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" Pluvial 昀氀ooding in an urban coastal 
watershed was simulated using a 1D/2D 
model.

" Crowdsourced 昀氀ood reports of street 
昀氀ooding were used to evaluate the 
model.

" Adding in昀椀ltration in the model reduces 
昀氀ood extent by 33 % for nuisance 
昀氀ooding.

" For extreme events, 昀氀ood extent de-
creases by 5 % including in昀椀ltration.

" The results show that in昀椀ltration is 
important for nuisance 昀氀ood modeling.
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A B S T R A C T

Coastal urban 昀氀ooding presents signi昀椀cant challenges due to the complex interactions between surface runoff, 
storm tides, and drainage systems. In highly impervious urban areas, in昀椀ltration may seem negligible, particu-
larly during extreme events when soil saturation is rapidly exceeded. However, for nuisance 昀氀ooding—becoming 
more frequent due to sea level rise and shifting rainfall patterns—the role of in昀椀ltration warrants closer ex-
amination. This study aims to assess the impact of incorporating in昀椀ltration processes into an urban 昀氀ood model 
by evaluating 昀氀ood extent under 1-, 10-, 50-, and 100-years return periods. Speci昀椀cally, we performed our test 
case over an urban coastal watershed in Norfolk, Virginia using a detailed 2D/1D hydrodynamic model. For the 
evaluation of the model, we incorporated community-sourced inputs from residents and drivers collected 
through data portal application and a mobile navigation platform. The results show that in昀椀ltration losses 
reduced the 昀氀ooded areas by 33 % during the 1-year return period and by 12 %, 9 %, and 5 % during 10-, 50-, 
and 100-years return periods respectively. In terms of 昀氀ood volume, in昀椀ltration led to a 29 % reduction for the 1- 
year event, while reductions were smaller for extreme events due to rapid soil saturation. We also found sig-
ni昀椀cant variability in water depth, with for example a nearly 20 cm difference between full and zero saturation 
conditions during the nuisance 昀氀ooding event on a selected street in the Park Place neighborhood. While less 
intense nuisance storms did not achieve full soil saturation, thereby reducing 昀氀ood impacts, extreme events 
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rapidly overwhelmed in昀椀ltration capacity, leading to increased surface runoff and 昀氀ood inundation. Finally, the 
study showed how crowdsourced 昀氀ood reports can help to validate urban 昀氀ood models. In our case, the model 
accurately predicted 昀氀ood locations with 88 % of community reports and 89 % of driver reports of 昀氀ooding 
aligning with simulated inundation maps.

1. Introduction

Urban 昀氀ooding poses signi昀椀cant challenges to both individuals and 
communities, particularly in terms of economic impacts (Vu et al., 
2024). These include property damage, wage losses for those unable to 
commute, increased travel times due to rerouted traf昀椀c, disruptions in 
supply chains at various levels, school closures affecting parents, sudden 
power outages, communication breakdowns, and the contamination of 
water sources leading to the spread of waterborne diseases and threats to 
public health (Mahmood et al., 2017; E P A, 2018; Walsh et al., 2016; 
Brown and Murray, 2013; Hoang and Fenner, 2016; Tunstall et al., 2006; 
Curriero et al., 2001; Weber, 2019; Zandsalimi et al., 2024). This trend is 
attributed to a combination of factors including extreme weather events, 
rapid urbanization, and climate change, resulting in increased severity 
and frequency, thereby posing heightened risks to human well-being, 
infrastructure, and the environment (Agbola et al., 2012; Huong and 
Pathirana, 2013; Mahmood et al., 2017; Mahmoud and Gan, 2018; 
Ntelekos et al., 2010; Teng et al., 2017).

Climate change further complicates the challenges of urban 昀氀ooding 
by signi昀椀cantly altering hydrological processes. It intensi昀椀es extreme 
rainfall events, heightening 昀氀ood risks, while simultaneously increasing 
temperatures and evaporation rates (Tran et al., 2024), leading to drier 
antecedent soil moisture conditions. This combined effect creates a 
complex interplay of opposing forces. Studies indicate that a warmer 
atmosphere retains more water vapor, increasing the intensity of rainfall 
and heightened runoff potential (Tyndall Centre, 2021). However, 
higher evaporation rates also dry out soils, reducing their ability to 
absorb water and increasing 昀氀ood vulnerabilities in some regions (C2ES, 
2023). These dynamics are further in昀氀uenced by spatial and temporal 
variations in water availability, with regions transitioning from dry to 
wet climates experiencing distinct shifts in 昀氀ood patterns (Tabari, 
2020). Understanding these intricate interactions is critical for devel-
oping robust 昀氀ood risk models and implementing effective adaptation 
strategies to address the multifaceted impacts of climate change on 
urban 昀氀ooding.

In coastal cities, 昀氀ooding primarily results from two key processes: 
tidal 昀氀ooding caused by extreme high tides and surface runoff resulting 
from heavy rainfall (Archetti et al., 2011; Dawson et al., 2008; Wahl 
et al., 2015; Xu et al., 2014). In certain urban areas with de昀椀cient or 
inadequate storm drainage systems, 昀氀ooding can occur due to the 
excessive runoff generated by heavy rainfall, highlighting the need for 
accurate urban 昀氀ood prediction to address these signi昀椀cant challenges 
(Fernández and Lutz, 2010; Upadhyaya et al., 2014; Wang et al., 2019; 
Weber, 2019; Yazdanfar and Sharma, 2015). In a typical urban envi-
ronment, stormwater collected by drainage systems is typically dis-
charged into the ocean through gravity-fed channels or pumping 
mechanisms. However, during periods of exceptionally high tides, the 
capacity of these drainage systems is signi昀椀cantly reduced, leading to 
the possibility of reverse 昀氀ow and exacerbating 昀氀ooding issues. The 
generated runoff travels across the surface, accumulating in low-lying 
areas within the catchment until it eventually drains, in昀椀ltrates, or 
evaporates (Huong and Pathirana, 2013; Mahmoud and Gan, 2018; 
Villarini et al., 2011).

To better understand the varying impacts of urban 昀氀ooding, events 
can be categorized by their probabilities of exceedance (National 
Weather Service, 2012). Floods are typically classi昀椀ed into three cate-
gories: (1) extreme 昀氀oods (with a probability of exceedance <5 %) 
characterized by severe property damage, structural failures, and high 
risks of injury and fatalities; (2) major 昀氀oods (with a probability of 

exceedance between 5 % and 50 %) that can lead to substantial infra-
structure damage and potentially result in loss of life; and (3) minor 
昀氀oods (with a probability of exceedance >50 %, also referred to as 
nuisance 昀氀ooding) that tend to have a relatively limited impact on the 
public (National Weather Service, 2012). Moftakhari et al. (2018)
describe nuisance 昀氀ooding as “low-level inundation” that, while not 
posing signi昀椀cant threats to public safety or causing major property 
damage, occurs relatively frequently. These events are typically small in 
magnitude and are associated with short return periods, such as annual 
or even monthly occurrences.

