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Urban pluvial flooding is a highly impactful natural hazard whose understanding remains limited by the scarcity
of observations. Here, we demonstrated that continuous, spatially distributed, street-level flood depth mea-
surements provide critical information to increase the fidelity of pluvial flooding simulations. We applied the
LISFLOOD-FP two-dimensional, rain-on-grid hydrodynamic model to two dense urban basins of 10.9 and 0.8
km?, respectively, in New York City (NYC), where eight sensors from the FloodNet network recorded widespread
flooding during three intense storms. We first provided insights into the generation of model domain and net
precipitation forcings at the hyperlocal resolution of 1 m, required to quantify flood hazards at the pedestrian
and vehicle scale and to support decision-making. We then focused on one event in the larger basin and assessed
the performance of three modeling scenarios under the common condition of limited information about the
underground sewer network. We found that neglecting the sewer or simplifying its effect by reducing the pre-
cipitation rates severely overestimated the observed water depths. In contrast, simulations based on runoff
removal at the stormwater inlets reproduced the observed hydrographs remarkably well after calibration of a
single coefficient in the outflow relationship against the sensor data. This calibrated approach proved robust,
maintaining high performance in the smaller basin across all three events. As street-level flood observations
become increasingly available, the proposed methods could help identify the most accurate strategies to model
pluvial flooding in diverse urban landscapes under varying levels of data availability.

1. Introduction

(Rosenzweig et al., 2018). Compared to the first two mechanisms,
pluvial flooding has been considered a relatively minor hazard for a long

Floods are the most frequent natural disasters, causing significant
socioeconomic, health, and environmental impacts (CRED and UNDRR,
2020; NCEIL 2025). Flood impacts are high in urban regions because (1)
the greater fraction of impervious surfaces leads to larger runoff co-
efficients and the lower terrain roughness favors high flow velocities and
reduces the time-to-peak (Feng et al., 2021; Hollis, 1975; Jacobson,
2011), and (2) cities have high vulnerability and exposure due to the
concentration of people, economic activities, and real estate and infra-
structure assets (National Academies of Sciences, Engineering, and
Medicine, 2019).

The main drivers of urban flooding are fluvial, which occurs when
water flowing in a river overtops the levees; coastal, which is due to
ocean tides and storm surges; and pluvial, which results from intense
precipitation that exceeds the drainage capacity of the natural landscape
(e.g., interception, infiltration) and stormwater infrastructure

time because it was assumed that the stormwater infrastructure was
properly designed to minimize its occurrence and impacts. For example,
the U.S. Federal Emergency Management Service (FEMA) does not
include pluvial flooding in its national directives (FEMA, 2023a).
However, the stormwater infrastructure has been modified over time
according to different design standards (Underwood et al., 2020), and its
layout and properties are often unknown. Therefore, every time the
urban landscapes are altered and parts of the stormwater sewer are
retrofitted, the performance of the entire sewer network cannot be
accurately assessed, resulting in a possibly higher flooding hazard than
what was assumed during design.

The reviews by Hammond et al. (2013) and Agonafir et al. (2023)
reported several studies highlighting that pluvial flooding in urban re-
gions causes direct tangible impacts by damaging buildings, infra-
structure, and vehicles; indirect tangible consequences by interrupting
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businesses and infrastructure services; and intangible damages on health
(casualties, injures, mental health effects, floodwater pollution) and the
environment, which can manifest close to and sometime after the event.
Recent efforts have also emphasized the negative impacts of more
frequent and less severe flood events, known as nuisance flooding
(Moftakhari et al., 2018).

Despite pluvial flooding being increasingly recognized as a critical
issue in urban stormwater management (Rosenzweig et al., 2018), the
knowledge of and the ability to accurately simulate this natural hazard
are still limited largely because of the lack of continuous observations of
street-level flood water variables at distributed locations (Drews et al.,
2023). Current simulation approaches relying on hydrologic and hy-
drodynamic models with varying levels of complexities have only been
validated with alternative datasets including: water depth measure-
ments in laboratory physical models (e.g., Fraga et al., 2017; Mignot
et al., 2019; Sanudo et al., 2025); outputs of numerical models that
explicitly account for most physical processes and incorporate storm-
water infrastructure, which are treated as “observations” (e.g., Montalvo
et al., 2024; Oberauer and Lehmann, 2024; Xiang et al., 2024); sparse
estimates of flood water depth from pictures published on social media
platforms and news outlets (Drews et al., 2023; Guan et al., 2023; Guo
et al., 2023); and proxies of flooding hotspots like insurance claims
(Gradeci et al., 2019). While these validation strategies have demon-
strated value in improving flood models, they do not allow the quanti-
tative assessment of their ability to capture the spatiotemporal dynamics
of observed pluvial flood events in real-world urban catchments.

In this study, we addressed this critical need, to our knowledge for
the first time, using spatially distributed, continuous street-level water
depth (h) data from the FloodNet network in New York City (NYC).
FloodNet is a partnership between academic researchers and public
agencies started in 2021, which has developed and installed ultrasonic
sensors that continuously record the presence, depth, and duration of
street-level floods in the five NYC boroughs (Mydlarz et al., 2024).
Currently, over 200 sensors have been deployed, and more are planned
to be installed.

Using these unique observations, we provided the first quantitative
evaluation of commonly used pluvial flood modeling approaches based
on direct, time-varying measurements of street-level h, thereby
addressing the limitations of spatial-only or event-integrated validations
approaches that are typically adopted. Specifically, we assessed three
modeling approaches that are widely applied to simulate pluvial
flooding with limited information on the stormwater sewer network
(hereafter referred to as the sewer, for brevity), which is typical in most
cities (see Section 4.1 for a brief literature review on flood modeling
approaches). The methods rely on simulations with a rain-on-grid two-
dimensional (2D) hydrodynamic model where (1) the sewer is not
considered, (2) the precipitation rate used to design the sewer is
removed from the net precipitation input grids, and (3) distributed sinks
are introduced at the stormwater inlet locations using a single outflow
relationship.

Here, we adopted the open-source LISFPLOOD-FP as the 2D rain-on-
grid hydrodynamic model (Bates and De Roo, 2000; Sharifian et al.,
2023) and applied it at the hyperlocal (meter-scale) resolution of 1 m,
which is needed to quantify flood hazards for pedestrians, vehicles, and
buildings (FEMA, 2025). We initially provided methodological and
practical insights for setting up and applying 2D hydrodynamic models
in complex urban environments at hyperlocal scales. These include
procedures to generate model domains that explicitly represent key
urban landscape features affecting flow dynamics, such as buildings,
streets, and local depressions; and to create net precipitation grids that
account for building roofs and losses due to vegetation interception and
infiltration in pervious areas. While these elements are often treated
implicitly or in isolation in prior studies, here they were integrated into a
coherent, observation-tested workflow.

We used these insights to apply LISFPLOOD-FP in two urban catch-
ments in the borough of Brooklyn using high-resolution geospatial data

Advances in Water Resources 209 (2026) 105223

from the NYC OpenData public repository (City of New York, 2025). The
catchments have areas of 10.9 km? and 0.8 km? and include six and two
FloodNet sensors, respectively; they have similar building density and
imperviousness but marked differences in steepness. No information on
the sewer is available apart from the stormwater inlet locations. We then
evaluated the three modeling strategies in the larger catchment for an
intense event caused by Tropical Storm Ophelia in 2023 by comparing
distributed model outputs with the sensors’ measurements. Subse-
quently, we verified the robustness of the best-performing method,
calibrated in the large basin, by applying it to a smaller and steeper
catchment to simulate the same event and two additional floods
generated by Tropical Storm Henri and Hurricane Ida in 2021. Finally,
we showed that these hyperlocal simulations reproduce flood dynamics
with high fidelity and enable the identification of basin areas experi-
encing varying levels of flood hazard, with the spatial and temporal
resolution required for decision-making.

