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Abstract. Modeling compound flood events requires sophis-
ticated approaches that can capture complex nonlinear inter-
actions between multiple flood drivers. While combining dif-
ferent data-driven and physics-based modeling approaches
has shown promise, the criteria for classifying such com-
binations and the underlying terminology to describe them
remain inconsistent in the literature. To establish classifica-
tion criteria, we introduce a systematic framework for defin-
ing and categorizing hybrid physical-statistical modeling ap-
proaches in compound flood modeling. Hybrid compound
flood models offer significant advantages in terms of pre-
diction accuracy and computational efficiency over tradi-
tional single-model approaches, particularly in coastal re-
gions where multiple flooding mechanisms frequently inter-
act. We identify three categories of hybrid models: sequen-
tial, feedback, and ensemble. Through illustrative examples,
we demonstrate how each category leverages the strengths of
its component models while also maintaining their indepen-
dence. The proposed framework enables a systematic evalua-
tion of different hybrid modeling strategies, enhancing model
comparability and supporting the development of more effec-
tive compound flood prediction tools.

1 Introduction

Flood modeling is undergoing a paradigm shift as researchers
and practitioners recognize the limitations of traditional ap-
proaches that analyze individual flooding mechanisms in iso-
lation. Historically, these approaches relied on univariate
statistics, which are straightforward but inherently simplis-
tic (key definitions are listed in Table 1). For instance, in
the United States, riverine flood inundation mapping typi-
cally employs peak volumetric flow rates at specific return
periods obtained from the log-Pearson type III distribution.
Those flow rates with certain return periods then inform the
upstream boundary conditions for hydraulic and/or hydrody-
namic models to generate flood inundation maps (England
et al., 2018). Similarly, coastal flooding assessments rely on
the probability distribution of extreme water levels at the
coast, calculated based on the Extreme Value theorem, to de-
lineate flood hazard zones (FEMA, 2023, 2016). While ef-
fective for single-hazard scenarios, univariate methods fall
short in addressing the complexities of compound flooding
in low-lying coastal areas, where multiple flooding mecha-
nisms, such as coastal, pluvial, and fluvial processes, non-
linearly interact in flood transition zones (Bilskie and Ha-
gen, 2018; Han and Tahvildari, 2024). Compound events,
such as multi-mechanism floods, can produce more severe
impacts than individual mechanisms in isolation (AghaK-
ouchak et al., 2020; Zscheischler et al., 2018; Bevacqua et
al., 2021). Numerous examples highlight the shortcomings
of traditional univariate approaches. For instance, Hurricane
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Harvey in 2017 caused catastrophic flooding in the Hous-
ton metropolitan area, where simultaneous pluvial and fluvial
flooding overwhelmed infrastructure designed based on uni-
variate flood estimates (Harr et al., 2022; Lan et al., 2022).
Similarly, during Hurricane Sandy in 2012, interactions be-
tween storm surge and riverine flooding exacerbated flood
damage in New York and New Jersey, demonstrating the in-
adequacy of single-hazard approaches for coastal megacities
(Goulart et al., 2024). As such, univariate methods are in-
adequate for capturing interactions between multiple flood-
ing drivers and do not consider the statistical dependence
(i.e., joint probability) between multiple flood drivers (Jane
et al., 2020; Tilloy et al., 2019). To fully capture the statis-
tical dependence of flood drivers and resolve their dynamics
in coastal zones, it is necessary to integrate multivariate sta-
tistical methods with physics-based models. The integration
of statistical and physics-based methods can overcome data
limitations and improve flood risk assessments (Cho et al.,
2023; Nasr et al., 2021; Mishra et al., 2022).

The transition from univariate hazard assessment to a
probabilistic multivariate risk assessment introduces its own
set of challenges. Multivariate parametric distributions (i.e.,
Gaussian, t, gamma, extreme value) have traditionally been
used to extend univariate models to higher dimensions, but
they are constrained by limited options for marginal dis-
tribution selection and parameterization, and struggle to
capture nonlinear dependence structures (Hao and Singh,
2016). Copulas address these shortcomings by providing a
more flexible framework for representing interdependencies
among multiple flood drivers (Salvadori and De Michele,
2004, 2007; Durante and Sempi, 2015). The fundamental
challenge, however, lies in obtaining sufficient length (usu-
ally decades) of overlapping (both in time and space) records
of multiple compound flood drivers to detect and reflect
their interdependencies. Such information is often unavail-
able, particularly in regions where observational infrastruc-
ture is sparse (Ward et al., 2018). Even in well-monitored
regions, most gauge networks lack long continuous records
to capture the variability of interdependence dynamics be-
tween coastal, fluvial, and pluvial processes, resulting in
fragmented datasets that cannot adequately characterize joint
probabilities. While long historical records may exist, data-
driven methods face major limitations due to their underly-
ing assumptions, like stationarity, which restricts their abil-
ity to account for evolving anthropogenic influences such as
climate change (Radfar et al., 2023) and land use modifica-
tions (Long and Duan, 2025) that can alter the probability
of compound flooding events producing impacts greater than
individual mechanisms in isolation. Furthermore, statistical
methods usually characterize dependence at point locations,
raising the question of how to translate point estimates of
dependence to full 2-D floodplains for comprehensive flood
risk assessment.

In such cases, researchers rely on physics-based numeri-
cal models, which use gauge measurements or climatological
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hydrodynamic stimulations as boundary conditions to sim-
ulate spatially distributed flood characteristics. While these
models are invaluable for understanding the dynamics of
compound flooding and informing resilience planning, they
have inherent limitations. For example, significant assump-
tions in model formulation and parameterization can intro-
duce uncertainties, potentially undermining the accuracy of
predictions (Muiioz et al., 2022a; Jafarzadegan et al., 2021).
Moreover, applying these models to large domains at high
spatial resolutions for flood delineation is computationally
expensive, often requiring high-performance computing sys-
tems and resources to analyze multiple scenarios. Addition-
ally, to capture the complex interplay between natural pro-
cesses underlying compound floods, model coupling (i.e.,
integrating hydrologic and hydrodynamic systems) is fre-
quently necessary. This coupling adds another layer of com-
plexity to the modeling process. In fact, coupled flood mod-
eling presents significant challenges due to the intricate in-
terdependence of hydrologic and hydrodynamic processes
(Santiago-Collazo et al., 2019). Hydrologic models are em-
ployed to estimate the timing and magnitude of runoff gener-
ated by rainstorms over a watershed. These models rely on
routing schemes to convey runoff to the watershed outlet,
producing an outflux that serves as input to hydrodynamic
models established on downstream floodplains. However, a
critical complexity arises from the frictional slope in the rout-
ing scheme, which is a key determinant of the water volume
that can flow through open channels. The frictional slope
is influenced by downstream boundary conditions, such as
water levels, which are unknown prior to running hydrody-
namic models. Conversely, the hydrodynamic model requires
the routed flux from the hydrologic model as an upstream
boundary condition. This two-way dependency underscores
a major hurdle: identifying downstream water levels before
executing the hydrodynamic model, while also needing up-
stream flux estimates from the hydrologic model. Address-
ing this challenge requires innovative approaches to improve
model integration and streamline the feedback loop between
hydrologic and hydrodynamic components.

Efforts to address these challenges have highlighted the
potential of integrating statistical and physics-based model-
ing approaches. Such methodology capitalizes on the com-
plementary strengths of each approach: the statistical mod-
els’ ability to handle multivariate dependencies and the
physics-based models’ capacity to simulate physical pro-
cesses in detail. In addition, statistical or machine learn-
ing (ML) approaches can generate flood hazard predictions
much faster than full physics-based hydrodynamic models,
enabling rapid scenario evaluation and real-time applications
(Anderson et al., 2021; Bass and Bedient, 2018; Radfar et
al., 2025). Modern ML surrogates also offer improved gen-
eralizability and transferability, as some models can be ap-
plied across different regions or forcing conditions with min-
imal retraining, overcoming the site-specific configuration
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Table 1. Key definitions used in this paper.

for hybrid compound flood modeling 1399

Term

Definition

Compound flooding

Flooding arises from a combination of multiple drivers — such as storm surge, river discharge,
rainfall, waves, or tides — whose interactions may amplify the hazard (Moftakhari et al., 2017;
Wahl et al., 2015).

Process-based model

A numerical model that solves governing physical equations (e.g., Navier—Stokes, shallow-
water equations) to simulate hydrodynamic, hydraulic, atmospheric, or surface-runoff pro-
cesses.