Efforts to model the combined impacts of storm tide and rainfall 
across these various intensity events have led to the development of 
several methodologies. Previous studies have primarily focused on 
integrating a one-dimensional (1D) or two-dimensional (2D) overland 
model with a 2D or three-dimensional (3D) storm surge model. Software 
such as ADCIRC, HEC-RAS, MIKE21, and Delft3D, are commonly used to 
capture the interactions between storm tide and rainfall, providing 
comprehensive insights into 昀氀ood mechanisms (Bacopoulos et al., 2017; 
Karamouz et al., 2017; Ray et al., 2011; Silva-Araya et al., 2018; Tah-
vildari et al., 2022; Yin et al., 2016b; Yin et al., 2016a). For instance, Yin 
et al. (2016a) introduced a coastal inundation model by integrating a 
storm surge model (ADCIRC) with an urban 昀氀ood model (FloodMap). 
This coupled model, when applied at the city scale, exhibited enhanced 
performance compared to standalone ADCIRC modeling, notably in 
昀氀ood extent and depth. Similarly, Silva-Araya et al. (2018) coupled a 2D 
hydrologic model with a 2D storm surge model for Puerto Rico. In this 
approach, the storm surge model operated 昀椀rst to establish a tidal 
boundary for the hydrologic model. The 昀椀ndings revealed that the 
interaction between pluvial 昀氀ooding and tidal 昀氀ooding led to increased 
昀氀ood levels compared to storm surge alone. Ray et al. (2011) investi-
gated how storm surge and inland rainfall jointly affect the 昀氀oodplain of 
a coastal bayou in the Houston area. By employing dynamic hydraulic 
modeling, they evaluated the additional impact of storm surge on 
traditional rainfall-based 昀氀oodplain assessments. Using data from Hur-
ricane Ike, the study underscored the importance of considering both the 
timing and interaction of rainfall and storm surge in understanding 
inland 昀氀ooding dynamic. Tahvildari et al. (2022) integrated storm surge 
and rainfall-driven 昀氀ood models using the Delft3D-FLOW hydrodynamic 
model to assess roadway inundation during hurricanes. They optimized 
ambulance positioning to ensure critical trauma center access within the 
“golden hour.” Applied to Hurricane Irene (2011), their framework 
accurately predicted 昀氀ood extents and identi昀椀ed inadequate ambulance 
coverage. Adding stations improved trauma center access for most 
traf昀椀c zones, providing valuable insights for emergency planning in 
昀氀ood-prone coastal regions.

Another important component of 昀氀ood modeling is the integration of 
one-dimensional (1D) pipe 昀氀ow with two-dimensional (2D) overland 
昀氀ow to better capture the dynamics of urban 昀氀ooding. While subsurface 
drainage systems are essential for managing 昀氀oodwaters in urban areas, 
they are often omitted from coastal 昀氀ood models due to data limitations. 
However, incorporating both 1D and 2D 昀氀ow components greatly en-
hances the accuracy of 昀氀ood simulations and is a well-established 
approach for assessing urban 昀氀ood risks (Fan et al., 2017; Leandro 
et al., 2009; Martins et al., 2016; Russo et al., 2015; Seyoum et al., 2012; 
Yan et al., 2024). Software capable of simulating both 1D drainage 
network hydrodynamics and 2D surface 昀氀ow, such as InfoWorks ICM, 
CADDIES, MIKE 21, and TUFLOW (used in this study), are widely 
recognized for urban inundation modeling (Mignot and Dewals, 2022; 
Tan et al., 2024; Wang et al., 2021; Wu et al., 2017; Ye et al., 2022). In 
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urban coastal watersheds, studies employing 1D/2D modeling ap-
proaches to simulate overland and stormwater drainage 昀氀ow have 
proven the effectiveness of this approach. For example, Shen et al. 
(2019) assessed 昀氀ood risk in Norfolk, VA, by integrating historical data 
with hydrodynamic modeling to evaluate the combined effects of storm 
tide and heavy rainfall. Expanding on this, Shen et al. (2022) focused on 
future scenarios, highlighting that tidal 昀氀ooding is expected to become 
dominant by 2070 due to sea level rise.

Despite the integration of multi-dimensional hydrodynamic models 
for urban 昀氀ooding, the role of in昀椀ltration is often overlooked. This 
oversight stems from the generally lower in昀椀ltration rates in these en-
vironments compared to natural settings, primarily due to the preva-
lence of impervious surfaces (Huong and Pathirana, 2013; Mahmoud 
and Gan, 2018; Villarini et al., 2011). Consequently, many models as-
sume minimal impact of in昀椀ltration during extreme storms due to these 
impervious surfaces (Huong and Pathirana, 2013; Mahmoud and Gan, 
2018; Villarini et al., 2011; Shen et al., 2019). However, while this 
assumption may be held under fully saturated conditions of the soil, it 
does not completely capture the complexities of urban 昀氀ood dynamics 
across different levels of soil saturation. For instance, Hossain Anni et al. 
(2020) utilized a 2D hydrodynamic model (MIKE URBAN) to simulate 
昀氀ood events on the University of Alabama, considering different storm 
events (10-, 25-, 50-, and 100- years return period). Their study 
demonstrated that variations in in昀椀ltration rates and soil moisture 
directly impact 昀氀ood behavior, highlighting the sensitivity of 昀氀ood 
predictions to both the value and distribution of soil inputs.

This study aims to assess the role of in昀椀ltration in coastal urban 昀氀ood 
modeling by evaluating its impact across various storm return periods, 
with a focus on how in昀椀ltration varies with storm size. We quantify the 

effects of in昀椀ltration during nuisance, major, and extreme storm events 
using the Green-Ampt (GA) method, which simulates in昀椀ltration based 
on soil hydraulic properties. This process is integrated into a hydrody-
namic model that combines 2D surface 昀氀ow and 1D pipe network sim-
ulations. The model evaluates the combined effects of storm tide and 
rainfall across different return periods, focusing on Norfolk, Virginia's 
Park Place neighborhood during a nuisance 昀氀ooding event. Validation 
was conducted using community 昀氀ood reports from residents, city staff, 
and drivers, ensuring the model re昀氀ects real-world conditions.

The novelty of this study lies in the systematic assessment of in昀椀l-
tration across multiple storm scenarios and return periods, offering 
valuable insights for improving 昀氀ood resilience in coastal cities. This 
approach enhances the understanding of the relationship between storm 
size, in昀椀ltration, and urban 昀氀ooding, supporting more effective 昀氀ood 
mitigation and disaster preparedness strategies in similar coastal com-
munities. Speci昀椀cally, we hypothesize that the inclusion of in昀椀ltration 
processes in urban 昀氀ood models signi昀椀cantly reduces the extent and 
volume of 昀氀ooding during nuisance events (e.g., 1-year return period), 
but its impact diminishes as storm intensity increases because of the 
limited storage capacity of soil storage within urbanized environments. 
Additionally, variations in soil saturation levels strongly in昀氀uence urban 
昀氀ood dynamics, with lower saturation levels leading to greater in昀椀l-
tration potential and reduced surface runoff. Furthermore, we hypoth-
esize that crowdsourced 昀氀ood reports enhance the accuracy of 
hydrodynamic 昀氀ood models, improving their ability to predict 昀氀ood- 
prone areas and validate simulated 昀氀ood extents. These hypotheses 
will be tested using a 2D/1D hydrodynamic model incorporating in昀椀l-
tration processes, applied to coastal urban 昀氀ooding scenarios, and 
validated against community-sourced 昀氀ood data.