This study demonstrates the value of street-level flood observations
for quantifying the accuracy of pluvial flood models and guiding the
selection of the most appropriate simulation approach under data con-
straints. The proposed framework advances current understanding of
urban pluvial flood modeling and facilitates the application of hyper-
local simulations to support effective flood risk management and
adaptation planning.

2. Study area and datasets

Our study sites are two urban watersheds of 10.9 km? and 0.8 km? in
the borough of Brooklyn, New York City (NYC; Fig. 1a), selected because
(1) they include six and two FloodNet sensors, respectively (Figs. 1b-d),
that detected pluvial flooding during the analyzed storms (described in
Section 3); (2) they are close to a high-resolution rain gauge of the New
York State Mesonet network (Brotzge et al., 2020; Figs. 1a,b); and (3)
they have markedly different terrain properties, which makes them
valuable case studies to assess model robustness. We tested all modeling
approaches in the larger basin (hereafter, the calibration basin or CB)
and evaluated the transferability of the best-performing method in the
smaller catchment (hereafter, the validation basin or VB). The latter is in
a historically flood-prone region where the first FloodNet sensors were
placed, providing longer water depth records. To set up the model in the
basins, we used several geospatial datasets from the NYC OpenData
portal, listed in Table 1, along with key details, sources, and how they
were utilized in this study. The datasets cover the entire city and were
reprojected in UTM zone 18 N (EPSG code 26,918). The grids were
aggregated at 1-m resolution; the same was done with the vector data
after they were rasterized.

We delineated the basin boundaries from the Topobathy LiDAR
Hydroenforced digital elevation model (DEM), which provides the sur-
face elevation without vegetation and anthropogenic features (e.g.,
buildings) and includes hydroenforcement breaklines that allow water
to flow through artificial pathways (e.g., culverts) that are not repre-
sented in the DEM (OCM Partners, 2017). The DEM was processed with
Geographic Resources Analysis Support System (GRASS) libraries within
the QGIS software (QGIS Development Team, 2019) to create the flow
direction and accumulation grids and, subsequently, the stream network
using a threshold value of 200,000 m?. We performed the latter task with
the GRASS r.watershed module, which uses the least cost path algorithm
to route flow out of depressions without applying any fill depression
algorithm (Metz et al., 2011). We retained these depressions to accu-
rately represent localized flooding. To support this choice, we thor-
oughly inspected the depressions in the DEM and found that the vast
majority correspond to realistic features (e.g., low-lying parking areas,
railroads, and basements), with only a small number likely attributable
due to DEM errors (see Section 6.3 and Figures S2-S10).

The basins’ DEMs are displayed in Fig. 2, along with a zoom on the
area close to the outlet where the FloodNet sensors are installed and a
three-dimensional view of such area. As expected for urban basins, the
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Fig. 1. (a) Study basins in NYC in the borough of Brooklyn, along with the other four boroughs and the rain gauge of the New York State Mesonet network (latitude =
40.705°, longitude = —73.984°). (b) Basins’ boundaries with the FloodNet sensors (numbered from 1 to 8; see Table S1) reported in UTM zone 18 N (EPSG code
26,918); CB = calibration basin, VB = validation basin. (c)-(d) Zoom on the regions of the FloodNet sensors (dashed rectangles in panel (b)) in the two basins; panels
(c)-(d) also show the sites A, B, C, and D of the pictures reported in Fig. 4. The base maps displayed in the panels are from OpenStreetMap.

Table 1
Geospatial datasets obtained from the NYC OpenData portal used for the basin identification and the hydrologic-hydraulic simulations.
Dataset Name Variable Resolution Year Reference Use
Topobathy LiDAR Elevation with all vegetation and 1 foot (0.3 2017 OCM Partners Basin delineation, terrain file for LISFLOOD-FP
Hydroenforced Digital anthropogenic features removed m) (2017)
Terrain Model
Land Cover Raster Data Eight land cover classes 6 inches 2017  OTI (2017) Definition of (1) impervious areas and saturated hydraulic
(0.15m) conductivity in the generation of effective precipitation, and (2)
Manning’s roughness in LISFLOOD-FP
Building Footprints Polygons with building NA 2016  OTI (2016) Terrain file for LISFLOOD-FP
footprints
Stormwater Inlets Points with location of Point 2017 DEP (2017) Incorporation of stormwater infrastructure in the simulations
stormwater inlets
Tree Location Points with tree location Point 2015  DPR (2017) Identification of tree pits for the calculation of water infiltration

into the soil

stream networks do not consist of actual channels but correspond to the
road network paths with the highest flow accumulation values. In the CB
(Fig. 2a-c), elevation declines steadily by ~60 m over ~4 km extending
from the southern part to the outlet area, where the terrain is relatively
flat. The VB (Fig. 2d-f) is much steeper, with elevation changing by ~50
m in only ~1.2 km. The three-dimensional views demonstrate that the
high resolution of the LiDAR-based DEM captures small-scale elevation
changes affecting local water flow.

As reported in Table 2 and shown in Fig. 3, the basins are densely
urbanized and largely impervious. Buildings, roads, and other imper-
vious surfaces cover 75.3% (70.4%) of the CB (VB) area. Vegetation
accounts for most of the remaining area, with trees covering 21.1%
(27.0%) of the basin and being mostly placed in pits along streets, and
grass/shrubs areas accounting for 3.0% (2.6%). Other land cover classes
represent a negligible fraction of the basin area. To complete the basins’
characterization and the model setup, we also acquired the building
footprint and the stormwater inlets’ location datasets from the city
(Table 1).

We obtained precipitation data at 5-minute resolution from a rain
gauge of the New York State Mesonet network located on Gold Street,
Brooklyn, just 2.1 and 3.0 km from the CB and VB outlets, respectively
(Fig. 1b). We acquired water depth data from eight FloodNet sensors
(Fig. 1b-d) at 1-minute resolution, with some gaps caused by issues in
the data transmission network (Mydlarz, personal communication).
Table S1 in the Supporting Information reports the sensors’ location and
the drainage area that ranges from 0.2 to 10.9 km? (0.15 to 0.79 km?) in
the CB (VB).

3. The simulated pluvial flood events

We focused on three heavy precipitation events that caused wide-
spread flooding in the basins. Two events occurred in 2021 as remnants
of Tropical Storm Henri on August 21 (Pasch et al., 2022) and Hurricane
Ida on September 1 (FEMA, 2023b), respectively. The third event
happened on September 29, 2023, as a remnant of Tropical Storm
Ophelia (WPC, 2023). Because of the time of FloodNet sensors’
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Fig. 2. (a) DEM of the calibration basin (CB) with the building footprints, surface drainage network (i.e., roadways with the highest flow accumulation values), and
outlet. (b) Zoom on the outlet region and the sensors (white rectangle in panel (a)). (c) Three-dimensional view of the area shown in (b) from an observer located just
west of the outlet, with the viewpoint indicated by the arrow in panel (a). (d)-(f) Same as (a)-(c) but for the validation basin (VB).

Table 2
Land cover classes with their percentage in the calibration and validation basins
and corresponding Manning’s roughness derived from Van Der Sande et al.
(2003).

