Dear Reviewer 2,

Thank you for taking the time to prepare your constructive review, which has improved this
paper. At the end of this letter is the revised manuscript draft, supplementary material, and
tracked changes. We have made the following revisions based on your comments (line
numbers refer to the revised manuscript draft):

General Comments

“The introduction needs to be revised to highlight the study’s novelty. While the authors provide limited
background on defining compound flood and the various models used to model it, they do not address the
literature gap this study seeks to bridge. Furthermore, the authors do not present a clear research question
that the study will address, and this question is not supported by the literature. The introduction only
summarizes the methods at the end (which is very confusing and needs to be better restructured); it is not
clear how the study will advance the field, given the lack of research questions and the identified knowledge
gap. As itis now, it only tells me that the study is comparing two flood models for compound floods, which is
not novel. However, if the authors reshaped the introduction according to my suggestions, the novelty this
study proposes would be clearer. Furthermore, the authors compare their proposed approach with another
study, but fail to explain why their study differs. It is crucial for the reader to understand why the proposed
study differs from the literature.”

We revised and restructured the introduction to clarify the study’s novelty, address the
research gap, and pose research questions. We articulate the research gap near the end of
the introduction (L64-75), and pose three research questions immediately after. We also
clarify how our study differs from and expands upon Mufoz et al. (2022) (L83-85).

“Regarding the simplified approach for estimating compound flood (section 2.2.1), | have concerns about
their proposed selection of the compound flood level based solely on the maximum flood levels between the
coastal and pluvial/fluvial levels. In the introduction, the authors cited several studies indicating that, in a
compound flood event, the flood drivers exhibit nonlinear interactions. This means that when combined, their
compound flood level could be lower or higher than the sum of their superposed levels. Thus, by selecting the
maximum value between these two drivers, you can under- or overestimate the real compound flood while
ignoring the other flood driver that was not chosen.”

We revised Sec. 2.2.1 to remove the claim that our linear combinations yield a lower-bound
estimate of compound flood depth, and clarify the purpose and tradeoffs of this simplified
approach (L135-136). We also state in the discussion that “SCM-derived rating surfaces
may under- or overestimate compound flood depth at individual locations” (L366-367).

“This approach could have benefited from using a nonlinear regression or a machine learning- based
approach to estimate the true compound flood value, rather than taking the easy way out and selecting the
maximum value as a conservative estimate.”

We consider nonlinear regression and ML-based approaches beyond the scope of this
study, as our objective is to generate rating surfaces efficiently with simplified conceptual
models (SCMs). We agree that SCMs do not capture nonlinear compound flooding effects,



which is why we include a comparison with SFINCS. SFINCS is a hydrodynamic compound
flood model that is capable of representing more complex compound flood processes, and
provides a benchmark against which we can compare the SCM results.

“Furthermore, the authors comment that the compound flood results from the simple model (L226) have a
linear pattern without noise, contradicting previous studies that claim a nonlinear behavior between the flood
drivers as their SFINCS results. If the authors plan to keep this, they need to do a better job of justifying this
approach and limiting its implications. However, the manuscript lacks a limitations section, which is
necessary for studies like this that propose a new flood modeling technique. | would require the authors to
include a limitations section before the results or within the discussion that outlines all the simplifications
and assumptions used by the authors.”

Thank you for this suggestion. We would like to clarify that the rating surfaces framework
that we propose is model agnostic—we have updated the text to highlight this (L4, L270-
271, L.332-333, L400-402). We have added a limitations section (Sec. 4.4), where we clarify
that SCMs should be interpreted as first-order approximations of compound flooding, not
hydrodynamic simulations, and that compound flooding is a nonlinear process (L365-367).
We also clarify in the introduction that SCMs “do not resolve hydrodynamics or nonlinear
interactions among flood drivers” (L67). Additionally, we reference this limitations section
in the methods for SCM-based compound flooding (L135).

“Similarly, the SFINCS model section is missing significant information on model building (see specific
comments).”

We address all specific comments in the following “Specific Comments” section.

“Also, neither model (simple or SFINCS) was calibrated/validated against the various tropical cyclones that
have impacted the area, limiting the reliability of the outcomes.”

We validate the rating surfaces by using the maximum forcings observed during Hurricane
Harvey to extract the predicted maximum flood depth, and compare the results with
Hurricane Harvey HWMs collected by USGS (L186-191, L310-322). We acknowledge the
absence of a full validation of each component model (SCMs and SFINCS) in the new
limitations section (L394-398).

“Also, it is not clear to me why the authors force the SFINCS and the simple model with two flood drivers at
once (coastal with pluvial or coastal with fluvial), since they claimed in the introduction that compound floods
can include all three flood drivers.”

Thank you for bringing up this concern. We have added this text to the limitations section:
“We construct rating surfaces from pairwise combinations of flood drivers, varying two
flood drivers while holding the third driver at a baseline value. In reality compound flood
depth may depend on interactions between three or more flood drivers (Zscheischler et al.,
2018). We depict maximum compound flood depth at POls as two-dimensional rating



surfaces to facilitate interpretability and comparison between SCM and SFINCS results.”
(L370-373).

“The Result section is poorly written with unnecessary content, such as a repetition of the methods (L230-
235), and only set of figures that evaluate the same outcome. The interpretation of these results is very
supefficial (2-3 sentences per figure), and more content (from figures to text) is needed. However, the
discussion has been framed as an extension of the results, as it provides a description and the physical
meaning of the results. The discussion needs to connect the study results with the literature and the research
gap, but without proper research questions, it is impossible for the authors to cite other studies.”

We have removed the redundant text from the results section. We have also expanded the
results section by moving the content related to the physical meaning of the results from
the discussion to the results (Sec. 3). We have rewritten the discussion section to address
each of the new research questions we pose in the introduction, and to connect with the
literature (Sec. 4).

“Overall, many of the paragraphs (section 2.2, some in the introduction, etc.) contain statements that were
just thrown there without any connection/transition between topics, making it hard to read and follow the
author’s point. Thus, | strongly suggest that the authors rephrase and strengthen the connection so they can
tell a story with the publication rather than just a technical report. However, the approach selected to create
the compound flood model using the simple approach may have substantial flaws within the literature, and
without further modification of equations 1-3, the manuscript could be difficult to publish.”

We have reread the manuscript closely and revised to improve flow and transitions
throughout, including in Section 2.2 and in the introduction. As discussed above, we have
added context to equations 1-3, including clarifying that SCMs do not capture nonlinear
compound flood interactions, and have expanded upon this in the new dedicated
limitations section.

Specific Comments

“L 25-26: rephrase the sentence since the “compound coastal flooding” is used incorrectly, since compound
flood implies that coastal and hydraulic flooding are happening. You may want to say that you are focusing on
compound flood in coastal areas rather than estuaries, but compound has to also occur in the coastal area,
so it might be redundant. The same occurs on L27 and L30, so please fix throughout the manuscript and call it
only compound flood and not compound coastal flood.”

We have removed all occurrences of “compound coastal flood” and replaced them with
“compound flood.”

“L 26-27: The sentence talking about compound events (broader than flooding) seems out of context. | would

remove.”

We have shifted that sentence to the topic sentence position of paragraph 2 (L25), and
have restructured for better flow.



“1 24-38: This paragraph would benefit from improving the reading flow by enhancing the transitions and
connections between sentences. Some statements look like they were just thrown there without any
coherence. Please improve.”

Thank you for this suggestion. We have restructured paragraph 2 (L25-38) to improve
transitions and flow.

“L 39-52: Avoid having a small paragraph with 3 sentences or fewer. Try combining them with their appropriate
transition, so your paragraphs are longer (5-8 sentences).”

We have merged that paragraph with the preceding one (L39-48).

“L46-47: Why are these models less applicable? Give a reasoning for your statement and cite some literature
supporting your claim.”

We have added an explanation and references for this claim (L45-47).

“Figure 1: I will suggest adding the river location on panel b and even removing the grey background from this
panel since it does not allow to visualize how this inland community could be acected by compound flood
through the river. | will also highlight the river/coastline/bay on panels C and D, as it is important for your
compound flood. Also, what is the vertical datum reference for the DEM elevation?”

“L 85-85: | need to see these water features (river, lakes, and bay) commented in Figure 1.”

We have made these suggested changes and specified the vertical datum in the figure
caption, which is NAVD88. We show the major rivers, Neches and Sabine, on panels B-D.
We also show the catchments of NHDPlusV2 MR stream reaches on panels C and D. We do
not show the stream reach centerlines themselves to avoid clutter on the study area figure.
We show all NHDPlusV2 MR centerlines on Figure 2.

“L100-101: This statement needs support from the literature since it is a big assumption and limitation.”

We have added supporting literature (L117-119) and reference the limitations section,
where we discuss this further (L380-389).

“L127-128: The claim that infiltration is not needed since the POl are in impervious regions is not 100% true,
since water will travel from overland and accumulate. For example, if water upstream of the POl is traveling
through grass, it should infiltrate some portion before reaching the POI, but in the assumed case, it would not,
and more water would be there.”

We have removed this claim, and discuss the implications of not including infiltration in the
limitations section (L380-389).

“Table 1: There is no justification or rationale for the values chosen on this table, nor its physical meaning. |
am positive about the selected approach for creating the synthetic events. However, this needs to be
grounded in the real conditions. For example, the authors have to comment on how realistic it is to have an X
mm rainfall with a Y m coastal water level. Also, it is not clear if the rainfall being applied is uniform or not
throughout the domain.”



We comment on our rationale for choosing the values in Table 1, as well as their physical
meaning, in Sec. 2.5 (L193-203), and expand on the physical meaning of each forcing in the
subsequent subsections (Sec 2.5.1, 2.5.2, and 2.5.3). We also clarify that high-magnitude
forcings will have rare probabilities of occurrence, and that a multivariate statistical
analysis to determine these probabilities is beyond the scope of this paper (L197-200). We
expand upon this in the limitations section (L405-409).

“L174-176: The authors need to further justify how realistic it would be to have a relatively high coastal water
level be applied uniformly this high for seven days. Why not add tidal conditions or recreate a storm surge
hydrograph, which will raise the water level temporarily rather than for the whole 7 days?”

We apply this seven-day forcing to facilitate comparison with c-HAND, which estimates
static maximum inundation extent and depth for a given coastal water level. We clarify our
reasoning in the manuscript (L208-211). We expand upon this in the limitations section
(L374-377).

“L195-200: Please add MKGE and NSE as a comparison metric. These metrics represent a better comparison
with streamflow data.”

We have added mKGE and NSE as comparison metrics (L230-248, supplementary figure
S1).

“L217: Itis not clear why the authors selected the mentioned rainfall intensity. Also, what was the temporal
distribution of the rainfall, as well as the spatial distribution?”

We revised the text to clarify how we select rainfall intensity (L255-266). For each pluvial
depth scenario, we prescribe the total precipitation depth and ARI, and interpolate the
corresponding storm duration from the NOAA DDF table. We then calculate rainfall
intensity as the scenario's total depth divided by its interpolated duration. We also clarify
that the precipitation forcing is applied as a spatially uniform rainfall field and as a
temporally constant hyetograph over each scenario's duration, followed by zero rainfall for
the remainder of the seven-day simulation.

“L238-239: This statement is not correct. For example, the results between the simple and the SFINCS model
for the Silsbee POI 1-2 and HWM 1-2 are completely different, but the statement says depth are similar.”

Thank you for pointing this out. We revised this statement to avoid implying that SCM and
SFINCS produce similar depth ranges at every POI/HWM (L287-290).



10

15

Rating Surfaces for Quantifying Compound Flooding at Points of
Interest

Mark Wang', Paola Passalacqua®*!', Hamed Moftakhari*, and Bailley Hardage'

'Fariborz Maseeh Department of Civil, Architectural, and Environmental Engineering, Center for Water and the Environment,
University of Texas at Austin, Austin, USA

2Institute of Environmental Engineering, Department of Civil, Environmental and Geomatic Engineering, ETH Ziirich,
Zirich, CH

SEawag, Swiss Federal Institute of Aquatic Science and Technology, Diibendorf, CH

4Department of Civil, Construction and Environmental Engineering, Center for Complex Hydrosystems Research, University
of Alabama, Tuscaloosa, USA

Correspondence: Paola Passalacqua (ppassalacqua@ethz.ch)

Abstract. Compound flooding in low-relief coastal regions arises from interactions among coastal water levels, river discharge,
and precipitation. Capturing these interactions typically requires coupled hydrodynamic models, which can be computationally
expensive, limiting their use in high-resolution or large-ensemble analyses. In this study, we introduce the rating surface,
a model-agnostic framework that transforms ensembles of flood inundation simulations into two-dimensional contours of
compound flood depth at points of interest across pairs of potentially interacting flood drivers. Using Southeast Texas as a
testbed, we generate synthetic inundation scenarios with both efficient terrain-based models (c-HAND, GeoFlood, and Fill-
Spill-Merge) and the reduced-physics hydrodynamic model SFINCS. Sampling these scenarios at points of interest yields
rating surfaces that characterize how precipitation, discharge, and coastal water level influence maximum compound flood
depth. Across locations, simplified and hydrodynamic models produce similar depth patterns, but SFINCS captures finer-scale
nonlinearities. The two approaches provide comparable depth estimates and their prediction envelope typically includes the
observed high-water marks. Rating surfaces provide an efficient tool for scenario assessment and communicating compound

flood hazards at points of interest.

Copyright statement. Author(s) 2026. This work is distributed under the Creative Commons Attribution 4.0 License.