Fig. 1. Study area highlighting the locations of tide gauges, rain gauges, and the drainage system.
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2. Methodology

2.1. Study area

The study area is situated in the heart of Norfolk, Virginia, USA 
(Fig. 1). Norfolk is a densely urbanized area characterized by predom-
inantly 昀氀at terrain, with nearly all regions lying below an elevation of 
4.5 m (North American Vertical Datum of 1988: NADV 88). This low 
elevation, coupled with tidal connections to the Chesapeake Bay, ex-
poses a substantial portion of the city to the risk of tidal 昀氀ooding. This 
risk is further exacerbated by the looming threats of sea level rise and 
land subsidence, as highlighted in studies by (Li et al., 2013; Sadler 
et al., 2017). The study domain is bounded to the north by the Lafayette 
River, encompassing a total area of 5.08 km2 including four neighbor-
hoods (Colonial Place, Riverview, Park Place and Kensington). Within 
this area, 2.95 km2 consists of built-up areas, and 2.13 km2 comprises 
natural terrain. Ground surface elevation within the study domain 
ranges from approximately −2 m to 6 m. Notably, there are no hydraulic 
structures, such as 昀氀ood walls or tide gauges, situated between the 
domain outfall and the Lafayette River.

In this study, tide level data was gathered from the Sewells Point 
station (Station ID: 8638610), situated approximately 7 km from the 
tidal boundary of the domain (Fig. 1). This tide gauge has the longest 
tide level record in Virginia, spanning back to 1927. On the other hand, 
rainfall data were sourced from the National Oceanic and Atmospheric 
Administration (NOAA Atlas 14) and integrated into the model using 
four weather stations operated by the Hampton Roads Sanitation District 
(HRSD). On average, these HRSD stations are located around 4.2 km 
from the center of the study domain.

2.2. Methods

Supplementary Figure SF1 illustrates the framework used in this 
study to evaluate the impact of in昀椀ltration on coastal urban 昀氀ooding, 
with a focus on distinguishing nuisance 昀氀oods from major and extreme 
events. The approach integrates key components, including hydrological 
data (rainfall and tide levels), drainage network data, and spatial data 
such as Digital Elevation Models (DEM), land cover, soil types, and 
imperviousness of surface.

To set up the model, we designed scenarios that simulated combined 
昀氀ood events driven by both storm tides and rainfall. These scenarios 
aimed to capture a range of 昀氀ood conditions, from nuisance to extreme 
events. To enhance model accuracy, we integrated community-sourced 
昀氀ood reports from Norfolk. In昀椀ltration losses were estimated using the 
GA method, which was incorporated into the model to represent soil 
absorption and its in昀氀uence on 昀氀ood dynamics.

After running the simulations, we evaluated the impact of varying 
soil saturation levels on 昀氀ood extent and intensity across events corre-
sponding to four de昀椀ned return periods. The analysis then shifted to 
examining the in昀椀ltration dynamics speci昀椀cally associated with 
nuisance 昀氀ooding events, as in昀椀ltration tends to play a more signi昀椀cant 
role in these more frequent, lower-intensity 昀氀oods.

2.3. Data

To ensure a thorough evaluation of in昀椀ltration's role in coastal urban 
昀氀ooding, we utilized a detailed dataset incorporating multiple data 
sources. This dataset provides a comprehensive representation of the 
study area and its hydrological characteristics. The types of data used in 
the study include:

2.3.1. Digital elevation model (DEM)
The model's domain boundaries and topography were established 

using a 1m×1m Lidar DEM obtained from the Virginia Geographic In-
formation Network (VGIN) (Supplementary Figure SF2A). This 
approach ensures a comprehensive understanding of the terrain within 

the study area. Particularly, our analysis excludes any rainfall-induced 
昀氀ow originating from adjacent watersheds, whether through surface 
runoff or pipe networks, simplifying the model for focused investigation.

2.3.2. Imperviousness
This parameter is essential because it in昀氀uences the amount of water 

that can in昀椀ltrate into the ground by altering the soil in昀椀ltration rate 
(TUFLOW manual, 2018). The imperviousness with spatial resolution of 
30 m was obtained from the National Land Cover Dataset (Supplemen-
tary Figure SF2B). In this study, we associated the impervious values 
with four different land cover types, considering their spatial distribu-
tion. We selected the highest imperviousness value for each land cover 
type to represent the worst-case scenario for in昀椀ltration capacity (Sup-
plementary Table ST1).

2.3.3. Land cover
A land cover dataset with 1-m spatial resolution, retrieved from the 

VGIN was used to delineate overland roughness, building outlines, and 
road centerlines (Supplementary Figure SF2C). The Manning's rough-
ness coef昀椀cients for overland 昀氀ow, sourced from McCuen (1998), were 
then allocated to the 2D domain based on the corresponding land cover 
types, as illustrated in Supplementary Table ST2.

2.3.4. Soil type
We obtained soil type data for the study area (Supplementary 

Figure SF2D) from the U.S. Department of Agriculture (USDA). The area 
is predominantly covered by Sandy Loam, with smaller areas of Silty 
Clay Loam and Silt Loam. Soil properties such as suction value, hy-
draulic conductivity, and porosity were de昀椀ned according to TUFLOW 
speci昀椀cations.

2.3.5. Drainage system
The drainage system utilized in our study was derived from the 

TUFLOW model developed by Shen et al. (2022) in Norfolk. It includes 
three key components: inlets, pipes, and outlets. In TUFLOW, inlets are 
modeled as pits, where depth-discharge relationships control the 
stormwater 昀氀ow rate entering the drainage system, depending on the 
type and dimensions of the inlets. The system comprises 9087 pipe 
sections totaling approximately 222 km in length obtained from Norfolk 
City. To enhance the model's ef昀椀ciency and accuracy, pipes with di-
ameters smaller than 15 in., as well as those situated within buildings, 
underpasses, and tunnels, were excluded from consideration (Fig. 1). 
Detailed information on the drainage system can be found in Shen et al. 
(2022).

We extracted the drainage system from the four speci昀椀ed neigh-
borhoods, encompassing 841 pipe sections with a total length of 21.7 
km. Additionally, we incorporated 51 junctions at critical intersections 
within the drainage system to improve the representation of 昀氀ow dy-
namics. This addition was essential for accurately simulating the dis-
tribution and convergence of 昀氀ow, preventing errors in the 
representation of inlets at these points. This aspect of our analysis was 
crucial for optimizing the model's representation of urban hydrology.

Supplementary Table ST3 presents the datasets utilized for con-
structing the urban 昀氀ood model, providing insight into the various types 
of data integrated into the modeling process.

