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The Schuylkill River, a lifeline for Philadelphia, faces intensifying stress
from urbanization and increasingly severe extreme hydrometeorological
events (EHMESs) driven by climate change. Understanding how urban es-
tuarine rivers respond to EHMEs remains challenging due to limited high-
resolution data and the complexness of human-modified landscapes. Here,
we combine long-term hydrological records, a 1-m resolution urban land-
scape model, remote sensing, citizen-generated data, and advanced hy-
drodynamic simulations to examine the Schuylkill River’s response to
EHMEs, focusing on Hurricane Ida’s unprecedented flood on September
1, 2021. Ida triggered the river’s highest-ever recorded flow discharge
of 3,367.7 m¥/s—nearly 100 times its average flow. This unique dataset
enabled us to build a comprehensive flood model, capturing the dynam-
ics of urban flooding and its impacts on Philadelphia’s population at the

street level. Our analysis reveals that past hydrological conditions and
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high-resolution urban terrain models are essential for accurately resolv-
ing water pathways and identifying the most vulnerable populations dur-
ing EHMEs. Furthermore, we discovered that extreme discharges in the
Schuylkill have intensified over the past century, underscoring escalating
flood risks for Philadelphia’s residents. Our numerical experiments re-
veal that extremer flow discharges added to high tide conditions, working
as a “downstream water gate”, can create significant expansions of the
flooded area, penetrating through Philadelphia’s most densely populated
neighborhood. These findings highlight the urgent need for integrated
research on EHMEs in urban estuaries worldwide to enhance flood pre-

paredness and resilience.

Introduction

Floods are the most frequent and pervasive hazard among natural disasters. There is
around 1.6 billion people vulnerable to 1-in-100-year floods, among which 89% come from
low- and middle-income countries!. These extreme hydrolometeological events (EHME),
including floods and storms, have caused global annual economic losses of $136.7 billion
on average between 2003 and 20222. The number has dramatically increased in the 215t
century, surpassing $350 billion in 20243, which is more than seven times the amount Presi-
dent Biden allocated for climate resilience and adaptation®. In many regions, the harshness
of rain-generated floods is expected to worsen due to the intensification of super storms fu-
eled by climate change and widespread urbanization around rivers 267 which often hinder
their natural pathways and lateral expansion towards human-altered floodplains®. Further-
more, in the case of tidally influenced rivers, continuous sea level rise and tropical cyclones
19;10

striking coastal regions more intensively at landfal is amplifying the severity of floods
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and population vulnerability11?12. Currently, 13.3% of the population (40.8 million people)
in the contiguous United States (CONUS) is vulnerable to a 1-in-100-year flood '3. Yet,
despite broad recognition of flood risks across the CONUS, future trends remain poorly un-
derstood, creating uncertainties in local-scale flood management '3:'4—particularly in small
catchments ® and estuarine cities 81718 The latter is the scenario of many cities settled
along the coastline of the Atlantic Ocean and other regions, including Southeast Asia and
Europe 19, witnessing the increasing frequency of compound floods owing to forceful rain-
storms carried by hurricanes and typhoons '2. A vivid example is the City of Philadelphia.
Despite its historical legacy, the “Schuylkill (Hidden Creek) River” crossing the City of
Philadelphia has long been ignored. However, the recent impact of Hurricane Ida, one of the
most destructive and top 6 economic loss disasters in the past two decades??, serves as a
stark reminder of the inherent connection between the city and its iconic river. The remnants
of Hurricane |da, along with seven subsequent tornadoes that swept through Philadelphia
between September 15t and 2nd 2021, resulted in an unprecedented discharge and a dev-
astating flood wave along the Schuylkill River, leaving long-lasting flood damage across the
city2!. Previous research has focused on examining the water quality and availability of the
Schuylkill River22:23:24:25 nyt there is still a critical gap in understanding the river's dynam-
ics and the potential flood risks within its catchment, which requires urgent investigation
and analysis. Addressing these challenges is of utmost importance, especially in the lower,
tidally influenced section of the Schuylkill, where the complex and poorly explored interplay
between tidal and flood waves26:27:28:29 may create extreme flow conditions, significantly
increasing hazards for the densely populated Center City area and the surrounding neigh-
borhoods. As Hurricane lda’s remnants swept through Philadelphia, the peak discharge of
the flood wave in the Schuylkill River coincided with a low yet rising tide, raising the ques-

tion on how the interaction between flood waves and tides impact the flooding magnitude in
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urban estuaries such as the Lower Schuylkill River.
While hydrodynamic models enable simulating flood inundation on complex terrains,
comprehensive representation and prediction of floods in urban catchments persist as a

significant interdisciplinary challenge30?31.

This is because of the still limited coverage
of LiDAR-based high-resolution urban landscape models and access to coherently inte-
grated multidimensional observations to constrain such model32:33. Furthermore, several
of the broadly used modeling frameworks still lack the ability to efficiently operate multi-
dimensional data and perform accurate, high-fidelity numerical integration of the governing

equations 34:3%

, Which impede the robustness of mass and momentum budgets, thus ex-
acerbating the challenge. Nevertheless, high-resolution terrain mapping is continually ad-
vancing, leading to the development of digital elevation models that capture cities’ intricate
landscapes. Combined with integrated, publicly available databases, terrain models unlock
new opportunities to gain deeper insights into the dynamics of urban flooding. This allows
us to characterize better how storm waters store and flow through metropolitan landscapes,
paving the way for an in-depth understanding of this complex phenomenon and its impacts
on communities at the human scale.

This study presents a comprehensive analysis of the urbanized Lower Schuylkill water-
shed under EHME and its impact on surrounding communities, with an intentional focus on
Philadelphia’s unprecedented flooding caused by the remnants of Hurricane Ida in 2021.
We reveal that the severity of compound flood inundation in Philadelphia is significantly
exacerbated by urbanization. Specifically, the impervious surfaces of the urban landscape
have a dual effect: they increase surface runoff by hindering infiltration, while the city’s com-
plex infrastructure acts as a labyrinth, trapping runoff before it reaches major watercourses,

ultimately affecting nearby rivers and floodplains. Our findings also highlight the dispropor-

tionate impact of Hurricane Ida on the lowest-income population, who suffered the most,
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emphasizing the urgent need for targeted interventions to protect vulnerable communities.
Additionally, we discovered a disturbing trend of shortened return periods for extreme river
discharge events over recent decades. Indeed, our model shows that the Schuylkill River’'s
capacity to buffer extreme events without flooding has been reduced to a 100-year return
period. Beyond this threshold, the river expands laterally at a logarithmic rate. Lastly, our
study underscores tides and rainfalls’ significant yet differential influence in shaping the
discharge and flooding extent of the Schuylkill River. These critical findings provide guid-
ance for urban planners and policymakers in Philadelphia, and although they might seem
uniquely local, the challenges we uncover and tackle here are pervasive across estuarine

cities worldwide 38, each with its distinctive scenery and characters.