1 Introduction

Flooding is the most frequent and widespread natural disaster, affecting over 2 billion people globally from 1998 to 2017
(Wallemacq et al., 2018) and costing the United States more than USD 180 billion annually (U.S. Congress, 2024). Over 50%
of the U.S. population now lives in coastal watersheds (Crossett et al., 2013), and the global coastal population is projected to
exceed 1 billion by 2060 (Neumann et al., 2015; Reimann et al., 2023). These populations are particularly vulnerable to tropical

cyclones, which threaten coastal areas worldwide (Dullaart et al., 2021) and have caused over USD 1.425 trillion in damages
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in the United States from 1980 to 2024, with an average cost of USD 22.3 billion per event (Smith, 2024). Recent tropical
cyclones that produced severe flooding in the United States include Hurricane Harvey (2017), Tropical Storm Imelda (2019),
Hurricanes Isaias and Laura (2020), Hurricane Ida (2021), and Hurricanes Helene and Milton (2024). As coastal populations
grow and their exposure to flooding and tropical cyclones increases, understanding the interplay among multiple flood drivers
is crucial.

Compound events are natural hazards that co-occur over time or space and threaten society and the environment (Zscheis-
chler et al., 2020). In coastal settings, compound flooding often occurs when storm surge, riverine flooding, and heavy rainfall
interact, amplifying flood impacts beyond those caused by any single driver (Bevacqua et al., 2020; Hao and Singh, 2020).
These events pose considerable challenges for prediction and hazard assessment, especially in low-relief coastal regions where
coastal residents are highly exposed. Compound flooding is often triggered by tropical cyclones, which can generate storm
surge, fluvial flooding, and pluvial flooding (Green et al., 2025). The primary drivers of compound flooding—coastal water
levels, precipitation, and river flow—are interdependent and inherently correlated (Zheng et al., 2013; Wahl et al., 2015; Mof-
takhari et al., 2017; Hendry et al., 2019). These drivers can act simultaneously or sequentially, producing dynamic interactions
that amplify flood hazards. Predicting these interactions is particularly challenging in low-relief flood transition zones, where
hydrologic and coastal flood processes interact nonlinearly (Shen et al., 2019; Bilskie et al., 2021; Santiago-Collazo et al.,
2024). For example, storm surge, driven by strong winds and low atmospheric pressure, raises coastal water levels and can
impede river discharge, causing backwater effects and prolonged inland flooding (Lewis et al., 2013; Wijetunge and Neluwala,
2023). Similarly, heavy precipitation can saturate soils, reduce infiltration, and increase runoff, while high tides and waves can
further elevate water levels (Bilskie and Hagen, 2018).

Accurate flood estimation is essential for flood management; however, no single approach is ideally suited to fully capture
compound flood events. Researchers and policymakers use three broad approaches to estimate flooding: empirical methods,
hydrodynamic models, and simplified conceptual models (Teng et al., 2017). These flood estimation approaches help address
challenges in planning, impact assessment, and emergency response (Bates, 2022), but each approach has strengths and limita-
tions that influence its utility. Empirical methods provide direct observations of compound flooding, including remote sensing,
sensor data, and crowdsourced information (Tellman et al., 2021; Hamidi et al., 2023; Silverman et al., 2022; Dasgupta et al.,
2022). While empirical methods are invaluable for planning and post-event assessments, observed inundation alone is less
suited to predictive and scenario-based compound flood analysis, which requires representing interacting flood drivers such as
coastal water level, rainfall, and riverine flow (Santiago-Collazo et al., 2019; Loveland et al., 2021). As a result, process-based
and simplified modeling approaches are often needed to estimate flooding under current or hypothetical forcing conditions.

Hydrodynamic models estimate flow using the Navier-Stokes equations, and are widely adopted for flood simulations (Bates,
2022). To balance accuracy and efficiency, hydrodynamic modelers often simplify the Navier-Stokes equations using two-
dimensional shallow-water or one-dimensional Saint-Venant formulations (Westerink et al., 1992; Horritt and Bates, 2002;
USACE, 2025). Coupled hydrodynamic models have been developed to describe compound flood processes, with some tools
optimized for computational efficiency (Leijnse et al., 2021; Lee et al., 2025). However, computational demands limit hydro-

dynamic models’ applicability to real-time or high-resolution scenarios (Miura et al., 2021b).
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Simplified conceptual models use physical principles, geographic information systems (GIS), and terrain analysis to estimate
flood extent and depth efficiently (Teng et al., 2017; Bates, 2022). These models do not simulate flood dynamics, but instead can
estimate static flood extent and depth by applying geomorphic and proximity-based approaches to topographic and hydrologic
data. Early applications automated valley bottom detection to designate flood-prone areas (Williams et al., 2000; Gallant and
Dowling, 2003). Some simplified conceptual models distribute water volume across terrain (Lhomme et al., 2009; Miura et al.,
2021b; Shi et al., 2025), while others classify floodplains based on digital elevation models (Nardi et al., 2006; Manfreda et al.,
2011; Samela et al., 2017). Simplified conceptual models enable large-scale, high-resolution flood hazard assessments and
support rapid decision-making in emergency response scenarios (Murphy et al., 2025; Jafarzadegan et al., 2023; Preisser et al.,
2023).

Although coupled hydrodynamic models can resolve compound flood processes, their computational cost limits systematic
simulation of large-ensemble forcing scenarios at high spatial resolution (Santiago-Collazo et al., 2019; Miura et al., 2021a).
Conversely, simplified conceptual models can efficiently estimate static inundation maps across many forcing scenarios, but
they do not resolve hydrodynamics or nonlinear interactions among flood drivers (Teng et al., 2017). Beyond this modeling
tradeoff, compound flood assessment also poses a communication challenge: flood managers need location-specific summaries
of how flood driver combinations affect compound flood depth. Rating curves provide such summaries for riverine flooding by
relating stage to discharge at a gage, but no comparable tool exists for compound flooding, where flood depth depends on mul-
tiple drivers. Together, these challenges leave a practical gap: a need for an efficient and interpretable tool that communicates
how flood depth varies across combinations of coastal water level, river discharge, and precipitation at a given location. We
address this gap by proposing rating surfaces, which extend the logic of rating curves from one-dimensional stage-discharge
relationships to two-dimensional forcing spaces that represent maximum flood depth across pairs of flood forcings at points of
Interest.

Specifically, in this manuscript we address three research questions:

1. Can rating surfaces, constructed from a finite ensemble of flood inundation simulations, efficiently estimate maximum

compound flood depth for any combination of two flood drivers at points of interest (POIs)?

2. What do rating surfaces reveal about the local influence of different flood drivers on maximum compound flood depth at
POIs?

3. To what extent do rating surfaces constructed from simplified conceptual models agree with those constructed from

SFINCS, a hydrodynamic model?

Our approach builds on the fluvial-coastal water level surfaces proposed by Muiioz et al. (2022), but differs by focusing on
maximum compound flood depth at POIs, considering coastal—pluvial, fluvial-coastal, and fluvial-pluvial forcing pairs, and
comparing surfaces derived from both simplified conceptual and hydrodynamic models. Using Southeast Texas as a testbed,
we generate high-resolution (1 m) compound flood inundation scenarios using public datasets and open-source models, sample
the resulting maximum depth grids at point locations to calculate rating surfaces, and compare rating surface-predicted depths

with high-water marks observed during Hurricane Harvey.
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Figure 1. Location of (A) Southeast Texas within the state of Texas, (B) the Silsbee and Port Arthur study areas within Southeast Texas,
as well as the SFINCS domain, (C) the Silsbee study area extent and datasets, and (D) the Port Arthur study area extent and datasets. The
vertical datum of the DEMs is NAVD88. Basemap © OpenStreetMap contributors, © CARTO.

2 Methods
90 2.1 Study areas

Our study areas are the inland town of Silsbee and the coastal city of Port Arthur, both located in Southeast Texas on low-relief
topography susceptible to compound flooding (Fig. 1). We choose POIs within regions designated as flood-prone by local
stakeholders working with the Southeast Texas Urban Integrated Field Laboratory (SETx-UIFL, 2024). POIs in the study areas
are situated near socially vulnerable populations and critical energy infrastructure. The Southeast Texas region encompasses the
95 Beaumont-Port Arthur metropolitan area, smaller towns like Silsbee, agricultural lands, forests, and swamps. Tropical cyclones
including Beryl (2024), Imelda (2019), and Harvey (2017) have impacted the area. The region is drained by the Sabine and
Neches Rivers and their tributaries. Terrain slopes gently toward the Gulf of Mexico, which is typical of the Texas Coastal

Plains. The Sabine Lake is the major estuary in Southeast Texas.
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2.2 Simplified conceptual models

We use three simplified conceptual models (SCMs) to separately estimate the coastal, fluvial, and pluvial components of
compound flooding. Each model produces a maximum inundation depth grid corresponding to one flood driver using high-
resolution terrain data, forcing conditions, and physical approximations. We combine these individual flood driver depth grids
to estimate compound flood depth (Sec. 2.2.1).

¢c-HAND produces coastal flood inundation scenarios (Wang et al., 2024). c-HAND is a static method that uses high-
resolution elevation data and a coastal water level forecast to estimate coastal flood extent and depth. It is a modification
of the HAND method and estimates coastal inundation by enforcing an ocean connectivity constraint. A c-HAND backcast
of coastal inundation from Hurricane Ike showed reasonable agreement with an ADCIRC simulation (Wang et al., 2024). We
force c-HAND with coastal water levels (Sec. 2.5.1).

We generate synthetic fluvial flood inundation scenarios with a modification of the GeoFlood workflow (Zheng et al., 2018).
GeoFlood estimates fluvial flood extent and depth from river discharge and terrain-analysis operations, and has been validated
against observations from Hurricane Harvey (Zheng et al., 2022). We force GeoFlood with synthetic river discharge scenarios
(Sec. 2.5.2) in the NHDPlusV2 MR stream reach catchments containing our PO/HWM.

We estimate pluvial flooding with Fill-Spill-Merge, a terrain depression flow routing algorithm that can be applied to a broad
range of natural phenomena (Barnes et al., 2021). Fill-Spill-Merge has been used to map pluvial flooding in Texas (Preisser
etal., 2022, 2023). We force Fill-Spill-Merge with uniform precipitation depths (Sec. 2.5.3). Because Fill-Spill-Merge does not
take drainage infrastructure or infiltration into account, we assume that soil is saturated and the drainage system is at capacity
during large precipitation events. This assumption is consistent with soil moisture observations during recent tropical cyclones
in Southeast Texas and local regulations that allow roadway ponding for severe events (Case et al., 2021; Jefferson County

Drainage District No. 7, 2019). We will discuss the implications and limitations of this assumption (Sec. 4.4).
2.2.1 Compound flood depth with simplified conceptual models

We produce 1 m resolution coastal, fluvial, and pluvial maximum flood depth grids separately across the study area with SCMs
(Sec. 2.2). To estimate compound flood depth from these single-forcing maximum flood depth grids, we combine pairs of
forcing scenarios (Eq. 1-3). We analyze pairwise combinations of flood drivers to show how compound flood depth responds

to variation in two drivers while the third driver remains constant (Sec. 2.6).

hﬂuvialfpluvial = hpluvial + hﬂuvial (l)
hcoastal—pluvial = max (hcoastala hpluvial) )
hﬂuvialfcoastal = max (hcoastah hﬂuvial) (3)
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where hfuvial—pluvial 1 the compound fluvial-pluvial flood depth, hcoastal—pluvial 1S the compound coastal—pluvial flood depth,
RAuvial—coastal 15 the compound fluvial—coastal flood depth, hgyvial is the fluvial flood depth, hpiyyial is the pluvial flood depth,
and hcoastar 18 the coastal flood depth.

We use the compound flood depths resulting from Eq. 1-3 to construct rating surfaces for pairs of forcings at each PO/HWM.
We sum pluvial and fluvial inundation because fluvial inundation is calculated on a depression-removed DEM and pluvial inun-
dation is calculated on a DEM including depressions. We take the maximum of coastal and either fluvial or pluvial inundation
because coastal inundation acts as a downstream boundary condition that controls water surface elevations across low-lying
terrain. These equations do not represent hydrodynamics or nonlinear interactions among flood drivers (Sec. 4.4). Rather,
these equations provide an efficient approximation of maximum compound flood depth with SCMs. We evaluate SCM-derived

compound flood depth against SFINCS, which couples coastal, fluvial, and pluvial forcings (Sec. 3).
2.3 SFINCS model setup

The SFINCS model domain spans 100 x 100 km and uses a 50 x 50 m regular grid with a 1 x 1 m subgrid scheme that
resolves fine-scale topography (van Ormondt et al., 2025). We mosaic the topography and bathymetry datasets to cover the
full SFINCS domain (Fig. 2). We apply outflow boundary conditions at domain edges intersecting land and constant water
level boundary conditions at domain edges intersecting the ocean. We assign inflow boundary conditions where stream reaches
intersect the model boundary and at headwaters within the domain. The subgrid tables include NHDPlusV2 MR stream reach
centerline geometry, bankfull width and depth, and channel roughness, as well as land cover-based roughness outside of stream
reaches. We disable infiltration in SFINCS to reduce systematic model bias and maintain consistency with the SCMs, which
omit infiltration. We will discuss the implications and limitations of this assumption (Sec. 4.4). We run seven-day SFINCS

simulations with coastal, pluvial, and fluvial forcing scenarios.
2.3.1 SFINCS compound scenario selection

We generate compound flooding scenarios by pairing coastal, fluvial, and pluvial forcings across their full ranges (Sec. 2.5.1—
2.5.3). SFINCS receives each forcing combination as a seven-day simulation that shares a common domain, boundary setup,
and subgrid configuration. The only difference among SFINCS scenario setups is the choice of forcing magnitudes.