Statistical model

A model that represents system behavior through probability distributions, empirical relation-
ships, or data-driven statistical structures rather than directly solving physical equations.

Coupling

The integration of two or more models so that the output of one drives (and sometimes is also
driven by) another, allowing different modeling approaches to be represented in one workflow.

Two-way (loosely) coupled model

Two independent models run separately, but they exchange information in both directions at
given intervals. The model algorithms remain distinct and are called iteratively, so feedback is
captured but with lower temporal granularity than in tight coupling (Santiago-Collazo et al.,
2019).

Tightly (fully)
coupled model

Model components are merged into a single executable or solver framework and share state
variables at every (or very fine) time-step, ensuring high-frequency, bidirectional feedback
(Santiago-Collazo et al., 2019).

Bias correction

Statistical adjustment of model outputs to correct systematic deviations between modeled and
observed data (Maraun and Widmann, 2018).

Data assimilation

Statistical methods that blend model forecasts with observations to estimate the evolving system
state (Moradkhani et al., 2005).

Uncertainty quantification

Identification, characterization, and propagation of uncertainties arising from forcings, parame-
ters, initial states, assumptions and model structure — and strategies to reduce them (Abbaszadeh
et al., 2022; Muiioz et al., 2024).

Copula

A multivariate statistical approach that couples given marginals distributions into a joint dis-
tribution function, allowing flexible modeling of dependence (including tail behavior) (Nelsen,
2006).

Physics-informed machine learning

Machine-learning techniques in which physical laws (e.g., partial differential equations, con-
servation principles) are imposed as soft constraints in the loss function or as hard constraints
that are built directly into the model architecture, yielding data-efficient, physically consistent
surrogates (Raissi et al., 2019).

demands of traditional process-based models (Daramola et
al., 2025a; Daramola et al., 2025b).

By connecting these methodologies, researchers can pro-
duce more reliable compound flood risk assessments while
maintaining computational efficiency (Moftakhari et al.,
2019; Muioz et al., 2020; Serafin et al., 2019; Gori and
Lin, 2022). In recent years, there has been growing recog-
nition that combined approaches, in what might be called
“linked,” “coupled,” or “hybrid” frameworks, can improve
the accuracy, efficiency, robustness, and interpretability of
model outputs. In the compound flood research community,
the term “linked” models usually refers to one-way trans-
fer of information between physics-based models in which
outputs from one serve as boundary conditions for another,
whereas “coupled” models mainly refer to two-way or fully
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integrated frameworks (loose, tight, or fully coupled) where
information flows in both directions or the codes are merged
(Santiago-Collazo et al., 2019; Xu et al., 2023). By con-
trast, in hydrology and earth system science, any integration
of physics-based and statistical/data-driven methods is often
considered a “hybrid model” (Kraft et al., 2022; Reichstein et
al., 2019). This broader usage highlights the need for a more
precise definition tailored to compound flood applications.
The criteria for which we can call a model setup “hy-
brid” and the different approaches to develop such model
frameworks remain unclear in the community. This lack of
clear classification criteria has led to inconsistent terminol-
ogy in the literature, where terms like “hybrid”, “coupled,”
and “linked” are often used interchangeably. Such ambigu-
ity makes it challenging to compare different modeling ap-
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proaches, evaluate their relative strengths and limitations,
and identify best practices for specific applications. Further-
more, without standardized definitions, it becomes difficult
to systematically assess the added value of different hybrid
modeling strategies in addressing the compound flood chal-
lenges. In this paper, we introduce a conceptual framework
and clear definitions for how we can categorize combinations
of physics-based and statistical models, focusing on the con-
text of compound flooding. The structured classification of
hybrid models presented aims to provide a unified typology
and foundation for evaluating and applying hybrid method-
ologies in compound flood modeling.

2 Defining hybrid models

The modeling community has developed various approaches
to simulate compound flooding, ranging from physics-based
methods that capture physical phenomena to statistical and
machine learning techniques that leverage historical data pat-
terns. When these approaches are combined to address the
complex nature of compound flooding (Fig. 1), they cre-
ate what we broadly term “hybrid models”. The defining
characteristic of hybrid models is the integration of at least
one physics-based component with at least one statistical or
data-driven component, where each maintains its specialized
methodology (i.e., is process-specific) while contributing to
a more complete representation of compound processes. In
this definition, “process-specific” means the component is
designed to represent one or more flood drivers or subpro-
cesses (e.g., atmospheric forcing, watershed runoff and rout-
ing, river discharge, coastal surge, or wave dynamics). For
instance, in coastal flooding applications, a statistical model
might generate probabilistic storm scenarios or boundary
conditions, while a physics-based hydrodynamic model sim-
ulates the detailed flood dynamics. When combined, these
components form a hybrid system because they unite dif-
ferent modeling paradigms, leveraging both the mechanistic
understanding of physics-based approaches and the proba-
bilistic capabilities of statistical methods. It is noteworthy
that we treat a component model as part of a hybrid mod-
eling framework only if it (i) acts before or during the ex-
ecution of the other component(s) (i.e., supplies boundary
forcing or performs runtime state updates to the other model)
and (ii) injects new variability, probabilistic structure, or state
corrections that the other component(s) would not otherwise
produce (e.g., synthetic joint forcings, probabilistic ensem-
bles, or assimilated state corrections). Therefore, utilities that
simply reshape, rescale, or re-grid an existing series with-
out injecting new variability or cross-variable structure (e.g.,
spatiotemporal interpolation, bias/trend adjustments, or other
similar post-run tweaks) are treated as pre-/post-processors,
not hybrid components. For example, an ML model can be
considered a valid hybrid component if it generates reliable
predictions, such as water level forecasts or rainfall-runoff
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patterns, without requiring continuous guidance from exter-
nal models. Section 4.2 further expands this narrative by clar-
ifying the roles played by the statistical or ML component
within each hybrid model category introduced in Sect. 3.

This separation of process-specific components makes the
overall framework more robust and flexible. Because each
model has been validated for the drivers or subprocesses it
represents, the integrated system inherits those proven ca-
pabilities without forcing one component to compensate for
weaknesses in another. The result is a more resilient ap-
proach to modeling compound flooding, where the strength
of the whole system builds upon the proven reliability of its
parts. Hybrid models vary significantly in both their com-
plexity and how information flows between components. At
the simpler end of the spectrum, one model may provide
data directly to another (e.g., when regional climate projec-
tions are translated into local flood scenarios). More sophis-
ticated implementations involve intricate processing chains,
where data undergoes multiple transformations before and
after each modeling stage. Information flow can therefore be
as straightforward as an upstream-to-downstream hand-off
or as intricate as a two-way exchange that repeatedly refines
shared state variables.

Regardless of complexity, the hybrid approach enables
practitioners to combine complementary strengths — physical
realism from the physics solver and probabilistic or surrogate
efficiency from the statistical block — into a single, compound
flood modeling system. The true value of hybrid modeling
emerges from its ability to combine the distinct advantages of
different approaches while preserving what makes each com-
ponent effective. Consider how a physics-based model can
capture the intricate dynamics of water flow, while a statisti-
cal approach might efficiently quantify hazard scenarios, un-
certainties, and generate fast predictions. By bringing these
complementary capabilities together in a hybrid framework,
we can achieve more comprehensive simulations of com-
pound flooding than would be possible with single-model ap-
proaches.

3 Types of hybrid models

The growing complexity of compound flooding challenges
has led to diverse implementations of hybrid models, each
tailored to specific needs and constraints. These implementa-
tions vary not only in how they handle information flow be-
tween components but also in their computational demands
and level of integration. To systematically understand these
approaches, we classify hybrid models into three fundamen-
tal categories: sequential, feedback, and ensemble (Fig. 2).
This classification is based on how information flows be-
tween components and how their individual capabilities are
combined to create a comprehensive modeling system.
These categories represent distinct paradigms for model
integration, each with its own advantages and challenges.
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Figure 1. Conceptual representation of hybrid physical-statistical models for compound flooding. Statistical/data-driven models (left) include
methods such as copulas, storm generators, and ML surrogates that transform observed data into calibrated models and outputs. Physics-
based models (right) include hydrodynamic, hydrologic, wave, routing, and meteorological models that solve physical problems through
model setup and simulation. The hybrid interaction zone (center) highlights where the two paradigms exchange information.