Scenery and characters

We examine the interplay between three main characters, the City of Philadelphia, the
Schuylkill River, and Hurricane Ida, to unveil how urban landscapes connected to estuarine

rivers face EHME intensified by climate change. But who is who in this scenario?

Philadelphia

The City of Brotherly Love is the cradle of the United States of America (USA), the keeper
of its history, and the heart of the grand metropolitan area of the Mid-Atlantic (Fig. 1A). With
a stable 1.5 MM population over the last 50 years, Philadelphia is the sixth most populous
city in the USA, a diverse and multicultural university city, which is bordered by the East by

the Delaware River and crossed by the Schuylkill River (Fig. 1B).
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Figure 1: Map of research area and flood inundation of the urban center validated by drone
images. (A) The location of Philadelphia in the US. (B) Research area in Philadelphia
overlaid with Open Street Map. (C) Surface elevation of the study area. (D) Flood inundation
map based on the DSM with railway lines overlaid. (E1 - E5) Drone images with landmarks
were collected from the social media, reflecting the real inundated regions.

Schuylkill River

As one of the largest tributaries of the Delaware River, the Schuylkill River has played a
vital role in Philadelphia’s development for over 300 years3”. It has provided essential re-
sources such as drinking water, hydro-power, and recreational opportunities while preserv-
ing wetlands and wildlife habitats®8. The Lower Schuylkill, meandering through the urban
center of Philadelphia, has been a hub of human activities, with numerous transportation
systems, hospitals, and universities along its bank (Fig. 1C). The annual average river dis-
charge, ranging between 25 and 160 m3/s, has exhibited an upward trend from 1931 to
the present (Sl Appendix, Fig. S2A). The flow pattern follows a clear seasonal cycle, with
higher discharge typically observed in the spring and lower levels in the autumn, suggest-
ing the snowmelt from upstream is likely the primary source of replenishment. However, an

increasing number of peak river events have occurred recently during the autumn, driven by
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the rising frequency of hurricanes due to climate change 3940 (SI Appendix, Fig. S2B). The
Fairmount Dam divides the river into tidal and non-tidal affected zones, further influencing

its dynamics (S| Appendix, Fig. S4).

Hurricane lda

In late August 2021, an initial tropical depression, fueled by warm ocean waters and fa-
vorable atmospheric conditions, was formed in the Caribbean Sea*!. It rapidly intensified
into hurricane category and was named Ida, as it moved northwest, reaching Category 4
strength before making landfall in Louisiana on August 2942, Ida’s strong winds, storm
surges, and heavy rainfall caused widespread destruction in the Gulf Coast region, before
weakening and moving inland, where it brought severe flooding and tornadoes to parts of

the northeastern United States, including Pennsylvania and New York.

Results

Severity of the Flood at the Heart of the City

As many cities crossed by estuarine rivers, the potential flooding severity of Philadelphia is
governed by three primary factors: river flow, rainfall within the watershed, and tidal waves
that propagate upstream through the estuarine region. We investigate the hydrodynamics
of Lower Schuylkill River and its watershed’s response to compound flood events utilizing a
multidimensional array of in-situ and remote data and the GPU-based numerical framework
LISFLOOD-FP (see Materials and Methods and Appendix). We first turn our focus on the
record-breaking flood resulting from the remnants of Hurricane Ida in late Summer 2021.
To validate the hydrodynamics model’s ability to accurately reproduce flooded areas in
the floodplain, we used citizen-reported data, drone and satellite images, along with in-situ

observations, such as river discharge and surface elevation within the channel (see the

8
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S| Appendix, Table S1). The drone images captured during lda’s flood closely matched
the model’s results, especially along the east riverbank that links the Schuylkill to Cen-
ter City. The model successfully reproduces the severe flooding observed in Fairmount
Park, near the Philadelphia Museum of Art, Vine Street and the Schuylkill Trail (Fig. 1E1-
E5). Our findings confirm that the east riverbank is highly vulnerable to flooding, due to
its elevation, channelization of the west bank to protect critical infrastructure, and local ge-
omorphology. This heightened risk is especially pronounced in the middle section of the
Lower Schuylkill (Fig. 1D). Furthermore, nearly all railways along the Schuylkill River were
affected by flooding. Those on the east bank, located closer to the river, were primarily
impacted by overbank flooding, while the west bank was mainly affected by heavy rainfall
(Fig. 1E3). The combined effects of river overflow and rainfall create a significant flood
hazard, particularly on the east side of the Schuylkill River, extending into the central area
of Philadelphia. However, what factors made the rainstorm brought by Hurricane Ida so
impactful in Philadelphia? Urbanization and saturated soils may contribute to heightened
surface runoff, potentially amplifying flow rates in the Schuylkill River. This prompts us to
explore the influence of urbanization and previous hydrological occurrences on the flood

inundation triggered by Ida.

Urbanization and Prior Hydrological Processes Shaping Flood Risk

We assess the role of urbanization by performing numerical experiments without and with
the urbanized landscape surrounding the Lower Schuylkill River. Inundation maps, showing
spatially varying water depths, reveal the most severely impacted areas during Hurricane
Ida’s event using two landscape elevation models (Fig. 2): Digital Terrain Model (DTM) and
Digital Surface Model (DSM) (S| Appendix, text). DTM characterizes the surface eleva-

tion without human interference (i.e., a bare land), so the surface runoff can flow naturally
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from higher to lower elevation, reaching at some point the river channel. In contrast, the
DSM-based inundation (Fig. 2B) displays the intricacies of Philadelphia’s urban landscape,
hindering natural surface runoff flow to the nearby river channel. This results in approxi-
mately a 30% increase in inundated areas over the floodplain compared to the DTM-based
one. The DSM model captures two significant effects of urbanization well. On the one hand,
the river’s channelization with levees reduces the possibility of overbank flows, resulting in
less river flood inundation in the adjacent dramatically modified floodplains. On the other
hand, the blocking effect of those urban infrastructures creates numerous puddles after ex-
treme rainfall, forming stagnant water that hinders the traffic of pedestrians, bicycle riders,
and, in extreme conditions, motorized vehicles throughout the city. On top of that, these
pools of stagnant water also serve as ideal niches for mosquito-breeding sites, especially
during wet seasons, thereby increasing the risk of disease outbreaks afterward3.