For each pair of flood drivers, we construct a continuous two-dimensional forcing space, discretized with a deterministic
Halton sequence (Halton, 1960). The Halton sequence distributes sample points uniformly across the forcing space. We hold
the third driver at a constant low value so that maps are representative of the inundation resulting from two drivers, as with the
SCMs (Table 1). We describe the physical basis for the forcing ranges we list in Table 1 (Sec. 2.5). Similar to the SCMs, we
apply a uniform precipitation depth throughout the SFINCS domain. We set coastal water level to 0 m NAVDS8S for fluvial—
pluvial scenarios, which falls between mean low water (-0.07 m NAVDS88) and mean sea level (0.07 m NAVDS8S) at the Port
Arthur tide gage. We set discharge to baseflow for coastal-pluvial scenarios and set precipitation depth to 0 mm for fluvial—

coastal scenarios.



le6 SFINCS model setup

3 N e { Legend

3.38 1 {) Observation points
/A Water level forcing
[> Discharge forcing

—— Water level boundary

—— Outflow boundary

-------- River centerlines

3.34
g
S
<
— =2
E £E
> 3,32 4 z
s
[=]
Qo
°
3.30
3.28

360000 380000 400000 420000 440000 460000
x [m] - NAD83 / UTM zone 15N

Figure 2. SFINCS model setup. Basemap © OpenStreetMap contributors.

Table 1. SFINCS compound scenario types and corresponding forcing ranges.

Forcings
Scenario type Coastal [m NAVD88]  Fluvial® [m®s~']  Pluvial [mm]
Fluvial-pluvial 0 25 to 20000 10 to 300
Coastal—pluvial 0.1t02.0 baseflow” 10 to 300
Fluvial—coastal 0.1t02.0 25 to 20000 0
@ Represents maximum discharge within the watershed.
b Historical NWM baseflow condition (Sec. 2.5.2).
160 We generate 1000 forcing combinations across the three pairs of drivers. The three forcing grids (coastal-pluvial, fluvial—

pluvial, and fluvial-coastal) span the full ranges of coastal water level, maximum discharge, and precipitation depth. The

Halton-sampled points evenly fill each forcing space (Fig. 3). This approach provides broad coverage while keeping the total

number of SFINCS simulations computationally feasible.
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Figure 3. Halton-sequence coverage of compound forcing spaces used for SFINCS simulations. The three panels show 1000 forcing com-
binations across the three pairs of drivers: (A) coastal-pluvial, (B) fluvial-pluvial, and (C) fluvial-coastal. Apparent clustering near zero

discharge reflects the non-uniform spacing of fluvial forcing magnitudes, where resolution at low flows is increased (Sec. 2.5.2).

Each SFINCS run produces a time series of water surface elevation on the 50 m grid. We compute the maximum value over
the full seven-day period at every coarse grid cell and downscale the coarse maximum water surface grid to a 1 m depth grid.
We sample the 1 m maximum depth grid at each POI/HWM. The sampled depths form the inputs for rating surface construction
(Sec. 2.6).

2.4 Datasets

We obtain 1 m resolution bare-earth digital elevation models (DEM) from the USGS 3D Elevation Program for Silsbee and
areas outside of Jefferson County (USGS, 2024) and from the TNRIS StratMap Program for Port Arthur and areas within
Jefferson County (TNRIS, 2017) (Fig. 1). We obtain bathymetry with the finest available resolution of 4 m from NOAA
BlueTopo (NOAA, 2025a). We delineate the coastline using U.S. Census TIGER/Line data (US Census Bureau, 2025). All
geospatial datasets reference UTM Zone 15N coordinates (EPSG:26915) and the NAVDS8S vertical datum (EPSG:5703).

Stream reaches, gage-adjusted mean annual flow for each stream reach, and stream reach catchments are from the National
Hydrography Dataset Version 2 Medium Resolution (NHDPlusV2 MR) Dataset, which is maintained by the USGS (McKay
et al., 2012). The National Water Model (NWM) provides historical flow rates (Cosgrove et al., 2024) and the USGS provides
hydraulic geometry estimates including bankfull width and depth (Schwarz et al., 2018) for each NHDPlusV2 MR stream
reach. We assign channel Manning’s n by stream order following GeoFlood’s current implementation, and where stream order
is unavailable we assign n to 0.03. Outside of stream channels, we assign roughness based on the 2023 National Land Cover
Database 30 m dataset (USGS, 2025) with recommended land cover class—Manning’s n mappings from the HEC-RAS manual
(USACE, 2025).
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Table 2. High-water mark (HWM) and point-of-interest (POI) information.

Site Location Type

Port Arthur POI 1* S Gulfway Dr & Valero Refinery Gates Industrial

Port Arthur POI 2 Linkwood St & Austin Ave Residential

Port Arthur POI 3 W 10th St & Herget Ave Residential

Port Arthur HWM 1*  Under West Port Arthur Bridge Bridge crossing
Port Arthur HWM 2 Back of St John’s Catholic Church Drainage swale
Port Arthur HWM 3 Across from Booker T. Washington Elementary ~ Drainage swale
Silsbee POI 1* Hwy 96 & FM 327 Downtown
Silsbee POI 2 Maxwell Dr & Lindsey Residential
Silsbee POI 3 Watts Rd & FM 327 Highway underpass
Silsbee HWM 1 Upstream side of bridge on FM 1122 Bridge crossing
Silsbee HWM 2 Upstream of culvert on FM 327 Culvert crossing
Silsbee HWM 3? Downstream of bridge on FM 92 Bridge crossing

2 Located on or adjacent to a TxDOT-designated evacuation route.

We calculate rating surfaces at 12 point locations: three POIs and three HWMs in both Silsbee and Port Arthur (Table 2). We
select POIs at locations where estimating compound flood depth for specific combinations of hydrological forcings is important
for identifying management strategies. POIs are located in residential areas, along hurricane evacuation routes (TxDOT, 2025),
and near critical infrastructure (Fig. 1). USGS collected the HWMs after Hurricane Harvey (USGS and Arctur, 2018).

To validate the rating surfaces, we use observed forcing magnitudes from Hurricane Harvey. Peak stream segment discharges
were 6140 m3s~! at Silsbee and 14440 m3s~! at Port Arthur according to NWM retrospective data. Coastal water level at the
Port Arthur tide gage reached 1.13 m NAVDS88. The National Hurricane Center reported 173 mm of rainfall within one hour
during Hurricane Harvey (Blake and Zelinsky, 2018). This depth corresponds to the 1000 yr, 1 h event at Beaumont (NOAA,
2025b), which we adopt as the representative precipitation depth for validation. These values are used as inputs to the rating

surfaces to evaluate modeled flood depths against the observed high-water marks.
2.5 Compound flood forcings

We select coastal, fluvial, and pluvial forcing ranges to generate a broad set of synthetic forcing scenarios for which we simulate
flooding and construct rating surfaces. The individual drivers in each scenario span a forcing envelope from baseline conditions
to values above recently observed tropical cyclone flood conditions in Southeast Texas. We simulate these scenarios with both
SCMs (Sec. 2.2) and SFINCS (Sec. 2.3). We design these scenarios to evaluate compound flood depth sensitivity across relevant
conditions in Southeast Texas. Pairing high-magnitude compound flood forcings produces rare combinations; multivariate
statistical methods are required to estimate the joint likelihood of these combinations (Jane et al., 2025; Zheng et al., 2014).

This study is concerned with simulating physically relevant combinations to evaluate possible compound flood depth responses
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at points of interest, rather than assigning probabilities to each joint occurrence. Coastal water levels span typical to extreme
values at the Port Arthur tide gage (Sec. 2.5.1), discharge scenarios span below-baseflow to greater-than-Harvey conditions
(Sec. 2.5.2), and precipitation depths span frequent to rare rainfall totals based on NOAA depth-duration-frequency (DDF)

estimates for Beaumont (Sec. 2.5.3).
2.5.1 Coastal

We apply coastal water levels ranging from 0.1 m to 2.0 m by increments of 0.1 m. The maximum water surface elevation
measured by the NOAA tide gage at Port Arthur (Station 8770475) is 1.13 m (record begins in 2004). c-HAND calculates a
static maximum coastal inundation map for each coastal water level, while we force SFINCS with a constant coastal water
level throughout each seven-day simulation and obtain the corresponding downscaled maximum inundation maps. We apply
constant coastal water levels to the SFINCS hydrodynamic simulations for parity with c-HAND, which estimates static max-
imum inundation extent for a specified coastal water level. We apply this constant forcing to estimate maximum inundation

conditional on a specified coastal water level.
2.5.2 Fluvial

We generate fluvial scenarios consisting of discharge ensembles. First we obtain gage-adjusted mean annual discharge from
the NHDPIlusV2 EROM dataset (US EPA, 2015). Then we assign discharge to each stream reach based on its mean annual
discharge relative to the minimum and maximum in the study area, resulting in a vector of normalized discharges ranging from

0to 1 (Eq. 4). We multiply this vector by a constant value to generate a corresponding synthetic discharge scenario (Eq. 5):

Qi,norm = % V1 (4)
Qscenario =Cx Qnorm (5)

where @Q; norm 1S the normalized discharge at stream segment 4, (); is mean annual discharge at stream segment ¢, Q;in iS the
minimum mean annual discharge of a stream segment in the study area, (Qy,ax is the maximum mean annual discharge of a

stream segment in the study area, Q is the vector of discharges corresponding to a synthetic discharge ensemble, C'is the

scenario

scaling factor corresponding to the maximum discharge (m®s~') for a given synthetic scenario, and Q is a dimensionless

norm
vector of the normalized discharges at each stream segment. We force GeoFlood and SFINCS using fluvial scenarios defined
by scaling factors C' corresponding to maximum discharges ranging from 25 m?®s~! to 20000 m®s~! (from less than baseflow

to greater than Harvey)'. GeoFlood produces a static maximum inundation map associated with each fluvial scenario, while

IC [m3s~1]: 25, 50, 75, 100, 200, 300, 400, 500, 600, 700, 800, 900, 1000, 1500, 2000, 2500, 3000, 3500, 4000, 4500, 5000, 5500, 6000, 6500, 7000,
7500, 8000, 8500, 9000, 9500, 10000, 10500, 11000, 11500, 12000, 12500, 13000, 13500, 14000, 14500, 15000, 15500, 16000, 16500, 17000, 17500, 18000,
18500, 19000, 19500, 20000.

10
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we force SFINCS with each constant fluvial scenario throughout each seven-day simulation and obtain the corresponding
downscaled maximum inundation maps.

To validate the discharge scaling method, we compare scaled synthetic discharges with maximum NWM discharges from
three major flood events in Southeast Texas—Hurricane Ike, Hurricane Harvey, and Tropical Storm Imelda—as well as baseflow
conditions. We use the modified Kling-Gupta Efficiency (mKGE) and the Nash-Sutcliffe Efficiency (NSE) to evaluate agree-
ment between scaled synthetic discharges and observed NWM peak discharges across stream reaches (Kling et al., 2012; Nash
and Sutcliffe, 1970):

Z?:l (Qobs,i - Qpred,i>2

NSE=1- <= ©)
Zi:l (QObS,i - Qobs)2
mKGE =1—/(r =1)2+ (8 - 1)2+ (y - 1)? (7
@pred
— P 8
ﬂ Qobs ( )
v = Cvpred _ Jpred/@pred (9)

a CVObS a UObS/@obs

where Qpred,; and Qobs,; are the predicted synthetic and observed NWM peak discharges at stream segment ¢, respectively, n
is the number of stream segments, and the terms @ CV, and o are the mean, coefficient of variation, and standard deviation
of peak discharge, respectively, across stream segments for a given site and event. The mKGE terms r, /3, and -y represent
the Pearson correlation coefficient, bias ratio, and variability ratio, respectively; all three terms are dimensionless. We report
mKGE and NSE as dimensionless measures of model performance to compare events across different magnitudes and sites.
Both the NSE and mKGE metrics range from —oo to an optimum value of 1. mKGE values closer to 1 indicate better agreement
in the correlation, bias, and variability of predicted and observed peak discharges across stream segments. NSE values closer
to 1 indicate better agreement between predicted and observed peak discharges; a value of 0 indicates that predicting the mean
observed peak discharge for every stream segment performs as well as the predicted discharges. The mKGE values range
from 0.5804 to 0.9893 (Fig. S1a), indicating that the discharge scaling method provides an efficient, approximate technique for
systematic generation of multiple synthetic fluvial scenarios. The NSE values range from 0.9460 to 0.9998 (Fig. S1b), however,
because we scale synthetic discharges by their corresponding NWM peak flows (Eq. 4-5), NSE values tend to be high.

2.5.3 Pluvial

We generate pluvial scenarios with total precipitation depths ranging from 10 mm to 300 mm, incremented by 10 mm. Fill-
Spill-Merge calculates a static maximum inundation map for each depth, while we force SFINCS with precipitation time series

corresponding to each depth. SFINCS requires a precipitation time series rather than a total depth. We derive these time series

11
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using the NOAA precipitation DDF table for Beaumont (Station ID 41-0611), which is located near the geographic midpoint
between Silsbee and Port Arthur (NOAA, 2025b).