2.4. Urban 昀氀ood simulation and model con昀椀guration with TUFLOW

The hydrodynamic TUFLOW (Two-dimensional Unsteady FLOW) 
model was designed speci昀椀cally to simulate depth-averaged, one- and 
two-dimensional free-surface 昀氀ows. Originating from a collaborative 
research and development effort funded by WBM Pty Ltd. and The 
University of Queensland, its primary objective was to establish a 2D 
modeling system with dynamic connections to a 1D system (Syme, 
2001). This model effectively addresses the full set of 2D depth-averaged 
momentum and continuity equations governing shallow water free 
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surface 昀氀ow. Furthermore, it incorporates the extensive capabilities of 
the ESTRY one-dimensional (1D) hydrodynamic network, as outlined by 
Syme (2001).

Given the densely urbanized nature of the research area, character-
ized by complex 昀氀ow patterns and pathways, 昀氀ood modeling becomes 
particularly challenging due to the interaction between 2D surface 昀氀ow 
and 1D pipe network 昀氀ow (Shen et al., 2019). To address these com-
plexities, TUFLOW was selected for this study because of its capability to 
model surface 昀氀ow in a 2D domain while also simulating 昀氀uvial and pipe 
networks through its 1D functionality, allowing for dynamic interactions 
between the two. Moreover, TUFLOW's compatibility with High- 
performance Computing (HPC) software enables execution on multiple 
Graphical Processing Units (GPUs), resulting in signi昀椀cantly accelerated 
model simulation.

To model urban 昀氀ood dynamics accurately, the con昀椀guration 
included rainfall and tidal boundary conditions, along with a detailed 
representation of the drainage network. Rainfall data from NOAA Atlas 
14 were used to simulate storm events with return periods of 1, 10, 50, 
and 100 years. Tidal levels, derived from historical storm surge data, 
were applied as time-varying boundary conditions. These conditions 
represented the in昀氀uence of storm tides on both surface and subsurface 
昀氀ooding processes. In the 1D drainage system, dynamic boundary con-
ditions at outfalls re昀氀ected time-varying storm tide levels hydrograph. 
This approach captured the backwater effects and potential reverse 
昀氀ows caused by elevated tides. In the 2D domain, polyline boundary 
conditions along the coastal edge were used to represent spatially 
varying tidal forces, ensuring accurate simulation of tidal interactions 
with the urban landscape. By synchronizing peak storm tide levels with 
peak rainfall intensities, the model effectively simulated worst-case 
compound 昀氀ooding scenarios.

The drainage network was developed using GIS (Geographic Infor-
mation System) data provided by Norfolk City, comprising 841 pipe 
sections with a total length of 21.7 km. Pipes smaller than 15 in. in 
diameter were excluded to focus on the primary stormwater infra-
structure. Depth-discharge relationships were applied to pipe connec-
tions to simulate the in昀氀ow of surface water into the drainage system, 
while material-speci昀椀c Manning's roughness coef昀椀cients enhanced the 
accuracy of subsurface 昀氀ow representation.

The study incorporated storm surge 昀氀ooding as a critical component 
of compound 昀氀ooding scenarios. Historical hurricane data were used to 
de昀椀ne peak storm tide levels for various return periods, emphasizing the 
interaction between storm surges and rainfall-driven 昀氀ooding. These 
simulations demonstrated the exacerbation of 昀氀ooding caused by storm 
surges overwhelming drainage infrastructure and increasing surface 
water accumulation.

The absence of sea dikes or 昀氀ood walls along the coastline in the 
study area allowed for unrestricted tidal interactions, highlighting the 
increased 昀氀ood risks in the absence of coastal defenses. The model's 
design underscored the severe impact of storm surges compared to 
rainfall-driven 昀氀ooding alone, emphasizing the need for effective 昀氀ood 
management strategies in similar urban coastal environments.

2.5. Designing of combined storm tide and rainfall events

This study analyzes in昀椀ltration rates associated with various storm 
events, focusing on both nuisance 昀氀ooding in minor events and severe 
昀氀ooding in major and extreme events. Speci昀椀cally, it examines four 
storm tide and heavy rainfall events with return periods of 1 year 
(nuisance 昀氀ooding), 10 years (major events), and 50 to 100 years 
(extreme events), based on their probability of exceedance. Addition-
ally, a 2-year return period event was estimated for use in the model 
evaluation described in Section 3.1, but it is not included in the analysis 
of in昀椀ltration. To evaluate these combined events, we employed the 
methodology proposed by Shen et al. (2019), which involves analyzing 
storm tide and heavy rainfall associated with hurricanes in Virginia. 
Shen et al. (2019) identi昀椀ed historical hurricane data with rainfall and 

tide peak recurrence intervals exceeding one year in Norfolk. For this 
study, we selected data from 昀椀ve different hurricanes across 昀椀ve 
different return periods, including tide level data from the Sewells Point 
station and rainfall durations ranging from 8 to 77 h, as provided by the 
National Weather Service (NWS, 2016). Given that the average rainfall 
duration in the Virginia coastal region is 22 h, a 24-h duration was used 
for design combined events.

2.5.1. Designing of rainfall events
This study designed heavy rainfall events by considering rainfall 

intensities across 昀椀ve return periods and the distribution of rainfall over 
a 24-h period. Precipitation frequency estimates based on Partial- 
Duration-Series (PDS) data, along with 90 % con昀椀dence intervals for 
this study area, can be accessed on the NOAA Atlas 14 website (link 
provided in Supplementary Table ST3). The estimated 24-h rainfall in-
tensities with 90 % con昀椀dence intervals for the return period of 1, 2, 10, 
50 and 100 years are summarized in Table 1.

Based on the rainfall depths and durations from NOAA Atlas 14, 
Merkel et al. (2015) developed regional rainfall distributions for 17 
midwestern and southeastern states, categorizing them into four types. 
According to these regions, the study area falls within Type C distribu-
tion. To generate heavy rainfall events for the respective return periods, 
the non-dimensional Type C rainfall distribution was multiplied by the 
24-h rainfall intensities. Supplementary Figure SF3 illustrates the dis-
tributions of these designed 24-h rainfall events.

2.5.2. Designed of storm tide events
Storm tide events were designed by selecting historical peak tide 

levels from hurricanes that closely matched the return period values 
within the 95 % con昀椀dence intervals, ensuring consistency with rainfall 
storm events. Historical tide level observations during hurricanes were 
used to derive annual probability of exceedance curves, with 95 % 
con昀椀dence intervals, for tide levels at Sewells Point, VA. Tide levels 
were converted from the Mean Higher High Water (MHHW) datum to 
the North American Vertical Datum of 1988 (NAVD 88). Table 1 sum-
marizes the peak tide levels and their 95 % con昀椀dence intervals for the 
return periods, along with the corresponding hurricanes and their peak 
tide levels.

2.5.3. Time lag between storm tide and rainfall events
Sixteen compound storm scenarios were developed by Shen et al. 

(2019), combining heavy rainfall events with storm tide events across 
various return periods. Their research assessed the impact of time lags 
between peak rainfall and peak tide levels on 昀氀ood risk, determining 
that a lag of −1 to 2 h resulted in the greatest 昀氀ood volume and inun-
dation area. Considering these 昀椀ndings, this study assumes that peak 
rainfall coincides with peak tide levels for all scenarios, omitting time 
lags to represent worst-case 昀氀ooding conditions.