Land cover Percent area in the Percent area in the Manning’s
class calibration basin validation basin roughness, n
(%) (%) (sm'®)
Tree canopy 21.1 27.0 0.05
Grass/shrubs 3.0 2.6 0.1
Bare soils 0.1 0.0 0.02
Water 0.0 0.0 0.03
Buildings 33.5 37.9 0.2
Roads 13.6 11.6 0.013
Railroads 0.5 0.0 0.033
Other 28.2 20.9 0.05
impervious

installation, flooding caused by Henri and Ida was only observed in the
VB at one sensor, while all eight sensors measured street flooding caused
by Ophelia in the two basins. The three events caused significant impacts
in NYC, although with different severity, including disruptions in the
transportation systems, road closures, power outages, roof collapses,
and flooded basements. Ida resulted in 13 fatalities attributed to

flooding.

The precipitation hyetographs recorded by the gage close to the
study basins are reported in Figs. 4a-c. Two main storms caused by Henri
occurred over ~5 h (labeled as St1 and St2 in Fig. 4a), a single storm
concentrated in ~8 h during Ida (Stl in Fig. 4b), and three main storms
over ~10.5 h (St1-St3 in Fig. 4c) within Ophelia. According to the
intensity-duration-frequency curves at La Guardia Airport from NOAA
Atlas 14 (Fig. 4d; Perica et al., 2015), the return periods of the maximum
observed precipitation depths exceeded 10 years for durations above 1 h
for all events and 100 years for some durations during Ida and Ophelia.
Since the sewer has been largely designed for the 5-year return period,
significant flooding conditions were observed in the study basins
(Fig. 4d). This led to nonzero water depth recorded at the eight FloodNet
sensors with peaks between 0.3 and almost 1 m (see Section 5.1).

4. Hydrologic-hydraulic modeling framework, setup, and
simulations

4.1. Brief overview of current pluvial flood modeling approaches
Before describing the modeling approaches tested in this study, we

briefly review the methods currently available for simulating pluvial
flooding in urban areas. The most accurate simulations require the
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Fig. 3. Land cover maps of the (a) calibration (CB) and (b) validation (VB) basins, along with a zoom on the outlet regions.

Fig. 4. (a)-(c) Precipitation hyetographs observed by the NYS Mesonet rain gauge during Henri, Ida, and Ophelia with labels of the main storms. (d) Intensity-
duration-frequency (IDF) curves at La Guardia Airport compared with the observed maximum precipitation depths; Ty is the return period. (e) Pictures of the

event in locations A (Credits: Steve Kastenbaum), B (Credits: Liam Quigley), C (Credits: Fatih Aktas/Anadolu Agency via Getty Images), and D (Credits: Joann
Amitrano) shown in Fig. 1c,d.
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integration of a hydrologic model to reproduce rainfall-runoff processes
in pervious and impervious surfaces, a hydrodynamic model to repre-
sent overland flow routing of stormwater, and a hydraulic model to
capture flow routing within sewer pipes. To our knowledge, no open-
source modeling system currently represents all these processes in a
fully coupled and highly detailed manner.

A simpler version of this modeling scheme involves the use of
coupled 2D-1D hydrologic-hydraulic models, which integrate a 2D
“rain-on-grid” hydrodynamic model with a 1D pipe flow model (Cea
et al., 2025; Rosenzweig et al., 2021). The rain-on-grid feature expands
the capabilities of traditional hydrodynamic models designed to simu-
late fluvial flooding by allowing the ingestion of spatially distributed net
precipitation grids, which implicitly account for rainfall-runoff trans-
formations. The rain-on-grid option is now available in several
open-source 2D hydrodynamic models, including HEC-RAS (Hydrologic
Engineering Center, 2021), TELEMAC-2D (Broich et al., 2019; Hervouet,
2007), LISFLOOD-FP (Sampson et al., 2013; Shaw et al., 2021), PRIMo
(Sanders and Schubert, 2019), and Iber (Bladé et al., 2014; Sanz-Ramos
et al., 2025), among others. During the last few years, coupled 2D-1D
models have been applied in urban areas worldwide (e.g., Bisht et al.,
2016; Chen and Huang, 2024; Montalvo et al., 2024; Sanudo et al., 2020,
2025; Wu et al., 2018; Yang et al., 2023). However, they still have sig-
nificant drawbacks, including the need for extensive information on the
sewer network, the high computational cost, and the fact that they are
mostly proprietary black-box software (Agonafir et al., 2023) with only
a few open-source exceptions (e.g., Sanudo et al., 2025).

An alternative simulation strategy that overcomes these limitations
relies on 2D rain-on-grid surface hydrodynamic models with simplified
methods to account for the underground sewer effect, including
lowering the precipitation by the rainfall rate used to design the sewer
pipes (e.g., Carr et al., 2024; Oberauer and Lehmann, 2023; Rong et al.,
2024; Singh et al., 2023; Yu and Coulthard, 2015) or increasing the
infiltration rate artificially (Wang et al., 2018). When the stormwater
inlets’ locations were available, the sewer effect was also captured by
creating distributed sinks at such locations where the outflow was
considered either constant and equal to the maximum sewer capacity
(Xing et al., 2022) or variable and determined through simplified for-
mulas for weir or orifice flow (Chinchella et al., 2025; Gallegos et al.,
2009; Palla et al., 2018). In both cases, the sewer capacity was assumed
to be unlimited.

4.2. The LISFLOOD-FP hydrodynamic model

The hydrologic-hydraulic modeling framework adopted in this study
is based on the LISFLOOD-FP 2D hydrodynamic model forced with net
precipitation grids, along with different strategies to account for the
sewer. The key elements of the framework and its application in the
study basins are described in this and the following sections.

LISFLOOD-FP simulates surface routing dynamics of fluvial and
pluvial flooding by solving the 2D shallow water equations over a reg-
ular grid using several solution schemes with different mathematical
and numerical complexities (Bates et al., 2010; De Almeida et al., 2012;
Hunter et al., 2005; Shaw et al., 2021). Among these, we used the FV1
scheme in version 8.1, which solves the full system of equations using a
first-order finite volume method with good accuracy and computational
efficiency, also because it is parallelized for use in multi-core GPU and
CPU (Shaw et al., 2021). The model inputs can be time series of inflow
hydrographs at specific locations and time-varying precipitation grids
(Sampson et al.,, 2013). Among the available boundary conditions,
distributed sinks can be specified along with the corresponding time
series of discharge leaving the domain. Model outputs include water
depth and the two horizontal components of velocity and discharge.

Buildings are key features affecting flood dynamics in urban envi-
ronments; as such, approaches with different complexities, computa-
tional cost, and accuracy have been proposed to incorporate their effect
in 2D hydrodynamic models (Mustafa and Szydtowski, 2021; Schubert
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and Sanders, 2012). The main methods are summarized in Text S1 of the
Supporting Information. Among the available options in LISFLOOD-FP,
we adopted the reflective-boundary approach (Bellos and Tsakiris,
2015; Chaudhry, 2008), which considers buildings as reflective
boundaries, i.e., the velocity in the normal direction is reversed (or re-
flected) to simulate water bouncing off the obstacle, while the tangential
velocity is preserved, allowing water to slide along the obstacle
boundary. This method is accurate and computationally manageable
compared to other simplified techniques. We implemented it by flagging
the building footprints’ cells as NODATA.

