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Abstract.

Accurate flood inundation modeling using high-resolution hydrodynamic simulations is computationally demanding, limiting

their use for large-scale analysis and rapid scenario evaluation. Although machine learning surrogates have been developed,

many struggle to reproduce the full spatiotemporal evolution of flood dynamics while maintaining physical consistency across

spatial scales. In particular, simultaneously capturing basin-scale wave propagation and fine-scale inundation boundaries remains5

challenging. This study presents a multi-resolution deep learning framework for dynamic flood prediction. The approach

combines a coarse-resolution neural operator that captures large-scale hydrodynamic behavior with a terrain-aware refinement

module that reconstructs a fine-scale boundary structure. The framework is trained on high-fidelity two-dimensional shallow-

water simulations and evaluated across riverine, dam-break, and complex floodplain systems, including tests under structured

bathymetric uncertainty. Results demonstrate accurate reconstruction of continuous water depth fields, wet–dry delineation, and10

peak flow magnitude and timing. The model preserves the evolution of domain-integrated water volume over time, ensuring

physically consistent mass dynamics rather than purely geometric agreement, and maintains probabilistic consistency when

input topography is uncertain. The framework, therefore, provides high-resolution flood predictions at substantially reduced

computational cost relative to direct high-resolution simulation. These findings show that multi-resolution deep learning can

approximate hydrodynamic flood processes with strong physical fidelity and robustness to geometric uncertainty, supporting15

scalable flood hazard assessment and rapid predictive modeling.

1 Introduction

Floods are among the most consequential natural hazards because they combine strong physical complexity with widespread

exposure of populations, infrastructure, and supply chains. Across riverine, pluvial (urban), coastal, and dam-break contexts,

inundation emerges from nonlinear coupling among rainfall–runoff generation, channel–floodplain hydraulics, tide–surge20

processes, terrain controls, and engineered hydraulic structures (Merwade et al., 2008; Teng et al., 2017; Bates, 2022; Zhao

et al., 2025). These controls operate across spatial scales from street-level microtopography (e.g., curbs, underpasses, levees) to

catchment-to-regional connectivity, and across temporal scales from minutes (convective bursts and rapid runoff responses) to

days (large-basin routing and compound surge–river interactions). Because impacts depend not only on peak water levels but
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also on arrival time, duration, and flow pathways, decision-relevant prediction increasingly requires spatiotemporally resolved25

fields of water depth and velocity over large, high-resolution domains (Bubeck et al., 2017).

Physics-based hydrodynamic models are widely used as reference tools because they directly solve the governing flow

equations. However, their primary limitation is computational scalability: capturing the relevant physics requires fine spatial

discretisation, small time steps for stability, and repeated solution of large numerical systems. As a result, runtime and memory

costs grow rapidly with resolution, domain size, and model complexity, limiting their applicability for real-time forecasting and30

large-ensemble workflows such as Monte Carlo design (Rahman et al., 2002), uncertainty quantification (Idowu and Alfahid,

2025), and sensitivity analysis (Pappenberger et al., 2008; Alipour et al., 2022), where the cost of a single simulation is amplified

across many realizations (Bates, 2022; Guo et al., 2020; Luo et al., 2022). Furthermore, these solvers can hardly serve the need

of near-real-time flood warning scenarios where the simulations are needed within minutes and every second matters. Substantial

effort has been devoted to mitigating this computational bottleneck through high-performance computing and numerical35

acceleration. Parallelisation strategies (Neal et al., 2009; Sanders and Schubert, 2019), improved numerical schemes (Bates and

De Roo, 2000; Leijnse et al., 2021; Sridharan et al., 2021; Behroozi et al., 2023), and GPU-based implementations (Buttinger-

Kreuzhuber et al., 2022; Ming et al., 2020; Morales-Hernández et al., 2021; Rak et al., 2024) have significantly reduced runtimes.

Nevertheless, these approaches do not eliminate the underlying computational constraints.