2.6. In昀椀ltration methodologies for simulating hydrological losses in 
TUFLOW

TUFLOW offers three methods for modeling water in昀椀ltration from 
the 2D surface into the subsurface: Green-Ampt, Horton, and Initial 
Loss/Continuing Loss. These methods are designed to simulate hydro-
logical losses, particularly in scenarios where rainfall generates runoff 
directly on the 2D surface. The in昀椀ltration process is tracked in all three 
methods and stops once the ground becomes saturated. The amount of 
water that can in昀椀ltrate depends on several key factors. These include 
the loss approach and soil loss parameters, the depth to groundwater or 
the presence of an impervious layer, the soil's porosity and initial 
moisture content, and the fraction impervious value of the overlying 
material layer. The fraction impervious value signi昀椀cantly affects in昀椀l-
tration rates. For example, a completely impervious surface, such as a 
concrete parking lot, prevents all in昀椀ltration, whereas a surface that is 
90 % impervious allows for limited in昀椀ltration. (TUFLOW manual, 
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2018).
The GA method adjusts the in昀椀ltration rate over time based on soil 

properties such as the soil's hydraulic conductivity, suction, porosity, 
and initial moisture content. It assumes that as water in昀椀ltrates the soil, 
a boundary forms between the ‘dry’ soil, which has an initial moisture 
content, and the ‘wet’ soil, where the moisture content reaches the soil's 
porosity (King et al., 1999; TUFLOW manual, 2018). This method offers 
some advantages over other empirical models. It is a straightforward 
model, and its parameters can be derived from the soil's physical prop-
erties (Gupta, 2017).

The Green-Ampt equation in its fundamental form is represented as 
follows: 

f(t) = K
(

1+
Δθ(φ + h0)

F(t)
)

(1) 

where:
t is time.
K is the saturated hydraulic conductivity.
Δθ is de昀椀ned as the soil capacity (the difference between the satu-

rated and initial moisture content).
φ is the soil suction head.
h0 is the depth of ponded water.
F(t) is the cumulative in昀椀ltration calculated from: 

F(t)−Δθ(φ+h0) = Kt (2) 
The Horton method, in contrast, uses a three-parameter equation to 

estimate soil in昀椀ltration: 
f(t) = fc +

(f0 − fc
) e−kt (3) 

where:
f0 is the initial in昀椀ltration rate in mm/h or inches/h.
fc is the 昀椀nal (inde昀椀nite) in昀椀ltration rate.
t is time in hours (period of time that the cell is wet).
k is the Horton decay rate.
Unlike the GA method, the parameters f0 and k cannot be derived 

from soil water properties and must instead be determined through 
experimental data (Gupta, 2017). Inaccurate estimation of these pa-
rameters can lead to substantial errors in the calculation of in昀椀ltration 
rates, particularly over longer time periods (Raudkivi, 2013).

Finally, The Initial Loss/Continuing Loss (ILCL) method is a simpler 
approach compared to the GA and Horton in昀椀ltration methods. In the 
ILCL method, water in昀椀ltrates based on an initial loss amount, followed 
by a constant in昀椀ltration rate (TUFLOW manual, 2018). While it is less 
complex, it may not capture the dynamic behavior of in昀椀ltration as 
effectively as the GA and Horton methods.

Given the advantages of the GA method, particularly its direct rela-
tionship with soil physical properties, it was chosen to model water 
in昀椀ltration in this study.

3. Results and discussion

3.1. Model evaluation

Evaluating and calibrating urban hydrodynamics models involves 

comparing their predictions of surface runoff and 昀氀ooding with 
observed data, including but not limited to 昀氀ood depth, extent, and 
duration particularly in coastal areas (Smith et al., 2011). This process 
can be challenging due to the often-limited availability of detailed data 
observations (Helmrich et al., 2021). While calibration is a critical stage 
in 昀氀ood modeling, it was not performed in this study due to the lack of 
detailed 昀氀ood depth observations necessary to compare with simulated 
results. Accurate 昀氀ood depth data typically serves as a foundation for 
昀椀ne-tuning model parameters during calibration. Its absence posed a 
signi昀椀cant limitation, making a traditional calibration process infea-
sible. To address this constraint, the model's performance was validated 
by comparing the predicted inundation maps with 昀氀ood reports from 
alternative sources.

These sources included photographs of inundated areas, newspaper 
articles, interviews, social media, and crowdsourced drone footage, 
which provide valuable datasets for more comprehensive model evalu-
ations (Fohringer et al., 2015; Loftis et al., 2017; Middleton et al., 2014). 
Another valuable resource is the mobile navigation app Waze, owned by 
Google. In addition to reporting road closures and traf昀椀c congestion, 
Waze also collects real-time reports on 昀氀ood incidents. Through its Waze 
for Cities data-sharing program, the app provides aggregated user- 
reported data on 昀氀ooding, which is accessible to public entities world-
wide (Praharaj et al., 2021). These sources provided valuable spatial and 
temporal 昀氀ood data through community and driver reports, demon-
strating the utility of crowdsourced and observational datasets for model 
evaluation.

To assess the model's performance, we compared maximum inun-
dation maps with 昀氀ood report data from both Waze and Norfolk's System 
to Track, Organize, Record, and Map (STORM) application. The STORM 
dataset, updated since 2010, includes reports on weather-related in-
cidents such as 昀氀ooded streets, damaged trees, disabled vehicles, and 
downed cables, collected by residents and city staff during and after 
inclement weather (available at https://data.norfolk.gov/Maps/ 
STORM-MAP/fefd-kf5s). For all simulations, we focused on ponding 
depths exceeding 10 cm. This threshold was selected based on the 
assumption that 昀氀ood impacts become signi昀椀cant at this depth, dis-
tinguishing between minor surface water accumulation and more sub-
stantial inundation that could potentially affect land use and 
infrastructure (Shen et al., 2019). We analyzed timestamped, location- 
speci昀椀c 昀氀ood reports from four selected neighborhoods. Community 
reports were gathered over a ten-year period (2010–2019), while driver 
reports were collected over two years (2018–2019). To account for the 
differing time spans of these datasets and to create a more conservative 
scenario, we selected a storm event with a 2-year return period for 
analysis, as described in section 2.3 (Supplementary Figure SF3 and 
Table 1). A 昀氀ood report, whether from a community member or a driver, 
was considered to validate the model simulation if the simulated 
ponding depth occurred within a 20-m buffer of the reported 昀氀ood 
location. This buffer distance, adopted from Shen et al. (2019), was 
chosen because it effectively captures areas immediately adjacent to the 
analyzed features while minimizing overlap, thus ensuring a balance 
between spatial coverage and precision. The choice of buffer zone in-
troduces uncertainty, as varying the buffer distance affects the sample 
size of reports. Larger buffers tend to increase the sample size but may 
reduce spatial accuracy by including unrelated features. On the other 

Table 1 
24-h rainfall intensity estimates (90 % con昀椀dence intervals) and extreme tide levels (95 % con昀椀dence intervals) for different return periods, based on NOAA Atlas 14, 
along with corresponding historical hurricanes.