4.3. Generation of net precipitation grids

We accounted for the rainfall-runoff transformation by generating 1-
m grids of net precipitation every At = 5 min, corresponding to the rain
gauge resolution. Net precipitation was defined as precipitation minus
the losses caused by canopy interception and soil infiltration. Given the
relatively short duration of the storm, evaporation was considered
negligible. The net precipitation between (t - At) and t, NP, was
computed in each pixel as:

NP, =P, —V,—1I, (€]

where P, is the precipitation measured by the rain gauge, V; is the water
intercepted by the tree canopy, and I, is the water infiltrated in the soil.
All fluxes are cumulative depths (in mm) within At. The two loss terms
only exist for specific land cover classes, as described next.

The losses due to canopy interception, V;, were computed in the
pixels classified as “tree canopy” (Fig. 3 and Table 2) based on the
procedure of the i-Tree software suite from the U.S. Department of
Agriculture Forest Service, described by Hirabayashi (2013). The details
are given in Appendix A. Infiltration losses, I, were calculated in the
pixels classified as “bare soil” and “grass/shrub” (Fig. 3 and Table 2) and
in the tree pits. The locations of the latter were estimated by (1) finding
the coordinates of each tree from the 2015 Street Tree Census Data point
file geodatabase (Table 1), (2) verifying that the land cover class in the
co-located pixel was “tree canopy,” and (3) identifying three connected
pixels including the pixel where the tree is located plus two of the eight
adjacent pixels selected based on the orientation of the closest street.
This mimics a 3 x 1 m? rectangular tree pit typically adopted in NYC.
The infiltration was computed using the Green-Ampt scheme (Green and
Ampt, 1911) implemented in the Landlab open-source Python package
(Barnhart et al., 2020; Hobley et al., 2017), assuming a saturated hy-
draulic conductivity of 107® m/s, which captures the average soil types
of the region (Soil Survey Staff, 2025). For the tree pits, the infiltration
was computed using precipitation that does not touch the canopy and
directly reaches the ground, i.e., (P; - Vy).

As mentioned above, the building pixels were flagged as NODATA.
We accounted for the precipitation falling on the building roofs as fol-
lows. For each building, we identified the roof boundary from the
building footprint dataset (Table 1) and computed the roof area, Aroof.
For each time step, we calculated the precipitation volume fallen on the
roof within At as Vg = P; - Apg and assumed that this volume instan-
taneously falls on the npgng pixels immediately outside the building
perimeter. The latter were extracted by applying a buffer of 1 pixel to the
roof boundary. We then assigned the same precipitation depth to each of

Vire
Tpound “Apixel

contribution from the roof was added to the net precipitation directly
falling on the npoyng grid points. An example of a net precipitation grid
under an input of 1 mm in 5 min is reported in Fig. 5. Note the larger
intensities along the roof boundaries and the lower values in trees, tree
pits, and pervious areas.

the npoung pixels computed as Ppg, =

, where Apixer = 1 m?2. This

4.4. Representation of the stormwater sewer network

We adopted two approaches to represent the effect of the sewer. The
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Fig. 5. (a) Net precipitation grid under an input of 1 mm in 5 min in a portion of the domain including multiple land cover classes (shown in panel b) and tree pits.
The tree pits are located at the sides of the streets; as an example, two of them are indicated with arrows in both panels.

first assumes that the sewer can immediately absorb the runoff resulting
from the precipitation intensity used to size its components, Pgesign. Its
implementation involves replacing P, in Eq. (1) with P}, which is defined
as:

P[*:Pt_Pdesign
P =0

if P, > Pdesign

2
ifPtSPdesign ()

This method is used by governmental agencies in the U.K.
(Environment Agency, 2019) and has been adopted in different studies
when detailed sewer data were unavailable (Carr et al., 2024; Singh
etal.,, 2023; Yu and Coulthard, 2015). For NYC, we assumed Pyesign = 44
mm/h, corresponding to the 5-year, 1-hr storm (NYC Mayor’s Office of
Resiliency, 2021; Fig. 4d).

The second approach is more sophisticated and represents the
drainage from each stormwater inlet according to a simplified outflow
equation. We were able to implement this method thanks to the avail-
ability of the stormwater inlet locations from the OpenNYC repository
(Table 1). As an example, Fig. 6 shows the inlet locations close to three
FloodNet sensors, along with pictures of the typical inlet types. As part of
the available boundary conditions, LISFLOOD-FP allows the

specification of distributed sinks with externally provided time series of
outflows. When applying this method, the outflow time series are not
known in advance because they depend on the local surface water depth
and velocity, which are dynamic model variables. We then modified the
fv1.cpp file of the source code to allow the computation of the outflow in
each sink, Q,, as a function of the water depth, h, and the 2D velocity
vector magnitude, u, in the co-located pixel at each time step. We
adopted an experimental relationship among Q,, h, and, u based on the
experiments of Xia et al. (2022), which reasonably captured lab mea-
surements under three flow behaviors, including weir flow for relatively
shallow water, orifice flow for relatively high water, and a critical state
in between. Such a relationship is:

Qo = k’u‘Ainlet'Fr“¢ (3)

where u is the approaching flow velocity, Ay is the inlet area, and Fr =
u/+/gh is the Froude number, with g being the gravity acceleration, and
k and a are empirical coefficients, estimated by Xia et al. (2022) as k =
0.302 and @ = —0.816. In the modified source code, we used the
simulated h and u at each time step and inlet location to compute Q,
using Eq. (3), which allowed modeling stormwater removals. Given the

Fig. 6. (a) Location of stormwater inlets from the OpenNYC dataset (see Table 1) close to some FloodNet sensors. The black dashed rectangle in (a) depicts the area
shown in Fig. 10. The base maps displayed in the panels are from OpenStreetMap. (b)-(c) Pictures of typical inlets in NYC in clear (credit: NYC DEP, 2021) and

partially clogged (credit: NYC 311, n.d.) conditions.
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variety of inlet types and clogging conditions in our basin (Fig. 6), which
were unknown and whose heterogeneity could not be represented, we
assumed a single set of parameters in Eq. (3) to represent all inlets.
Specifically, we selected a mean value of 0.4 m? for Aner and the same
value of —0.816 proposed by Xia et al. (2022) for a, while we calibrated
k to simulate water depths that most closely match the FloodNet ob-
servations in the CB during Ophelia.

4.5. Model setup and numerical simulations

The LISFLOOD-FP computational domain for the CB consisted of a
5196 x 3620 grid centered on the basin and including a buffer of 100
cells in each direction. Elevation data provided by the LiDAR DEM
(Table 1) were assigned to all grid cells except those corresponding the
buildings, which were flagged as NODATA. This configuration resulted
in 7,075,887 non-building cells within the basin. For the VB, the
computational domain included a 1542 x 1174 grid with a buffer of 60
cells in each direction, resulting in 503,518 non-building cells within the
basin boundaries.

One of the model’s inputs is the grid of Manning’s roughness co-
efficients. These values were determined based on the look-up table for
the land cover classes proposed by Van Der Sande et al. (2003), except
for the “tree canopy” class, which we considered as “other impervious”
since the trees are located mainly in the sidewalks (see Table 2). We
assigned a zero-flux boundary condition to the northern, eastern, and
southern domain borders, while we prescribed as open the western
border containing the watershed outlet for both basins. We considered
the basins initially dry, i.e., zero water depth everywhere. The outputs
were generated every 5 min, consistent with the precipitation data.