The choice between these approaches often depends on fac-
tors such as the physical processes being modeled, compu-
tational resources available, and the specific requirements
of the application. Each approach represents a different
strategy for combining cross-paradigm models while main-
taining their individual integrity and capabilities. Through-
out this paper, “hybrid” refers specifically to frameworks
that combine process-specific statistical (data-driven) com-
ponents with physics-based models. The upcoming sections
explore different types of hybrid models with conceptual ex-
amples and discuss their relative strengths and applications
in compound flood modeling. Appendices A to C include
illustrative examples from recent literature for each model.
Although we introduce this typology for compound flood-
ing, the same sequential, feedback, and ensemble logic can
be applied to other compound hazards across hydrology, at-
mospheric science, and the broader Earth and environmental
science disciplines.

3.1 Sequential Models

A sequential hybrid model is characterized by information
flowing predominantly in one direction, from one process-
specific model to another, in a linear chain. Despite its one-
way structure, each model remains comprehensive within its
domain. In this arrangement, a statistical/ML model typi-
cally appears first and generates the boundary or driver in-
puts that are then passed to the physics-based model, com-
pleting the compound flood modeling chain. An example
might involve a data-driven rainfall-runoff model that gen-
erates discharge predictions from meteorological data. This
model can simulate the rainfall-runoff transformation with-
out external assistance. The generated discharge values then
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serve as inputs to a hydraulic model that can independently
simulate flood routing and inundation. Because the chain
includes cross-paradigm integration of two process-specific
models, the system qualifies as a hybrid model. A similar
case arises when a validated statistical surge model (capable
of producing nearshore surge estimates) is sequentially cou-
pled to a coastal flooding model that needs storm surge levels
as boundary input to delineate the flood zone under a given
set of forcing.

Sequential hybrid models can be illustrated through com-
pound flood modeling studies where river discharge and
storm surge interactions are simulated (Fig. 3). In a typical
setup, a statistical or data-driven riverine model first gener-
ates the hydrologic inputs that drive downstream dynamics.
This component may include, for example, a stochastic rain-
fall generator or a probabilistic runoff model that produces
river discharge based on upstream flow measurements, infil-
tration capacity, and local rainfall data. The output, consist-
ing of river discharge, is then passed as input to a hydrody-
namic model developed over the transition zone, which com-
bines the riverine input with wind fields, atmospheric pres-
sure, and tidal conditions to simulate compound flooding ef-
fects. This one-way transfer of information from the riverine
model to the coastal model, where each model maintains its
full functionality in its respective domain while information
flows predominantly in one direction, exemplifies a sequen-
tial hybrid modeling framework. Figure Al presents a de-
tailed example of sequential hybrid models where multiple
statistical and hydrologic-hydrodynamic models are one-way
coupled together.

The one-way transfer of information has paved the way
for the widespread application of sequential hybrid physical—
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Figure 2. Schematic illustration of three categories of hybrid models: sequential (one-way), feedback (two-way), and ensemble approaches.
Each category integrates statistical/data-driven and physics-based models differently. In sequential models, information flows unidirectionally
from one model to the other. In feedback models, the two components exchange information bidirectionally throughout the simulation. In
ensemble models, both components run independently in parallel, and their outputs are combined through an aggregation algorithm. Gray

arrows indicate information flow between components.
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Figure 3. Schematic illustration of a sequential hybrid modeling framework for simulating compound flooding in coastal river systems.
The statistical or data-driven riverine model (left) generates hydrologic inputs (e.g., discharge derived from stochastic rainfall generation or
probabilistic runoff estimation), which are then routed into a hydrodynamic model. The coastal model (right) serves as a complete simulator
combining multiple inputs, including wind fields, atmospheric pressure, and tidal conditions, with the river discharge inputs. Gray arrow
indicates one-way information flow from the riverine to coastal model, characteristic of sequential hybrid approaches where both components
maintain complete simulation capabilities in their respective domains while information flows predominantly in one direction.

statistical models in compound flood research. They are con-
ceptually straightforward and do not require complex two-
way data exchange, allowing for efficient simulation of com-
pound flooding events while maintaining the specialized ca-
pabilities of each model component. In these frameworks,
the physics engine remains intact while a separate statistical
layer prescribes boundary conditions or supplies a catalogue
of extreme events. This approach preserves the mechanistic
integrity of physics-based models while leveraging statistical
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methods to overcome data limitations and extend scenario
coverage beyond historical observations. They are particu-
larly useful in situations where the influence of one process
on another is predominantly unidirectional, such as when
river discharge affects coastal dynamics, and tidal influences
(e.g., backpropagation) do not significantly impact upstream
river conditions. Similarly, they are suitable when meteoro-
logical conditions (rainfall and wind) impact river discharge
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and surge, but the flood response does not impact the meteo-
rological conditions.

Although the statistical block in a sequential hybrid can
also be a parametric tropical-cyclone (TC) rainfall generator
that converts synthetic tracks into space—time precipitation
fields (Gori and Lin, 2022; Gori et al., 2020; Gori et al., 2022;
Bilskie et al., 2021), multivariate statistical frameworks have
formed the foundation for many sequential hybrid imple-
mentations, with copula-based approaches enabling the ex-
traction of joint extremes from historical surge, rainfall,
and river discharge records to drive physics-based models
through comprehensive event catalogues (Xu et al., 2024;
Gao et al., 2023; Olbert et al., 2023). These methodologies
have demonstrated versatility across diverse coastal environ-
ments and applications, from urban coastal settings to estu-
arine flood mapping, wetland impact assessment, and navi-
gation studies by using methods like trivariate copula feed-
ing two-dimensional inundation solvers (Wang et al., 2025),
copula-based Bayesian networks and Gaussian-process em-
ulators for translating joint extremes into flood depths across
multiple catchments (Couasnon et al., 2018; Bass and Be-
dient, 2018), and bivariate copula samplers providing surge-
river pairs to force Delft3D-FM for wetland-elevation effects
and vessel under-keel clearance studies along the Gulf Coast
(Muiioz et al., 2020, 2022b). Sequential process-based im-
plementations also include studies where rainfall-driven trib-
utary inflows are routed into coastal hydrodynamic storm-
tide models. For example, Orton et al. (2020) combined
watershed-derived runoff with a 3-D storm-tide simulation
in the Hudson estuary to assess tidal-river flood hazards.

An important consideration in sequential hybrids is that
the design of the statistical block depends on the type and
complexity of boundary conditions required by the down-
stream flood model. For bathtub-type (steady-state) inunda-
tion models, statistical frameworks typically generate only
peak boundary conditions, such as maximum surge, river dis-
charge, or storm rainfall, based on joint-probability analy-
ses (Moftakhari et al., 2019). In contrast, dynamic hydrody-
namic models require complete time-series boundary forc-
ings (evolving surge levels, hydrographs, rainfall-intensity
curves), which can be produced with stochastic event gen-
erators or probabilistic resampling approaches (Maduwan-
tha et al., 2026). These flexible statistical-to-physics inter-
faces strengthen hybrid modeling by allowing the probabilis-
tic backbone to support a spectrum of hydrodynamic solvers,
ranging from highly simplified static methods to fully dy-
namic, process-based simulations. They also expand the ca-
pability of hybrid frameworks to explore a wider range of
plausible compound events under both present and future cli-
mate conditions.

Recent developments have expanded sequential hybrid
approaches by integrating them with large-scale storm cli-
matology to generate probabilistic surge and hydrological
conditions to support comprehensive flood hazard assess-
ments. These implementations demonstrate the scalability of
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sequential approaches through strategic combinations such
as GTSR surge hindcast pairing with LISFLOOD peaks
via copulas (Eilander et al., 2023), tropical cyclone rain-
fall model outputs, and ADCIRC surge simulations com-
bined in a Bayesian joint probability framework (Gori and
Lin, 2022; Gori et al., 2020, 2022), TELEMAC simulations
linked to Gumbel copulas for Mediterranean applications
(Zellou and Rahali, 2019), and ROMS surge hindcasts paired
with rainfall data via stochastic resampling for estuarine-
extreme quantification (Wu et al., 2018, 2021). The incorpo-
ration of stochastic event generation, ranging from paramet-
ric weather libraries that generate pseudo-global-warming ty-
phoons for Delft3D (Toyoda et al., 2025) or perturb thou-
sands of cyclone tracks through a coupled tide—surge—rainfall
model to be used with SFINCS (Nederhoff et al., 2024), to
Monte-Carlo resampling of historical surge-runoff pairs that
drive a cross-sectional Delft3D solver along river mouths
(Serafin et al., 2019), to physics-based statistical modeling
of climate-variant synthetic tropical cyclones (Jing and Lin,
2020), has further enhanced scenario diversity.