Return period (probability of exceedance) 1-yr (99 %) 2-yr (50 %) 10-yr (10 %) 50-yr (2 %) 100-yr (1 %)
24-h Rainfall Intensity (mm) 74 91 140 202 234
90 % Con昀椀dence Intervals (mm) 69–81 84–99 129–152 183–218 210–253
Tide Level (m) 0.78 1.1 1.56 1.87 2.06
95 % Con昀椀dence Intervals (m) 0.72–0.81 1.14–1.06 1.35–1.61 1.64–2.33 1.76–2.74
Historical Hurricane Name Charley (2004) Unnamed (1937) Unnamed (1936) Isabel (2003) Unnamed (1933)
Historical Peak Tide Level (m) 0.8 1 1.56 1.91 1.95
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hand, smaller buffers improve spatial precision but may exclude rele-
vant data points, leading to a reduced sample size. Given these consid-
erations, the 20-m buffer was retained as it provides an optimal trade-off 
between spatial accuracy and sample size.

We obtained 60 昀氀ood reports from the community and 74 from 
drivers, all categorized under the “street 昀氀ooded” attribute. To avoid 
duplication, we eliminated overlapping points, assuming the reports 
referred to the same locations. Supplementary Table ST4 presents the 
spatiotemporal distribution of the reports. Among the community re-
ports, 53 out of 60 (88 %) matched the locations predicted by the 昀氀ood 
model simulation. Similarly, 66 out of 74 driver reports (89 %) matched 
the predicted locations. These high match percentages indicate a strong 
correlation between observed 昀氀ood events and our model's predictions, 
underscoring the model's accuracy and reliability in identifying 昀氀ood- 
prone areas.

Most matched points were in the southern part of the study domain, 
speci昀椀cally in the Park Place and Kensington neighborhoods, which are 
the most impervious regions and are near the Lafayette River, an area 
vulnerable to sea level rise. The remaining unmatched points were, on 
average, 40 m away from the reported locations, as illustrated by two 
examples from the community reports (Fig. 2A) and driver reports 
(Fig. 2B). Additionally, colleagues from other institutions, who are 
familiar with the area and involved in a related project, provided 
valuable feedback. Their input validated the model and offered further 
useful insights.

While the crowdsourced 昀氀ood report dataset provides valuable 
street-level information, it has notable limitations. Reports collected 
from community members and drivers using the Waze application 
include only the date and location of 昀氀ooding, lacking detailed infor-
mation on 昀氀ood depth or timing. Additionally, as with most crowd-
sourced data, these reports are subject to inherent subjectivity and bias, 
as they are submitted by individual users (Sadler et al., 2018). However, 
given the most reliable information available for model evaluation, it is 
reasonable to conclude that the urban 昀氀ood model effectively predicts 

昀氀ooded roads during various storm events (Shen et al., 2019).

3.2. Flood extension and volume in saturated conditions

This section examines how 昀氀ooding extends and volume change 
under fully saturated conditions. We analyze maximum ponding depths 
across the four combined storm events corresponding to the 1-, 10-, 50-, 
and 100-year return periods. Fig. 3 presents the spatial distribution of 
ponding depths at peak inundation under varying saturation levels. At 
100 % saturation, the maximum depths of 4.0, 5.0, 5.42, and 5.47 m 
were recorded during compound storms associated with the 1-, 10-, 50-, 
and 100-year return periods tide and rainfall events, respectively. These 
depths occur at three critical underpasses located in the Park Place and 
Kensington areas, which signi昀椀cantly contribute to the overall ponding. 
While pumps are used in practice to drain these underpasses, they were 
not included in the model, leading to potentially higher simulated 昀氀ood 
depths. When excluding the underpasses, the maximum ponding depths 
were 2.0, 2.7, 3.1, and 3.15 m for the same storm events.

Near the shoreline, the ponding depth increases rapidly, reaching 
depths >1 m. In the rest of the domain, inundation is more concentrated 
in the Park Place and Kensington neighborhoods and less concentrated 
in the Colonial Place and Riverwood neighborhoods.

The storm scenario with a 1-year return period for rainfall and storm 
tide associated with a nuisance 昀氀ooding event would 昀氀ood 10.4 % of the 
land area with an estimated 昀氀ow volume of about 0.195 million cubic 
meters. For the major and more extreme scenarios, the model predicts 
the following impacts: 

1) A 10-year return period (major event) storm would 昀氀ood approxi-
mately 19 % of the land area, with a 昀氀ow volume of about 0.47 
million cubic meters.

2) A 50-year return period (extreme event) storm would 昀氀ood around 
28 % of the land area, with a 昀氀ow volume of approximately 0.76 
million cubic meters.

Fig. 2. Maximum inundation map showing ponding depths and 昀氀ood report locations from community and driver reports in Norfolk for a 2-year return period event. 
(a) Community report locations and model predictions, with unmatched points averaging 40 m away. (b) Driver report locations and model predictions, also showing 
a similar 40-m discrepancy for unmatched points.
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3) A 100-year return period (extreme event) storm, which represents 
the most severe scenario, would 昀氀ood about 29.6 % of the land area, 
with a 昀氀ow volume of approximately 0.79 million cubic meters.

3.3. Flood extension and volumes considering different saturation 
conditions

To assess the role of in昀椀ltration in 昀氀ood dynamics, we conducted 
simulations under four different saturations levels: 80 %, 50 %, 30 %, 
and 0 % (Fig. 3). These conditions were adjusted by modifying soil 
porosity to accurately re昀氀ect the soil's water absorption capacity. We 
estimated that, under high hydraulic conductivity conditions, water 
could in昀椀ltrate to a depth of 27 cm within 25 h. Therefore, this thickness 
was selected for use in our study to assess how different levels of soil 
saturation in昀氀uence 昀氀ood extent and runoff.

The most signi昀椀cant changes in 昀氀ooded areas occur during the 1-year 
return period, where reductions in soil saturation result in notable in-
creases in 昀氀ood extent. In contrast, for the 10-, 50-, and 100-year return 
periods, the differences in 昀氀ooded area are minimal, suggesting that soil 
saturation levels have a more pronounced impact during less extreme 
storm events. This is evident in Fig. 3, where the effects of varying 
saturation are clearly observable for the 1-year return period, while the 
changes are less distinct for the major and extreme scenarios.

To quantify these changes, Table 2 presents the reduction in 昀氀ooded 
areas (in km2) and 昀氀ooded volumes (in million cubic meters) under 
different saturation conditions across various return periods. The table 
also highlights the total reductions in both 昀氀ooded area and volume, 
accounting for in昀椀ltration losses when comparing saturated and unsat-
urated conditions.