Despite urbanization tends to impermeabilize surfaces, high surface moisture before
flood events can saturate the permeable surface area of the watershed and further intensify
the flood severity, as more surface runoff is generated when the ground is near saturation.
Indeed, several small rainfall events prior to Hurricane lda helped to pre-saturate the ground
(Fig. 2C). By determining the surface runoff coefficient (C), quantifying the proportion of pre-
cipitation transformed into surface runoff during a EHME, we can indirectly gain information
about the land’s capacity for infiltration. The rainfall event characterized by the “peak b”
was 37.35% higher than the one of “peak a”, despite a lower rainfall intensity before the
peak (see Fig. 2C). This implies that a significant portion of the rainfall was either returned
to the atmosphere through evapotranspiration or infiltrated into the ground before “peak a”,
contributing more to subsurface runoff rather than surface flows. In essence, the four-day
rain-free interval between these two peaks was insufficient to return the ground to its origi-

nal “dry state”, making the surface more prone to saturation before “peak b” and leading to

10
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a greater conversion of rainfall into overland runoff. This indicates that soil moisture satura-
tion or other water storage mechanisms had reached critical levels approximately three days
before the extreme flood, significantly heightening the potential severity of the subsequent

flooding. Consequently, although the cumulative rainfall before “peak ¢” was only about 5.5
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Figure 2: Inundation map resulting from Hurricane Ida utilizing different elevation models.
Flood inundation based on DTM (A) and DSM (B) at 9 a.m. on September 2, 2021, shown
as the red point in (C). (C) Time series of average rainfall for the whole upstream water-
shed, river discharge at the upstream boundary condition (BC), and tidal elevation at the
downstream BC. The circled letters correspond to four distinct peaks in river discharge, with
adjacent doughnut charts illustrating the runoff coefficient. Each complete doughnut chart
represents the cumulative rainfall leading up to each peak. In contrast, the blue-shaded
portion within each chart depicts the proportion of that rainfall converted into surface runoff.
The light orange-shaded area marks the occurrence of the extreme event, which took place
between September 1 and September 3, 2021.
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times greater than that before “peak b”, the surge in river discharge before the “peak c” was
23.2 times higher. This suggested that nearly all the rainfall from this extreme event was
converted into surface runoff, as evidenced by the C of 0.92 at this peak. The river gradually
returned to normality around a week after the extreme rainfall, with the C dropping below
0.12. This analysis highlights the importance of considering prior hydrological processes
when modeling EHME.

The fact that urbanization has a major impact on flood inundation distribution raises a
fundamental question: Who gets impacted the most during extreme weather events and

floods in an urban catchment?

Flood Distribution on Socioeconomic Landscape

We utilized a Socioeconomic Index (SEI), composed of eight factors, to measure flood risks
at an individual level. This index reflects the socioeconomic status (SES) and divided the
population of our research area into five groups. Aging is the least concerning issue in this
watershed, while housing burden, low educational attainment, and racial discrimination are
the most dominant issues across nearly all SEI groups (Fig. 3).

The groups with the worst and best SES are identified as the two most vulnerable to
extreme floods, each exhibiting inundated percentages exceeding 20%, despite relatively
small total inundated areas. This can be explained by inadequate flood preparedness in
low-SES regions, where environmental safety is often overlooked*4. Conversely, high-SES
regions experience increased land subsidence and impervious land cover, exacerbating
flood risks *2#6. Additionally, lower-SEI groups in riverine cities tend to reside near rivers to
easily access transportation, trade, and scenic views, which increases their susceptibility to
flooding. In terms of flood-affected area, the 40-60% SEI group faced the most widespread

inundation, reflecting that most census tracts in this watershed fall within this socioeconomic

12
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Figure 3: Effect of socioeconomic situation on flood inundation. (A) Inundation in regions
with different socioeconomic indices (SEI). Different color indicates different SEI groups,
shown in pannel C. (B) Eight components of the SEI and their contributions in different SEI
groups. The SEI considered eight socioeconomic problems and was calculated by averag-
ing the values of these components. The values for each component shown in the radar
map represent the average values within each SEI group (see Materials and Methods).
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range in Pennsylvania. Apart from areas of concentrated human activity, green spaces

like Fairmount Park and FDR Park in Philadelph
absorbing and retaining large volumes of water,

alleviating downstream impacts. However, during

rainfalls, these natural sponges may already be saturated, leading to an increase in surface

runoff.
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Outlook for Future Floods
The Schuylkill River in a changing climate

We investigated the return periods (RPs) of the Schuylkill River over the last century (based
on 94 years of historical annual peak flow data), and we discovered that the 2021 inundation
has been the most serious fluvial flood event on record. The relationship between RPs and
their corresponding peak flows follows a logarithmic trend, which we used to extrapolate
more extreme peak flows for higher RPs (Fig. 4A). Yet, delving deeper into the hydrology,
the analysis of the Lower Schuylkill River’s discharge shows a significant and sustained
increase in annual peak over the century. To have a robust statistical representation of this
hydrological shift, we performed a frequency analysis for the river discharge every two con-
secutive decades. Notably, this increase in river discharge for a fixed return period is more
observable for higher RPs (Fig. 4B). These previously unreported findings suggest a trend
of escalating severe peak discharges during this timeframe and provide direct evidence of
the impact of climate change on the hydrological cycle.

We further analyze the relationship between peak flows of different RPs and the river
flood inundation area. The result revealed that the 100-year RP serves as a critical thresh-
old in the Center City of Philadelphia, beyond which the flood inundation area increases sig-
nificantly, following a logarithmic relationship (Fig. 4D). River discharge below this threshold
can hardly cause overbank flows without additional precipitation. This phenomenon can be
attributed to specific topographical factors: the adjacent river banks, often perpendicular
due to urbanization, constrain the river. While beyond the riverbanks, there are many river
terraces and human-made infrastructures, such as refuge islands. Higher-RP river flows,
which carry greater mass and momentum, are more likely to overtop the banks and surpass

these barriers, leading to more extensive flooding (S| Appendix, Fig. S5). This threshold
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Figure 4: River discharge and flood inundation accross different return periods (RPs). Fre-
quency analysis of river discharge in the Schuylkill River, spanning nearly a century (A)
and broken down by every two-decade intervals (B). The return periods were calculated
using the annual maxima series method, based on the Weibull plotting position formula
(details provided in the SI Appendix , text). The trend lines in both panels were fitted using
a logarithmic equation: Q = a; In(r) + b;, where i = 1 to 5 denotes the coefficients for each
two-decade period from 1931-1950 to 2011 - 2024 in the panel (B). The fitted coefficients
( aj and b;) are displayed in panel (C). ag and by in panel (A) are 666.9 and 415.6 respec-
tively. The goodness of fit, measured by Ri2, exceeds 0.93 for all intervals. The gray shaded
areas indicate uncertainty zones of the fitting curve at a 95% confidence level. (D) River
flood inundation area regarding to each RP except for original water areas, e.g. rivers. The
light orange shaded area represents the logarithmic rising range, suggesting that a danger-
ous threshold for river flood inundation lies above the 100-year RP inflow.

highlights the potential hazard posed by river floods, with peak flows increasing rapidly due
to climate change. Moreover, flow intensity has a direct impact on sediment dynamics.
Higher river flows have the capacity to locally mine and transport a larger amount of sedi-
ments, leading to morphological changes in the river’'s channel. In the case of the Schuylkill
River, we found that when river discharge exceeds 100 m3/s, sediment concentration shows
a linear positive correlation with flow values. However, the relationship between concentra-

tion and discharge becomes less distinct when river flow falls below this value (S| Appendix,

