, efficiency and generalization performance
compared to traditional hydrological models [55]. Moreover, where detailed hydrodynamic
or hydraulic data are scarce, ML classifiers employing readily accessible geo-environmental
variables have proven to be of high accuracy, confirming ML’s efficacy in flood hazard
mapping and its suitability for early-warning and urban planning applications [56,57].

Incorporating information about drainage systems could be particularly relevant for
accurate modeling of events related to low return periods that are consistent with the design
of stormwater networks [32]. However, when evaluating events with medium to high
return periods, the influence of the drainage system on the results decreases. Although the
present study considers a set of events with differing rainfall magnitudes, it does not focus
on assessing the actual flooding extents when rainstorms occur, but rather on comparing the
performance of both infiltration and hydraulic models. Furthermore, the lack of information
on the characteristics of the stormwater networks justifies their exclusion in this study.

4. Conclusions
An extensive analysis was conducted assessing the effect of two infiltration methods

(Curve Number and Green-Ampt) and two 2D hydrodynamic models (IBER and HEC-RAS)
on pluvial or rainfall-driven urban floods, performing a total of 208 simulations. Usual
metrics were considered for comparison purposes, such as RMSE and MAE for water depth
analysis and metrics derived from confusion matrixes for flood extent comparison.

First, we assessed the effect of the infiltration method considering the same hydraulic
model, and, second, the influence of the hydrodynamic model when applying the same
infiltration method.

To determine the suitability of both models for use, we analysed comparisons con-
sidering both IBER as the reference and HEC-RAS as the reference. When IBER is used
as a reference, HEC-RAS demonstrates high sensitivity (averaging around 0.65 in most
scenarios), indicating that it detects a significant proportion of the flooded areas identified
by IBER. However, the fall-out (false positive rate) is relatively high in many scenarios
(0.30–0.40), which shows that HEC-RAS tends to overpredict flooding compared to IBER.
In contrast, when HEC-RAS is used as the reference, IBER demonstrates excellent speci-
ficity (averaging 0.85–0.95), which means that it performs well in identifying non-flooded
areas compared to HEC-RAS. IBER also significantly reduces false alarms, as reflected
in its low fall-out rates (0.01–0.15 in most cases). However, IBER has low sensitivity
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(averaging around 0.30), which means that it misses a substantial number of flooded areas
detected by HEC-RAS. In general, HEC-RAS is better suited for scenarios where detecting
flooded areas (high sensitivity) is critical, such as flood risk management or early warning
systems. However, its tendency to overpredict flooding should be considered, as it may re-
sult in false alarms. However, IBER is more appropriate for applications where minimizing
false positives is essential, such as urban planning or flood insurance assessments, where
overprediction could lead to unnecessary costs.

The Curve Number method tends to underestimate flood extents by up to 10% relative
to the Green-Ampt method, especially across pervious-to-impervious transition zones.
When comparing hydraulic models, IBER simulates inundation extents approximately 5%
larger than HEC-RAS under identical conditions, while exhibiting lower depth errors (mean
MAE values of 0.08 m vs. 0.10 m). The confusion matrix metrics reveal that the specificity
is above 90% in all scenarios. However, sensitivity falls below 75% for synthetic storms
with right-skewed peak intensity, indicating reduced detection of late-stage flooding.

Despite the extensive research developed, the study presents some limitations, detailed
in Section 3.3, highlighting the need for a precise definition of the model parameters
and their dependence on impervious characteristics. In order to provide more robust
recommendations, further research should be performed, including sensitivity analysis of
model parameters and expanding the assessment to other sites with different characteristics.

Therefore, the main findings and recommendations can be summarized as follows:

• The choice of an infiltration method fairly influences both water depths and flood
extents: Green-Ampt produces more conservative water depth estimates, whereas
Curve Number tends to underestimate localized inundation areas.

• Of the two hydraulic models, IBER delivers broader flood extents and lower water
depth errors compared to HEC-RAS, suggesting its suitability for studies where spatial
coverage accuracy is critical.

• The hyetograph peak position modulates model sensitivity. In this sense, left-skewed
storms improve inundation detection, while right-skewed peaks reduce sensitivity by
approximately 10%.

• For urban flood risk assessment and planning, the IBER model with the Green-Ampt
infiltration method offers the most conservative and reliable predictions.

These findings provide clear evidence-based guidance for selecting infiltration
schemes and hydraulic solvers in urban flood studies, optimizing prediction accuracy
and spatial coverage.
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