To generate the SFINCS precipitation time series for each depth scenario, we assign an annual recurrence interval (ARI)
ranging from 1 yr to 1000 yr, with larger ARI values assigned to larger depths (Fig. S2). We then enter the DDF table with
the scenario’s ARI and depth, using regular grid interpolation to extract the corresponding storm duration. We calculate the
precipitation intensity as a constant rate that is a function of the scenario’s assigned depth and interpolated duration: the
intensity is the scenario depth divided by the interpolated duration. The resulting precipitation scenario is a hyetograph with a
spatially uniform and temporally constant intensity applied over the interpolated duration at the beginning of each seven-day
simulation, followed by zero rainfall for the remainder of the simulation.

For example, we assign a 2 yr ARI to the 50 mm depth scenario. Interpolating the DDF table shows that this ARI and
depth combination corresponds to a storm duration of 0.7 h at Beaumont. The constant intensity needed to apply 50 mm of
precipitation over 0.7 h is 71.43 mmh~!. The precipitation time series supplied to SFINCS for the 50 mm depth scenario
therefore consists of 71.43 mmh ™! for the first 0.7 h of the seven-day simulation, followed by 0 mmh~! for the remainder of

the simulation. We repeat this process for each pluvial scenario.
2.6 Rating surfaces

We define rating surfaces as contour plots of maximum compound flood depth across pairwise combinations of flood drivers.
We first estimate flood inundation for a finite ensemble of forcing combinations and magnitudes with a compound flood model,
in this case SCMs or SFINCS. Any model that outputs maximum flood inundation depth grids given varying magnitudes of
compound flood forcings may be used. Then we construct rating surfaces by sampling the resulting high-resolution maximum
depth grids at POI/HWM and interpolating two-dimensional contours of compound flood depth. These contours illustrate the
compound flood depth response to variation in two flood drivers at a fixed location while the third driver remains constant.
Rating surfaces allow estimation of compound flood depth for forcing combinations that were not explicitly simulated, given
that the forcing combination of interest is within the simulated forcing range. Though we model up to three compound flood
drivers at each POI, we plot rating surfaces as two-dimensional contours of compound flood depth to present multiple data
sources simply and clearly. Representing compound flood depth as a function of three forcings is possible, but pairwise contours
improve interpretability and clarify individual and joint effects. We apply Gaussian smoothing with o = 3 to reduce small-scale
noise in the interpolated SFINCS rating surfaces (Virtanen et al., 2020). SCM rating surfaces remain unsmoothed because they

exhibit linear patterns without noise.

3 Results

Coastal—pluvial rating surfaces show that maximum flood depth at Port Arthur increases primarily with coastal water level and
more modestly with precipitation (Fig. 4a—1). SCM estimates at Port Arthur HWM 1 and 2 vary only with coastal water level
(Fig. 4g,i). This result is expected given Port Arthur’s low-relief topography and proximity to the coast. At inland Silsbee,

12
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maximum flood depth varies mainly with precipitation and is largely insensitive to coastal water level, as coastal inundation
does not reach these locations (Fig. 4m—x). Coastal-pluvial rating surfaces show the closest agreement between SCM and
SFINCS among the three forcing pairs. The models produce similar overall response patterns and depth ranges at most Port
Arthur POI/HWM locations and at Silsbee POI 3. However, SFINCS captures more localized variation across the forcing
combinations. The largest differences occur at Silsbee POI 1-2 and HWM 1-2, where the SCM and SFINCS rating surfaces
predict different precipitation-driven responses (Fig. 4m—p,s—v).

Fluvial—coastal rating surfaces show that maximum flood depth at Port Arthur is controlled primarily by coastal water level,
with river discharge exerting a minor influence (Fig. Sa—1). The exception is the SCM estimate at POI 1, which also varies
with river discharge (Fig. 5a). At inland Silsbee, the pattern reverses, with maximum flood depth varying primarily with river
discharge rather than coastal water level (Fig. Sm—x). Several Silsbee locations are not inundated under the fluvial-coastal
forcing combinations (Fig. 5n,p,q,1,u,v), suggesting that pluvial flooding is a more dominant regime at these locations. SCMs
and SFINCS produce similar response patterns at most POI/HWM locations. However, SCMs predict substantially greater
depths than SFINCS at Silsbee POI 1 and 2, with maximum differences of nearly 2 m and 7 m, respectively (Fig. Sm—p). We
will discuss the cause of these discrepancies (Sec. 4).

Fluvial-pluvial rating surfaces show mixed agreement between SCM and SFINCS (Fig. 6). At Port Arthur, maximum flood
depth varies primarily with precipitation, with the exception of the SCM estimate at POI 1, which indicates river discharge as
the dominant flood driver (Fig. 6a—1). Port Arthur POI 1 is located within a terrain depression that is filled by the SCM Fill-
Spill-Merge after approximately 200 mm of precipitation, after which river discharge contributes to additional depth variation.
Both SCMs and SFINCS predict zero or nearly zero inundation at Port Arthur HWM 1 and 2 under most fluvial-pluvial forcing
combinations, indicating that coastal forcing is the primary cause of flooding at those locations (Fig. 6g—j). At Silsbee, SCM
rating surfaces show flood depth varying with both precipitation and river discharge, whereas SFINCS rating surfaces vary
primarily with precipitation (Fig. 6m—x). The largest differences in depth range again occur at Silsbee POI 1 and 2, where
SCMs predict depths more than 2 m and 7 m greater than SFINCS, respectively (Fig. 6m—p). Despite these differences in
predicted forcing contributions, SCMs and SFINCS predict similar depths at the Silsbee HWM locations when evaluated using
Hurricane Harvey forcings (Fig. 6s—x).

We validate the rating surfaces approach by comparing predicted flood depths against observed Hurricane Harvey HWMs in
Port Arthur and Silsbee (Fig. 7). We select three HWMs collected during Hurricane Harvey for each study area and calculate
rating surfaces at their locations (Figs. 4-6, panels s—x). We extract predicted maximum flood depths from each rating surface
using the maximum fluvial, pluvial, and coastal forcings observed during Harvey (Sec. 2.4). At Port Arthur, depth errors range
from -0.52 m to 0.56 m for both SCM and SFINCS. At Silsbee, depth errors range from -0.53 m to 2.26 m with SCMs and
-0.53 m to 1.99 m with SFINCS. With the exceptions of HWM 2 at Port Arthur and HWM 3 at Silsbee, observed HWMs lie
within the envelope of depths predicted across the three forcing pairs. Across both study areas, SCM and SFINCS predictions
given the Harvey forcing combination are broadly similar, even at sites where predicted and observed depths diverge. This
result may indicate that SCMs capture dominant patterns of hydrodynamic simulations despite their approximations. The

largest discrepancies occur at the inland Silsbee sites, where pluvial and fluvial contributions are more uncertain due to low-
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Figure 4. Coastal-pluvial rating surfaces derived from simplified conceptual models (SCMs; left columns) and SFINCS (right columns).

Panels show compound flood depth as a function of coastal water level and precipitation across POI/HWM in both study areas.

relief topography and HWM collection near bridges and culverts. Uncertainties in the observed Hurricane Harvey forcings,

including peak discharge reported by the NWM (Timilsina and Passalacqua, 2025) and extreme rainfall observations (Blake

and Zelinsky, 2018), may also impact the accuracy of their corresponding rating surface-derived depths.

4 Discussion

Rating surfaces constructed from ensemble simulations allow maximum compound flood depth estimation across any pair

of flood drivers within the modeled forcing range. The results reveal local variation in flood driver influence on maximum

compound flood depth. Comparing rating surfaces constructed from different model classes helps to clarify where higher-

fidelity hydrodynamic simulations improve estimates. In this section we revisit the research questions posed in the introduction,

discuss limitations and uncertainties, and conclude.
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Figure 5. Fluvial—coastal rating surfaces derived from simplified conceptual models (SCMs; left columns) and SFINCS (right columns).

Panels show compound flood depth as a function of maximum discharge and coastal water level across POI/HWM in both study areas.

4.1 RQ1: Estimating compound flood depth with rating surfaces

Rating surfaces convert ensembles of flood inundation simulations into location-specific relationships between maximum com-
pound flood depth and pairs of forcing variables. Within the sampled forcing range, rating surfaces provide depth estimates
for all forcing pairs, including pairs that were not explicitly simulated. We construct rating surfaces from both SCM and
SFINCS simulations, demonstrating that the framework is independent of the underlying flood inundation model. Extend-
ing prior fluvial—coastal response surfaces for channel water levels (Muiioz et al., 2022), the rating surfaces we develop here
represent maximum compound flood depth at POIs and HWMs across coastal-pluvial, fluvial-coastal, and fluvial-pluvial
forcing pairs. This representation makes it possible to identify the relative influence of coastal water level, river discharge, and

precipitation on maximum flood depth at nearby locations.
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Figure 6. Fluvial-pluvial rating surfaces derived from simplified conceptual models (SCMs; left columns) and SFINCS (right columns).
Panels show compound flood depth as a function of maximum discharge and precipitation across POI/HWM in the Port Arthur and Silsbee

study areas.

4.2 RQ2: Local compound flood depth response

Rating surfaces reveal that the relative influence of flood drivers on maximum compound flood depth varies across POIs and
HWMs. At Port Arthur, coastal-pluvial and fluvial-coastal rating surfaces vary strongly with coastal water level across most
locations, while precipitation also modifies depth and river discharge has a less pronounced influence. In contrast, fluvial—
pluvial rating surfaces at Port Arthur vary primarily with precipitation. These patterns are consistent with the low-lying coastal
setting of Port Arthur, where coastal water levels strongly influence maximum inundation depth. The Silsbee rating surfaces
exhibit greater spatial heterogeneity. Coastal water level has little influence on maximum compound flood depth at these inland
sites; instead, precipitation, river discharge, or both account for the largest variation. This heterogeneity is particularly apparent

in the fluvial-pluvial surfaces at Silsbee, where SCM estimates vary with both precipitation and river discharge, while SFINCS
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Figure 7. Observed and predicted high-water mark (HWM) flood depths at Port Arthur and Silsbee. Observed Harvey HWM depths are
shown with predicted depths extracted from coastal-pluvial, fluvial-coastal, and fluvial-pluvial rating surfaces derived from SFINCS and

simplified conceptual models (SCM).

estimates vary primarily with precipitation. This result shows that even among nearby inland locations, the relative importance

of flood drivers can vary spatially and depend on the underlying flood model.
4.3 RQ3: Agreement between SCM- and SFINCS-derived rating surfaces

SCM-derived rating surfaces reproduce the first-order patterns of SFINCS-derived rating surfaces at many locations, particu-
larly for coastal-pluvial scenarios in Port Arthur. Both approaches identify the same dominant flood driver in the majority of
cases and produce comparable depth ranges at many POIs and HWMs. However, the agreement between SCMs and SFINCS
is not uniform. Large discrepancies occur at Silsbee POI 1 and POI 2, where SCMs estimate greater fluvial contributions than
SFINCS for both fluvial-coastal and fluvial-pluvial forcing pairs. These differences are due to a known limitation of HAND-
based methods that causes increased inundation depth in isolated river segment catchments (Aristizabal et al., 2023). Because
SFINCS is a hydrodynamic model, the SFINCS rating surfaces contain localized curvature and nonlinear patterns that SCMs

do not reproduce with their simplified combination rules (Sec. 2.2.1).
4.4 Limitations and uncertainties
Rating surfaces inherit structural limitations from their underlying flood inundation mapping tools. In the case of SCM-based

rating surfaces, we estimate inundation extent and depth with static topographic relationships, rather than solving a form of
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the shallow-water equations. SCM-based estimates do not consider hydrodynamic processes such as flow routing, backwater
effects, or drainage infrastructure. These limitations are particularly important on low-relief terrain, where static approaches
like HAND and c-HAND may overestimate flood inundation (Johnson et al., 2019; Garousi-Nejad et al., 2019; Scriven et al.,
2021; Wang et al., 2024). Depth estimates derived from SCMs should be interpreted as efficient, first-order approximations
of maximum inundation scenarios, rather than event-specific hydrodynamic predictions. The interaction between coastal and
inland flooding is nonlinear (Bilskie and Hagen, 2018); accordingly, SCM-derived rating surfaces may under- or overestimate
compound flood depth at individual locations. We compare with SFINCS to identify where our SCM combination rules for
compound flood depth (Eqs. 1-3) reproduce first-order depth patterns and where explicit hydrodynamic representation becomes
important.

We construct rating surfaces from pairwise combinations of flood drivers, varying two flood drivers while holding the
third driver at a baseline value. In reality compound flood depth may depend on interactions between three or more flood
drivers (Zscheischler et al., 2018). We depict maximum compound flood depth at POIs as two-dimensional rating surfaces to
facilitate interpretability and comparison between SCM and SFINCS results. In addition to limiting our analysis to two varying
flood drivers, we simplify the spatial and temporal representation of the individual forcings within each scenario. The coastal
simulations in this study apply a constant water level boundary rather than a tidal or storm-surge hydrograph. This choice
supports comparison with static maximum coastal inundation estimates from c-HAND, but does not represent event-specific
details including surge timing or tidal effects. Similarly, we apply spatially uniform precipitation with a simplified temporal
distribution for the SFINCS simulations. Rating surfaces should therefore be interpreted as conditional maximum inundation
approximations, rather than reconstructions of time-varying flood events.