In the CB, we performed three simulations to reproduce flooding
observed during Ophelia. In the first simulation, labeled No-SW, we did
not represent the sewer effects and generated net precipitation grids
every 5 min for 18 h (totaling 216 grids), as described in Section 4.3. We
assumed the precipitation input was spatially constant within the basin
using the records at the rain gauge in Fig. 1. We prescribed zero pre-
cipitation outside the basin to avoid unnecessary calculations and in
agreement with the setup of zero-flux boundaries at three domain bor-
ders. In the second simulation, labeled Sim-SW, we accounted for the
sewer through the simplified approach that subtracted the design storm
from the observed precipitation. For this case, we created net precipi-
tation grids as done for the No-SW experiment, with the subsequent
application of Eq. (2). Finally, in the third experiment, we modeled the
sewer impact using Eq. (3) with the modified LISFLOOD-FP code and the
same net precipitation grids of the No-SW experiment. We conducted the
third experiment, labeled Out-SW, multiple times with different values
of k in the outflow Eq. (3) to identify its optimal value. We also per-
formed a sensitivity analysis on the a exponent in Eq. (3), without
achieving improved results (not shown). Hence, due to the inherent
simplifications of the adopted approach, we deemed that assuming k as
the only calibration parameter was adequate.

As shown in the results, the third approach led to the best perfor-
mance. We extensively assessed the robustness of the Out-SW approach
with k determined at the CB by simulating all three precipitation events
in the VB. The duration of these simulations was also 18 h. We assessed
the model’s ability to capture the water depths at the FloodNet sensors
by computing root mean square error (RMSE), mean bias error (MBE),
and Pearson’s correlation coefficient (CC) between the simulated and
observed water depth time series. In addition, we calculated the dif-
ference between simulated and observed peaks (Ahpes) and their
occurrence times (Atpeqr). Multiple metrics were adopted to quantify
distinct components of the model performance. Since the observed
water depths are available at 1-minute resolution with some gaps and
the simulations are every 5 min, we obtained the simulated values at the
observation times via linear interpolation. All metrics are defined in
Appendix B. We also computed basin flood metrics, including total
fluxes; extent of flooded areas with different depth ranges; and flooding
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intensity for nuisance conditions (Moftakhari et al., 2018), and low,
moderate, significant, and extreme hazard levels for people, defined by
the U.K. Department for Environment, Food & Rural Affairs (DEFRA,
2006; Surendran et al., 2008) based on water depth and velocity, as
described in Appendix B and shown in Figure S1.

5. Results

5.1. Assessment of the three modeling approaches in the calibration basin
for the Ophelia event

In the current and following sections, the simulation results are
presented by comparing the time series of water depth, h, observed by
the FloodNet sensors and simulated in the co-located 1 x 1 m pixel, and
displaying the map of the maximum h, hpgy, across the simulation
duration. The error metrics at each sensor are reported in Tables S2 and
S3 for the CB and VB, respectively, while the basin flood metrics are
presented in Table 3.

We begin with the simulations of the Ophelia event in the CB. The h
time series are shown in Fig. 7. The sensors (gray lines) did not measure
any standing water caused by the first main storm Stl, while they all
reported a hydrograph with a nonzero h caused by storm St2. The
increasing limb started at about 08:00, which is 30 min after the
beginning of storm St2; the peak occurred between 08:51 and 09:27,
depending on the sensor; and the falling limb ended at 09:25 at sensor 6
and between 10:00 and 12:08 at the other sensors. No standing water
was observed after storm St3. The abrupt peak measured at sensor 2
might be due to debris floating on the water; disregarding this spike, the
peaks ranged from 0.31 m to 0.65 m across the sensors.

When compared to the observations, the hydrographs simulated
neglecting the sewer (No-SW; black lines) are much longer and char-
acterized by multiple peaks and rising and falling limbs with different
slopes driven by the three main storms: h starts increasing early in the
simulation, reaches the largest peak between 10:05 and 10:15 at all
sensors, and slowly decays until the end of the simulation with a minor
peak caused by storm St3 without returning to zero. The error metrics
indicate poor temporal correspondence (0.2 < CC < 0.48; Table S2), a
large overall error (0.59 m < RMSE < 1.18 m), and a severe over-
estimation of h across the entire time series (+-0.51 m < MBE < +0.93

Table 3

Flood metrics for each simulation and basin, including storm durations, cumu-
lative basin-averaged flows, and percent of the basin areas with maximum water
depth (hy,qy) within several ranges and with different flood intensities occurring
for >15 min. The latter are nuisance flooding and low, moderate, significant,
and extreme hazards defined in Appendix B.

No- Sim- Out- Out-SW Out- Out-
SW SW SW SW SW
Basin CB (Area: 10.9 km?) VB (Area: 0.8 km?)
Precipitation event Ophelia Ophelia ~ Henri Ida
Approximate total 10.4h 10.4h 51h 7.75h
duration of storms
Cumulative flows [mm]
Net precipitation 173 75 173 172 140 164
Surface runoff 173 75 33 51 43 53
Outflow to 0 0 140 121 97 111
stormwater
Percent of the basin area in hya map [%]
0.03 m < hpgy < 0.1 10.28 9.82 11.56 15.00 13.75 16.25
m
0.1m <hpmexe<0.3m  7.89 6.79 6.70 5.00 5.00 8.75
0.3mM< Apgxe <2.0m  12.11 7.98 4.86 3.75 3.75 5.00
Rmax > 2.0 m 1.19 0.09 0.09 0.25 0.13 0.25

Percent of the basin area with flood intensity lasting for >15 min [%]
Nuisance flooding 26.88 18.35 20.83 25.00 21.25 30.00

Low hazard 18.17 10.92 10.46 10.00 7.50 11.25
Moderate hazard 11.74 6.06 5.05 3.75 2.50 5.00
Significant hazard 13.30 7.16 4.04 5.00 3.75 5.00
Extreme hazard 3.58 1.19 0.73 1.25 1.25 1.25
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Fig. 7. Time series of water depth, h, observed and simulated with the three approaches at six FloodNet sensors in the CB during Ophelia. For reference, the
precipitation hyetograph is reported in the panel of sensor 6, along with the storms’ labels.

m) and of the peaks (+-0.53 m < Ahyeqx < +1.48 m), which are simulated
with significant delays (+43 min < Atpeqx < +83 min).

Before focusing on the simulated hy,qy, we note that, in all three
simulation approaches, we found the presence of very high h (even
exceeding 3 m) in a small number of isolated pixels in depressions that
are either garages or low-lying areas most likely drained by pumps or
caused by errors in the DEM (see discussion in Section 6.3). These out-
liers were identified and excluded from the flooded area computation
with negligible effects on the results. The map of hyq, for No-SW in
Fig. 8a shows significant flooding in two large regions in the middle of
the domain and close to the outlet, as well as in several streets. Specif-
ically, hyqx exceeded 0.3 m — the flooding threshold adopted by FEMA
(2018) and Schubert et al. (2024) —in 13.3% of the basin and even 2 m in
a non-negligible portion (Table 3). The combined analysis of h and u also
revealed that neglecting the sewer led to the simulation of
moderate-to-extreme flood hazard conditions in almost a third of the
basin.

When the sewer is implicitly considered in the net precipitation (Sim-
SW; red lines in Fig. 7), the simulation of the hydrographs’ first part
dramatically improves compared to the No-SW experiment, as it leads to

significantly lower h before 8:00 while still capturing the observed steep
increase occurring at that time. Despite these enhancements, h is still
overestimated after 8:00, even if to a lower extent than No-SW, and
remains practically constant after the peak caused by storm St2 due to
the lack of water losses. This is reflected in lower mean errors (0.32 m <
RMSE < 0.89 m) and biases (+0.27 m < MBE < +0.62 m) compared to
No-SW; however, the temporal correspondence remains poor (0.10 < CC
< 0.39; see Table S2). For Sim-SW, the peaks are overestimated every-
where (+-0.13 m < Ahyeqx < 1.05 m) and are also modeled with a sig-
nificant delay (4262 min < Ahyeqx < +297 min), except for sensor 6
(Ahpeqx = —3 min), because the highest simulated h occurs after storm
St3 instead of storm St2. The map of hyq, for Sim-SW in Fig. 8b shows
lower values throughout the basins compared to No-SW, with hpq, > 0.3
m in 8.1% of the basin area and exceeding 2.0 m at a negligible number
of pixels (Table 3). The areas under moderate to extreme hazard are
about half the size of those simulated in the No-SW scenario.