Data-driven and surrogate approaches aiming to approximate high-fidelity solvers at a fraction of the computational cost have40

emerged as an alternative paradigm, with most models trained on synthetic datasets generated from numerical solvers (Mosavi

et al., 2018; Bentivoglio et al., 2022; Karim et al., 2023; Sun et al., 2024). Despite major speed gains, two distinct but coupled

limitations remain. The first is a local geometric-fidelity problem. For flood inundation surrogates, the most consequential errors

are often not basin-averaged depth errors, but local wet–dry boundary misplacement and broken channel/floodplain connectivity

in narrow conveyance corridors. Because many studies are evaluated primarily with aggregate metrics (e.g., CSI, RMSE), these45

decision-critical hydraulic failures can be masked even when global scores are high (Wing et al., 2017; Mosavi et al., 2018;

Bentivoglio et al., 2022; Karim et al., 2023; Taghizadeh et al., 2025). These failure modes arise where fine-scale topography

controls dry-wet interfaces and channelized flow, so a coarse global surrogate alone is insufficient.

The second is a cross-scale consistency problem. Recent advances in physics guidance and operator learning improve

efficiency and generalization: hybrid and reduced-order surrogates enable large-scale acceleration (Fraehr et al., 2024; Bass and50

Bedient, 2018; John and Nagaraj, 2023), while neural operators capture global spatiotemporal dynamics and transfer across

scenarios, and convolutional refinements recover local detail (Xu et al., 2025; Rivera-Casillas et al., 2025; Li et al., 2020;

Behroozi et al., 2025; Baruah et al., 2025; He et al., 2023). However, a fundamental limitation persists: models optimized for

global dynamics tend to smooth terrain-controlled transitions, whereas local refinement approaches often lack explicit global

hydrodynamic context, producing inconsistencies between large-scale flow evolution and fine-scale inundation geometry (Fraehr55

et al., 2024; Xu et al., 2025; Thomas Steven Savage et al., 2016; Cappato et al., 2022; Balachandran et al., 2025; Qiu et al.,

2026; Noh et al., 2018). Thus, the key need is not only higher local resolution, but a framework that preserves both local fidelity

and global–local physical consistency.
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A separate operational challenge is that the impacts of river bathymetry and bed topography conditions are difficult to

observe and represent in surrogate models at large spatial scales, an issue acknowledged by benchmark-focused reviews (Karim60

et al., 2023). Because topography is a high-dimensional, distributed input, it is difficult to provide enough training data to fully

constrain its impacts. Flood responses are strongly sensitive to bed geometry, especially near wet–dry transitions and connectivity

bottlenecks, yet river bathymetry is rarely available. Therefore, to support probabilistic flood analysis, a surrogate should remain

reliable under at least modest plausible bed-topography perturbations rather than only under a single deterministic geometry.

Prior data-driven studies have often focused on predictions of fixed bed topography, including CNN-based rapid inundation65

mapping trained on event libraries within a given terrain (Kabir et al., 2020) and neural-operator/domain-adaptation frameworks

targeting transfer across basins or forcing regimes rather than explicit bed perturbations (Xu et al., 2025; Taghizadeh et al., 2025).

Such models may lose relevance even under slight changes in bed topography. This means they always need extensive training

data for a given domain, which partly negates their efficiency. Consequently, systematic evaluation of surrogate sensitivity to

modest bed-topography perturbations remains limited.70

In this work, we introduce a physics-aligned, operator-based deep learning framework for rapid flood inundation prediction

that explicitly addresses this challenge. The proposed approach separates large-scale wave propagation from local topographic

refinement, enabling efficient inference over large spatial domains while preserving decision-critical inundation features.

Specifically, we leverage operator learning to model global flood dynamics and incorporate a physics-anchored refinement

stage to recover sharp wet–dry boundaries and connectivity governed by fine-scale terrain. By combining these components75

within a unified and inference-stable framework, the method overcomes the trade-off between computational efficiency and

geometric fidelity observed in existing surrogate models. Beyond deterministic accuracy, we explicitly evaluate whether the

framework preserves predictive skill and calibration under moderate, spatially coherent bed-topography perturbations. This test

targets practical robustness for uncertainty-aware scenario analysis in settings where bed data are incomplete or uncertain. The

resulting system enables rapid inundation prediction and large-ensemble analysis without reliance on numerical solvers, while80

maintaining high-resolution geometric fidelity in complex terrain.