Fig. S6).
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Tidal Effect

The impact of Hurricane Ida’s flood wave interacting with a low but rising tide (Fig. 2C)
prompts a detailed examination of tidal effects on the estuarine section of the Schuylkill
River. Spectral analysis of the downstream surface water elevation over two years (Fig. 5A-
B) allowed us to identify and characterize the primary tidal constituents and wave proper-
ties. The results reveal that four principal tide constituents primarily influence the Lower
Schuylkill: the semidiurnal lunar tides Mo = 12.42 h, the semidiurnal solar tide S, = 12.00
h, and the diurnal tides Ky = 23.92 h and O = 25.88 h (Fig. 5A, Materials and Methods).
The interaction between solar and diurnal tides results in a diurnal shift in the timing of max-
imum and minimum surface water elevation over a fortnightly cycle in the Lower Schuylkill
(downstream of the Fairmount Dam), with a period of 14.7 days (S| Appendix, Fig. S7).
Additionally, our analysis shows that the annual King tide also impacts the Schuylkill River,
occurring typically in July and representing the highest tidal elevation of the year. Further-
more, a harmonic analysis of the tide signal during the extreme flood caused by Hurricane
Ida allows for the characterization of the amplitude and phase of the four most energetic
tidal constituents (Fig. 5C) during the event. This enables an accurate reconstruction and
modeling of the tide dynamics as a function of time during the extreme event (see Materials
and Methods), thus facilitating the analysis of different tidal-flood wave scenarios.

We investigate the interaction between tides and the river’s flood wave by examining
how flooding area is affected based on different tidal phases (TP< [0, 1]), which, in this
context, represent the time-lag between the tide amplitude of the dominant constituent and
the peak in river discharge. The range 0.0 < TP < 0.5 is associated with a rising tide
amplitude, with TP = 0.5 indicating the phase at which the highest tide amplitude aligns

with the peak in river discharge. In contrast, the range 0.5 < TP < 1.0 is associated with a
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Figure 5: Tidal periods and elevations. (A) Power spectral density analysis using Lomb-
Scargle Periodogram: Triangle markers indicate major tidal periods of the Schuylkill River.
(B) Observed tidal elevation for two years collected from NOAA tidal stations, reflecting that
the King tide here usually happens once a year. The interpolation method “Spline” was
used to get a smooth line of the observation. The black rectangle points the tidal elevation
during the 2021 flood event. (C) Comparison of tidal observations and harmonic analysis
data during the 2021 flood event. NOAA tidal stations in our research areas provided data
on the highest and lowest tides, represented by discrete observation points. We applied a
“Spline” method to generate a continuous tidal series, and then used the harmonic analysis
to fit the data with a root mean square error (RMSE) of 0.084 m. The light orange shaded
area marks the occurrence of the extreme event, which took place between September 1
and September 3, 2021.

falling tide amplitude. The elevation for different TPs is selected from the semi-diurnal tide
during the peak of the 2021 flood hydrograph (i.e., the tide corresponding to the “peak c” in
Fig. 2C). The analysis reveals that the tidal phase severely affects the maximum river flood
inundation, with the inundation area positively correlated with the surface elevation of TPs
(Fig. 6A, River). The worst-case estuarine scenario is when the river flood wave faces the
King tide, as it raises water levels in the Lower Schuylkill and hinders the river’s ability to
drain into the Delaware River (Fig. 6A).

To evaluate the impact of tides on compound flood risk, we measured the inundation
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Figure 6: Maximum inundation areas under varying tidal phases and tidally affected regions
along the Schuylkill. (A) Inundation areas for 100-year-RP river flood and compound Rain-
Riverine (RR) flood. A 100-meter buffer zone along the riverbank was used to calculate the
inundation area during RR events. The difference between River and RR flooding indicates
the over-bank inundation induced by accumulative rainfall (B). (C) Buffer zones with and
without tidal influences for a compound flood event. All buffers were extended along both
riverbanks, focusing on regions below the Fairmount dam, where tidal impacts are consid-
ered. The tidal impact was determined by analyzing the correlation between the inundation
pattern during this compound flood under varying tidal phases and a semi-diurnal signal
from the Schuylkill River, using Spearman’s rank correlation coefficient (see Materials and
Methods). The tidal correlation values for buffer zones at distances of 100 m, 200 m, 500
m, 1000 m , and across the whole study area are 0.92, 0.83, 0.53, 0.37, 0.03, respectively.
Areas with a tidal correlation exceeding 0.8 are considered tidal-affected, with values over
0.9 indicating strong tidal influence. The base map here is a DSM derived from processed
LiDAR point cloud data (see the S| Appendix, text).

area as a function of the tidal phase, incorporating the rainfall pattern cast by Hurricane Ida
into our model. Yet, disentangling the effect of tides in the Philadelphia urban landscapes
is complicated as surface flow patterns are case specific, complex to predict, and often

obstructed by human infrastructure (SI Appendix, Fig. S8). This leads us to the following

question: how far can the tide signal penetrate into the city and influence the compound
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flood event? To address this, we concentrate our analysis into the river and examine the
inundation patterns within a buffer zone. Sensitivity analyses show that within a 100-m
buffer zone (approximately a block from the riverbank), tides strongly modulate the flood
extent for a river discharge of 100-year-RP, with a tidal correlation value exceeding 0.9
(Materials and Methods). However, as the buffer distance is further extended, the influences
of tides gradually diminished, becoming negligible at around 200 to 250 meters from the
riverbank, with the correlation decreasing to around 0.8. Beyond this boundary, rainfall
dominates inundation patterns (SI Appendix, Fig. S8) and Fig. 6C).

But how does rainfall affect the flooding in the tidally controlled buffer zone? Our results
show that this effect depends on the tidal phase. In fact, tides periodically shrink and
enlarge the volume available to absorb both river and rainfall input in the estuarine zone.
Therefore, depending on the timing of rainfall and river peaks relative to the tide amplitude,
the actual contribution to flooding can vary significantly (Fig. 6A). Fig. 6B illustrates the
actual increase in flood area due to rainfall across different tidal phases. We note that during
low tide conditions (TP = 0.25), rainfall leads to the largest inundation area within the 100-
meter buffer zone. Conversely, during TP = 0.42 (as observed during Hurricane Ida), the
near maximum tide amplitude leaves less space for rainfall input to contribute to the buffer
zone flooding. In this case, the increase in inundation area is primarily driven by the river

peak, which penetrates through Philadelphia’s most densely populated neighborhood*” .