To address the limitations of No-SW and Sim-SW, we modeled the
sewer effect through distributed sinks located at the stormwater inlets
(Out-SW). We preliminarily calibrated the parameter k of the outflow
Eq. (3). Fig. 9 summarizes the error metrics for the simulations with four

Fig. 8. Maps of maximum h, hpq,, with the sensors’ location in the CB for the three simulation approaches. The base map is from OpenStreetMap.
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Fig. 9. Scatterplots between the metrics quantifying the ability to simulate (a) the entire time series and (b) the peaks at the six FloodNet sensors for the Out-SW
simulations in the CB with different values of the coefficient k in Eq. (3). The metrics are defined in Appendix B.

values of k at the six FloodNet sensors. We started with the same value of
k = 0.302 used by Xia et al. (2022) and found that the outflows from the
basin were too high. We then repeated the simulations with k reduced by
20%, 25%, and 30% and found that k = 0.226 (25% reduction) led to the
best performances at most stations. The Out-SW simulations with k =
0.226 (green lines in Fig. 7) capture the observed hydrographs
remarkably well, including timing (0.74 < CC < 0.92; Table S2), shape
and magnitude of rising and falling limbs (0.05 m < RMSE < 0.13 m;
—0.001 m < MBE < —0.05 m), and peaks (—0.34 m < Ahpeqi < +0.34 m;
—23 min < Atpegk < +23 min). The only exceptions are a small minor
peak following storm St3 at all sites. The map of hpgy in Fig. 8c looks
realistic, as this variable is mainly below 0.80 m, and the two large re-
gions with widespread flooding simulated by No-SW and Sim-SW do not

appear anymore. The areas under moderate and significant hazards are
further reduced, while extreme hazard conditions are almost negligible
(Table 3).

5.2. Spatiotemporal dynamics of simulated water depths

We further demonstrated the fidelity and high level of detail of the
Out-SW simulations by presenting in Fig. 10 maps of h in the vicinity of
sensor 4 for six times from 8:00 to 10:30 on September 29, 2023, along
with the stormwater inlet location. This is the area shown with a dashed
rectangle in Fig. 6a, centered at the major intersection between Flushing
Avenue and Union Avenue. At 8:00, the area is largely dry except for a
few localized depressions where h exceeds 2 m, which are indicated to

Fig. 10. Maps of h simulated by Out-SW at six times between 8:00 and 10:30 on 29 September 2023 in the CB area depicted in Fig. 6a, with locations of the FloodNet

sensor 4 and stormwater inlets. The base map is from OpenStreetMap.
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be basements according to visual inspection of satellite photos. After
storm St2 begins, water starts ponding on the roadways, and the flooded
areas expand from 8:30 to 9:00. As the precipitation intensity decreases
after 9:00, the flooded areas recede because water enters the stormwater
inlets, as illustrated in the maps for 9:30, 10:00, and 10:30. Note how the
larger number of inlets placed at the major intersection leads to a faster
contraction of the flooded area compared to the regions located ~50 m
away that are drained by a smaller number of inlets, including where
sensor 4 is located. The maps of Fig. 10 also demonstrate that the
reflective-boundary method implemented in LISFLOOD-FP represents
the water flow around the buildings very well. An animation of this
simulation is available in Movie S1 of the Supporting Information.

5.3. Transferability of the best-performing simulation approach

The Out-SW modeling approach performed very well in the CB, after
the k value in Eq. (3) was calibrated against the FloodNet h observations.
We tested the robustness of this approach in the VB during all three
precipitation events using k from the CB. Results are shown in Fig. 11,
and the error metrics are reported in Table S3. The Out-SW simulations
reproduce very well the hydrographs’ timing (0.54 < CC < 0.98),
magnitude (0.04 m < RMSE < 0.15 m; —0.002 m < MBE < —0.003 m),
and shape (—0.35 m < Ahpegr < —0.09 m; 5 min < Atpeqr < 4140 min)
for all three events. Notably, the model accurately captures the differ-
ences in h peaks measured at sensors 7 and 8 during Ophelia, which are
significant despite the proximity of these sites. In addition, the model
almost perfectly reproduces the hydrograph caused by Ida. There are
two instances where the performance of Out-SW is lower: the model (1)
cannot reproduce the first observed peak caused by storm St1 during
Henri (note also the presence of a spike likely caused by a floating ob-
ject), and (2) simulates a second minor peak during Ophelia that was not
observed. We carefully investigated the possible causes for these errors
and concluded that the most plausible is the use of precipitation mea-
surements from a rain gauge 3 km away from the basin, which may not
accurately represent the precipitation that occurred in the basin during
these times. Despite these two instances of lower performance, the
comparisons with street flooding observations provide strong confi-
dence in the robustness of the calibrated approach.

As a final note, the maps of hpqy are similar across all events (the map
for Ida is shown in Fig. 11, the CC among the maps is > 0.99), with
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higher values in the back of the buildings and the downstream area close
to the sensors. This is reflected in the close values across the three events
of the flood metrics reported in Table 3. It is worth noting that, despite
differences in terrains, the percentages of the basin area in different
flooding conditions in the CB and VB are also quite similar. The figure
for the VB corresponding to Fig. 10 and an animation of the water depth
spatiotemporal dynamics during the three storms are reported in
Figures S11-S13 and Movies S2-S4.

6. Discussion

6.1. The value of street flooding observations to assess flood modeling
approaches

The accurate simulation of pluvial flooding at hyperlocal scales is a
challenging task influenced by several sources of uncertainty (Bates,
2023). A key step in reducing this uncertainty and building confidence
in simulations of urban flood dynamics is their validation against
distributed, continuous street flooding observations (Cea et al., 2025;
Molinari et al., 2019; Schubert et al., 2024). Such measurements are not
yet routinely collected anywhere in the world, with the notable excep-
tion of the FloodNet network in NYC (Mydlarz et al., 2024). Here, we
used data from this observational network to perform what we believe is
the first assessment of this kind for three popular modeling approaches
used in the literature. To capture small-scale flood dynamics in hetero-
geneous urban regions and enable meaningful direct comparison with
the sensor footprint, we applied the model at the hyperlocal resolution
of 1 m?.

The novelty of our assessment lies in the use of spatially distributed,
continuous, street-level water depth observations to evaluate both the
magnitude and timing of simulated pluvial flood dynamics. Previous
validation efforts have typically relied on static indicators such as
maximum flood extents or water marks, event-integrated metrics, or
proxy datasets, which do not capture the temporal evolution of flooding
and therefore limit the ability to discriminate among competing
modeling approaches. By contrast, the FloodNet observations enable a
quantitative, time-resolved evaluation of model performance at hyper-
local scales, allowing us to identify strengths and limitations of
commonly adopted sewer-representation strategies that would not be
evident from spatial-only validations.