2 Methodology

This section details the multi-resolution surrogate architecture used for rapid, high-resolution flood inundation mapping. It

summarizes forcing construction, the coarse-resolution Fourier Neural Operator, and the localized Magnifier refinement module,

with emphasis on scale separation and physical consistency.85

2.1 Neural Operators and Fourier Neural Operators

Neural operators aim to learn mappings between function spaces rather than finite-dimensional vectors, making them well suited

for systems governed by partial differential equations. In the context of flood modeling, this corresponds to approximating a

nonlinear solution operator

G : a(x, t) 7→ u(x, t), (1)90
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where a(x, t) denotes inputs distributed over space (x) and time (t), such as terrain and boundary forcing, and u(x, t)

represents the resulting spatiotemporal water-depth field. Among existing operator-learning architectures, the Fourier Neural

Operator (FNO) provides an efficient mechanism for learning such mappings by parameterizing G in the spectral domain.

The FNO applies truncated spectral convolutions in Fourier space combined with local linear transformations to capture

long-range spatial correlations while maintaining computational efficiency (Figure A.1). In this work, the FNO is employed as a95

coarse-resolution hydrodynamic surrogate that captures the dominant spatiotemporal structure of flood evolution on a uniform

grid, while intentionally smoothing fine-scale, terrain-controlled features addressed in a subsequent refinement stage. A detailed

formulation of neural operators and the Fourier Neural Operator architecture, including spectral convolution operators and

implementation specifics, is provided in Appendix A.
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Figure 1. Overview of the Multi-Resolution Flood Mapping Framework. The pipeline consists of two primary stages: (1) A coarse-

resolution FNO that predicts coarse-resolution temporal flood maps across the entire domain based on spatiotemporal gauge forcing and bed

topography; and (2) a localized Feature-wise Linear Modulation based Residual Convolutional Neural Operator (FiLM-RCNO) in

Magnifier Mode. The Magnifier operates on specific N ×N windows extracted from the coarse resolution prediction, utilizing high-resolution

topographic data and a hydrostatic baseline to produce final Fine-Resolution Temporal Flood Maps via hydraulic residual correction.

2.2 Coarse-Resolution Spatiotemporal Flood Modeling with a Fourier Neural Operator100

The first stage of the proposed framework employs a coarse-resolution Fourier Neural Operator (FNO) to model spatiotemporal

flood dynamics over the full computational domain. The FNO operates on a fixed, uniform grid and is trained to capture the

dominant patterns of flood response in space and time, conditioned on externally-prescribed forcing signals and static terrain

information. By design, this model targets large-scale flood evolution rather than fine-scale inundation geometry, yielding a

physically coherent low-resolution representation that is computationally efficient and stable over large domains.105
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The FNO maps spatially continuous forcing fields—constructed from sparse point-scale observations—and bed topography to

coarse-resolution temporal flood-depth predictions (Figure 1). These predictions encode the overall spatiotemporal structure

of the flood response, including timing, broad routing behavior, and aggregate attenuation, while intentionally smoothing

terrain-controlled features that cannot be reliably resolved at coarse resolution. Such fine-scale effects are instead addressed in a

subsequent localized refinement stage.110

In this study, the global FNO uses two input channels (C = 2): (i) the aggregated spatiotemporal forcing field and (ii) the

static bed-topography field on the coarse grid.

The construction of the spatiotemporal forcing fields, including the spatial projection and temporal aggregation procedures,

is described in detail in Appendix B. Within this framework, the FNO provides the globally consistent coarse-scale context

used by the localized Magnifier for high-resolution terrain-aligned correction, without the computational cost of end-to-end115

high-resolution operator learning.

2.3 Residual Convolutional Neural Operator Magnifier

2.3.1 Motivation and scale separation:

A natural question when employing a coarse-resolution flood model is whether fine-resolution inundation maps can be

reconstructed through straightforward spatial upscaling. The most direct strategy is to apply standard interpolation schemes—such120

as nearest-neighbor or bilinear interpolation—to project coarse water depth predictions onto a finer computational grid. Although

computationally efficient and simple to implement, these geometric interpolation approaches implicitly assume that inundation

behaves as a smoothly varying field. In doing so, they neglect the governing hydraulic processes that control flow routing, wet–dry

transitions, and topographically constrained connectivity. A coarse-resolution solution represents a spatially averaged flow field

in which subgrid hydraulic variability has already been filtered out. Because spatial averaging is inherently a many-to-one125

operation, simple interpolation cannot reconstruct the information lost during coarsening. Consequently, interpolation-based

upscaling fails to reproduce fine-scale features such as channelized flow structures, sharp wet–dry fronts, and elevation-controlled

flow connectivity (Fraehr et al., 2024), particularly in shallow and topographically complex regions that are most critical for