Discussion and Conclusions

Flood severity is predominantly driven by the compound effects of hydrologic, atmospheric,
and oceanographic elements, with human factors such as urban infrastructure and socioe-
conomic conditions influencing flood distribution. These combined factors increase the un-

certainties in predicting extreme flooding events under climate change. The rising peak river
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discharge observed annually is direct evidence of how global warming affects the hydrolog-
ical cycle, highlighting the increasing extremity of river dynamics. We show that for the City
of Philadelphia, the river discharge attributed to RPs higher than 100 years causes a loga-
rithmic increase in inundation area. Therefore, small changes in water discharge may flood
large urban areas. This threshold is influenced by the geomorphology of the river bank and
human interventions (S| Appendix, Fig. S5). Tides, acting as a “downstream water gate”,
impede or facilitate river flow depending on the tidal phase (TP), defined based on the time
lag between the most persistent tide constituent — semidiurnal M2 tide (Fig. 5A) and the
river peak. Thus, the rising tide amplitude, associated with 0.0 < TP < 0.5, inhibits the
downstream river flow, whereas the falling tide amplitude for 0.5 < TP < 1.0 streamlines
river flow. As river discharge increases, the TP associated with maximum inundation tends
to occur earlier, reflecting an earlier balance point between riverine and tidal forces. Yet,
the hydrograph typically spans more than a week and incorporates multiple tidal waves and
peaks. Since we found that tidal peaks aligning with the rising limb of the hydrograph can
lead to higher inundation as river inflow increases, the combined effect of all tidal peaks
needs careful consideration when analyzing the entire hydrograph in future studies (Sl Ap-
pendix, text and Fig. S9).

Flood risk is region-specific, with disadvantaged groups being more vulnerable to high
risks*8, and this social inequality is likely to worsen in the aftermath. Flooding can cause
significant damage to both social infrastructure and ecosystems while promoting the spread
of contagious diseases. During floods, raw sewage leakage can introduce harmful pathogens
and chemicals into the environment, increasing infection risks for those directly in contact
with polluted water?943_ This further exacerbates social disparities, as impoverished re-
gions often lack adequate flood preparedness, sanitation, and vaccination coverage, leav-

ing them vulnerable to natural disasters and disease outbreaks. Although our modeling
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framework does not include sewage systems, it shows how the city’s intricate architecture
can promote surface water stagnation in the local low areas within the urban landscape.
Not surprisingly, regions with the best socioeconomic conditions still experience severe
flooding due to land subsidence and proximity to rivers. However, there is limited research
on how floods quantitatively impact long-term socioeconomic issues afterward, including
flood-induced unemployment and displacement, loss of access to education, and the re-
sulting mental health problems 4.

Underpinned by recent and rigorous validations, the LISFLOOD-FP model is a pow-
erful framework for accurately simulating flooding resulting from rainfall, river, and tidal
forces20:21:52:53:54 " However, it does have limitations in modeling spatially varying infil-
tration and accounting for the impact of wind on river hydraulics. With their rapidly changing
speed and direction, winds can act as a “water gate” similar to tides. The influences of winds
should be carefully considered, as wind-induced waves can affect the average discharge,
the bottom shear stress, and the storm surge3°. Moreover, our study exclude infiltration,
assuming the surface was nearly pre-saturated when analyzing the prior hydrological pro-
cesses. Evaporation was also neglected, as the estimated rate (derived from the revised
Penman-Monteith equation55) was only about 0.3% of the basal water discharge. This as-
sumption might over-predict flood severity during dry seasons by affecting soil moisture and
altering the water storage capability of a catchment. Furthermore, morphological changes
in the riverbed were not considered when modeling future scenarios in this paper. These
processes can also change flood severity by reshaping river channels, such as altering
their width, bathymetry, or roughness, even without changes in river flows2%°6. Since the
available sediment concentration only dates back to 1967-1968, gaining a clearer under-
standing of the current relationship between sediment dynamics and river flows is essential

for predicting how extreme events modify the riverbed and potentially impact the severity of
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flood inundations.

Hydrological modeling is an essential tool for predicting and managing flood risks, but its
accuracy and practicality are often constrained due to limited access to high-resolution data
at the building scale, especially in developing countries®7:33, Rising flooding frequency and
severity are drawing increasing attention to flood management policies. Building defenses
like dikes and levees is the most common approach to flood protection, especially in coastal
cities3®. However, these engineering solutions often come with substantial maintenance
costs due to rising sea levels, may fail under extreme conditions, and can exacerbate flood-
ing risks in nearby regions when implemented without comprehensive planning©8:59:60,
This highlights the need for sustainable and adaptive flood management strategies that
account for long-term environmental changes. For example, “hybrid” defenses, combining
nature-based solutions and typical “gray” infrastructure, can reduce wave run-up61. Local
governments should serve as a re-insurer to help reduce premiums and expand insurance
coverage©2. It also has the responsibility to develop systematic evacuation plans ahead of
extreme events and raise public awareness, ensuring swift execution of these plans imme-
diately after early warnings are issued®3.

This study elucidates the significance of rainfall, river flow, and tidal influences on the ex-
tent and societal implications of flooding resulting from extreme hydrometeorological events
within the urban watershed of the estuarine Schuylkill River in Philadelphia. While our find-
ings are particularly relevant to the city of Philadelphia, the challenges identified in relation
to the dynamics of compound flooding in urban estuaries are prevalent among estuarine

cities globally, each possessing its own unique characteristics and landscapes.
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Materials and Methods
Multidimensional Data Collection

LISFLOOD-FP 8.1 hydrodynamic model used in our study can be download from Zenodo

(https://zenodo.org/records/6912932). River discharge upstream of the Fairmount Dam, at

station PA - 0147500, is obtained from the USGS water database (https://waterdata.usgs.gov/).

Tidal elevation downstream is available from a National Oceanic and Atmospheric Admin-
istration (NOAA) tide gauge (PA - Station - 8543925 (tidesandcurrents.noaa.gov/). Hourly
precipitation grids were provided directly by the Office of Hydrological Development, NOAA.
1-meter Digital terrain model (DTM), named as 3D Elevation Program (3DEP), was avail-
able from USGS TNM Service (https://apps.nationalmap.gov/downloader/). Newly released
LiDAR point cloud data, used to generate Digital Surface Model (DSM), is available from
a Philadelphia LiDAR survey (https://geo.btaa.org/catalog/pasda-7154). River bathymetry
data was collected from the latest Lower Schuylkill survey by the US Army Corps of Engi-
neers Philadelphia (https://www.nap.usace.army.mil/Missions/Civil-Works/). Surface land-
scape is available from National Land Cover Database (NLCD) 2021 (https://www.usgs.gov/).
Census tracts 2020, the boundary files of districts and watersheds in Philadelphia can
be downloaded from Open Data PHLmaps (https://data-phl.opendata.arcgis.com/datasets/.
Demographic data on census-tract level is available from 2017-2021 American Commu-
nity Survey 5-Year Estimates on U.S. Census Bureau (https://data.census.gov/table/). The
latest Environmental justice dataset can be downloaded from PA Department of Environ-
mental Protection (https://gis.dep.pa.gov/PennEnviroScreen/). The Sentinel-2 satellite im-
age is available from Copernicus Browser (https://browser.dataspace.copernicus.eu/). The
road network dataset is available from U.S. Census Bureau, Department of Commerce