ML integration marks a major step forward in sequential
hybrid modeling, where statistical surrogates replace compu-
tationally intensive physics-based components while keep-
ing prediction accuracy. These implementations demonstrate
computational efficiency gains through approaches such as
Gaussian-process emulators replacing WaveWatch3-SWAN-
FLOW(Delft3D)-XBeach simulation chains (Anderson et
al., 2021), treed Gaussian processes derived from SFINCS
runs evaluating ten thousand synthetic events (Terlinden-
Ruhl et al., 2025), CatBoost models trained on ADCIRC-
HEC-RAS libraries for direct coastal-plain inundation pre-
diction (Huang, 2022), random forest surrogates merging
tidal and pluvial flooding (Zahura and Goodall, 2022), and
deep learning models predicting the evolution of compound
flood dynamics (e.g., flood depth and extent over time) at-
tributed to cyclones within coastal systems (Daramola et al.,
2025a). Together, these studies demonstrate how sequential
hybrids translate sophisticated statistics — whether copulas,
storm generators, or active-learning surrogates — into flood-
ready boundary conditions or rapid hazard catalogues.

3.2 Feedback Models

Feedback-driven hybrid models allow two or more process-
specific models to exchange information in an iterative or
two-way manner. This category captures scenarios in which
one physical process directly affects another, prompting up-
dates on both sides. For example, in coastal systems, wa-
ter level predictions from an ocean model can influence
wave calculations, while wave-induced forces can affect wa-
ter circulation patterns. Similarly, in atmospheric-land sur-
face interactions, changes in soil moisture can influence local
weather conditions, while atmospheric conditions determine
precipitation and temperature patterns that affect the land
surface. Figure 4 illustrates a feedback hybrid model that in-
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tegrates atmospheric, land, and ocean processes. In such sys-
tems, multiple complete models, each capable of indepen-
dently simulating its domain, exchange data bi-directionally
at specified time intervals. The atmospheric model provides
essential forcing data, such as wind stress, air pressure, and
precipitation, to the ocean model, and precipitation, temper-
ature, wind speed, radiation, and pressure to the land surface
and river models. The ocean model can also supply wave-
state information back to the atmospheric component. Land-
and-river models route rainfall to generate runoff/baseflow
and pass river discharge to the ocean model, while the ocean
model returns water levels at river mouths. In this setting,
at least one of the coupled components includes a statistical
or data-driven module (e.g., a stochastic weather or climate
downscaling scheme in the atmospheric model, a data-driven
rainfall-runoff or baseflow generator within the land-and-
river system, or a surrogate wave—surge emulator embedded
in the ocean model). This feedback mechanism allows each
model to respond to changes in other components, capturing
nonlinear interactions critical for compound flooding.

In this framework, a model is categorized as a feedback
hybrid when there is bidirectional information exchange be-
tween any two process-specific domains, consistent with the
definition in Sect. 2. These domains correspond to the pri-
mary compound flood drivers — atmospheric forcing, water-
shed runoff, river discharge, coastal water levels, tides, storm
surges, and waves. The required condition is therefore the
presence of two-way updates between at least two of these
driver-specific components, regardless of which pair is cou-
pled. The extent to which a specific feedback configuration
improves compound flood prediction or process understand-
ing depends on the regional context and the dominant flood
drivers and must be assessed through a targeted validation
strategy (see Sect. 4.4, Step 6), which then guides how future
modeling setups should be refined or expanded.

The key advantage of feedback hybrid models is their abil-
ity to capture complex interactions between different envi-
ronmental processes. By allowing models to communicate
and update their states based on information from other com-
ponents, these frameworks can represent the dynamic nature
of compound flooding more realistically than sequential ap-
proaches. This is particularly important in coastal regions
where river discharge, tidal effects, and storm surge can in-
teract in complex ways to influence flooding patterns.

While the bidirectional information exchange characteris-
tic of feedback hybrid models is a relatively recent devel-
opment in compound flooding research, the broader com-
pound flood literature has extensively benefited from link-
ing two-way or tightly coupled physics-based models (Rad-
far et al., 2024; Santiago-Collazo et al., 2019). Two-way (or
loosely) coupled models involve models that communicate
through iterative information exchange while running sepa-
rately. In this context, tightly coupled models integrate the
source codes of independent models, and information ex-
change happens at each computational time step (Green et
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al., 2025; Santiago-Collazo et al., 2019). Numerous studies
have focused on developing tightly coupled wave and ocean
circulation models, particularly ADCIRC and SWAN mod-
els (Tejaswi et al., 2025; Cassalho et al., 2023; Holzenthal et
al., 2022; Bilskie et al., 2022; Rezaie et al., 2021; Zhu et al.,
2020; Serafin et al., 2019; Bigalbal et al., 2018; Deb and Fer-
reira, 2017; Brandon et al., 2016; Lawler et al., 2016; Kerr et
al., 2013). In these implementations, the wave model SWAN
(Booij et al., 1999) supplies wave radiation stresses and spec-
tral information to the circulation model ADCIRC (Luettich
and Westerink, 2004), which returns updated water surface
elevations and velocity fields to influence wave calculations.
Delft3D-FM represents another comprehensive framework
for physics-based coupling (Han and Tahvildari, 2024; Vona
and Nardin, 2023; Velasquez-Montoya et al., 2022; Kupfer et
al., 2022) that couples flow, waves, and rainfall-driven pro-
cesses through its integrated D-Waves module, which incor-
porates the SWAN model to simulate wave field evolution,
atmospheric wave generation, higher-order spectral interac-
tions, and wave attenuation through bottom friction and veg-
etation effects (Deltares, 2026).

Beyond wave-circulation coupling, two-way physics-
based coupling has been widely used for hydrodynamic-
hydrologic interactions in compound flood scenarios. This
approach recognizes the fundamental bidirectional nature
of coastal-riverine systems, where surge-driven backwa-
ter effects influence upstream discharge while riverine in-
flows simultaneously modify coastal circulation patterns.
The implementation of such coupling typically involves it-
erative exchange of boundary conditions at predefined in-
terface points and time intervals, enabling dynamic repre-
sentation of processes that span the terrestrial-marine transi-
tion zone. The evolution of hydrodynamic-hydrologic cou-
pling has progressed from regional implementations con-
necting ocean circulation and watershed models for hurri-
cane impact assessment (Cheng et al., 2010) to sophisti-
cated global-scale frameworks that integrate river routing
networks within Earth-system models (Feng et al., 2024).
These systems enable dynamic exchange of mass and mo-
mentum between terrestrial and marine domains through
mechanisms in which land-surface runoff feeds ocean mod-
els that then return surge-induced elevation changes to update
riverine stages. The complexity of such implementations has
evolved to include comprehensive multi-domain frameworks
that integrate atmospheric, terrestrial, and oceanic physics-
based models through coordinated coupling strategies with
varying temporal exchange frequencies, such as (Zhang and
Yu, 2025)’s five-model system that integrates ADCIRC and
SWAN with dynamic coupling, CaMa-Flood for river routing
with hourly ocean boundary interactions, Variable Infiltration
Capacity (VIC) for land surface processes, and the enhanced
Atmospheric Wave Boundary Layer Model (e-AWBLM) for
atmospheric forcing.

There is also a potential for physics-based coupling across
multiple environmental domains, where wave-circulation
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Figure 4. Schematic illustration of a feedback hybrid modeling framework for simulating environmental processes and their interactions.
The framework shows three main domains (atmospheric, land surface, and ocean) with their respective models exchanging information bi-
directionally. Colored boxes represent different environmental domains, while arrows indicate the flow and type of information exchanged
between models (e.g., precipitation, river discharge, water levels). At least one of these components incorporates a statistical or data-driven
module (e.g., a stochastic weather generator, statistical downscaling scheme, or data-driven rainfall-runoff model) that supplies boundary
conditions or surrogate predictions to the other, process-based models. This feedback coupling enables the representation of complex inter-
actions between atmospheric, land surface, and oceanic processes that are essential for understanding compound flooding dynamics. Each
model maintains complete simulation capabilities in its domain while exchanging essential data with other models to capture the coupled

nature of the system.

models operate in tight coupling with frequent information
exchange, while ocean-river boundaries facilitate less fre-
quent but equally critical data transfer between hydrody-
namic and terrestrial routing models (Tanim et al., 2024).
These comprehensive coupling methods allow for the rep-
resentation of complex nonlinear interactions where storm
surge affects river discharge through changes in water lev-
els, while river flows influence coastal circulation patterns,
demonstrating substantial accuracy improvements over se-
quential approaches, especially for predicting extreme events
and mapping inundation.