Fig. 11. Results of the Out-SW simulations for the VB. Left panels: time series of observed and simulated h at the FloodNet sensors 7 and 8 during Ophelia and sensor
8 during Ida and Henri; the precipitation hyetographs and the storms' labels are also reported in each panel. Right panel: map of hy,q, during Ida. The base map is from

OpenStreetMap.
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The study was conducted in two flood-prone basins of different sizes
and topographic features. The three simulation approaches were
assessed in the CB against water levels from six FloodNet sensors
observed during the Ophelia event. Some studies assumed that, under
intense storms like Ophelia (Fig. 4d), the sewer network quickly reaches
its capacity and does not significantly impact the extent and severity of
flooding hazards (Ivanov et al., 2021; Schmitt and Scheid, 2020).
However, our simulations indicate that neglecting the sewer (No-SW)
leads to severe overestimations of the extent and severity of flooding
hazards (Table 3), which appear too large even for a conservative
assessment. These findings align with Kasaei et al. (2025), who simu-
lated pluvial and coastal flooding from Hurricanes Ida and Ophelia in
Jamaica Bay, NYC, using the COAWST model at a moderate spatial
resolution (~50 m). Their simulations that did not account for the sewer
system overestimated the observed high-water marks. Our over-
estimations are also consistent with other studies that compared a
simulation without the drainage sewer against either hy,q, observations
(Xing et al., 2022), coupled 2D-1D simulations (Montalvo et al., 2024),
or 2D simulations with a simplified sewer, as in our Out-SW scenario
(Schubert et al., 2024).

The simplified method that implicitly incorporates the sewer by
reducing the net precipitation (Sim-SW) has been suggested by national
design standards in the U.K. (Environment Agency, 2019) and applied in
several studies with reductions that were either spatiotemporally con-
stant (Montalvo et al., 2024; Yu and Coulthard, 2015), spatially variable
and temporally constant (Carr et al., 2024; Singh et al., 2023), spatially
constant and temporally variable (Oberauer and Lehmann, 2023), or
spatiotemporally variable (Li et al., 2020). Our comparison with
observed h in the CB reveals that applying a spatiotemporally constant
reduction has some skill in modeling the initial volume entering the
sewer. This is consistent with the abovementioned study by Kasaei et al.
(2025), where significant improvements were achieved by considering a
spatially constant drain rate of 13 mm/h. However, this approach still
importantly overestimates all flooding variables, leading to spatial
patterns of hyq, that are not too different from No-SW (Table 3). This
outcome is opposite to what was found by Xing et al. (2022), who re-
ported underestimations of the precipitation reduction method in a
dense urban basin in Fuzhou, China. Focusing on a 0.6-km? basin in
Spain, Montalvo et al. (2024) reported instead that reducing the pre-
cipitation rate led to both over- and under-estimations of h in different
basin areas compared to a coupled 2D-1D simulation. In the future, the
availability of longer records of street flooding observations could be
very valuable in identifying and calibrating the optimal reduction of
precipitation rates in space and time, eventually combined with
increased infiltration rates. After proper calibration, this approach will
likely be more data parsimonious and computationally efficient than
other modeling techniques.

The approach where the drainage system is modeled through
distributed sinks at the stormwater inlet locations (Out-SW) led to very
good performances at all sensors in the CB, after calibrating only one
parameter (k in Eq. (3)) against the observations. The availability of h
measurements in another basin (the VB) gave us strong confidence that
this calibrated approach is robust and transferable in dense urban areas
in NYC. We argue that the robustness observed across basins and events
is primarily driven by the physically based structure of the model and its
application at hyperlocal scales, which allow local water depth and flow
velocity at stormwater inlets to be simulated with sufficient fidelity to
reliably estimate inlet outflow. The identification of the specific value of
the calibrated outflow parameter k plays a secondary role, but it remains
necessary to successfully reproduce the observed hydrographs. The
parameter k implicitly aggregates site-specific factors such as inlet ge-
ometry, maintenance condition, and partial clogging, which may vary
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across cities or even within a single urban area. As such, while the results
indicate that the proposed approach is transferable within dense urban
environments with broadly similar drainage characteristics, additional
calibration may be required when applying the method to regions with
substantially different inlet designs, maintenance regimes, or hydrologic
conditions.

These considerations are supported by Schubert et al. (2024), who
demonstrated the superiority of a simplified inlet-based method in Los
Angeles, a city that is significantly less dense than NYC. These authors
performed regional flood simulations with a strategy, named
PRIMo-Drain, where stormwater runoff was removed at over 150,000
inlets using a weir and orifice relationship based on a single coefficient,
which was calibrated to contain flood inundation within street curbs for
the 20-year storm. The PRIMo-Drain simulations were deemed more
realistic than other modeling approaches that did not incorporate the
sewer pipes. On the other hand, the abovementioned study by Xing et al.
(2022) applied a method similar to Out-SW by assuming a constant
outflow based on local stormwater design standards at inlets identified
from street view images. The simulations were compared against ob-
servations of hpgy during two storms, finding only moderate improve-
ments compared to a scenario that did not consider the sewer. The
superior performance of the Out-SW simulations shown here could be
attributed to (1) the use of dynamic outflow rates that change with the
flow conditions and (2) the comparison against time-varying observed h.

6.2. Insights into model setup in complex urban basins

Our modeling effort provides valuable insights for setting up and
applying flood models in complex urban regions at hyperlocal resolu-
tions. Some of these details might have already been mentioned in the
literature but relatively sparsely. Therefore, we believe that summari-
zing them is helpful for researchers and practitioners interested in
applying flood models to advance the knowledge of pluvial flooding and
design mitigation strategies. (1) Digital elevation models should be
“hydroenforced”, i.e., modified to remove the effect of elevated infra-
structure that could erroneously obstruct water flow. (2) Depressions in
high-resolution DEMs should be kept when deriving the basin bound-
aries. However, as described in the next section, depression outliers
should be inspected as they could be caused by errors in the DEM and
might need to be removed while post-processing model outputs. (3) The
reflective boundary method led to a realistic simulation of the water
flow around buildings, a key modeling capability in dense urban regions.
In LISFLOOD-FP, this method is applied by setting the building cells to
NODATA. (4) Rain-on-grid hydrodynamic models might not include
rainfall-runoff transformation. Here, we proposed a framework to
generate net precipitation grids that account for the losses caused by
canopy interception and soil infiltration and the precipitation redistri-
bution around the building roofs. Python codes have been made publicly
available (see Software availability statement).

6.3. Limitations and future work

Inevitably, our simulations also have limitations and inaccuracies.
All modeling approaches tested here produced high water depths in
localized areas, which were deemed to be unrealistic. These cases are
primarily located in depressions, identified by subtracting the DEM from
its filled version (Figure S2). We inspected satellite imagery and street-
view pictures to verify the source of these depressions and found two
main groups. The first includes cases where the depressions are play-
grounds, parking areas, basements, and railroads located at lower ele-
vations than the surrounding streets or sidewalks (see examples in
Figures S3-S7); in these cases, it might be possible that pumping stations



S. Annis et al.

or inlets not included in the city database drain these low-lying areas. In
the second group of cases, the pictures did not reveal any important
elevation differences, suggesting that the depression could be due to
errors in the DEM or the absence of buildings that are present in the city
database (see examples in Figures S8-S10).