(https://catalog.data.gov/dataset/).
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LISFLOOD-FP Model Description

LISFLOOD-FP model is a 1D-2D raster-based hydrodynamic model based on the shallow
water equations®*, which enable the modeling of spatially and temporally varying processes
like precipitation and local water discharges. We used the state-of-the-art acceleration
hydrodynamic solver LISFLOOD-ACC as a local inertial scheme to numerically resolve the
water flow throughout a uniform grid describing the landscape, the floodplain, and the river
channel®:86_ This solver has been shown to have high fitting accuracy with real inundations
and runs with NVIDIA GPU cores to significantly enhance the computational efficiency .
Following®4, we adopt the LISFLOOD-ACC solver, which ignores the advection as it is
less critical in friction-dominated floodplain flows but includes the acceleration to reduce

chequerboard oscillations during the simulation.

Watershed landscape and friction

The hydraulic resistance encountered by the river flow due to the land surface characteris-
tics and the riverbed’s composition is quantified by Manning’s frictional coefficient (n). This
coefficient exhibits spatial variability and undergoes minor temporal changes. To establish
the spatial distribution of the Manning coefficeint within our study area, we have leveraged
the United States Geological Survey (USGS) National Land Cover Dataset®’ to analyze
the current land use following®8:6%:70  The determined Manning coefficient ranges from
0.027 to 0.160. This detailed mapping of the landscape friction allows capturing the subtle
variability in hydraulic resistance across the urban watershed of the Lower Schuylkill River

(Fig. S10).
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River Discharge Analysis

We conducted the frequency analysis to define return periods of the upstream Schuylkill
River by analyzing historical peak discharge from 1931 to 2024. The data before 1990
used the peak of daily average discharge due to the lower temporal resolution during that
period, resulting in a slight smoothing of the peak values. Data from 1991 onward utilized
peak flow values derived from 30-minute interval measurements. We first sorted the entire
dataset in decreasing order. Then, we calculated the exceedance probability by dividing
the rank of each peak flow by the total number of years. The return period was determined
as the inverse of the exceedance probability. When comparing peak flows over consecutive
20-year periods, the return period was recalculated, as its value is correlated with the length
of the dataset.

We used long-time series of river discharges to better understand the single-peaked
hydrograph of the Schuylkill River and further design flood hydrographs of more severe
scenarios. All hydrographs were then standardised to analyse their shapes (Fig. S11). The
time when the river flow peaks is defined as the origin, with time values before and after
negative and positive, respectively. The river discharge was scaled to 0 to 1 based on its
proportion in the peak flow. The shape of a single-peaked hydrograph of the Schuylkill
River is generally similar, so we assumed its shape of a higher RP will almost remain the
same. Rainfall intensities and associated river flows tend to flow the Gamma distribution’".
However, this distribution does not well capture the recession limb of river flows, so expo-
nential functions are commonly used to model the withdrawal of flows 7273, Two equations
based on the gamma distribution and exponential function, respectively, were used to fit
the shape of the hydrograph. The hydrograph for a higher RP is designed by multiplying
the fitted function by the calculated peak flow for a given RP based on the ’similar-shape’

assumption.
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Tidal Analysis

We used the Lomb-Scargle Periodogram Analysis to detect the frequency of periodic sig-
nals of the Schuylkill River within the latest two years of tidal elevation data’#. Our results
showed that the Schuylkill River is dominantly tidally modulated by the Lunar (M») and the
Solar (S») semidiurnal tides, and Ky and O diurnal tide. Thus, we used four Fourier modes

to fit and model the tidal elevation signal as a function of time:

4 (t+1g)
nt) =mno + ZAi sin [27[ T o, cpi} (1a)
i=1 !
to =To (TPi—TPp) (1b)

where ng = 0.074 m. A;, T;, and ¢; are shown in the S| Appendix, Table S1. ty is 0 in the
real flood case, yet it varies based on different TPs. TP; represents a different tidal phase,
while TPg, equal to 0.42, is the phase during the real event. Tq in Eq. 3b is a constant
representing the semidiurnal period, approximately equal to 0.5 days.

To quantify the impact of tides on inundation patterns for compound flood events, we
used Spearman’s correlation coefficient to measure the correlation between the inundation
patterns (dataset X) and a semi-diurnal signal of the Schuylkill River (dataset Y). All data in
each dataset was ranked in an ascending order. The detailed equation is as followed ’°:

5 >id2

re =1-—
S n(n2-1)

()

where n is the number of data in the dataset; d; is the ranking difference between two
datasets. rs has a value ranging from 0 to 1, with a higher value representing a higher

correlation.
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Socioeconomics Indices

The SEl is the average value of eight socioeconomic components, which are percentile
values calculated for each census tract based on the distribution of all values across Penn-
sylvania (Penn)76. We excluded low-population-density areas when analyzing inundation
for different SEI groups to avoid misleadingly favorable SES. The value of the inundation
percentage was calculated by dividing the total inundation area in each SEI group by the
total census tract areas in the same SEI group.

The socioeconomic statistics were analyzed based on the 2010 census block groups
rather than the latest 2020 groups to ensure consistency, as specific components still rely
on the 2010 census geometries76. However, since the latest demographic data is based on
2020 census block groups, we assumed that the population density within the same census
tract remains consistent regardless of location. We then recalculated the population density
for these mismatched groups according to their respective area portions. This estimation

had minimal impact on detecting low-population areas.

Model Validation

The model was challenged and well-validated through three methods.

Firstly, the overall inundation was qualitatively compared with one Sentinel-2 image,
which was the only satellite product with an acceptable cloud cover during this flooding
event. We used the water indices AWEIsh’” to extract the inundation area and set a 15
cm water depth threshold to consider a wet cell’8 and quantify the inundation area. The
“Hit rate” for the DTM and DSM modeling results is 0.51 and 0.68, respectively, indicating
positive correspondence. This suggests the model adeptly captures the river channel ex-
pansion, even though there is a tendency to overpredict the flood severity, particularly in

urban areas. This overprediction aligns with expectations since the model excludes infiltra-
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tion and evapotranspiration.

Secondly, we used the model skill metric (MSM) to assess the modeling performance of
the river discharge and surface elevation’®. The MSMs’ results, displayed in Table S2 (S|
Appendix), consistently exceed 90%, affirming the model’s exceptional ability to reproduce
river hydrodynamics accurately.