Despite the extensive development of physics-based cou-
pled systems, the application of hybrid feedback models that
integrate physics-based and statistical approaches remains
limited in compound flood modeling literature. Basically, all
the physics-based coupled systems mentioned above, while
sharing the bidirectional information exchange feature of
feedback hybrid models, differ fundamentally in that they
connect models within the same modeling paradigm rather
than linking physics-based and statistical approaches. While
physics-based coupled systems provide a more realistic sim-
ulation of compound dynamics than sequential models, they
are often computationally expensive, limiting their applica-
tion for real-time forecasting or probabilistic hazard assess-
ment. Moreover, physics-based models must make numer-
ous assumptions and parameterizations about the conditions
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of the simulation domain. In some cases, these assumptions
and parameterizations can introduce errors in the simula-
tion. Hybrid feedback models could reduce the computa-
tional burden by replacing numerical solvers with trained
statistical models and may be able to better represent pa-
rameterized processes by learning directly from observa-
tional data. However, the scarcity of feedback hybrid mod-
els reflects the technical challenges inherent in establishing
bidirectional communication between fundamentally differ-
ent modeling paradigms. The few existing implementations
show the potential for merging mechanistic understanding
with data-driven efficiency through iterative coupling strate-
gies. Li (2021) developed one of the few documented hybrid
feedback frameworks by coupling a sequence-to-sequence
LSTM rainfall-runoff model with the ADCIRC solver to
simulate compound flooding in Houston’s Brays Bayou and
Galveston Bay, where the LSTM provides updated discharge
hydrographs to ADCIRC at each coupling interval while AD-
CIRC returns surge-driven water-level changes that are im-
mediately fed back into the neural network, creating a con-
tinuous cycle where the data-driven hydrologic predictor and
physics-based hydrodynamic model continually adjust one
another throughout event evolution.

Recent advances in physics-informed machine learning
(Raissi et al., 2019) and coastal-oceanic data assimilation
techniques (Canizares et al., 1998; Heemink, 1986; Verlaan

Hydrol. Earth Syst. Sci., 30, 1397-1420, 2026



1406 S. Radfar et al.: Towards a typology for hybrid compound flood modeling

and Heemink, 1997) have catalyzed the emergence of hy-
brid feedback approaches that seamlessly integrate physics-
based and statistical modeling components. Data assimila-
tion frameworks exemplify one pathway for hybrid feedback
integration, where statistical algorithms continuously incor-
porate observational data to update physics-based model
states while mechanistic predictions guide the statistical pro-
cessing of new observations. (Mufioz et al., 2022a) demon-
strated this approach by integrating a Bayesian data assimi-
lation scheme with Delft3D-FM for compound flood predic-
tion, where the coupled coastal-inland flood model operates
in tandem with an ensemble Kalman filter that ingests real-
time water level observations every few hours, creating con-
tinuous information exchange where model forecasts receive
statistical updates from the data-assimilation module while
corrected state estimates feed back into the hydrodynamic
simulation (Fig. B1).

Physics-informed machine learning (PIML) constitutes an
alternative pathway for hybrid feedback coupling through
the direct incorporation of physical principles into statistical
learning frameworks. This methodology ensures data-driven
predictions maintain consistency with fundamental physical
laws while capitalizing on ML’s computational advantages.
(Donnelly et al., 2024) introduced an approach by adding
mass-conservation constraints into neural network optimiza-
tion functions, allowing networks to replicate flood solver be-
havior while maintaining physical consistency. This means
the neural net “learns” the flood dynamics while respecting
key physics, effectively coupling the statistical model with
the governing coastal dynamics during training. Building on
this foundation, Radfar et al. (2025) expanded the constraint
framework to include full shallow water dynamics, cover-
ing mass and momentum conservation, and developed a gen-
eralizable emulator that maintains physical consistency in
unseen scenarios while outperforming unconstrained data-
driven alternatives at compound flood peaks.

3.3 Ensemble Modeling

Ensemble hybrid models integrate multiple process-specific
modeling systems that each simulate the same phenomenon
but often employ differing methodologies, such as purely
physics-based, statistical, or ML approaches. Rather than ex-
changing boundary conditions or state variables in real time,
each model separately produces an output (e.g., a river flow
forecast, a spatial inundation extent, and a time series of wa-
ter levels) based on its own domain assumptions, forcing
data, and internal processes. Although ensemble schemes do
not involve the two-way exchange of state variables or iter-
ative feedback, they remain “hybrid” in the sense that they
unite multiple independently validated solutions into a single
framework for final decision-making or risk assessment. As
with sequential or feedback categories, the defining trait is
that all the models involved can be executed in isolation; the
difference lies in how and when their outputs are combined.
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This approach offers advantages for uncertainty quantifica-
tion, particularly for structural uncertainty that arises from
limitations in model design and underlying assumptions (Ab-
baszadeh et al., 2022).

A typical ensemble framework (see Figs. 5 and Cl)
combines physics-based and data-driven models that tar-
get the same variable, such as peak flood height, to lever-
age their complementary strengths. The physics-based com-
ponent uses high-fidelity solvers (e.g., ADCIRC, Delft3D-
FM) to resolve the governing dynamics, while the statistical
or ML component provides fast surrogates (e.g., Gaussian-
process models, PIML) that can extrapolate patterns to un-
gauged locations or generate rapid predictions. Each model
independently delivers its own estimate of the target vari-
able using its distinct methodology. Instead of exchanging
information iteratively, ensemble methodologies combine or
“pool” their final outputs through a dedicated ensemble algo-
rithm. Ensemble selection can be guided by expert judgment,
agent-based models, or by applying weighted or Bayesian
combinations based on historical performance or evaluation
metrics. Figure C1 presents a detailed example of ensemble
hybrid models where an ensemble of a physics-based model
and a Bayesian analog model is used to generate a precipita-
tion forecast.

The ensemble approach offers several advantages for com-
pound flood modeling. By integrating different modeling
paradigms, it can capture a broader range of uncertainties
and leverage the unique strengths of each approach. The
ensemble framework can also adapt to different conditions
by adjusting the weights assigned to each model based on
its performance in similar situations. For instance, during
extreme events, the framework might give more weight to
physics-based predictions, while statistical models might re-
ceive higher weights during more typical conditions. The
key distinction of ensemble hybrid models lies in their fo-
cus on combining complete, independent solutions rather
than coupling model components during simulation. This ap-
proach can be particularly valuable when different modeling
paradigms offer complementary insights into the same phe-
nomenon. Through a careful combination of these diverse ap-
proaches, ensemble hybrid frameworks can provide more ro-
bust and reliable predictions while maintaining the indepen-
dence and specialized capabilities of each modeling compo-
nent.

Although ensemble hybrid modeling has been explored
in some hydrologic contexts, its application to compound
flooding remains largely undeveloped. This gap is mainly
due to the high computational cost of process-based com-
pound flood models and the absence of fast, physically con-
sistent surrogates capable of producing independent depth
predictions at scale. Recent progress, however, is reduc-
ing these barriers. Feedback hybrid models, such as PIML-
based flood solvers (e.g., Radfar et al., 2025), achieve run-
times orders of magnitude faster than reduced-complexity
solvers, such as SFINCS, while maintaining comparable ac-
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Figure 5. Schematic illustration of an ensemble hybrid modeling framework showing the integration of different modeling approaches.
The physics-based model component simulates peak flood height, while the statistical model component analyzes historical patterns and
relationships. An ensemble algorithm combines outputs from both models through a weighted combination based on performance metrics.
The final prediction represents the optimally weighted combination of model predictions, demonstrating how ensemble hybrid methods
leverage the strengths of different modeling approaches, where complete solutions are merged rather than coupled.

curacy, making it feasible to run a PIML model along- 4 Decision framework and practical insights
side a traditional hydrodynamic model within an ensemble

framework. Neural-network—based shallow-water equation ~ 4.1 Comparative strengths and limitations
(SWE) solvers (Chen et al., 2025) offer another emerging
option that directly approximates the SWE at low compu-
tational cost and yields stable flood predictions. These de-
velopments point toward practical ensemble hybrid config-

Each hybrid physical-statistical modeling approach offers
distinct advantages and faces specific challenges when ap-
plied to compound flooding assessment:

urations in which fast physics-informed or neural-network — Sequential hybrid models provide an accessible entry
solvers operate in parallel with process-based models, en- point for practitioners with limited computational re-
abling performance-dependent weighting and allowing en- sources. Their straightforward implementation makes
semble systems to capture the full range of compound flood them ideal for areas where the influence between pro-
dynamics. Recent updates in HEC-RAS (alpha version) al- cesses is predominantly unidirectional (e.g., upstream
low practitioners to reduce numerical complexity in a widely to downstream). However, they do not capture feedback
used modeling platform, thereby expanding the set of tools mechanisms between systems, potentially missing im-
available for operational flood modeling. These emerging portant interactions. Sequential approaches are most ap-
pathways also integrate well with digital-twin environments, propriate when:

in which a suite of physics-based and ML-based models

can operate within an ensemble modeling setup to pro- — Interaction between physical processes is primarily
vide (near)real-time compound flood forecasting and deci- one-directional;

sion support. — Computational resources are limited;

— The study area has clear physical boundaries be-
tween domains; and
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— Rapid assessment is prioritized over capturing all
physical interactions.

