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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

intensive, limiting their use in high-resolution or large-ensemble analyses. In this study, we introduce rating surfaces: two-

dimensional plots that provide contours of compound flood depth at points of interest given pairs of potentially interacting flood

drivers. Using Southeast Texas as a testbed, we generate synthetic inundation scenarios with both efficient terrain-based models5

(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 jointly 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 compound10

flooding in settings where computational constraints challenge traditional hydrodynamic modeling, offering a framework for

scenario assessment and communication of compound flood hazards at points of interest.

1 Introduction

Flooding is the most frequent and widespread natural disaster; it has affected over 2 billion people globally from 1998 to15

2017 (Wallemacq et al., 2018) and it costs the United States over $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). Tropical cyclones threaten coastal areas (Dullaart

et al., 2021), causing damages over $1.425 trillion in the United States from 1980 to 2024 with an average cost of $22.3 billion

per event (Smith, 2024). Tropical cyclones have caused severe and deadly coastal flooding in recent years, with examples20
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including Hurricane Harvey (2017), Tropical Storm Imelda (2019), Hurricanes Isaias, Laura (2020), Ida (2021), Helene, and

Milton (2024). As coastal populations grow and face increasing exposure to flooding and tropical cyclones, understanding the

interplay between multiple flood drivers is crucial.

Extreme coastal flooding events frequently involve compound hazards, where storm surge, riverine flooding, and heavy

rainfall may interact to amplify impacts. Compound coastal flooding poses considerable challenges for prediction and hazard25

assessment, especially in low-relief coastal regions. Compound events are natural hazards that co-occur over time or space

and threaten society and the environment (Zscheischler et al., 2020). Coastal residents are particularly vulnerable to compound

coastal flooding, which arises from the interaction of storm surge, fluvial flooding, and pluvial flooding, which are often

triggered by tropical cyclones (Green et al., 2025). Compound floods can lead to more severe impacts than floods caused

by a single driver (Bevacqua et al., 2020; Hao and Singh, 2020). The primary drivers of compound coastal flooding–coastal30

water levels, precipitation, and river flow–are interdependent and inherently correlated (Zheng et al., 2013; Wahl et al., 2015;

Moftakhari et al., 2017; Hendry et al., 2019). These mechanisms can act simultaneously or sequentially, leading to dynamic

interactions that amplify flood hazards. Predicting compound coastal flooding is particularly challenging in low-relief flood

transition zones, where hydrologic and coastal flood drivers interact in a nonlinear manner (Shen et al., 2019; Bilskie et al.,

2021; Santiago-Collazo et al., 2024). Storm surge, driven by strong winds and low atmospheric pressure, raises coastal water35

levels, which can impede river discharge, leading to backwater effects and prolonged inland flooding (Santiago-Collazo et al.,

2019). Similarly, heavy precipitation can saturate soils, reducing infiltration and exacerbating runoff, while high tides and

waves can further elevate water levels (Bilskie and Hagen, 2018).

Accurate flood prediction is essential for flood management; however, no single modeling approach is ideally suited to

capture compound coastal flood events. Researchers and policymakers use three broad categories of flood inundation models40

to support decision-making: empirical methods, hydrodynamic models, and simplified conceptual models (Teng et al., 2017).

These models address flood-related challenges in planning, impact assessment, and emergency response (Bates, 2022). Each

approach has strengths and limitations that influence its applicability.

Empirical methods produce direct observations of flooding, including remote sensing, sensor data, and crowdsourced infor-

mation (Tellman et al., 2021; Hamidi et al., 2023; Silverman et al., 2022; Dasgupta et al., 2022). While invaluable for planning45

and post-event assessments, these methods are less applicable to real-time decision support and compound flood analysis.

Hydrodynamic models estimate flow using the Navier-Stokes equations, making them 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 tools50

optimized for computational efficiency (Leijnse et al., 2021). However, computational demands limit hydrodynamic models’

applicability to real-time or high-resolution scenarios (Santiago-Collazo et al., 2019; Miura et al., 2021).