Lastly, we used drone images with landmarks to compare the actual inundation ex-
tent with the model’s predictions. This analysis revealed a strong alignment between the
observed and modeled inundation areas, indicating the model’s accuracy in representing

real-world conditions.
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Supplementary Information

LISFLOOD-FP Model Description

LISFLOOD-FP serves as the hydraulic engine to resolve rainfall-, topographic-, and tidally-
driven hydrodynamics of channel and floodplain flows. It provides a wide range of solvers

to deal with flows from different dimensions80:81:82;83;84;64

. In our study, we used a lat-
est updated numerical solver, acceleration solver (ACC)®4, to simulate river dynamics and
map water pathways. This modeling framework will incorporate extensive geographical
and weather data, including meteorological, urban, marine, and new underwater observa-
tions2°. The depth-averaged mass and momentum equations for this solver can be written

in Cartesian coordinates (x, y, z) as

Mass conservation

AL O 3
atox Ty (3a)
Rate of change momentum in x—direction Sum of forces in x—direction
day, 0 (@\ 0 (99 9 (h? 0z gn?|aylay
— + — [ = — =—qg— | — | -gh— + =——X—=, 3b
at+ax<h oy Uh Iox 2| 7 ox ™ s (36)
Rate of change momentum in y—direction Sum of forces in y—direction

D 2\ 2 n2 ;
ot ox\ h oy \ h oy \ 2 oy h7/3

where h is the water depth, t is the time; q; represents the flow discharge per unit width,

with subscript i = x, y in the 3 indicating flow component in the x and y direction. The
precipitation rate, r, is treated as a mass flux in 3a, g is the gravitational acceleration, n
is the Manning friction coefficient, and z is the landscape elevation coordinate pointing
upward. The terms on the left-hand side of 3b and 3c represent the acceleration of the flow

caused by the forces acting on the water. The first, second and third terms in the right-
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hand side of 3b and 3c are the force exerted by the horizontal pressure gradient, the gravity
forced and viscous drag force acting in the water, respectively.

The numerical schemes of the solver can handle source and sink terms, enabling the
modeling of spatially and temporally varying processes like precipitation and local water
discharges. Momentum change results from pressure, gravity, and frictional forces, pa-
rameterized with space-dependent Manning coefficients. Unlike many CPU-based solvers,
LISFLOOD-FP can run on NVIDIA GPU cores 8464 significantly enhancing computational
efficiency for high-resolution modeling (e.g., 1 meter resolution) that captures flows through
narrow city passages. Its robustness and accuracy with real inundations have been demon-

strated82:86

Watershed Elevation

Surface elevation

This model utilizes an accurate Digital Surface Model (DSM) generated from Light Detec-
tion and Ranging (LIiDAR) point cloud data collected on March 29, 2022, including dense
resolution of the urban landscape surrounding the Schuylkill River (buildings, streets, and
canopies). In contrast, the DTM, obtained from 3DEP at one-meter resolution, ignores
human-made infraestructures. Both elevation models were adjusted to NAD83 UTM hori-
zontal and NAVD@88 vertical datums for consistency. To balance capturing details and com-
putational efficiency, spatial resolution for both landscape models was resampled to 5 m,
enough to resolve the flow at the street level. All sinks in both elevation data were filled by

ArcGIS to make them hydrologically reasonable and help detect flow directions accurately.

30



561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

River bathymetry

Accurate riverbed elevation data from bathymetric surveys is crucial for improving the pre-
cision of fluvial flood modelling, as microwaves and typical radars on satellites cannot pen-
etrate water8”. We obtained bathymetric points for the lower Schuylkill River from surveys
conducted by the US Army Corps of Engineers, covering both upstream and downstream
regions of the Fairmount Dam (see S4). Interpolation methods are employed to create a
continuous model of river bathymetry, and the choice of method significantly impacts the
robustness of the underwater landscape representation88:89. Upstream bathymetric points
were distributed along cross-sections, while those around and downstream of the dam were
heterogeneously spaced. Based on point distribution and performance tests, we selected
the Original Kriging method downstream of the dam for its high accuracy in densely mea-
sured areas88 and the Natural Neighbor method to interpolate observations upstream. Ad-
ditionally, a "3x3 cells area" low filter window was applied to the DEM to smooth abrupt

elevation differences along the flow direction.

Hydrological Analysis

Surface runoff coefficient

The surface runoff coefficient measures the proportion of precipitation that is converted to
surface runoff during a hydrological event, reflecting the land’s capacity for infiltration and

water storage. The detailed equation is provided below:

A Q
C= 4
<A (Roum/Roam) )

where A Q (m3s™) indicates the increased in river discharge at each peak; k is a coefficient
for unit conversion (here k = 0.278); A (km?) is the area of the upstream watershed (i.e.

4862.504 kmz); Rcum (mm) and ReymT (h) are the cumulative rainfall value and time before
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each peak, respectively.
Tidal analysis

Local tidal observations only report the highest and lowest surface water levels. We used a
Lomb-Scargle periodogram to detect periodic signals in unevenly spaced time series data,
which identified the most significant frequencies and corresponding periods in the tide 74.

The four dominant tidal constituents detected by the periodogram were used to be as
an initial guess in a harmonic analysis. This analysis helped to fit tidal observation points
between August 23, 2021 and September 10, 2021 to get a smooth curve of tidal elevations.
The harmonic analysis results exhibit a good fit with the observation data, yielding a root
mean square error (RMSE) of 0.084 m.

We focused on river dynamics to assess how tides affect even more extreme events
with higher RPs. As upstream flows are intensified to higher RPs, the tidal pattern on river
inundation persists, but with an offset in the TP associated with maximum inundation. The
shift occurs when the peak tide aligns with the rising limb of the river hydrograph, such as
at TP = 0.38 for a 5000-year-RP inflow (Fig. S9A). This is because maximum inundation
is reached when downstream tidal forcing balances upstream flows. In the downstream
Schuylkill, tides consist of four primary modes. A diurnal tide can alter the semi-diurnal
amplitude within its diurnal cycle, so the amplitudes of the peak in adjacent semi-diurnal
cycles are different (Fig. S9B). When TP gets smaller, the whole tidal series are shifted
rightward visually, allowing the higher-peaking semi-diurnal tide to counter the river’s rising
limb more effectively. This resistance effect increases with higher river inflows, resulting in a
greater river flood inundation. Thus, while peak river flood inundation continues to coincide

with the King tide, worst-case scenario should also take the TP into account.
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River discharge analysis

A return period (RP) is the reverse of an exceedance probability. The exceedance proba-
bility of a river is related to the likelihood that a certain river discharge will be exceeded in
any given year. We collected annual peak river flows from 1931 to 2024 and sorted them in

a decreasing order, and then defined RPs based on the following equation:

Pi = ()

where P; is the exceedance probability for the i-th discharge; m is the rank of the discharge,
with the highest value having m = 1; n is the total number of discharge values in the dataset,
and "+1" leaves the space for a full probability with a small number of datasets. Here, n =
94. We assumed that the highest value in this 94-year-RP river series closely approximates
the 100-year-RP, so we used the latter term in our paper for simplicity. The analyses for
every two decades were just the same, but the return period should be re-calculated based
on each 20-year time series, which affects the m coefficient in Eq. 5.