— Feedback hybrid models excel at representing the dy-
namic interactions between environmental processes,
making them particularly valuable in coastal transition
zones where river discharge, tidal effects, and storm
surge interact in complex ways. These models can cap-
ture nonlinear feedback critical for the accurate pre-
diction of water levels during extreme events. How-
ever, they require significantly greater computational re-
sources and expertise to implement and maintain. Feed-
back approaches are most suitable when:

— Bi-directional processes significantly influence out-
comes;

— Computational resources are substantial;

— Physical interactions cross domain boundaries fre-
quently; and

— Accurate representation of system dynamics is pri-
oritized.

— Ensemble hybrid models enhance uncertainty handling
by leveraging multiple modeling paradigms. They ex-
cel at balancing the strengths of different approaches
and can adapt to various conditions by adjusting model
weights. While they may require running multiple com-
plete models, they often allow parallel execution, po-
tentially reducing overall computation time. Ensemble
approaches are particularly valuable when:

— Handling uncertainty is a priority;
— Multiple modeling methodologies are available;

— Historical performance data exists for model vali-
dation; and

— The target variables benefit from diverse prediction
methods.

4.2 Roles of the statistical component in hybrid models

In hybrid modeling frameworks, the statistical/ML compo-
nent plays different roles depending on the coupling strat-
egy and the compound flood problem being addressed. Al-
though Sect. 3 introduces statistical tools within each hybrid
category, the functional purpose of the statistical component
varies considerably across sequential, feedback, and ensem-
ble designs. Across these paradigms, the statistical/ML com-
ponent typically performs one or more of the five roles listed
in Table 2.

Mapping these roles helps clarify how the statistical com-
ponent contributes to the broader simulation framework and
provides a consistent basis for classifying hybrid approaches.
As summarized in Table 2, sequential hybrids typically rely
on roles (1) and (2); feedback hybrids make use of roles (3)
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and (4) (and occasionally role 2); and ensemble hybrids cen-
ter on role (5) while potentially incorporating roles (1)—(4)
within individual ensemble members. This functional per-
spective highlights that the statistical or ML component is
not a single construct but a spectrum of tasks that comple-
ment the physics engine in different ways.

4.3 Model selection framework

Selecting an appropriate hybrid model requires not only a
clear typology of coupling strategies but also an understand-
ing of the typical compound hazard scenarios for which these
models are applied. In typical coastal settings, various com-
binations of coastal oceanic and terrestrial drivers of flooding
combine to produce specific categories of compound flood-
ing (Green et al., 2025). These categories provide the context
in which modelers decide whether a sequential, feedback, or
ensemble design is most appropriate. Table 3 links each sce-
nario to representative model pairs, their classification within
the hybrid typology, and studies that demonstrate their appli-
cation. It is important to note that a large body of existing
literature on compound flood modeling (Table 3 and Sect. 3)
falls under the category of sequential hybrid models. The
limited number of examples in the other categories primarily
reflects their greater technical challenges — such as the need
for continuous data assimilation, computationally intensive
coupling, consistent ensemble integration, and ensuring con-
servation of physical laws in ML models. As computational
tools and data streams continue to advance, broader adop-
tion of these less common but powerful hybrid approaches is
expected.

To further guide practitioners in selecting the most appro-
priate hybrid physical-statistical modeling approach for their
specific needs, we propose a decision framework (Fig. 6).
This framework addresses key considerations, including
physical system characteristics, study objectives, and re-
source constraints.

The decision process begins with an assessment of the
physical system under study, particularly whether model-
ing interactions between different flooding mechanisms is
critical. If not, a single-domain model may be sufficient.
When interactions are important, the next consideration is
whether both a physics-based model and a statistical/data-
driven model are available. Next, for systems where bi-
directional interactions are significant (e.g., river discharge
affecting coastal water levels while coastal surge simulta-
neously impacts riverine processes), the framework directs
practitioners to evaluate their computational resources. When
adequate resources are available, feedback models are rec-
ommended to capture the dynamic interactions between do-
mains. However, if computational constraints exist, sequen-
tial models serve as a practical alternative that preserves
some representation of system interactions while requiring
fewer resources.
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Table 2. Roles of the statistical/ML component across hybrid modeling pathways.
Role of statistical/ML component Description Sequential Feedback Ensemble
(1) Boundary/driver generator Supplies synthetic or real-time forcings (e.g., v - W)*
rainfall, discharge, surge) as inputs to a
physics-based solver.
(2) Scenario sampler/event-catalogue Draws joint extremes (e.g., via v W)* W)*
builder copulas/multivariate methods) to expand
beyond historical records.
(3) Physics surrogate Provides a computationally efficient surrogate - v W)*
for an otherwise expensive physics-based
model (e.g., rainfall-runoff, PIML
hydrodynamics).
(4) State updater Assimilates observations or corrects model - v W)*
states during runtime; characteristic of
two-way feedback systems.
(5) Ensemble aggregator Combines independent predictions using - - v

performance-, uncertainty-, or cost-based

weighting.

* Parentheses indicate roles that may appear in some implementations but are not core to the pathway.

Table 3. Representative hybrid modeling approaches for coastal compound flooding. The table summarizes examples of coastal compound
flood hazard scenarios, their hybrid model components, typology classification, and studies that illustrate each modeling approach.

Typical coastal compound hazard Hybrid model components Typology class  Representative study
scenario
River-surge/tide Gaussian-copula Bayesian network (river Sequential Couasnon et al. (2018)
(Fluvial + coastal) discharge and surge combinations) +

HEC-RAS (model water level)
Rainfall-surge/tide Statistical rainfall generator (rainfall) + Sequential Bilskie et al. (2021);
(Pluvial + coastal) ADCIRC (surge/tide) Gori and Lin (2022)
River 4 Rainfall 4 surge/tide Trivariate copula event generator (rainfall, Sequential Wang et al. (2025)
(Fluvial + pluvial + coastal) river discharge, surge peaks) + 1D river

network hydrodynamic model (compound

inundation)

LSTM model (rainfall-runoff) + ADCIRC Feedback Li (2021)

(surge/tide)

Delft3D-FM (compound flood dynamics) + Feedback Muiioz et al. (2022a)

Ensemble Kalman Filter (water level data

assimilation)
Sea-level/surge-driven groundwater Flood frequency analysis (Bayesian Sequential Habel et al. (2020)

rise hierarchical model) + groundwater modeling

(Coastal + groundwater) (MODFLOW)

For systems where interactions are predominantly uni-
directional, the framework guides practitioners to consider
whether the component models will run in parallel and have
their outputs combined. A “Yes” directs users to ensemble
models, which run the physics and statistical elements inde-
pendently and merge their results afterward, offering advan-
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tages through structural flexibility and the ability to lever-
age complementary strengths of different approaches. Here,
structural flexibility means that individual model predic-
tions can be re-weighted (i.e., emphasized, down-weighted,
or assigned zero weight), and that additional models can
be added or existing ones replaced without altering any
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Figure 6. Decision tree for hybrid model selection in compound flood modeling. The framework provides a structured approach to selecting
appropriate modeling strategies based on key decision criteria. Each terminal node represents a recommended modeling approach with

associated key considerations.

coupling interfaces, because these decisions occur at the
output-combination stage. A “No” keeps the workflow in
the sequential category, where outputs from one component
feed directly into the other during execution. Sequential ap-
proaches provide an efficient solution that maintains suffi-
cient accuracy while requiring relatively modest computa-
tional resources.

Each modeling approach is accompanied by key consid-
erations that highlight its specific strengths and applications.
Sequential models excel in situations requiring rapid assess-
ment with clear domain boundaries and predominantly one-
way processes. Ensemble models leverage structural diver-
sity and independent execution capabilities while handling
uncertainty effectively. Feedback models provide the high-
est accuracy for systems with complex physics and cross-
domain interactions, but demand greater computational re-
sources. By following this decision framework, practition-
ers can systematically evaluate their specific needs and con-
straints to select the most appropriate hybrid modeling ap-
proach for compound flooding assessment.