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 explicitly simulate flood dynamics

but can approximate compound flooding using available topographic and hydrologic data. Some simplified conceptual models55

2

https://doi.org/10.5194/egusphere-2026-577
Preprint. Discussion started: 20 February 2026
c© Author(s) 2026. CC BY 4.0 License.



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

plains 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 (Preisser et al., 2023; Jafarzadegan et al., 2023).

In this study, we employ two approaches to predict compound flooding: a) superimpose individual simplified conceptual60

models of fluvial, pluvial, and coastal flooding (Preisser et al., 2022; Zheng et al., 2018; Wang et al., 2024); and b) use SFINCS,

a hydrodynamic model that captures fluvial, pluvial, and coastal flooding (Leijnse et al., 2021; Lee et al., 2025). Simplified

models can rapidly generate synthetic flood inundation scenarios and are attractive for planning assessments of flood hazard

(Murphy et al., 2025). SFINCS provides a benchmark hydrodynamic simulation that we compare with the simplified model

results. We use these models to develop a framework for quantifying compound flood depth at points of interest (POIs).65

This study aims to quantify compound flood depth at POIs given ranges of possible coastal flood drivers. We model our

approach on the rating curve, which depicts stage as a function of river discharge at a river gage location, and is used to

communicate compound flood impacts with planners, flood managers, and stakeholders. Recognizing that compound flood

depth, which is analogous to stage height in a rating curve, depends on contributions from three flood drivers in coastal

areas: precipitation, coastal water level, and river discharge, we restructure the rating curve to consider any two of these three70

drivers and plot their corresponding two-dimensional contours of compound flood depth at any POI. Though we model up

to three coastal 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. Our approach is similar to the fluvial-coastal surfaces for water levels in

navigation channels proposed by Muñoz et al. (2022). We generate high-resolution (1 m) compound flood inundation scenarios

using public datasets and open-source flood models, extending this concept and providing a general framework for assessing75

compound flood depth at POIs.

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 coastal compound flooding (Fig. 1). We choose POIs within regions designated as flood-prone80

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 Rivers and their tributaries. Terrain slopes gently toward the Gulf of Mexico, which is typical85

of the Texas Coastal Plains. The area contains Galveston Bay and Sabine Lake.
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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. Basemap

© OpenStreetMap contributors, © CARTO.

2.2 Simplified conceptual models

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 inun-90

dation 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 used to model fluvial inundation extent and depth 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 our95

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
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take drainage infrastructure or infiltration into account, we assume that soil is saturated and the drainage system is at capacity,100

which is likely for large precipitation events in Southeast Texas.

2.2.1 Compound flood depth with simplified conceptual models

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

described above. The depth grid for each forcing corresponds to the maximum inundation depth and extent achieved under that

forcing. To approximate compound flood depth at each POI/HWM, we superimpose the estimated depths from two forcing105

scenarios (Eq. 1–3):

hfluvial−pluvial = hpluvial + hfluvial (1)

hcoastal−pluvial = max(hcoastal,hpluvial) (2)

hfluvial−coastal = max(hcoastal,hfluvial) (3)

where hfluvial−pluvial is the compound fluvial-pluvial flood depth, hcoastal−pluvial is the compound coastal-pluvial flood depth,110

hfluvial−coastal is the compound fluvial-coastal flood depth, hfluvial is the fluvial flood depth, hpluvial is 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 POI/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 both fluvial and pluvial inundation115

because coastal inundation acts as a downstream boundary condition that controls water surface elevations across low-lying

terrain. This approach yields a conservative lower-bound estimate of compound flood depth, as the interaction between coastal

and inland flooding is nonlinear (Bilskie and Hagen, 2018).