We used long time series of river discharge, from 1931 to 2024, to better understand the
single-peaked hydrograph of the Schuylkill River, thereby designing flood hydrographs of
more severe scenarios. The original hydrographs from observation were shown in Fig. S10A.
The 2021 flood event, as simulated above, has a 100-year return period, indicating that this
event is the most serious fluvial flood event on record. All hydrographs were then standard-
ised to analyse their shapes (Fig. S10B). Two equations based on the gamma distribution

and exponential function were used to fit the rising and recession limb of the hydrograph’3:

m—1
Q- (t+t0) exp (_t(m—1)) (6a)
to to

1—t
Q=qgexp (— ns> (6b)
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where Q is the river discharge, t shows the time value, tg, as a location parameter, is the
time duration before peak, m and n are shape parameters, and (is, gs) is the starting point
of Eq. 6b. This point is better set at the inflection point of the recession limb rather than just
at the peak point, which is the same as what /3 suggested. In this study, tg =25, m=7.5, n

= 11, and the starting point is (8, 0.7). The results were shown in Fig. S10C.

Inundation Analysis

In our study, the calculated inundation areas excluded original water bodies, such as the
Schuylkill River at its normal condition. A 15 cm water depth threshold was applied to define
a wet cell when rainfall was included in the model, as all cells across the domain contained
some water /8.

We further used the model skill metric (MSM) to assess the modeling performance of
the river discharge and surface elevation’®:

Z [Xm —Xo|2
Z(|Xm —Xo| + |Xo —Yo|)2

MSM =1 — (7)

where xm is the model result, Xq is the observation data and X, is the average value. MSM

close to 1 indicates a better fit between the model and the observation.

Extended Data Table S1: MSM of the river discharge and surface elevation based on DTM
and DSM. Locations A1, A2, and B1 are specified in Fig. S1
River discharge Surface elevation
A1 A2 A2 B1

DTM 0.997 0.997 0.921 0.940
DSM 0.997 0.998 0.928 0.948
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Figure S1: Map of Philadelphia, Schuylkill watershed, and research area. (A) The location
of Philadelphia. (B) Physiographic regions of the Schuylkill watershed38. (C) Research
area and its water stations managed by USGS and NOAA. Five line of interests (LOIs) were
used to measure the modelling discharge, with two above the dam (A1, A2) and the rest
three below the dam (B1, B2, B3). LOls were chosen at the modelling boundary or close to
water stations. Surface elevation of the study area was collected from a Philadelphia LiDAR
survey.

Extended Data Table S2: Detailed parameters of Fourier modes

Tidal components  A; (m) T; (day) oF
1. My (i=1) 0.892 0.518 (12.422 h) -1.050
2.S5 (i=2) -0.086 0.500 (12.004 h) -0.279
3. Ky (i=3) -0.089 0.996 (23.915h) -0.277
4. 04 (i=4) -0.065 1.079 (25.886 h) 0.890
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Figure S3: Different spatial patterns of bathymetric points and the river bathymetry after
interpolation. (A) Points above the dam, (B) around the dam, and (C) below the dam. The
dam serves as a boundary for data collection methods: above the dam, points are collected
across river sections, whereas below the dam, they are spaced heterogeneously.
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Figure S4: Correlation between river discharge and tides. (A) Five lines of interests (LOls),
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Figure S5: Surface elevation profiles of the Schuylkill River under different return periods.
(A) Area profile of the Schuylkill River and six randomly selected cross sections. Three
of them are distributed above the dam and the remaining three are below. (B-G) Surface
elevation profiles for each cross section from upstream to downstream. The 'Pre water’
area represents the initial water level accumulated during the model’'s spin-up process.
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Figure S6: Relationship between sediment concentration and river discharge from 1959 to
1968, based on daily average data collected from USGS. (A-C) Line charts of sediment
concentration and river flows across three different periods. The time periods are chosen
due to noncontinuous sediment data availability. (D-F) Scatter plots that directly show the
correlation between these two factors.
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Figure S7: The impact of tides on river discharges based on the urban catchment. (A) Tidal
elevation during the modelling period in terms of diurnal phase and fortnightly periods, with
the contour overlaid. The red rectangle indicates the time when river discharge peaked. (B)
River discharge above the dam (i.e. at A2 in Fig.S3). (C, D) River discharge below the dam
with the same contour in (A): (C) at B1; (D) at B3.
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Figure S8: Inundation areas for compound Rain-Riverine (RR) events within different buffer
zones under various tidal phases (TPs). (A) Inundation areas within a close distance from
the river bank. (B-G) Sensitive analysis between inundation areas and buffer distances: (B)
100 m, (C) 200 m, (D) 250 m, (E) 300 m, (F) 500 m, (G) whole watershed. The red point
indicates the tidal phase during this real event, i.e., TP = 0.42. The yellow star is the case
facing the King tide, with a predefined TP equal to 0.5.
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Figure S9: Maximun inundation patterns for larger river inflows under varying tidal phases
(TPs). (A) Maximum river flood inundation areas with river inflows at 500-year, 2000-year,
and 5000-year return periods (RPs). The yellow stars represent the inundation area facing
the King tide. The corresponding RPs are next to the stars. (B) A visual definition of the
relationship between different TPs and river peaks. TP = 0.5 is when the tide peak in a
semi-diurnal cycle aligns with the river peak. The gray dash line indicates the time when
river peaks, while the red one is the time for maximum inundation.

NLCD Topology

Al Description Manning;z;g:tion (n)
1 I Open Water 0.038
21 |:| Developed, Open Space 0.040
22 [ Developed, Low intensity 0.090
23 - Developed, Medium Intensity 0.120
24 I Developed, High Intensity 0.160
31 [ BarrenLand 0.027
41 [ Deciduous Forest 0.150
42 - Evergreen Forest 0.120
43 [ Mixed Forest 0.140
52 [ shrubr scrub 0.115

71172 [ Herbaceous 0.038
81 [ Hay/ Pasture 0.038
82 [ Ccuttivated Crops 0.035
90 [ woody Welands 0.098
95 - Emergent Herbaceous Wetlands 0.068

Figure S10: Land use and land cover of the study area and the Manning’s friction reference
by National Land Cover Dataset®’.
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Figure S11: Observed and designed hydrographs at different return periods (RPs). (A)
Single-peak hydrographs chosen from historical periods, with RPs of 5, 12, 24, 30, 100
years corresponding to data from 2003, 2020, 2014, 1999, and 2021, respectively. (B)
Standardized hydrographs. Peak time is set to 0 and peak value to 1.0, with each flow
value represented as a percentage of the peak. A fitted curve here is estimated to be a
generalized framework for designing hydrographs. (C) Design-flood hydrographs for higher
RPs based on the fitted curve in panel B, with peak flows calculated using the extrapolation
equation from Fig.4A in the main text.
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