We assume saturated soil and an at-capacity drainage system for both SCMs and SFINCS. Fill-Spill-Merge does not repre-
sent infiltration or drainage infrastructure; we neglect infiltration in SFINCS to impose a consistent saturated, drainage-limited
condition across approaches. This choice avoids confounding the model comparison with differences in infiltration representa-
tion, allowing results to be interpreted more directly in terms of model structure. Soil moisture observations during Hurricane
Harvey and Tropical Storm Imelda in Southeast Texas support the plausibility of saturated soil conditions during intense rainfall
events, and local drainage regulations indicate that drainage systems may also be capacity-limited during those events (Case
et al., 2021; Jefferson County Drainage District No. 7, 2019). However, representing infiltration does improve the accuracy of
extreme flood simulations (Li et al., 2022). By neglecting infiltration, we may overestimate pluvial contributions to compound
flood depth at POIs. So, maximum compound flood depths predicted by rating surfaces may be more applicable during intense
events where saturated soil and capacity-limited drainage are more likely.

Rating surface accuracy also depends on the quality of input datasets, including elevation, hydrography, land cover, and
forcings. Missing or inaccurate hydrography can affect fluvial inundation accuracy, for example, the absence of an NHDPlusV2
MR flowline along part of the Sabine—Neches Waterway may bias local fluvial depth estimates. Modeled flood depth is also
sensitive to DEM quality, especially on low-relief terrain. Additionally, uncertainty in observed forcings during a given event
affects the accuracy of maximum flood depths extracted from rating surfaces. Although prior studies have evaluated the models

used in this study (other than Fill-Spill-Merge) against past events (Zheng et al., 2022; Wang et al., 2024; Sebastian et al.,
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2021; Chowdhury et al., 2026), and we compare rating surface estimates of maximum compound flood depth with Hurricane
Harvey high-water marks (Fig. 7), this study does not calibrate to or validate against other tropical cyclones that have impacted

Southeast Texas.
4.5 Conclusions and future work

Independent of the underlying flood model, rating surfaces allow maximum compound flood depth to be estimated for any
pair of forcings within the modeled range. This representation permits exploration of an arbitrary number of forcing scenarios
without requiring additional model runs, despite modeling only a finite subset of scenarios. In this sense, rating surfaces extend
the role of a stage-discharge rating curve to compound flooding by providing a compact, location-specific relationship between
multiple flood drivers and maximum flood depth.

Rating surfaces do not characterize the frequency at which forcing combinations occur or the relative contributions of flood
drivers to historical events, which can vary spatially and seasonally (Sohrabi et al., 2025). We select forcing combinations
in this study that span physically relevant conditions in Southeast Texas, without addressing their probabilities of occurring
jointly. In order to quantify the joint likelihood of paired coastal, fluvial, or pluvial forcings, multivariate statistical analysis
is required (e.g., Jane et al., 2025; Moftakhari et al., 2019; Zheng et al., 2014). Future work could pair rating surfaces with
joint probability models of compound flood drivers, similar to some probabilistic flood hazard assessments that have been
implemented in Dutch regulatory frameworks (Geerse et al., 2011; Duits, M. T., 2004).

This study introduces rating surfaces as a method to quantify and visualize compound flood depth as a function of two
flood drivers at points of interest. We generate large ensembles of high-resolution inundation scenarios using both simplified
conceptual models and a hydrodynamic model and sample these scenarios at POIs to construct rating surfaces. The resulting
surfaces provide an interpretable representation of how local flood depth responds to combinations of precipitation, discharge,
and coastal water level. Rating surfaces from both simplified and hydrodynamic modeling approaches capture relatively consis-
tent first-order patterns across the range of forcings that we investigate. However, the hydrodynamic model captures finer-scale
nonlinearities and local differences in interactions among flood drivers that the simplified models do not represent. These
differences suggest that simplified models may be well suited to rapid scenario exploration, but hydrodynamic modeling is
necessary when nonlinear interactions substantially affect local compound flood depth estimates. Validation against Hurricane
Harvey high-water marks shows that rating surfaces reproduce event-scale magnitudes within the limits of underlying topog-
raphy, hydrography, and historical forcing uncertainties. The spatial variability we observe across nearby POIs underscores
the importance of neighborhood-scale analyses and high-resolution elevation data when assessing flood hazards in developed
low-lying areas. Rating surfaces are a flexible tool for representing compound flooding at locations of interest across diverse

modeling environments.

Supplement. The supplement related to this article is available online at [x].
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Figure S1. Performance of the discharge scaling method across historical flood events and
a representative low-flow (baseflow) snapshot from NWM in Silsbee and Port Arthur. Bars
show agreement between scaled synthetic and NWM peak discharges across stream
reaches using (a) modified Kling-Gupta Efficiency (mKGE) and (b) Nash-Sutcliffe Efficiency
(NSE). Values closer to 1 indicate better agreement.
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Abstract. Compound flooding in low-relief coastal regions arises from interactions among coastal water levels, river discharge,
and precipitation. Capturing these interactions typically requires coupled hydrodynamic models, which can be computationally
intensiveexpensive, limiting their use in high-resolution or large-ensemble analyses. In this study, we introduce rating-surfaces:
the rating surface, a model-agnostic framework that transforms ensembles of flood inundation simulations into two-dimensional
plots—that-previde-contours of compound flood depth at points of interest given-across pairs of potentially interacting flood
drivers. Using Southeast Texas as a testbed, we generate synthetic inundation scenarios with both efficient terrain-based models
(c-HAND, GeoFlood, and Fill-Spill-Merge) and the reduced-physics hydrodynamic model SFINCS. Sampling these scenarios
at points of interest yields rating surfaces that characterize how precipitation, discharge, and coastal water level jeinthy-influence
maximum compound flood depth. Across locations, simplified and hydrodynamic models produce similar depth patterns, but
SFINCS captures finer-scale nonlinearities. The two approaches provide comparable depth estimates ;-and their prediction

envelope typically includes the observed high-water marks. Rating surfaces provide an efficient tool for evaluating-compound

scenario assessment and eommunteation-of-communicating compound flood hazards at points of interest.

Copyright statement. Author(s) 2026. This work is distributed under the Creative Commons Attribution 4.0 License.

1 Introduction

Flooding is the most frequent and widespread natural disaster;-it+-has-affeeted-, affecting over 2 billion people globally from
1998 to 2017 (Wallemacq et al., 2018) and it-eests—costing the United States over-$more than USD 180 billion annually
(U.S. Congress, 2024). Over 50% of the U.S. population now lives in coastal watersheds (Crossett et al., 2013), and the
global coastal population is projected to exceed 1 billion by 2060 (Neumann et al., 2015; Reimann et al., 2023). Fropical
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eyelonesThese populations are particularly vulnerable to tropical cyclones, which threaten coastal areas (Pullaartet-al52021)
—eausing-damages-over-$worldwide (Dullaart et al., 2021) and have caused over USD 1.425 trillion in damages in the United
States from 1980 to 2024, with an average cost of $USD 22.3 billion per event (Smith, 2024). Trepical-eyelones-have-caused

i tng-Recent tropical cyclones that produced severe
MMHunicane Harvey (2017), Tropical Storm Imelda (2019), Hurricanes Isaias --and Laura
(2020), Hurricane Ida (2021), Helene;-and Hurricanes Helene and Milton (2024). As coastal populations grow and face

inereasing-their exposure to flooding and tropical cyclones increases, understanding the interplay between-among multiple

flood drivers is crucial.

e-Compound events are natural hazards that
co-occur over time or space and threaten society and the environment (Zscheischler et al., 2020). In coastal settings, compound
flooding often occurs when storm surge, riverine flooding, and heavy rainfall may-interactto-amplify-tmpacts—Compound

eoastal-floedingpesesinteract, amplifying flood impacts beyond those caused by any single driver (Bevacqua et al., 2020; Hao and Singh, 2

. These events pose considerable challenges for prediction and hazard assessment, especially in low-relief coastal regions -

coastal residents are highly exposed. Compound flooding is often triggered by tropical cyclones, which can generate storm
surge, fluvial flooding, and pluvial flooding -—wh

Green et al., 2025). The primary drivers of compound eeastat-fleeding—eoastal-flooding—coastal water levels, precipitation,
and river flew—are-flow—are interdependent and inherently correlated (Zheng et al., 2013; Wahl et al., 2015; Moftakhari et al.,

2017; Hendry et al., 2019). These mechanisms-drivers can act simultaneously or sequentially, leading-to-producing dynamic
interactions that amplify flood hazards. Predicting compound-coastal-floeding-these interactions is particularly challenging in
low-relief flood transition zones, where hydrologic and coastal flood drivers-interactin-a-nonlinear-manner-processes interact
nonlinearly (Shen et al., 2019; Bilskie et al., 2021; Santiago-Collazo et al., 2024). Sterm-For example, storm surge, driven

by strong winds and low atmospheric pressure, raises coastal water levels --which-and can impede river discharge, leading-to

causing backwater effects and prolonged inland flooding {Santiage-CoHaze-et-al; 2649 (Lewis et al., 2013; Wijetunge and Neluwala, 2023

. Similarly, heavy precipitation can saturate soils, redueing-infiltrationand-exacerbatingreduce infiltration, and increase runoff,
while high tides and waves can further elevate water levels (Bilskie and Hagen, 2018).

food et
Accurate flood estimation is essential for flood management; however, no single modeling-approach is ideally suited to

eapfuf&c—empeuﬂéeeasta% w&%‘m flood events. Researchers and policymakers use three broad eategeries
tngapproaches

to estimate flooding: empirical methods, hydrodynamic
models, and simplified conceptual models (Teng et al., 2017). These models-address-flood-related-flood estimation approaches
help address challenges in planning, impact assessment, and emergency response (Bates, 2022)—Each-, but each approach has
strengths and limitations that influence its applicability-—
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Empirical-metheds-produee-utility. Empirical methods provide direct observations of compound flooding, including remote
sensing, sensor data, and crowdsourced information (Tellman et al., 2021; Hamidi et al., 2023; Silverman et al., 2022; Das-

gupta et al., 2022). While empirical methods are invaluable for planning and post-event assessments, these-methods-aretess

applicable-to-real-time-deeiston—suppert-and-observed inundation alone is less suited to predictive and scenario-based com-
pound flood analysis—, which requires representing interacting flood drivers such as coastal water level, rainfall, and riverine
flow (Santiago-Collazo et al., 2019; Loveland et al., 2021). As a result, process-based and simplified modeling approaches are

often needed to estimate flooding under current or hypothetical forcing conditions.
Hydrodynamic models estimate flow using the Navier-Stokes equations, making-them-and are widely adopted for flood simu-

lations (Bates, 2022). To balance accuracy and efficiency, hydrodynamic modelers often simplify the Navier-Stokes equations 5
using two-dimensional shallow-water or one-dimensional Saint-Venant formulations (Westerink et al., 1992; Horritt and Bates,

2002; USACE, 2025). Coupled hydrodynamic models have been developed to describe compound flood processes, with some
tools optimized for computational efficiency H ~ Leijnse et al., 2021; Lee et al., 2025). However, computa-

tional demands limit hydrodynamic models’ applicability to real-time or high-resolution scenarios (Santiage-Collazo-et-al; 2019 Miuraet

Miura et al., 2021b).

Simplified conceptual models use physical principles, geographic information systems (GIS), and terrain analysis to esti-
mate flood extent and depth efficiently (Teng et al., 2017; Bates, 2022). These models do not explieitly-simulate flood dynam-
i ' e, but instead can estimate static flood extent and depth by applying.
W%Womgmphw and hydrologic data. Early applications automated valley bottom
detection to designate flood-prone areas (Williams et al., 2000; Gallant and Dowling, 2003). Some simplified conceptual mod-

els distribute water volume across terrain (Lhomme et al., 2009; Miura et al., 2021b; Shi et al., 2025), while others classify

floodplains based on digital elevation models (Nardi et al., 2006; Manfreda et al., 2011; Samela et al., 2017). Simplified concep-
tual models enable large-scale, high-resolution flood hazard assessments and support rapid decision-making in emergency re-

sponse scenarios Murphy et al., 2025; Jafarzadegan et al., 2023; Preisser et al.

g

al-Although coupled

hydrodynamic models can resolve compound flood processes, their computational cost limits systematic simulation of large-ensemble

forcing scenarios at high spatial resolution (Santiago-Collazo et al., 2019; Miura et al., 2021a). Conversely, simplified con-

ceptual models

Fhis—study—aims—to—quantify—can efficiently estimate static inundation maps across many forcing scenarios, but they do
not resolve hydrodynamics or nonlinear interactions among flood drivers (Teng et al., 2017). Beyond this modeling tradeoff.
compound flood assessment also poses a communication challenge: flood managers need location-specific summaries of how
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ak-gage, but no comparable
tool exists for compound flooding. where flood depth depends on multiple drivers. Together, these challenges leave a practical
gap: a need for an efficient and interpretable tool that communicates how flood depth varies across combinations of coastal
water level, and-river discharge, w i i i i
eorresponding-and precipitation at a given location. We address this gap by proposing rating surfaces, which extend the logic
of rating curves from one-dimensional stage-discharge relationships to two-dimensional eontours-of compound-flood-depth-at

ef-forcing spaces that represent maximum flood depth across pairs of flood forcings at points of interest.
Specifically, in this manuscript we address three research questions:

1. Can rating surfaces, constructed from a finite ensemble of flood inundation simulations, efficiently estimate maximum
compound flood depth for any combination of two flood drivers at points of interest (POIs)?

2. What do rating surfaces reveal about the local influence of different flood drivers on maximum compound flood depth te

in-navigation-channels-at POIs?