2.3 SFINCS model setup

The SFINCS model domain spans 1000 × 1000 km and uses a 50 × 50 m regular grid with a 1 × 1 m subgrid scheme that resolves120

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.125

We disable infiltration in SFINCS to reduce systematic model bias and maintain consistency with the simplified conceptual

models, which omit infiltration. Infiltration is also unlikely to have a strong influence on maximum depths at our POIs, which

are located on impervious surfaces. We run seven-day SFINCS simulations with coastal, pluvial, and fluvial forcing scenarios.
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Figure 2. SFINCS model setup. Basemap © OpenStreetMap contributors.

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).130

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

the third driver at a constant low value so that maps are representative of the inundation resulting from two drivers as with135

the simplified conceptual models (Table 1). We set coastal water level to 0 m NAVD88 for fluvial-pluvial scenarios, which

falls between mean low water (-0.07 m NAVD88) and mean sea level (0.07 m NAVD88) 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.

We generate 1000 forcing combinations for each pair of drivers. The three forcing grids (fluvial–pluvial, coastal–pluvial, and

coastal–fluvial) span the full ranges of coastal water level, maximum discharge, and precipitation depth. The Halton-sampled140
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Table 1. SFINCS compound scenario types and corresponding forcing ranges.

Forcings

Scenario type Coastal [m NAVD88] Fluviala [m3 s−1] Pluvial [mm]

Fluvial–pluvial 0 25 to 20000 10 to 300

Coastal–pluvial 0.1 to 2.0 baseflow 10 to 300

Fluvial–coastal 0.1 to 2.0 25 to 20000 0
a Represents maximum discharge within the watershed.

Figure 3. Halton-sequence coverage of compound forcing spaces used for SFINCS simulations. The three panels show 1000 forcing combi-

nations across each pair: (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)

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 to the rating-surface145

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 NOAA150
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Table 2. High-water mark (HWM) and point-of-interest (POI) information.

Site Location Type

Port Arthur POI 1a 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 1a 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 1a 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 3a Downstream of bridge on FM 92 Bridge crossing
a Located on or adjacent to a TxDOT-designated evacuation route.

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 NAVD88 vertical datum (EPSG:5103).

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 provides155

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).160

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. POI 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 model validation, we use observed forcing magnitudes from Hurricane Harvey. Peak stream segment discharges were165

6140 m3 s−1 at Silsbee and 14440 m3 s−1 at Port Arthur according to NWM retrospective data. Coastal water level at the Port

Arthur tide gage reached 1.13 m NAVD88. The National Hurricane Center reported 173 mm of rainfall within one hour over

Southeast Texas (Blake and Zelinsky, 2018). This depth corresponds to the 1000 yr, 1 h event at Beaumont (NOAA, 2025b),
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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.170

2.5 Compound flood forcings

2.5.1 Coastal

We apply coastal water levels ranging from 0 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 water175

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

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 from180

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

Qi,norm =
Qi−Qmin

Qmax−Qmin
∀ i (4)

Qscenario = C ×Qnorm (5)

where Qi,norm is the normalized discharge at stream segment i, Qi is mean annual discharge at stream segment i, Qmin is the

minimum mean annual discharge of a stream segment in the study area, Qmax is the maximum mean annual discharge of a185

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

scaling factor corresponding to the maximum discharge (m3 s−1) for a given synthetic scenario, and Qnorm is a dimensionless

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 m3 s−1 to 20000 m3 s−1 (from less than baseflow

to greater than Harvey)1. GeoFlood produces a static maximum inundation map associated with each fluvial scenario, while190

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

1C [m3 s−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.
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conditions. We evaluate the comparison using normalized root mean square error (nRMSE) between scaled synthetic and195

observed NWM peak discharges across stream reaches:

RMSE =

√√√√ 1
n

n∑

i=1

(Qpred,i−Qobs,i)2 (6)

nRMSE =
RMSE
Qobs

(7)

where Qpred,i and Qobs,i are the predicted (synthetic) and observed (NWM) peak discharges at stream segment i, respectively,

n is the number of stream segments, and Qobs is the mean of the observed peak discharges across a site. We report nRMSE as200

a dimensionless measure of model performance to clearly compare events across different magnitudes and sites. The nRMSE

values range from 0.03 to 0.33 (Fig. S1), indicating that the discharge scaling method provides an efficient, approximate

technique for systematic generation of multiple synthetic fluvial scenarios.