For the 1-year return period, in昀椀ltration signi昀椀cantly reduces the 

Fig. 3. Effect of storm tide and heavy rainfall on 昀氀ood ponding depth at peak inundation, assuming different initial soil saturated conditions (100 %, 80 %, 50 %, 30 
%, 0 %) across various return periods.
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昀氀ooded area by 33 %. This substantial reduction highlights the crucial 
role of in昀椀ltration in managing nuisance 昀氀ooding, where soil absorption 
can effectively mitigate 昀氀ood extent in less severe storms. The signi昀椀-
cant impact of in昀椀ltration for the 1-year event is attributed to the rela-
tively lower volume of water and slower runoff, allowing the soil to 
absorb a more considerable portion of the precipitation. In comparison, 
for the 10-, 50-, and 100-year events, the reductions are smaller, at 12 %, 
9 %, and 5 %, respectively.

Supplementary Figure SF4 further illustrates how the inundation 
area varies with saturation levels and water depths during the nuisance 
昀氀ooding event. At 100 % and 80 % saturation, inundation is extensive, 
particularly in areas with shallow ponding depths (0.10–0.30 m) and 
moderate depths (0.30–0.50 m), as indicated by the prevalence of yel-
low and red zones. Deeper water depths (0.50–0.60 m and > 0.60 m) 
appear primarily in localized low-lying areas, such as underpasses and 
zones with high development intensity, where in昀椀ltration is less 
effective.

As saturation decreases, the inundation area is visibly reduced, 
especially in shallow water zones. At 50 % saturation, in昀椀ltration 
signi昀椀cantly reduces 昀氀ood extent in regions with ponding depths of 
0.10–0.30 m. By 30 % saturation, this reduction becomes even more 
pronounced, with many formerly inundated shallow areas no longer 
visible on the map.

At 0 % saturation, the inundation area is minimal, with water depths 
largely con昀椀ned to localized depressions or poorly drained regions. Most 
shallow water zones (0.10–0.30 m) are almost entirely mitigated, while 
only small pockets of moderate (0.30–0.50 m) and deep ponding (>0.50 
m) remain.

The Supplementary Figure SF4 highlights that 昀氀ood mitigation 
through in昀椀ltration is most effective in reducing shallow inundation 
areas, particularly under lower saturation conditions. Conversely, areas 
with greater water depths tend to persist, as water concentrates in low- 
lying or highly impervious zones where in昀椀ltration is limited.

In昀椀ltration's impact on inundation volume is equally signi昀椀cant and 
complements the analysis of 昀氀ooded areas. As presented in Table 2, the 
1-year return period event shows a marked reduction in 昀氀ood volume, 
decreasing from 0.195 million cubic meters (100 % saturation) to 0.138 
million cubic meters (0 % saturation), representing a 29 % reduction. 
This substantial decrease highlights the effectiveness of in昀椀ltration in 
mitigating 昀氀ood risks during nuisance events. The pronounced effect of 
in昀椀ltration during the 1-year event can be attributed to the relatively 
low water volumes associated with such events, allowing suf昀椀cient time 
for soil absorption before saturation limits are reached. Additionally, the 
slower runoff velocities characteristic of nuisance 昀氀ooding contributes 
to greater in昀椀ltration opportunities, further reducing the inundation 
volume.

In contrast, for higher return periods (10-, 50-, and 100-year events), 
the reductions in inundation volume are less signi昀椀cant, with decreases 
of 11 %, 9 %, and 5 %, respectively. The diminishing in昀氀uence of 
in昀椀ltration on 昀氀ood volume for extreme events stems from the over-
whelming water inputs that quickly saturate the soil, leaving minimal 
capacity for additional absorption. Consequently, runoff becomes the 
dominant factor driving 昀氀ood volumes in these scenarios.

3.4. Analysis of in昀椀ltration dynamics across different storm intensities

Supplementary Figure SF5 illustrates the spatial distribution of 
in昀椀ltration losses after 12.5 h of simulation time within the study 
domain for the selected return periods. This time point is chosen because 
it captures the peak intensity of the storm events, which is the most 
critical time point for assessing in昀椀ltration and runoff dynamics. The 
spatial variability of these losses is strongly correlated with the distri-
bution of impervious surfaces, land cover types, and material properties 
across the area. Areas with high imperviousness, such as roads and built- 
up environments, exhibit minimal in昀椀ltration, leading to increased 
surface runoff. Conversely, regions with more pervious surfaces, such as 
parks and open spaces, show higher in昀椀ltration rates, which contribute 
to reduced surface water accumulation.

For a more detailed analysis, a speci昀椀c pro昀椀le within the study 
domain was examined to assess in昀椀ltration rates under controlled con-
ditions. This pro昀椀le, located in Lafayette Park, was selected due to its 
homogeneous material type and high perviousness, offering a clearer 
understanding of in昀椀ltration dynamics without the confounding effects 
of varying soil properties. Fig. 4a presents a cross-section characterized 
by uniform soil and material conditions, allowing for an in-depth anal-
ysis of in昀椀ltration rates over time.

The analysis reveals that in昀椀ltration rates decrease as storm intensity 
increases, a trend clearly illustrated in Fig. 5. Average in昀椀ltration rates 
are 17.2 mm/h for nuisance 昀氀ooding events and 14.7 mm/h, 13.5 mm/ 
h, and 13 mm/h for the major and two extreme events respectively. 
During larger storm events, the soil and stormwater infrastructure reach 
saturation more quickly, reducing the capacity for additional water 
absorption and leading to increased runoff. The decrease in in昀椀ltration 
rates during larger storms is indicative of the soil's limited capacity to 
absorb water once it approaches saturation, causing excess runoff to 
contribute more signi昀椀cantly to 昀氀ooding. This observation aligns with 
the 昀椀ndings of Hossain Anni et al. (2020), which emphasized the sig-
ni昀椀cant impact of storm intensity on in昀椀ltration dynamics. Similarly, 
Ryan et al. (2022) highlighted that model results across a mixed 
catchment basins are particularly sensitive to in昀椀ltration rates, espe-
cially under conditions of relatively low rainfall intensity. The reduced 
in昀椀ltration during extreme events underscores the importance of 
considering soil saturation levels when assessing 昀氀ood risks, particularly 
in highly impervious urban areas.

Furthermore, the cumulative in昀椀ltration data in Fig. 5 provides in-
sights into the total volume of water absorbed by the soil throughout the 
storm events. The data show that during nuisance 昀氀ooding events, the 
soil reaches saturation more gradually, allowing for effective water 
absorption over time without fully saturating. Similarly, for the 10-year 
return period event, fully saturated conditions are not reached within 
25 h, indicating that the soil retains some capacity to absorb water over 
a more extended period during less intense storms.

In contrast, for the more intense 50- and 100-year return period 
events, the soil reaches saturation much more quickly—approximately 
17 h for the 50-year event and 16 h for the 100-year event. This rapid 
saturation during extreme storms highlights the limited capacity of both 
the soil and stormwater infrastructure to absorb additional water, 
resulting in increased surface runoff and a higher risk of 昀氀ooding.

This analysis underscores the importance of incorporating detailed 
in昀椀ltration data into urban 昀氀ood models, particularly in coastal cities 

Table 2 
Reduction in 昀氀ooded area and volume across different saturation conditions and return periods.