While precipitation spatial variability can influence urban flood
dynamics, our modeling applications targeted only the uncertainties
associated with hydraulic routing and sewer representation, rather than
precipitation forcing. The net precipitation forcings of our runs were
obtained assuming spatially uniform precipitation from a rain gauge
outside the basins’ boundaries. Since the catchments have small areas
and are within 3 km from the gauge, this assumption led to good per-
formance in most cases. The only exception was a missed peak caused by
Stl during Henri in the VB, which we ascribed to the rain gauge records
underestimating the actual precipitation in the basin. Future efforts
should focus on generating more accurate precipitation fields that cap-
ture localized high rain rates and the spatial variability of intense storms
that are often the main drivers of urban flash floods (Ochoa-Rodriguez
et al., 2015; Peleg et al., 2022; Zhou et al., 2021). Such an effort will
require sub-kilometer and sub-hourly gridded precipitation fields, which
in NYC could be obtained from weather radars (e.g., Zhang and Gourley,
2018) after accounting for their uncertainty, as done by Hjelmstad et al.
(2021) in Phoenix, AZ. Given its good performance, the
hydrologic-hydraulic model proposed here could also be used to inves-
tigate whether storms characterized by different precipitation spatio-
temporal variability, either observed or simulated by stochastic models
(Hartke et al., 2022; Mascaro et al., 2023; Papalexiou et al., 2021; Peleg
et al., 2017), have distinct impacts on urban flooding.

The approach adopted to account for the precipitation falling on the
building roofs is simplified since it does not consider (1) the time lag in
precipitation arrival from the roof to the ground, which is affected by
building height and roof type; (2) the possible presence of downspouts,
which implies a non-uniform contribution along the building perimeter;
and (3) the direct discharge of precipitation water from the roof to the
sewer via the downspouts, which occurs in several NYC buildings (NYC
Mayor’s Office of Resiliency, 2021). We believe these limitations are
acceptable in this phase and should be addressed in future work, espe-
cially considering that the latter two could only be overcome by
adopting a 2D-1D model that explicitly represents the sewer.

All methods adopted here do not consider or strongly simplify the
sewer effect. The best-performing Out-SW method assumes infinite
sewer capacity and cannot represent surcharging and overflowing con-
ditions. Therefore, the proposed approach is most appropriate for
simulating events in which inlet capture dominates surface water
removal, while it may underestimate flooding severity under conditions
of sewer surcharge. Moreover, Out-SW also uses a single analytical form
and parameterization of the outflow equation for all inlet types and
clogging conditions. Future experimental work could enhance the
physical representation of inlet discharge under varying configurations
and operating conditions. Moreover, recent aerial images could char-
acterize the spatial heterogeneity of inlet types and correct possible
inaccuracies in the city stormwater inlet dataset.

Finally, future work should further assess the value of the simplified
methods to represent the sewer, buildings, and rainfall-runoff trans-
formations using coupled 2D-1D models validated against street flood-
ing observations as the reference. On the one hand, coupled models are
becoming increasingly available with open-source licenses (Hydrologic
Engineering Center, 2024; Sanudo et al., 2025) at lower computational
costs, thanks to codes running on GPUs. On the other hand, sensors
monitoring street-level flooding observations are starting to be installed
at other sites (Gold et al., 2023; Son et al., 2023). Tests based on coupled
models should be conducted primarily when information on the sewer
layout is available. If this is not the case, like in NYC, these simulations
could apply recent methods proposed to generate virtual sewer networks
from terrain, building, and street information (Chegini and Li, 2022;
Montalvo et al., 2024).
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7. Conclusions

The lack of street-level flooding data in urban areas has severely
limited our ability to build confidence in hydrologic-hydraulic models
that simulate pluvial flooding at hyperlocal resolutions, which are
essential for accurately quantifying and mitigating flood hazards. In this
study, we addressed this gap using continuous, spatially distributed
water depth observations from the FloodNet network, which began
operation in NYC in 2021. We first compared three modeling strategies
using the LISFLOOD-FP two-dimensional, rain-on-grid hydrodynamic
model applied at 1-m resolution to a 10.9-km? basin (CB) during Trop-
ical Storm Ophelia in 2023. We showed that excluding the sewer
network or simplifying its representation through reduced precipitation
inputs resulted in significantly higher simulated water depths than
observed at six sites. In contrast, the observed hydrographs were
reproduced remarkably well when runoff removal at stormwater inlets
was represented through an outflow relationship, with its single coef-
ficient calibrated against the sensor measurements. We validated the
robustness of this calibrated approach in a 0.8-km? basin (VB) with
similar urban density but steeper terrain, using observations from two
sensors during the same event and during Tropical Storm Henri and
Hurricane Ida in 2021.

Our results demonstrate that street-level flooding observations are
essential for calibrating, testing, and improving existing and emerging
methods to model urban flooding under varying levels of data avail-
ability. In addition, we developed methodological procedures and pro-
vided guidance for preprocessing geospatial data, setting up the model
domain, and generating net precipitation forcings, which can facilitate
hyperlocal flood simulations in other urban landscapes. Overall, the
findings of this study provide valuable insights for researchers and
agencies seeking to apply hydrologic-hydraulic models to evaluate
infrastructure and urban planning strategies for flood risk reduction.
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Appendix A: Computation of canopy interception

We computed the losses due to canopy interception in the pixels classified as “tree canopy” by adapting the procedure of the i-Tree software suite
from the U.S. Department of Agriculture Forest Service, which is described by Hirabayashi (2013). Let P, be the precipitation depth fallen between (¢ -
At) and t. The method separates P; as follows:

P =V, +Pt, (A1)

where V; is canopy precipitation or the fraction of P, that falls on and touches the canopy, and Pt; is the through canopy precipitation or the part of P,
that does not touch the canopy and reaches the ground directly. V; contributes to filling the canopy storage, whose maximum value is estimated as:

SVmax = Si-LAL (A2)

where S, is the specific leaf storage of water, assumed equal to 0.2 mm; and LAI is the leaf area index, taken as 2 m?/m? based on the averages across
tree types in NYC. We implemented an algorithm that keeps track of the water stored in the canopy over time, Sv,, by applying the mass balance
without including any evaporation term, given the short duration of the storm. When Sv; < Svj;qy, then V; > 0. As the storage fills, we might have a time
when Sv; > Svpay; then, Sy, is set equal to Svpe and Vi = (SViax — Sv.1)- When the storage is full, Sv; = Svpe and V; = 0.

Appendix B: Error and flood metrics

The error metrics used to compare observed and simulated time series of water depth introduced in Section 4.5 are defined in the following
equations:

" (b — By)-(hoy — Fo
cC = ijl( -J_ 2)( J )_ . (Bl)
VIS ~ ) (e~ )
" (R — hoy)®
RMSE = M# (B2)
n h‘g R .
MBE:Z—( J nh“J) ®3)
j=1
Abpeak = (bps — tpo) (B4)
Ahpeak = (hp,s - hp.o)7 (BS)
where hg; and h,; are the simulated and observed water depths, respectively, at time j = 1, ..., n, with n being the total number of times when the

observation was available; h; and h, are the corresponding averages; and tys and t, , are the times of the simulated (h,s) and observed (hy,,) peaks,
respectively.

We quantified flood conditions in the basin by computing the pixels under different conditions of water depth, h, and flow velocity, u. These include
nuisance flooding, defined as 0.03 m < h < 0.10 m and u < 3 m/s following Moftakhari et al. (2018); and low, moderate, significant, and extreme
hazards, which were computed based on the hazard rating (HR) formula proposed by DEFRA (2006) and Surendran et al. (2008) as HR = h - (u + 0.5)
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+ DF, where DF is the debris factor assumed equal to 0.5 if h < 0.25 and 1 otherwise; the hazard is low when HR < 0.75, moderate when 0.75 < HR <
1.25, significant when 1.25 < HR < 2, and extreme when HR > 2 (see Figure S1). Low hazard suggests that caution should be exerted for the presence
of shallow flowing water or deep standing water, while moderate, significant, and extreme hazards refer to areas that are dangerous for children, most

people, and all people (including emergency crews), respectively.
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