2.5.3 Pluvial

We generate pluvial scenarios with total precipitation depths ranging from 10 mm to 300 mm, incremented by 10 mm. Fill-205

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 using the

NOAA precipitation depth-duration-frequency (DDF) table for Beaumont (Station ID 41-0611), at the geographic midpoint

between Silsbee and Port Arthur (NOAA, 2025b).

To generate the precipitation time series for each scenario, we assign an annual recurrence interval (ARI) ranging from 1 yr210

to 1000 yr, with larger ARI values assigned to larger depths (Fig. S2). We then enter the DDF table with the scenario’s ARI

(frequency) and depth, using regular grid interpolation to extract the corresponding duration. The time series consists of the

constant precipitation intensity that applies the scenario’s depth over its interpolated duration, and the calculated intensity is

applied at the beginning of the simulation.

For example, we assign a 2 yr ARI to the 50 mm scenario. Interpolating the DDF table, we determine this ARI and depth215

combination correspond to a storm duration of 0.7 h at Beaumont. The constant intensity needed to apply 50 mm of precip-

itation over 0.7 h is 71.43 mmh−1. The precipitation time series we supply to SFINCS for the 50 mm scenario consists of

71.43 mmh−1 for the first 0.7 h of the seven-day simulation, followed by 0 mmh−1 for the remainder of the simulation. We

repeat this process for each pluvial scenario.

2.6 Rating surfaces220

We define rating surfaces as contour plots of compound flood depth generated from pairwise combinations of flood drivers.

We first estimate compound flood inundation across a range of forcing combinations and magnitudes, and then construct

rating surfaces by sampling the resulting high-resolution maximum depth grids at POI/HWM. Two-dimensional contours
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of depth illustrate the response to variation in two flood drivers at a fixed location while the third driver remains constant.

We apply Gaussian smoothing with σ = 3 to reduce small-scale noise in the interpolated SFINCS rating surfaces (Virtanen225

et al., 2020). Simplified conceptual model rating surfaces remain unsmoothed because they exhibit linear patterns without

noise. Representing compound flood depth as a function of three forcings is possible, but pairwise contours, which represent

compound flood depth as a function of two forcings, improve interpretability and clarify individual and joint effects.

3 Results

We evaluate compound flood rating surfaces generated from simplified conceptual models (SCM) and SFINCS to compare how230

each modeling approach represents flood depth responses to varying forcings. For each of the three forcing pairs, the rating

surfaces summarize maximum flood depth at POI/HWM across identical ranges of precipitation, river discharge, and coastal

water level (Figs. 4–6). SCM and SFINCS rating surfaces show similar broad patterns across most locations. SCM capture

smooth, linear depth gradients, while SFINCS introduces finer variability and nonlinear patterns. We also validate the rating

surfaces approach by comparing flood depths extracted from rating surfaces with observed HWM depths.235

Compound flood depth rating surfaces from coastal–pluvial forcing combinations (Fig. 4) show that maximum flood depth

at Port Arthur increases primarily with coastal water level and more modestly with precipitation. At inland Silsbee, maximum

flood depth is largely insensitive to coastal water level and varies mainly with precipitation. The overall depth ranges are similar

between SCM and SFINCS at each POI/HWM.

Rating surfaces for fluvial-coastal forcing combinations (Fig. 5) again indicate that coastal water level controls maximum240

flood depth at Port Arthur, with river discharge exerting only minor influence. At Silsbee the pattern reverses with river dis-

charge accounting for most of the variation in maximum flood depth. Depth ranges are comparable between SCM and SFINCS

at most POI/HWM, though SCM produces greater depths than SFINCS at Silsbee POI 1 and 2.