Model choices directly shape what we can learn about
compound flooding. Statistical frameworks such as copulas,
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Bayesian joint probability methods, and event-based sam-
pling approaches (Couasnon et al., 2018; Gori et al., 2020;
Gori et al., 2022; Cho et al., 2023) improve our understand-
ing of dependence structures and allow exploration of ex-
treme but physically plausible driver combinations, thereby
reducing sampling uncertainty compared to using only his-
torical events. At the process level, selecting particular hy-
drodynamic cores (e.g., ADCIRC, SWAN, Delft3D) or cou-
pling strategies (Luettich and Westerink, 2004; Booij et al.,
1999; Lawler et al., 2016) determines how well key inter-
actions such as tide—surge—wave coupling or river backwa-
ter effects are represented. Feedback-oriented hybrids, par-
ticularly data assimilation approaches, enhance our ability
to track evolving flood states while uncovering sensitivities
in surge-river interactions that one-way simulations often
miss (Canizares et al., 1998; Heemink, 1986; Muiioz et al.,
2022a). At broader scales, multi-model chains and story-
line frameworks demonstrate how compound hazard ampli-
fication emerges under climate variability and sea-level rise,
highlighting where system dynamics are most uncertain and
where resilience measures may be most needed (Gori and
Lin, 2022; Muiloz et al., 2022b; Eilander et al., 2023). In all
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these cases, model choice is not just a technical decision but
a scientific one, influencing both quantitative estimates and
qualitative understanding of how compound floods arise.

4.4 Implementation of workflow guidelines

To assist practitioners in selecting and implementing appro-
priate hybrid modeling approaches for compound flooding,
we propose the following workflow:

1. Assessment of physical processes. Identify the key phys-
ical processes contributing to compound flooding in the
study area and their potential interactions. Determine
whether these interactions are primarily one-directional
or involve significant feedback.

2. Evaluation of available resources. Consider computa-
tional capacity, data availability, expertise, and time
constraints. Feedback models typically require more re-
sources than sequential models, while ensemble models
may benefit from parallel computing infrastructure.

3. Accuracy requirements assessment. Define the required
level of accuracy for the modeling objectives, consid-
ering the intended application (e.g., real-time forecast-
ing vs. long-term planning, regulatory compliance vs.
research purposes). Determine acceptable uncertainty
ranges and error tolerances that will influence the com-
plexity and type of hybrid approach needed.

4. Selection of an appropriate hybrid approach. Based on
the resource assessment (step 2) and accuracy require-
ments (step 3), select the most suitable modeling frame-
work:

— For areas with clear upstream-downstream relation-
ships and limited feedback, consider sequential ap-
proaches.

— For regions with complex interaction zones where
feedback significantly affects outcomes, prioritize
feedback approaches.

— When multiple modeling paradigms show comple-
mentary strengths or when uncertainty quantifica-
tion is critical, employ ensemble methods.

5. Interface design. Develop appropriate interfaces be-
tween model components, considering data format com-
patibility, spatial and temporal resolution differences,
and transformation requirements.

6. Validation strategy. Implement comprehensive valida-
tion protocols for both individual components and the
integrated system, using observational data where avail-
able and sensitivity testing to evaluate how model
behavior responds to changes in the dominant flood
drivers. Because the benefits of a particular configura-
tion depend on regional context and the relative impor-
tance of rainfall, river discharge, tides, surges, and wave
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processes, validation should explicitly assess whether
the chosen coupling improves predictive skill or pro-
cess representation under conditions most relevant to
the study domain.

7. Uncertainty analysis. Assess and communicate uncer-
tainties associated with each component and the inte-
grated system, particularly focusing on how uncertain-
ties propagate through model coupling.

5 Summary and implications

The hybrid physical—statistical modeling frameworks pre-
sented in this paper demonstrate significant capabilities for
simulating compound flooding processes. These approaches
include physics-based models that simulate physical phe-
nomena under investigation, as well as the nonlinear inter-
actions among the variables involved, and data-driven sta-
tistical models that capture the interdependencies of drivers
and their associated impacts. By integrating cross-paradigm
models, each contributing specialized capabilities and vali-
dated methodologies, these frameworks enable more com-
prehensive and robust simulations than single-model ap-
proaches. The strength of hybrid frameworks lies in their
ability to preserve the independence of each component
while creating integrated solutions that capture the complex
interactions inherent in compound flooding phenomena. Ta-
ble 4 summarizes the key characteristics of hybrid mod-
eling frameworks, highlighting their core definition, cross-
paradigm, process-specific roles, and nature of coupling.
These fundamental aspects provide a foundation for under-
standing the essential features that define these integrated
modeling systems, regardless of the specific implementation
approach chosen.

Whether implemented through sequential chains, feed-
back loops, or ensemble methods, hybrid frameworks of-
fer flexible and powerful approaches to address the chal-
lenges of compound flood modeling. Sequential hybrid im-
plementations provide straightforward yet effective ways to
link cross-paradigm models, allowing each to contribute its
specific strengths to the overall simulation. Feedback-based
approaches enable more sophisticated interactions between
components, capturing complex physical processes and their
interdependencies. Ensemble methods leverage multiple in-
dependent solutions to better characterize uncertainty and
improve prediction reliability. The flexibility to choose be-
tween sequential, feedback, or ensemble implementations al-
lows modelers to balance complexity, computational cost,
and accuracy requirements based on specific needs and re-
sources.

Looking forward, the continued development and refine-
ment of hybrid modeling approaches hold great promise for
advancing the ability to understand, predict, and manage
compound flooding risks. The potential research directions
are:

Hydrol. Earth Syst. Sci., 30, 1397-1420, 2026
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Table 4. Key characteristics of hybrid modeling frameworks for compound flood simulation. The table presents fundamental aspects of
hybrid models, including their core definition, cross-paradigm, process-specific roles, and coupling approaches, highlighting the essential
features that define these integrated modeling systems.

Feature/Criterion

Characteristics of hybrid models

Core definition

Two (or more) process-specific models from different modeling paradigms (e.g., physics-based
and statistical/data-driven), each capable of simulating its own subdomain, working together
within a unified modeling framework. Each component model maintains its full functionality
within its respective domain.

Cross-paradigm and
process-specific

Each component targets one or more flood drivers or subprocesses (e.g., atmospheric forcing,
watershed runoff, coastal surge, or wave dynamics) using the methodology best suited to that
role (governing-equation solver, copula sampler, PIML, EnKF, etc.). Components can be
developed, calibrated, and validated independently, yet their complementary outputs are
combined to form the integrated multi-physics simulation.

Nature of coupling

Can be implemented as sequential (one-way), feedback (two-way), or ensemble (output-level).

Integration level

Integration may occur during simulation (e.g., iterative feedback of wave radiation stresses to a
surge model) or after each model run (ensemble). Sequential implementations maintain a
one-way flow of information between components, while feedback approaches enable two-way
exchanges.

Resulting scope

Offers a more robust and holistic simulation of compound hazards by leveraging each model’s
specialized capabilities. Addresses complex interactions between subdomains (river discharge,
coastal surge, waves, etc.) by combining domain-specific expertise into a comprehensive
framework.

Computational considerations

Varies by implementation category. Sequential approaches typically require less coordination
than feedback models, while ensemble methods allow for independent execution followed by a
strategic combination of outputs. All approaches balance computational demands with the
benefits of multi-model integration.

Key advantages

Enables more accurate representation of compound phenomena than single-model approaches.
Leverages specialist expertise in different domains. Provides a framework for quantifying
structural uncertainty through model diversity. Enhances flexibility in representing complex
physical interactions.

Implementation challenges

Requires careful interface design between components. It may involve data transformation
between different spatial or temporal scales. Requires expertise across multiple modeling
domains. Necessitates comprehensive validation to ensure component interactions are physically
realistic.

— Standardized coupling interfaces. Development of stan-

— Multi-scale coupling. Advancing methods to bridge

dardized protocols and software interfaces would facil-
itate more efficient model integration and comparison
across different hybrid implementations.

— Adaptive coupling strategies. Research into dynamic
coupling approaches that adjust information exchange
frequency based on event characteristics could optimize
computational efficiency.

spatial and temporal scale differences between model
components while preserving critical physical pro-
cesses.