3. To what extent do rating surfaces constructed from simplified conceptual models agree with those constructed from
SFINCS, a hydrodynamic model?

Our approach builds on the fluvial—coastal water level surfaces proposed by Mufioz et al. (2022)—We-, but differs by focusing
on maximum compound flood depth at POIs, considering coastal—pluvial, fluvial—coastal, and fluvial-pluvial forcing pairs, and
comparing surfaces derived from both simplified conceptual and hydrodynamic models. Using Southeast Texas as a testbed,
we generate high-resolution (1 m) compound flood inundation scenarios using public datasets and open-source flood-models;
models, sample the
resulting maximum depth grids at point locations to calculate rating surfaces, and compare rating surface-predicted depths
with high-water marks observed during Hurricane Harvey.

2 Methods
2.1 Study areas

Our study areas are the inland town of Silsbee and the coastal city of Port Arthur, both located in Southeast Texas on low-

relief topography susceptible to eeastal-compound flooding (Fig. 1). We choose POIs within regions designated as flood-prone
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Figure 1. Location of (A) Southeast Texas within the state of Texas, (B) the Silsbee and Port Arthur study areas within Southeast Texas,
as well as the SFINCS domain, (C) the Silsbee study area extent and datasets, and (D) the Port Arthur study area extent and datasets. The
vertical datum of the DEMs is NAVDS88. Basemap © OpenStreetMap contributors, © CARTO.

by local stakeholders working with the Southeast Texas Urban Integrated Field Laboratory (SETx-UIFL, 2024). POIs in the
study areas are situated near socially vulnerable populations and critical energy infrastructure. The Southeast Texas region
encompasses the Beaumont-Port Arthur metropolitan area, smaller towns like Silsbee, agricultural lands, forests, and swamps.
Tropical cyclones including Beryl (2024), Imelda (2019), and Harvey (2017) have impacted the area. The region is drained
by the Sabine ;-Neches;-and-Trinity-and Neches Rivers and their tributaries. Terrain slopes gently toward the Gulf of Mexico,

which is typical of the Texas Coastal Plains. The area—contains—GalvestonBay-and-SabineJsake-Sabine Lake is the major
estuary in Southeast Texas.

2.2 Simplified conceptual models

We use three simplified conceptual models (SCMs) to separately estimate the coastal, fluvial, and pluvial components of
compound flooding. Each model produces a maximum inundation depth grid corresponding to one flood driver using high-resolution
terrain data, forcing conditions, and physical approximations. We combine these individual flood driver depth grids to estimate
compound flood depth (Sec. 2.2.1).
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c-HAND produces coastal flood inundation scenarios (Wang et al., 2024). c-HAND is a static method that uses high-
resolution elevation data and a coastal water level forecast to estimate coastal flood extent and depth. It is a modification
of the HAND method and estimates coastal inundation by enforcing an ocean connectivity constraint. A c-HAND backcast
of coastal inundation from Hurricane Ike showed reasonable agreement with an ADCIRC simulation (Wang et al., 2024). We
force c-HAND with coastal water levels (Sec. 2.5.1).

We generate synthetic fluvial flood inundation scenarios with a modification of the GeoFlood workflow (Zheng et al.,
2018). GeoFlood has-been-tsed-to-mode-fluviat-inundationestimates fluvial flood extent and depth from river discharge and
terrain-analysis operations, and has been validated against observations from Hurricane Harvey (Zheng et al., 2022). We force
GeoFlood with synthetic river discharge scenarios (Sec. 2.5.2) in the NHDPlusV2 MR stream reach catchments containing our
POI/HWM.

We estimate pluvial flooding with Fill-Spill-Merge, a terrain depression flow routing algorithm that can be applied to a
broad range of natural phenomena (Barnes et al., 2021). Fill-Spill-Merge has been used to map pluvial flooding in Texas
(Preisser et al., 2022, 2023). We force Fill-Spill-Merge with uniform precipitation depths (Sec. 2.5.3). Because Fill-Spill-

Merge does not take drainage infrastructure or infiltration into account, we assume that soil is saturated and the drainage

system is at capacity ;-which-istikelyfor-during large precipitation events. This assumption is consistent with soil moisture
observations during recent tropical cyclones in Southeast Texas —and local regulations that allow roadway ponding for severe

events (Case et al., 2021;

this assumption (Sec. 4.4).

Jefferson County Drainage District No. 7, 2019). We will discuss the implications and limitations of

2.2.1 Compound flood depth with simplified conceptual models

We produce 1 m resolution coastal, fluvial, and pluvial maximum flood depth grids separately across the study area with the

under-thatforeing—To-approximate-SCMs (Sec. 2.2). To estimate compound flood depth ateach-POIHWM;-we-superimpose
the-estimated-depths-from-two-from these single-forcing maximum flood depth grids, we combine pairs of forcing scenarios
(Eq. 1-3):-. We analyze pairwise combinations of flood drivers to show how compound flood depth responds to variation in
two drivers while the third driver remains constant (Sec. 2.6).

hﬂuvialfpluvial = hpluvial + hﬂuvial (1)
hcoastal—pluvial = max (hcoastah hpluvial) (2)
hﬂuvial—coastal = max (hcoastalahﬂuvial) (3)



where huvial—pluvial 18 the compound flavial-phaviat-fluvial-pluvial flood depth, Acoastal—pluvial 1S the compound eoastal-phavial
coastal—pluvial flood depth, hgyvial—coastal 1S the compound fluvial-eoastal-fluvial—coastal flood depth, hgyyial is the fluvial

flood depth, Apiuvial i8 the pluvial flood depth, and hcoastal is the coastal flood depth.
We use the compound flood depths resulting from Eq. 1-3 to construct rating surfaces for pairs of forcings at each PO/HWM.
165 We sum pluvial and fluvial inundation because fluvial inundation is calculated on a depression-removed DEM and pluvial
inundation is calculated on a DEM including depressions. We take the maximum of coastal and beth—fluvial-and-either

fluvial or pluvial inundation because coastal inundation acts as a downstream boundary condition that controls water sur-

face elevations across low-lying terrain. This-approach—yields—a-conservativetower-bound-estimate-of-These equations do
not represent hydrodynamics or nonlinear interactions among flood drivers (Sec. 4.4). Rather, these equations provide an
170 efficient approximation of maximum compound flood depth i i i g i
(Bifskie and-Hagen; 2048)-with SCMs. We evaluate SCM-derived compound flood depth against SFINCS, which couples

2.3 SFINCS model setup

The SFINCS model domain spans 660100 x 660100 km and uses a 50 x 50 m regular grid with a 1 x 1 m subgrid scheme
175 that resolves fine-scale topography (van Ormondt et al., 2025). We mosaic the topography and bathymetry datasets to cover
the full SFINCS domain (Fig. 2). We apply outflow boundary conditions at domain edges intersecting land and constant
water level boundary conditions at domain edges intersecting the ocean. We assign inflow boundary conditions where stream
reaches intersect the model boundary and at headwaters within the domain. The subgrid tables include NHDPlusV2 MR stream
reach centerline geometry, bankfull width and depth, and channel roughness, as well as land cover-based roughness outside of

180 stream reaches. We disable infiltration in SFINCS to reduce systematic model bias and maintain consistency with the simplified

conceptual-modelsSCMs, which omit infiltration.

at-ourPOIs—which-arelocated-on—impervious—surfaces;:We will discuss the implications and limitations of this assumption
(Sec. 4.4). We run seven-day SFINCS simulations with coastal, pluvial, and fluvial forcing scenarios.

2.3.1 SFINCS compound scenario selection

185 We generate compound flooding scenarios by pairing coastal, fluvial, and pluvial forcings across their full ranges (Sec. 2.5.1—2.5.3).
SFINCS receives each forcing combination as a seven-day simulation that shares a common domain, boundary setup, and sub-
grid configuration. The only difference among SFINCS scenario setups is the choice of forcing magnitudes.
For each pair of flood drivers, we construct a continuous two-dimensional forcing space, discretized with a deterministic
Halton sequence (Halton, 1960). The Halton sequence distributes sample points uniformly across the forcing space. We hold

190 the third driver at a constant low value so that maps are representative of the inundation resulting from two drivers, as with

the simplified-conceptual-modets-SCMs (Table 1). We describe the physical basis for the forcing ranges we list in Table 1

Sec. 2.5). Similar to the SCMs, we apply a uniform precipitation depth throughout the SFINCS domain. We set coastal water
level to 0 m NAVDS8 for fluvial-plevial-fluvial-pluvial scenarios, which falls between mean low water (-0.07 m NAVDS88) and
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Figure 2. SFINCS model setup. Basemap © OpenStreetMap contributors.

Table 1. SFINCS compound scenario types and corresponding forcing ranges.

Forcings
Scenario type Coastal [m NAVD88]  Fluvial® [m®s~']  Pluvial [mm]
Fluvial-pluvial 0 25 to 20000 10 to 300
Coastal—pluvial 0.1t02.0 baseﬂowi 10 to 300
Fluvial—coastal 0.1to02.0 25 to 20000 0

@ Represents maximum discharge within the watershed.

b Historical NWM baseflow condition (Sec. 2.5.2).

mean sea level (0.07 m NAVDS88) at the Port Arthur tide gage. We set discharge to baseflow for eeastal-phavial-coastal—pluvial

195 scenarios and set precipitation depth to 0 mm for fluvial-eoastal-fluvial—coastal scenarios.

We generate 1000 forcing combinations fer-each-pair-across the three pairs of drivers. The three forcing grids (favial—plaviak
eoastal-pluvial-and-eoastal—fluvialcoastal-pluvial, fluvial-pluvial, and fluvial-coastal) span the full ranges of coastal water
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Figure 3. Halton-sequence coverage of compound forcing spaces used for SFINCS simulations. The three panels show 1000 forc-

ing combinations across each-paitthe three pairs of drivers: (A) eeastal-phaviatcoastal-pluvial, (B) fluvial-phaviatfluvial-pluvial, and (C)
flaviat-coastatfluvial—coastal. Apparent clustering near zero discharge reflects the non-uniform spacing of fluvial forcing magnitudes, where

resolution at low flows is increased (Sec. 2.5.2).

level, maximum discharge, and precipitation depth. The Halton-sampled points evenly fill each forcing space (Fig. 3). This
approach provides broad coverage while keeping the total number of SFINCS simulations computationally feasible.

Each SFINCS run produces a time series of water surface elevation on the 50 m grid. We compute the maximum value over
the full seven-day period at every coarse grid cell and downscale the coarse maximum water surface grid to a 1 m depth grid.
We sample the 1 m maximum depth grid at each POI/HWM. The sampled depths form the inputs te-the-rating-surface—for
rating surface construction (Sec. 2.6).

2.4 Datasets

We obtain 1 m resolution bare-earth digital elevation models (DEM) from the USGS 3D Elevation Program for Silsbee and
areas outside of Jefferson County (USGS, 2024) and from the TNRIS StratMap Program for Port Arthur and areas within
Jefferson County (TNRIS, 2017) (Fig. 1). We obtain bathymetry with the finest available resolution of 4 m from NOAA
BlueTopo (NOAA, 2025a). We delineate the coastline using U.S. Census TIGER/Line data (US Census Bureau, 2025). All
geospatial datasets reference UTM Zone 15N coordinates (EPSG:26915) and the NAVDS88 vertical datum (EPSG:51035703).

Stream reaches, gage-adjusted-gage-adjusted mean annual flow for each stream reach, and stream reach catchments are from
the National Hydrography Dataset Version 2 Medium Resolution (NHDPlusV2 MR) Dataset, which is maintained by the USGS
(McKay et al., 2012). The National Water Model (NWM) provides historical flow rates (Cosgrove et al., 2024) and the USGS
provides hydraulic geometry estimates including bankfull width and depth (Schwarz et al., 2018) for each NHDPlusV2 MR
stream reach. We assign channel Manning’s n by stream order following GeoFlood’s current implementation, and where stream

order is unavailable we assign n to 0.03. Outside of stream channels, we assign roughness based on the 2023 National Land
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Table 2. High-water mark (HWM) and point-of-interest (POI) information.

Site Location Type

Port Arthur POI 1* S Gulfway Dr & Valero Refinery Gates Industrial

Port Arthur POI 2 Linkwood St & Austin Ave Residential

Port Arthur POI 3 W 10th St & Herget Ave Residential

Port Arthur HWM 1*  Under West Port Arthur Bridge Bridge crossing
Port Arthur HWM 2 Back of St John’s Catholic Church Drainage swale
Port Arthur HWM 3 Across from Booker T. Washington Elementary ~ Drainage swale
Silsbee POI 1* Hwy 96 & FM 327 Downtown
Silsbee POI 2 Maxwell Dr & Lindsey Residential
Silsbee POI 3 Watts Rd & FM 327 Highway underpass
Silsbee HWM 1 Upstream side of bridge on FM 1122 Bridge crossing
Silsbee HWM 2 Upstream of culvert on FM 327 Culvert crossing
Silsbee HWM 3? Downstream of bridge on FM 92 Bridge crossing

2 Located on or adjacent to a TxDOT-designated evacuation route.

Cover Database 30 m dataset (USGS, 2025) with recommended land cover class—Manning’s n mappings from the HEC-RAS
manual (USACE, 2025).

We calculate rating surfaces at 12 point locations: three POIs and three HWMs in both Silsbee and Port Arthur (Table 2). We
select POIs at locations where estimating compound flood depth for specific combinations of hydrological forcings is important
for identifying management strategies. POF-POIs are located in residential areas, along hurricane evacuation routes (TxDOT,
2025), and near critical infrastructure (Fig. 1). USGS collected the HWMs after Hurricane Harvey (USGS and Arctur, 2018).