For fluvial–pluvial forcing combinations (Fig. 6), SFINCS-derived rating surfaces show maximum flood depth increasing

primarily with precipitation. In contrast, SCM-derived surfaces show maximum flood depth varying with both precipitation and245

river discharge. The ranges of maximum flood depth are similar between SCM and SFINCS at roughly half of the POI/HWM,

with the largest differences again occurring at Silsbee POI 1 and 2.

We validate the rating surfaces approach by comparing predicted flood depths against observed Hurricane Harvey HWMs in

Port Arthur and Silsbee (Fig. 7). At each site we extract predicted depths from SCM and SFINCS derived rating surfaces using

forcing magnitudes observed during Hurricane Harvey (maximum coastal water level, river discharge, and 1-hour precipitation250

depth). At Port Arthur, depth errors range from -0.52 m to 0.56 m with SCM and -0.52 m to 0.56 m with SFINCS. At Silsbee,

depth errors range from -0.53 m to 2.26 m with SCM 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

combinations.
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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.

4 Discussion255

Coastal-pluvial rating surfaces demonstrate the greatest agreement between SCM and SFINCS among the three forcing pairs.

Each model shows the same broad patterns and depth ranges given varying coastal and pluvial forcings, with SFINCS exhibiting

more refined variation due to its nonlinear representation of compounding effects (Fig. 4). Coastal-pluvial rating surfaces at

Port Arthur (Fig. 4a-l) show that compound flood depth varies as a function of both precipitation rate and coastal water level,

with the exceptions of SCM estimations at HWM 1 and 2, which vary only with coastal water level (Fig. 4g,i). This result is260

expected given Port Arthur’s low-relief topography and proximity to the coast. At Silsbee, coastal-pluvial rating surfaces show

compound flood depth varying with precipitation depth (Fig. 4m-x). While coastal inundation never reaches Silsbee, SFINCS

(Fig. 4n,p,r,t,v,x) captures nonlinear effects that are missed by SCM (Fig. 4m,o,q,s,u,w), explaining the noisier contours in its

rating surfaces.

12

https://doi.org/10.5194/egusphere-2026-577
Preprint. Discussion started: 20 February 2026
c© Author(s) 2026. CC BY 4.0 License.



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.

Fluvial-coastal rating surfaces also show SCM and SFINCS capturing similar patterns of compound flood inundation (Fig. 5).265

Port Arthur fluvial-coastal rating surfaces (Fig. 5a-l) show compound flood depth dominated by coastal water level variation,

with only SCM showing a river discharge effect at POI 1 (Fig. 5a). Conversely, Silsbee fluvial-coastal rating surfaces (Fig. 5m-

x) show compound flood depth dominated by river discharge, which aligns with Silsbee’s inland position relative to Port

Arthur. Fluvial-coastal forcing pairs do not yield any inundation at several locations in Silsbee (Fig. 5n,p,q,r,u,v), suggesting

that pluvial flooding is a more dominant regime at those locations. Silsbee POI 1 and 2 exhibit considerable deviations in270

rating surface depth range between SCM and SFINCS (Fig. 5m,o), with differences of nearly 2 m and 7 m, respectively. This

difference is due to a known limitation of GeoFlood and the Height Above Nearest Drainage (HAND) method that causes

increased inundation depth in isolated river segment catchments (Aristizabal et al., 2023).

Fluvial-pluvial rating surfaces show mixed agreement between SCM and SFINCS (Fig. 6). At Port Arthur, fluvial-pluvial

rating surface depths (Fig. 6a-l) are mainly influenced by precipitation, with GeoFlood also showing river discharge contribut-275
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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.

ing to depth variation at POI 1 (Fig. 6a), where the terrain depression reaches capacity at a precipitation depth of around

200 mm. SCM and SFINCS produce zero or nearly-zero fluvial-pluvial compound inundation at Port Arthur POI 1 and 2.