Operational implementation. Transitioning hybrid mod-
eling approaches from research to operational forecast-
ing systems, including strategies for reducing compu-
tational demands (e.g., deriving vehicle-specific flood-
closure thresholds as in Maghsoodifar et al., 2025).

— Machine learning integration. Exploring how ML tech-
niques can complement physics-based models within
hybrid frameworks, particularly for parameter optimiza-
tion, uncertainty quantification, and real-time predic-

tion.

Hydrol. Earth Syst. Sci., 30, 1397-1420, 2026

Emerging socio-hydrological and agent-based frameworks
also offer opportunities for expanding compound flood mod-
eling beyond physical drivers alone. These models explicitly
simulate the feedbacks between human decisions and hy-
drological responses across a wide range of spatial scales,
from large-scale agent-based systems, where millions of
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agents interact dynamically with soil moisture, groundwa-
ter, reservoirs, and routing processes (de Bruijn et al., 2023),
to household-level adaptation models (Haer et al., 2020),
catchment-scale frameworks that couple agent behavior with
calibrated runoff responses (Sousa et al., 2025), behavior-
aware reservoir-operation schemes (Gautam et al., 2025),
and more generic socio-hydrological agent-based platforms
developed for integrated water management applications
(Lillo-Saavedra et al., 2024). Integrating compound flood
frameworks with such socio-hydrological models could al-
low future studies to capture not only the multivariate flood
physics but also how human behavior, adaptation, exposure,
and decision-making co-evolve with compound flood haz-
ards under changing climate and socioeconomic conditions.

As computational capabilities expand and new modeling
techniques emerge, the potential for innovative hybrid im-
plementations will grow. Nevertheless, the systematic frame-
work and decision guidance presented in this paper pro-
vide a foundation for selecting and implementing appropri-
ate hybrid modeling approaches for compound flooding as-
sessment. By adopting a consistent terminology and struc-
tured selection process, practitioners can more effectively
identify suitable methodologies, anticipate implementation
challenges, and develop robust solutions for understanding
and predicting compound flooding in diverse coastal envi-
ronments.

https://doi.org/10.5194/hess-30-1397-2026

Appendix A: Technical implementation example of
sequential hybrid models

An example of a sequential hybrid workflow is given by Gori
and Lin (2022), who evaluated future compound flood hazard
for the Cape Fear Estuary, North Carolina. Their system links
several process-specific models in one direction. A statistical
synthetic tropical cyclone (TC) generator first produces thou-
sands of storm tracks. Each track then drives two indepen-
dent models: a TC-Rainfall (TCR) convective model, which
yields gridded rainfall, and an ADCIRC storm-tide model.
Peak rainfall, peak surge, and their timing are passed to a
JPM-OS-BQ joint probability module, which picks a rep-
resentative subset of events. The selected rainfall fields are
fed into HEC-HMS to create watershed inflow hydrographs.
These hydrographs, together with the selected storm-tide se-
ries, serve as boundary conditions for a high-resolution HEC-
RAS 1D/2D inundation model. Information moves only for-
ward — statistics to physics, upstream physics to downstream
physics — while each component retains its full, native capa-
bilities. This one-way transfer of information exemplifies a
sequential hybrid modeling framework (Fig. A1).
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Figure Al. Technical implementation of a sequential hybrid framework adapted from Gori and Lin (2022) for projecting compound flood
hazard in the Cape Fear Estuary, NC. A statistical Synthetic-TC generator (top) converts reanalysis and CMIP6 climate fields into thousands
of synthetic TC tracks with intensity-size parameters. Two physics-based engines then operate independently on each track: a convective
rainfall model (left) produces gridded storm-rainfall fields, while an ADCIRC hydrodynamic model (right) simulates coastal storm-tide time
series. Their peak rainfall, peak surge, and time lag feed a statistical JPM-OS-BQ selector that distils a representative subset of rainfall-
tide events (purple). Those selected rainfall fields drive a regional HEC-HMS hydrology model, yielding river-discharge hydrographs that,
together with the selected storm-tide series, serve as boundary conditions for a high-resolution HEC-RAS 1D/2D inundation model (gold),
which maps water-level surfaces and maximum depths. Grey arrows denote the one-way flow of information, illustrating the characteristic of

sequential hybrid approaches where each component maintains complete simulation capabilities in its respective domain while information
flows predominantly in one direction.
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Appendix B: Technical implementation example of
feedback hybrid models

Figure B1 illustrates the feedback hybrid model provided by
Muiioz et al. (2022a) in their Gulf Coast compound flood
forecast system. Two components operate continuously and
exchange information during each assimilation window. The
Delft3D-FM hydrodynamic model predicts water level and
current fields based on wind, pressure, tide, and river inflow
forcing, providing an ensemble forecast for the next model
step. Those forecast fields, along with real-time water level
observations and their error statistics, are processed by an
Ensemble Kalman Filter (EnKF). The EnKF combines the
model prediction with observations, producing a corrected
state ensemble (i.e., updated water levels and velocities) that
immediately replaces Delft3D-FM’s initial conditions before
the solver resumes. This two-way loop repeats every few
hours, so surge-river interactions reflected in the gauges feed
directly back into the next hydrodynamic calculation. They
showed that the feedback cycle reduces water level errors by
up to 40 % compared with a one-way run, especially during
peak surge when coastal backwater effects and river inflows
interact most strongly.

/ Delft3D-FM Model \

Input: Wind & pressure fields
& astronomical tide &
upstream river inflows

—

Output: Forecast ensemble

water levels & velocities
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Appendix C: Technical implementation example of
ensemble hybrid models

A practical example of ensemble hybrid modeling can be
found in Madadgar et al. (2016)’s study of seasonal pre-
cipitation forecasting in the southwestern United States
(Fig. C1). In their implementation, two process-specific mod-
els, NMME and a Bayesian analog model, were combined
through an ensemble approach to improve prediction skill.
Their framework integrates two complete models: NMME
as the physics-based component with 99 ensemble mem-
bers providing dynamical simulations, and a Bayesian analog
model as the statistical component incorporating teleconnec-
tion indices (PDO, MEI, and AMO). Rather than operating it-
eratively, these components function independently, and their
outputs are overlaid for combination through an Expert Ad-
vice algorithm. This algorithm applies a weighted ensemble
combination based on each model’s historical performance,
effectively pooling their predictions to generate a final pre-
cipitation forecast. By comparing and consolidating multi-
ple approaches to the same hazard, this ensemble framework
demonstrates how both physically based simulations and sta-
tistical approaches can be leveraged to improve prediction
skill for complex phenomena like seasonal precipitation fore-
casting.

EnKF Model

Input: Forecast ensemble

from Delft3D-FM & Water

level observations & error
covariances

—

Output: Updated state

of water levels & velocities
for next At

/

ensemble (corrected water
levels & velocities)

Updated water levels & velocities

Figure B1. Technical implementation of a feedback hybrid modeling framework based on Muiloz et al. (2022a)’s approach for simulating
compound flooding along the northern Gulf Coast. The framework consists of two process-specific models: Delft3D-FM (hydrodynamic
coastal-riverine model) and an Ensemble Kalman Filter (EnKF) (statistical data assimilation module). Coloured boxes indicate the two
modeling domains. Arrows represent information flow between the models at each assimilation cycle, with water level and velocity fields
exchanged as indicated. Each model maintains complete simulation capabilities in its respective domain while exchanging essential data with
the other model to capture compound flood dynamics through continuous feedback coupling.
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~

Physics-based Model
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(& /

Statistical Model

Bayesian Analog
Model

Using Teleconnection Indices
(PDO, MEI, AMO)

Overlaid Model Simulations

Expert Advice
algorithm

Weighted Ensemble
Combination

Precipitation Forecast

Figure C1. Technical implementation of an ensemble hybrid modeling framework based on Madadgar et al. (2016)’s approach for seasonal
precipitation and drought prediction in the southwestern United States. The physics-based model component (blue box) employs NMME as
a complete dynamical simulator with 99 ensemble members incorporating atmospheric-ocean interactions. The statistical model component
(green box) uses a process-specific Bayesian analog approach that generates complete predictions using teleconnection indices (PDO, MEI,
AMO). Gray arrows indicate information flow to the Expert Advice algorithm (red box), which performs a weighted ensemble combination
based on historical performance metrics. This ensemble hybrid approach enables independent execution of each modeling component while
strategically combining their outputs through a unified framework to leverage the strengths of both physical and statistical predictions,
characteristic of ensemble hybrid methods, where complete solutions are merged rather than coupled. The final precipitation forecast (yellow
box) represents the optimally weighted combination of all model predictions.
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