For-medel-validationTo_validate the rating surfaces, we use observed forcing magnitudes from Hurricane Harvey. Peak
stream segment discharges were 6140 m®s~! at Silsbee and 14440 m3s~! at Port Arthur according to NWM retrospective
data. Coastal water level at the Port Arthur tide gage reached 1.13 m NAVDS8S. The National Hurricane Center reported 173 mm
of rainfall within one hour ever-SeutheastFexas-during Hurricane Harvey (Blake and Zelinsky, 2018). This depth corresponds
to the 1000 yr, 1 h event at Beaumont (NOAA, 2025b), which we adopt as the representative precipitation depth for validation.

These values are used as inputs to the rating surfaces to evaluate modeled flood depths against the observed high-water marks.

2.5 Compound flood forcings

We select coastal, fluvial, and pluvial forcing ranges to generate a broad set of synthetic forcing scenarios for which we simulate
flooding and construct rating surfaces. The individual drivers in each scenario span a forcing envelope from baseline conditions
to values above recently observed tropical cyclone flood conditions in Southeast Texas. We simulate these scenarios with both

SCMs (Sec. 2.2) and SFINCS (Sec. 2.3). We design these scenarios to evaluate compound flood depth sensitivity across relevant

conditions in Southeast Texas. Pairing high-magnitude compound flood forcings produces rare combinations; multivariate

10
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statistical methods are required to estimate the joint likelihood of these combinations (Jane et al., 2025; Zheng et al., 2014).

This study is concerned with simulating physically relevant combinations to evaluate possible compound flood depth responses
at points of interest, rather than assigning probabilities to each joint occurrence. Coastal water levels span typical to extreme
values at the Port Arthur tide gage (Sec. 2.5.1), discharge scenarios span below-baseflow to greater-than-Harvey conditions
(Sec. 2.5.2), and precipitation depths span frequent to rare rainfall totals based on NOAA depth-duration-frequency (DDF)
estimates for Beaumont (Sec. 2.5.3).

2.5.1 Coastal

We apply coastal water levels ranging from 60.1 m to 2.0 m by increments of 0.1 m. The maximum water surface elevation
measured by the NOAA tide gage at Port Arthur (Station 8770475) is 1.13 m (record begins in 2004). c-HAND calculates
a static maximum coastal inundation map for each coastal water level, while we force SFINCS with a constant coastal wa-

ter level throughout each seven-day simulation and obtain the corresponding downscaled maximum inundation maps. We

apply constant coastal water levels to the SFINCS hydrodynamic simulations for parity with c-HAND, which estimates static
maximum inundation extent for a specified coastal water level. We apply this constant forcing to estimate maximum inundation
conditional on a specified coastal water level.

2.5.2 Fluvial

We generate fluvial scenarios consisting of discharge ensembles. First we obtain gage-adjusted mean annual discharge from
the NHDPlusV2 EROM dataset (US EPA, 2015). Then we assign discharge to each stream reach based on its mean annual
discharge relative to the minimum and maximum in the study area, resulting in a vector of normalized discharges ranging from

0to 1 (Eq. 4). We multiply this vector by a constant value to generate a corresponding synthetic discharge scenario (Eq. 5):

Qi,norm = % Vi (4)
Qscenario =Cx Qnorm )

where (); norm is the normalized discharge at stream segment 4, (); is mean annual discharge at stream segment ¢, Q)in iS the
minimum mean annual discharge of a stream segment in the study area, Qi,ax is the maximum mean annual discharge of a

stream segment in the study area, Q is the vector of discharges corresponding to a synthetic discharge ensemble, C' is the

scenario

scaling factor corresponding to the maximum discharge (m?3s~!) for a given synthetic scenario, and Q is a dimensionless

norm
vector of the normalized discharges at each stream segment. We force GeoFlood and SFINCS using fluvial scenarios defined

by scaling factors C' corresponding to maximum discharges ranging from 25 m3s~! to 20000 m3s~! (from less than baseflow

11
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to greater than Harvey)'. GeoFlood produces a static maximum inundation map associated with each fluvial scenario, while
we force SFINCS with each constant fluvial scenario throughout each seven-day simulation and obtain the corresponding
downscaled maximum inundation maps.

To validate the discharge scaling method, we compare scaled synthetic discharges with maximum NWM discharges from

three major flood events in Southeast Texas—Hurricane Ike, Hurricane Harvey, and Tropical Storm Imelda—as well as baseflow

use the modified Kling-Gupta

Efficiency (mKGE) and the Nash-Sutcliffe Efficiency (NSE) to evaluate agreement between scaled synthetic discharges and
observed NWM peak discharges across stream reaches (Kling et al., 2012; Nash and Sutcliffe, 1970):

conditions. We ev

1 - an (Qobs T Qpred i)2
7R1\ISE1\’\I/SAE = - (Q ored,i Qobs‘i)Ql — 1711 - — (6)
WRMSEMKGE = "oy /124 (B 12+ (7= 1) )
obs T A S A
Qpre
f= ®)
- Qobs
- Cvpred _ a'pred/?pred (9)

Y=
T Vobs | Tobs/ Qo

where Qpred,i and Qops,; are the predicted (synthetie)-and-observed-(INWM-)-synthetic and observed NWM peak discharges
at stream segment i, respectively, n is the number of stream segments, and €-—is-the-mean-the terms @, CV, and o are

obs

the mean, coefficient of variation, and standard deviation of peak discharge, respectively, across stream segments for a given

site and event. The mKGE terms r, 3, and ~ represent the Pearson correlation coefficient, bias ratio, and variability ratio

&mewnmmmmwmﬁ the-observed-peak
model performance to elearly-compare events across
different magmtudes and sites. Fhe-rRMSE-Both the NSE and mKGE metrics range from —oo to an optimum value of 1.
mKGE values closer to 1 indicate better agreement in the correlation, bias, and variability of predicted and observed peak
discharges across stream segments. NSE values closer to 1 indicate better agreement between predicted and observed peak

discharges; a value of 0 indicates that predicting the mean observed peak discharge for every stream segment performs as well
as the predicted discharges. The mKGE values range from 6:03-t6-6:33-0.5804 to 0.9893 (Fig. StS1la), indicating that the

IC [m3?s~17: 25, 50, 75, 100, 200, 300, 400, 500, 600, 700, 800, 900, 1000, 1500, 2000, 2500, 3000, 3500, 4000, 4500, 5000, 5500, 6000, 6500, 7000,
7500, 8000, 8500, 9000, 9500, 10000, 10500, 11000, 11500, 12000, 12500, 13000, 13500, 14000, 14500, 15000, 15500, 16000, 16500, 17000, 17500, 18000,
18500, 19000, 19500, 20000.

12
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discharge scaling method provides an efficient, approximate technique for systematic generation of multiple synthetic fluvial

scenarios. The NSE values range from 0.9460 to 0.9998 (Fig. S1b), however, because we scale synthetic discharges by their
corresponding NWM peak flows (Eq. 4-5), NSE values tend to be high.

2.5.3 Pluvial

We generate pluvial scenarios with total precipitation depths ranging from 10 mm to 300 mm, incremented by 10 mm. Fill-
Spill-Merge calculates a static maximum inundation map for each depth, while we force SFINCS with precipitation time series
corresponding to each depth. SFINCS requires a precipitation time series rather than a total depth;—which-we-derive-, We
derive these time series using the NOAA precipitation depth-duration-frequeney(BBH-DDF table for Beaumont (Station ID
41-0611), at-which is located near the geographic midpoint between Silsbee and Port Arthur (NOAA, 2025b).

To generate the SFINCS precipitation time series for each depth scenario, we assign an annual recurrence interval (ARI)
ranging from 1 yr to 1000 yr, with larger ARI values assigned to larger depths (Fig. S2). We then enter the DDF table with the
scenario’s ARI frequeney)-and depth, using regular grid interpolation to extract the corresponding duration—The-time-series

ies-storm duration. We calculate the precipitation intensity as a constant

i ecaleulated-intensity is-applied-assigned depth
and interpolated duration: the intensity is the scenario depth divided by the interpolated duration. The resulting precipitation
scenario is a hyetograph with a spatially uniform and temporally constant intensity applied over the interpolated duration at the

beginning of the-each seven-day simulation, followed by zero rainfall for the remainder of the simulation.
For example, we assign a 2 yr ARI to the 50 mm depth scenario. Interpolating the DDF table --we-determine-shows that this

rate that is a function of the scenario’s depth

ARI and depth combination eerrespond-corresponds to a storm duration of 0.7 h at Beaumont. The constant intensity needed
to apply 50 mm of precipitation over 0.7 h is 71.43 mmh ™. The precipitation time series we-supply-supplied to SFINCS for
the 50 mm seenario-depth scenario therefore consists of 71.43 mmh~? for the first 0.7 h of the seven-day simulation, followed

by 0 mmh ™! for the remainder of the simulation. We repeat this process for each pluvial scenario.
2.6 Rating surfaces

We define rating surfaces as contour plots of maximum compound flood depth generated-from-across pairwise combinations

of flood drivers. We first estimate eompeund-flood-inundation-aeross-a—range-flood inundation for a finite ensemble of forc-
ing combinations and magnitudes —and-then-with a compound flood model, in this case SCMs or SFINCS, Any model that
outputs maximum flood inundation depth grids given varying magnitudes of compound flood forcings may be used. Then we
construct rating surfaces by sampling the resulting high-resolution maximum depth grids at POI/HWM —TFwe-dimensional
eontours-of depth-ithustrate-the-and interpolating two-dimensional contours of compound flood depth. These contours illustrate
the compound flood depth response to variation in two flood drivers at a fixed location while the third driver remains con-

Slant. - o p e e e e e e e e e e e e e L ating surfaces

witheutneoiseRating surfaces allow estimation of compound flood depth for forcing combinations that were not explicitl
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simulated, given that the forcing combination of interest is within the simulated forcing range. Though we model up to three

compound flood drivers at each POI, we plot rating surfaces as two-dimensional contours of compound flood depth to present
multiple data sources simply and clearly. Representing compound flood depth as a function of three forcings is possible, but

pairwise contours whichrepresent-compound-flood-depth-as-afunetion-of-tweforeings-improve interpretability and clarify
individual and joint effects. We apply Gaussian smoothing with o = 3 to reduce small-scale noise in the interpolated SFINCS
rating surfaces (Virtanen et al., 2020). SCM rating surfaces remain unsmoothed because they exhibit linear patterns without

noise..

3 Results

oastal—pluvial rating surfaces
show that maximum flood depth at Port Arthur increases primarily with coastal water level and more modestly with precipita-

tion -

14
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w&h—fheexeepﬁen&ef—SGMesfnm&eﬂs—af—HWM—}ﬂﬂd—Z—whtelﬁrvary only with coastal water level (Fig. 4g,i). This result

is expected given Port Arthur’s low-relief topography and proximity to the coast. At Sﬂsbee—eea%al—p%uaﬂalrfaﬁﬂg—wffaee%

SEINES-inland Silsbee, maximum flood depth varies mainly with precipitation and is largely insensitive to coastal water level,
as coastal inundation does not reach these locations (Fig. 4n:p:r;t-vsx)eapturesnontineareffects-that are-missed-by SCM-(Fig:

MWMWM%gWM(M&MWWMWWMSCM and
SFINCS i

the three forcing pairs. The models produce similar overall response patterns and depth ranges at most Port Arthur POVHWM
locations and at Silsbee POI 3. However, SFINCS captures more localized variation across the forcing combinations. The
largest differences occur at Silsbee POI 1-2 and HWM 1-2, where the SCM and SFINCS rating surfaces predict different
precipitation-driven responses (Fig. Sa-hshow-compound-flood-depth-dominated-4m—p,s—v).
W@WMW coastal water
» with river discharge exerting a minor influence
(Fig. smmwmaﬁmmmmm
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inland Silsbee, the pattern reverses, with maximum flood depth varying primarily with river discharge rather than coastal water

level (Fig. Sm—x). Several Silsbee locations are not inundated under the fluvial-coastal forcing combinations (Fig. 5n,p,q,r,u,v),
suggesting that pluvial flooding is a more dominant regime at thoseloeations—these locations. SCMs and SFINCS produce

similar response patterns at most POI/HWM locations. However, SCMs predict substantially greater depths than SFINCS at
Silsbee POI 1 and 2exhibi i tations i i i
Wdlﬂerences of nearly 2 m and 7 m, respectwely M:\%MMW
(Sec. 4). 2

MPWFIUVIHI— luvial ratlng surfaces show mixed agreement between SCM and SFINCS (Fig. 6). At Port Arthur,

v-maximum flood depth varies primarily with precip-

iation-the exception of the SCM estimate at
POI 1, which indicates river discharge as the dominant flood driver (Fig. 6a);-where-the-terrain-depressionreaches-eapacity
WWMMtQMMMMWWMM
Fill-Spill-Merge after approximately 200 mm - of
precipitation, after which river discharge contributes to additional depth variation. Both SCMs and SFINCS predict zero or
nearly zero inundation at Port Arthur POFHWM 1 and 22 under most fluvial—pluvial forcing combinations, indicating that

coastal forcing is the primary cause of flooding at those locations (F1 —) At Silsbee, SCM ﬂu%ﬁa}-p}mﬂa%ratmg sur-
faces show flood depth varying ide h-both-{] n e hile h A

with-preeipitation—depth—with both precipitation and river discharge, whereas SFINCS rating surfaces vary primarily with
mﬁg 6m-x)-—POH-and-m—x). The largest differences in depth range again occur at Silsbee POI 1 and 2, where

h-m—p). Despite these differences in predicted forcin,
contributions, SCMs and SFINCS predict similar depths at the Silsbee HWM ratingsurfaces—yield-similar-extracted-depths
locations when evaluated using Hurricane Harvey forcings (Fig. 6s-xs—x).