At Silsbee, SCM fluvial-pluvial rating surfaces show flood depth varying considerably with both fluvial and pluvial forcings,

while SFINCS shows variation mainly with precipitation depth (Fig. 6m-x). POI 1 and 2 show greater deviations in rating

surface depth range between SCM and SFINCS than we observed from the fluvial-coastal rating surfaces, with differences280

of > 2 m and > 7 m, respectively (Fig. 6m,o). We also attribute this discrepancy to the segment catchment limitation of

HAND-GeoFlood. The deviations are greater here than for fluvial-coastal rating surfaces because we sum fluvial-pluvial SCM

depth (GeoFlood is run on a depression-removed DEM, Fill-Spill-Merge is not) rather than taking the maximum. Interestingly,

despite SCM and SFINCS predicting different fluvial-pluvial contributions to compound flood depth, the Silsbee HWM rating

surfaces yield similar extracted depths using Hurricane Harvey forcings (Fig. 6s-x).285
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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).

To assess the accuracy of the rating surfaces approach, we select three HWMs collected during Hurricane Harvey for each

study area and calculate rating surfaces at their locations (Figs. 4–6s–x). We extract predicted HWM elevations from each rating

surface using the observed maximum fluvial, pluvial, and coastal forcings during Harvey (Sec. 2.4). Across both study areas,

SCM and SFINCS predictions given the Harvey forcing combination are similar, even at sites where predicted and observed

depths diverge, indicating that simplified models capture dominant patterns of hydrodynamic simulations despite their reduced290

physics. 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. Additional uncertainty arises from the Harvey

forcings themselves: peak rainfall rates exceeded many gage capacities (Blake and Zelinsky, 2018), NWM peak discharges

carry uncertainty (Timilsina and Passalacqua, 2025), and small differences in local topography can shift HWM elevations.

The rating surface framework is model-agnostic, only requiring flood depth grids corresponding to compound flood driver295

forcings, which allows for flexibility in the choice of modeling techniques. Hydrodynamic models such as HEC-RAS and

SFINCS capture physical processes with high fidelity when appropriately configured, but producing a large number of high-

resolution scenarios is expensive, limiting accessibility and scale. Simplified conceptual models offer an efficient alternative,

but lack the capability to simulate nonlinear and compound interactions among coastal, fluvial, and pluvial drivers. In this study

SFINCS modeling cost nearly 6,000 node-hours on a supercomputer, while simplified models cost less than 100 node-hours.300
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The accuracy of rating surfaces depends on the quality of underlying datasets and models. Missing or inaccurate hydrogra-

phy can affect fluvial inundation representation. For example, the absence of an NHDPlusV2 MR flowline along part of the

Sabine–Neches Waterway likely biased local fluvial depth estimates. Uncertainty in historical forcings also affects the accu-

racy of flood depths extracted from rating surfaces. In addition, low-relief terrain may cause HAND-GeoFlood to overestimate

inundation (Johnson et al., 2019; Garousi-Nejad et al., 2019; Scriven et al., 2021; Richardson and Beighley, 2024). A nat-305

ural extension of rating surfaces would be a pairing with joint probability models of compound drivers, as implemented in

Dutch regulatory frameworks that summarize probabilistic flood hazards using two-dimensional sea level–discharge isolines

corresponding to flood-defense failure thresholds (Geerse et al., 2011; Duits, M. T., 2004).

5 Conclusions

This study introduces rating surfaces as a method to quantify and visualize compound flood depth as a function of two in-310

teracting 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 modeling approaches capture relatively consistent first-order patterns across the range of forcings.315

Validation against Hurricane Harvey high-water marks shows that rating surfaces reproduce event-scale magnitudes within the

limits of underlying topography, 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. Future work could apply this framework to other geographic settings and storm

events, incorporate additional hydrodynamic models, and evaluate the influence of improved hydrography and precipitation320

datasets. 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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