Return period Flooded area (km2) Total decrease Flooded volume (million cubic meters) Total decrease
100 % 80 % 50 % 30 % 0 % 100 % 80 % 50 % 30 % 0 %

1 yr 0.53 0.49 0.41 0.38 0.35 33 % 0.195 0.182 0.156 0.148 0.138 29 %
10 yr 1 0.98 0.93 0.9 0.88 12 % 0.472 0.464 0.442 0.431 0.421 11 %
50 yr 1.42 1.37 1.34 1.31 1.29 9 % 0.762 0.726 0.712 0.700 0.690 9 %
100 yr 1.5 1.49 1.47 1.44 1.42 5 % 0.799 0.793 0.782 0.770 0.760 5 %
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Fig. 4. a) Cross-section of a uniform in昀椀ltration pro昀椀le in Lafayette Park, illustrating in昀椀ltration dynamics. (b) Cross-section of West 26th Street, showing the 昀氀ood 
pro昀椀le during a 1-year return period event, assessing the impact of in昀椀ltration on overland 昀氀ow.

Fig. 5. In昀椀ltration rates and cumulative in昀椀ltration across different return periods, highlighting variations across minor, major, and extreme scenarios at the cross- 
section in Lafayette Park.
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where nuisance 昀氀ooding events occur. In such scenarios, in昀椀ltration 
plays a signi昀椀cant role, and the combination of storm tide and heavy 
rainfall can lead to complex 昀氀ood dynamics.

3.5. Overland 昀氀ood pro昀椀le differences under various saturation 
conditions

To assess the impact of varying saturation conditions on the overland 
昀氀ood pro昀椀le for the 1-year return period event, we selected a street in 
the Park Place neighborhood, an area characterized by high impervi-
ousness. The 1-year return period was chosen because in昀椀ltration has a 
more pronounced effect during such events compared to the more 
extreme 10-, 50-, and 100-year return periods. In昀椀ltration's in昀氀uence is 
notably signi昀椀cant in less intense storms, where it can meaningfully 
reduce surface runoff. Speci昀椀cally, our analysis focuses on West 26th 
Street between Debree and Lleweyin Avenues, as illustrated in Fig. 4b.

Fig. 6 shows the 昀椀ve different pro昀椀les under varying saturation 
conditions. The graph illustrates how water depth above the DEM 
changes with distance for saturation levels of 100 %, 80 %, 50 %, 30 %, 
and 0 %. The largest difference in water depth between the 100 % and 0 
% saturation conditions reaches just under 0.2 m around the 150-m 
mark. This indicates that in昀椀ltration has a signi昀椀cant impact on water 
depth, especially in highly impervious areas like West 26th Street in the 
Park Place neighborhood. The variability in water depth across different 
saturation levels further underscores the importance of accounting for 
in昀椀ltration effects when assessing 昀氀ood risks and developing mitigation 
strategies.

3.6. Study limitations and opportunities for future research

This study acknowledges some limitations, including the lack of 
detailed temporal 昀氀ood depth data from community reports, which 
could further enhance model calibration and validation. Additionally, 
the hydrodynamic model's simpli昀椀cations, such as the exclusion of 
small-scale drainage structures, pumps, and the in昀氀uence of ground-
water dynamics, may have affected the accuracy of 昀氀ood extent and 
volume predictions in localized areas. Future work should explore the 
integration of real-time monitoring systems, such as street-level sensors 

and remote sensing technologies, to capture dynamic 昀氀ood behavior 
more accurately. Expanding the analysis to include additional storm 
scenarios, particularly those observing the effects of climate change on 
rainfall intensity, sea-level rise, and storm surge interactions, would 
provide deeper insights into evolving 昀氀ood risks. Incorporating 
groundwater processes into hydrodynamic models would further 
improve their accuracy by accounting for interactions between in昀椀l-
tration, subsurface 昀氀ow, and surface runoff. Furthermore, incorporating 
socio-economic data could facilitate a more comprehensive assessment 
of 昀氀ooding impacts and inform the development of equitable and 
effective mitigation strategies.

4. Conclusions

In this study, we developed a 2D/1D hydrodynamic model to eval-
uate the role of in昀椀ltration across different 昀氀ood events. The results 
emphasize the signi昀椀cant impact of in昀椀ltration on nuisance 昀氀ooding 
events, while its effect on major and extreme events is minimal in 
comparison. Key 昀椀ndings are summarized as follows: 

(1) During a nuisance 昀氀ooding event (1-year return period), in昀椀l-
tration losses signi昀椀cantly reduce the extent of urban 昀氀ooding by 
33 % when comparing saturated to unsaturated conditions. This 
昀椀nding emphasizes the importance of incorporating in昀椀ltration 
processes in 昀氀ood risk assessments for short-term events.

(2) For events with longer return periods (10-, 50-, and 100-years 
return periods), associated with major and extreme 昀氀ooding 
events, the impact of in昀椀ltration losses on 昀氀ood extent is minimal 
compared with a nuisance 昀氀ooding event, with reductions of 12 
%, 9 % and 5 % respectively. This suggests that during extreme 
events, factors such as surface runoff and over昀氀ow become more 
dominant in in昀氀uencing 昀氀ooding. In terms of 昀氀ooded volume, the 
1-year return period event showed a signi昀椀cant reduction due to 
in昀椀ltration, decreasing from 0.195 million cubic meters (100 % 
saturation) to 0.138 million cubic meters (0 % saturation), a 29 % 
reduction. This highlights in昀椀ltration's critical role in managing 
nuisance 昀氀ooding by enabling suf昀椀cient soil absorption and 
reducing runoff. For longer return periods (10-, 50-, and 100-year 

Fig. 6. Pro昀椀les illustrating the variations in inundation under different saturation conditions for the 1-year return period associated with nuisance 昀氀ooding at the 
West 26th Street cross-section.
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events), volume reductions were smaller—11 %, 9 %, and 5 %, 
respectively—owing to the rapid saturation of the soil by over-
whelming water inputs.

(3) Analysis of 昀氀ood pro昀椀les along a street in the Park Place neigh-
borhood demonstrates signi昀椀cant variability in water depth 
under different saturation conditions. The most notable differ-
ence, approaching 20 cm, occurs between 100 % and 0 % satu-
ration for the 1-year return period. This highlights the critical 
importance of accounting for in昀椀ltration effects, especially in 
highly impervious areas, when conducting 昀氀ood risk assessments 
and developing effective mitigation strategies.

(4) It was observed that during 1-year and 10-year return period 
events, full soil saturation is not reached within the observed time 
frame. This indicates that the in昀椀ltration capacity of urban soils 
can manage moderate rainfall events without becoming satu-
rated, thereby mitigating 昀氀ood risks.

(5) Variations in soil permeability and land use signi昀椀cantly impact 
in昀椀ltration rates and resulting 昀氀ood extents. This emphasizes the 
need for detailed local data to accurately assess and manage 昀氀ood 
risks.

(6) The study highlights the importance of incorporating 
community-provided data in evaluating 1D/2D hydrodynamic 
models. Local reports offer valuable insights that can complement 
traditional sources, enhancing 昀氀ood modeling and management 
effort.

Overall, the 昀椀ndings of this study provide valuable insights for 
improving 昀氀ood resilience in urban coastal areas and developing more 
effective disaster mitigation strategies.
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