To-assess-the-aceuracy-of-the-

We validate the rating surfaces approach s—we-by comparing predicted flood depths against observed Hurricane Harve
HWDMs in Port Arthur and Silsbee (Fig. 7). We select three HWMs collected during Hurricane Harvey for each study area and

calculate rating surfaces at their locations (Figs. 4—6s—%—06, panels s—x). We extract predicted HWM-elevations-maximum flood

depths from each rating surface using the ebserved-maximum fluvial, pluvial, and coastal forcings observed during Harvey
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Figure 4. Coastal—pluvial rating surfaces derived from simplified conceptual models (SCMs; left columns) and SFINCS (right columns).

Panels show compound flood depth as a function of coastal water level and precipitation across POI/HWM in both study areas.

(Sec. 2.4). At Port Arthur, depth errors range from -0.52 m to 0.56 m for both SCM and SFINCS. At Silsbee, depth errors range
from -0.53 m to 2.26 m with SCMs and -0.53 m to 1.99 m with SFINCS. With the exceptions of HWM 2 at Port Arthur and
HWM 3 at Silsbee, observed HWMs lie within the envelope of depths predicted across the three forcing pairs. Across both study

areas, SCM and SFINCS predictions given the Harvey forcing combination are broadly similar, even at sites where predicted
and observed depths divergeindicating-thatsimplified-models-. This result may indicate that SCMs capture dominant patterns
of hydrodynamic simulations despite their redueced-physiesapproximations. The largest discrepancies occur at the inland Silsbee
sites, where pluvial and fluvial contributions are more uncertain due to low-relief topography and HWM collection near bridges

and culverts.

differences-inloecal-topography-can-shift HWM-elevationsUncertainties in the observed Hurricane Harvey forcings, includin,
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uvial—coastal rating surfaces derived from simplified conceptual models (SCMs; left columns) and SFINCS (right columns).

Panels show compound flood depth as a function of maximum discharge and coastal water level across POI/HWM in both study areas.

eak discharge reported by the NWM (Timilsina and Passalacqua, 2025) and extreme rainfall observations (Blake and Zelinsky, 201

may also impact the accuracy of their corresponding rating surface-derived depths.

4 Discussion

8

435

capability-to-simulatenonlinearRating surfaces constructed from ensemble simulations allow maximum compound flood depth
estimation across any pair of flood drivers within the modeled forcing range. The results reveal local variation in flood driver
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Figure 6. Fluvial-pluvial rating surfaces derived from simplified conceptual models (SCMs; left columns) and SFINCS (right columns).

Panels show compound flood depth as a function of maximum discharge and precipitation across POI/HWM in the Port Arthur and Silsbee

study areas.

influence on maximum compound flood depth. Comparing rating surfaces constructed from different model classes helps to

clarify where higher-fidelity hydrodynamic simulations improve estimates. In this section we revisit the research questions

osed in the introduction, discuss limitations and uncertainties, and conclude.
4.1 RQ1: Estimating compound flood depth with rating surfaces

Rating surfaces convert ensembles of flood inundation simulations into location-specific relationships between maximum
compound flood depth and pairs of forcing variables. Within the sampled forcing range, rating surfaces provide depth estimates
for all forcing pairs, including pairs that were not explicitly simulated. We construct rating surfaces from both SCM and
SEINCS simulations, demonstrating that the framework is independent of the underlying flood inundation model. Extending

rior fluvial-coastal response surfaces for channel water levels (Muiioz et al., 2022), the rating surfaces we develop here
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Figure 7. Observed and predicted high-water mark (HWM) flood depths at Port Arthur and Silsbee. Observed Harvey HWM depths are
shown with predicted depths extracted from coastal-pluvial, fluvial-coastal, and fluvial-pluvial rating surfaces derived from SFINCS and
simplified conceptual models (SCM).

represent maximum compound flood depth at POIs and HWMs across coastal-pluvial, fluvial-coastal, and fluvial-pluvial
forcing pairs. This representation makes it possible to identify the relative influence of coastal water level, river discharge, and
recipitation on maximum flood depth at nearby locations.

4.2 RQ2: Local compound flood depth response

Rating surfaces reveal that the relative influence of flood drivers on maximum compound flood depth varies across POIs and
HWMs. At Port Arthur, coastal—pluvial and
rating surfaces vary strongly with coastal water level across most locations, while precipitation also modifies depth and river
discharge has a less pronounced influence. In contrast, fluvial-pluvial rating surfaces at Port Arthur vary primarily with
precipitation. These patterns are consistent with the low-lying coastal setting of Port Arthur, where coastal water levels strongly.
influence maximum inundation depth. The Silsbee rating surfaces exhibit greater spatial heterogeneity. Coastal water level has
little influence on maximum compound flood depth at these inland sites; instead, precipitation, river discharge, or both account
for the largest variation. This heterogeneity is particularly apparent in the fluvial-pluvial surfaces at Silsbee, where SCM
estimates vary with both precipitation and river discharge, while SFINCS estimates vary primarily with precipitation. This
result shows that even among nearby inland locations, the relative importance of flood drivers can vary spatially and depend
on the underlying flood model.

sfluvial—coastal
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460 4.3 RQ3: Agreement between SCM- and SFINCS-derived rating surfaces

SCM-derived rating surfaces reproduce the first-order patterns of SFINCS-derived rating surfaces at many locations, particularly
for coastal—pluvial scenarios in Port Arthur. Both approaches identify the same dominant flood driver in the majority of cases
and produce comparable depth ranges at many POIs and HWMs. However, the agreement between SCMs and SFINCS is
not uniform. Large discrepancies occur at Silsbee POL 1 and POI 2, where SCMs estimate greater fluvial contributions

465 than SFINCS for both fluvial—coastal and fluvial-pluvial forcing pairs. These differences are due to a known limitation of
HAND-based methods that causes increased inundation depth in isolated river segment catchments (Aristizabal et al.,, 2023).
Because SFINCS is a hydrodynamic model, the SFINCS rating surfaces contain localized curvature and nonlinear patterns that
SCMs do not reproduce with their simplified combination rules (Sec. 2.2.1).

4.4  Limitations and uncertainties

470  Rating surfaces inherit structural limitations from their underlying flood inundation mapping tools. In the case of SCM:-based
rating surfaces, we estimate inundation extent and depth with static topographic relationships, rather than solving a form of
the shallow-water equations. SCM-based estimates do not consider hydrodynamic processes such as flow routing, backwater
effects, or drainage infrastructure. These limitations are particularly important on low-relief terrain, where static approaches like

HAND and c-HAND may overestimate flood inundation (Johnson et al., 2019; Garousi-Nejad et al., 2019; Scriven et al., 2021; Wang et al.

475 . Depth estimates derived from SCMs should be interpreted as efficient, first-order approximations of maximum inundation
scenarios, rather than event-specific hydrodynamic predictions. The interaction between coastal and inland flooding is nonlinear
(Bilskie and Hagen, 2018); accordingly, SCM-derived rating surfaces may under- or overestimate compound flood depth at
individual locations. We compare with SFINCS to identify where our SCM combination rules for compound flood depth
(Egs. 1=3) reproduce first-order depth patterns and where explicit hydrodynamic representation becomes important.

480 We construct rating surfaces from pairwise combinations of flood drivers, varying two flood drivers while holding the
third driver at a baseline value. In reality compound flood depth may depend on interactions between three or more flood
drivers (Zscheischler et al., 2018). We depict maximum compound flood depth at POIs as two-dimensional rating surfaces to
facilitate interpretability and comparison between SCM and SFINCS results. In addition to limiting our analysis to two varying
flood drivers. we simplify the spatial and temporal representation of the individual forcings within each scenario. The coastal

485  simulations in this study apply a constant water level boundary rather than a tidal or storm-surge hydrograph. This choice
supports comparison with static maximum coastal inundation estimates from c-HAND, but does not represent event-specific
details including surge timing or tidal effects. Similarly, we apply spatially uniform precipitation with a simplified temporal
distribution for the SFINCS simulations. Rating surfaces should therefore be interpreted as conditional maximum inundation

approximations, rather than reconstructions of time-varying flood events. ka-this study-SFINES-modeling-cost-nearly-6,000

o6 oHrs-on-a-sup omputer;—w < P GHMOEEIS€OS ssthan

The-aceuracy-of rating-surfaces-We assume saturated soil and an at-capacity drainage system for both SCMs and SFINCS.
Fill-Spill-Merge does not represent infiltration or drainage infrastructure; we neglect infiltration in SFINCS to impose a

490
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consistent saturated, drainage-limited condition across approaches. This choice avoids confounding the model comparison

with differences in infiltration representation, allowing results to be interpreted more directly in terms of model structure.
495 Soil moisture observations during Hurricane Harvey and Tropical Storm Imelda in Southeast Texas support the plausibility of

saturated soil conditions during intense rainfall events, and local drainage regulations indicate that drainage systems may also be
capacity-limited during those events (Case et al., 2021; Jefferson County Drainage District No. 7, 2019). However, representin

infiltration does improve the accuracy of extreme flood simulations (Li et al., 2022). By neglecting infiltration, we may overestimate

pluvial contributions to compound flood depth at POIs. So, maximum compound flood depths predicted by rating surfaces may.
500  be more applicable during intense events where saturated soil and capacity-limited drainage are more likely.

Rating surface accuracy also depends on the quality of underlying-datasetsand-modelsinput datasets, including elevation,
hydrography, land cover, and forcings. Missing or inaccurate hydrography can affect fluvial inundation representation—Feor
accuracy, for example, the absence of an NHDPlusV2 MR flowline along part of the Sabine—INeches-Waterway tikely-biased
Sabine—Neches Waterway may bias local fluvial depth estimates. Uneertainty-in-historieal-foreings-also-Modeled flood depth

505 is also sensitive to DEM quality, especially on low-relief terrain. Additionally, uncertainty in observed forcings during a given
event affects the accuracy of maximum flood depths extracted from rating surfaces. In-addition;tow-relief-terrain-may-cause

L1 AND a

o-overestimate-inundation-Johnson-e 019- o Neiad-e 019- FOaR-a 021- Richard
5 =

—A-natural-extension-of rating-surfaces-would-be-apairing-Although prior studies have evaluated the models used in this stud
other than Fill-S 2022; Wang et al., 2024; Sebastian et al., 2021; Chowdhury et al., 2026

ill-Merge) against past events (Zheng et al.

2

510 and we compare rating surface estimates of maximum compound flood depth with Hurricane Harvey high-water marks

Fig. 7), this study does not calibrate to or validate against other tropical cyclones that have impacted Southeast Texas.

4.5 Conclusions and future work

Independent of the underlying flood model, rating surfaces allow maximum compound flood depth to be estimated for any

pair of forcings within the modeled range. This representation permits exploration of an arbitrary number of forcing scenarios

515 without requiring additional model runs, despite modeling only a finite subset of scenarios. In this sense, rating surfaces extend

the role of a stage-discharge rating curve to compound flooding by providing a compact, location-specific relationship between
multiple flood drivers and maximum flood depth.

Rating surfaces do not characterize the frequency at which forcing combinations occur or the relative contributions of flood

drivers to historical events, which can vary spatially and seasonally (Sohrabi et al., 2025). We select forcing combinations

520 in this study that span physically relevant conditions in Southeast Texas, without addressing their probabilities of occurring

jointly. In order to quantify the joint likelihood of paired coastal, fluvial, or pluvial forcings, multivariate statistical analysis is
2025; Moftakhari et al., 2019; Zheng et al.,

required (e.g., Jane et al., 2014). Future work could pair rating surfaces with joint

3

probability models of compound drivers;—as—flood drivers, similar to some probabilistic flood hazard assessments that have
been implemented in Dutch regulatory frameworks i thist i i i
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550

This study introduces rating surfaces as a method to quantify and visualize compound flood depth as a function of two
interacting-flood drivers at points of interest. We generate large ensembles of high-resolution inundation scenarios using both
simplified conceptual models and a hydrodynamic model and sample these scenarios at POIs to construct rating surfaces. The
resulting surfaces provide an interpretable representation of how local flood depth responds to combinations of precipitation,
discharge, and coastal water level.

Rating surfaces from both simplified and hydrodynamic modeling approaches capture relatively consistent first-order pat-

terns across the range of forcings —that we investigate. However, the hydrodynamic model captures finer-scale nonlinearities
and local differences in interactions among flood drivers that the simplified models do not represent. These differences suggest
that simplified models may be well suited to rapid scenario exploration, but hydrodynamic modeling is necessary when
nonlinear interactions substantially affect local compound flood depth estimates. Validation against Hurricane Harvey high-

water marks shows that rating surfaces reproduce event-scale magnitudes within the limits of underlying topography, hydrog-
raphy, and historical forcing uncertainties. The spatial variability we observe across nearby POIs underscores the importance

of neighborhood-scale analyses and high-resolution elevation data when assessing flood hazards in developed low-lying areas.

—Rating surfaces are a flexible tool for

representing compound flooding at locations of interest across diverse modeling environments.
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