flood hazard assessment. To address these limitations, we introduce a localized refinement model, referred to as the Magnifier,

which replaces purely geometric upscaling with a physically-anchored, data-driven correction mechanism. The Magnifier is built130

on an explicit separation of spatial scales: coarse-resolution flood evolution—such as overall timing, propagation patterns, and

large-scale attenuation—is assumed to be sufficiently represented by the Fourier Neural Operator, while discrepancies relative to

high-resolution reference solutions arise primarily from localized effects driven by fine-scale terrain variability, bathymetric

gradients, and hydraulic connectivity. Accordingly, the Magnifier does not seek to re-learn coarse flood dynamics, but instead

refines a locally plausible representation to recover high-resolution, terrain-aligned inundation structure.135
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Figure 2. Architecture of the FiLM-RCNO Magnifier Model. The Magnifier performs localized refinement on an N ×N window of

coarse-resolution flood predictions produced by the Fourier Neural Operator. The model ingests the high-resolution digital elevation model

(DEM), the coarse flood depth, and a physically anchored hydrostatic bathtub baseline. A Feature-wise Linear Modulation (FiLM) conditioned

residual convolutional neural operator predicts a hydraulic residual correction, which is added to the bathtub baseline to produce the final

super-resolution flood depth for each local window.

2.3.2 Physically anchored bathtub baseline:

Within each local window, refinement is anchored to a physically consistent hydrostatic bathtub baseline, which provides a

terrain-aligned, mass-consistent initial estimate of inundation. Consider a coarse grid cell Ωij ⊂ R2, indexed by (i, j), with area

|Ωij |. Let d̄ij(t) denote the coarse-scale mean water depth in that cell at time t, where t ∈ [0,T ]. The bathtub baseline assumes a

locally horizontal water surface within Ωij and defines the fine-scale water depth at spatial location (x,y) ∈ Ωij and time t as140

hbt(x,y, t) =
(
Hij(t)−Bfine(x,y)

)
+
, (2)

where hbt(x,y, t) is the reconstructed fine-scale bathtub water depth, Hij(t) is the water surface elevation associated with coarse

cell Ωij at time t, Bfine(x,y) is the fine-resolution bed elevation at location (x,y), and (·)+ := max(·,0) enforces non-negativity

so that dry locations have zero depth.

The water surface elevation Hij(t) is determined by enforcing conservation of water volume within the coarse cell:145
∫

Ωij

(
Hij(t)−Bfine(x,y)

)
+
dA= d̄ij(t) |Ωij |, (3)
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where dA denotes the differential area element. The left-hand side represents the total reconstructed water volume over the

fine-scale topography inside Ωij , while the right-hand side is the water volume implied by the coarse-scale mean depth d̄ij(t)

over the same coarse-cell area.

This construction guarantees strict wet–dry consistency, exact volumetric agreement with the coarse prediction, and precise150

alignment with the fine-scale terrain. However, because it is hydrostatic, the bathtub baseline does not account for momentum-

driven processes such as directional flow, inertial effects, or hydraulic connectivity, which are subsequently learned and corrected

by the neural refinement stage.

2.3.3 Residual refinement with FiLM-RCNO:

To recover the complex hydraulic dynamics missing from the hydrostatic estimate (such as backwater effects, momentum-driven155

spillover, and channelized flow), the Magnifier is formulated as a residual learner. The final refined depth field is defined as

hfinal(x,y, t) =
(
hbt(x,y, t)+∆h(x,y, t)

)
+
, (4)

where ∆h(x,y, t) is the hydraulic residual predicted by the FiLM-RCNO. To preserve mass consistency with the coarse FNO

prediction, ∆h is constrained to be zero-sum over the N ×N local refinement window:
∫

window

∆h(x,y, t)dA= 0. (5)160

This ensures that the refinement redistributes water based on local terrain gradients and hydraulic connectivity without introducing

spurious mass sources or sinks. In this architecture, multiscale behavior is achieved by the explicit coarse-to-fine decomposition

(FNO plus local Magnifier), while Feature-wise Linear Modulation (FiLM) (Turkoglu et al., 2022) is an internal conditioning

mechanism in the Magnifier. FiLM modulates intermediate feature channels using coarse-scale flood state and local terrain

descriptors, allowing the network to adapt residual corrections to local hydraulic conditions (Figure 2).165

2.4 Training, inference, and integration:

During training, local windows are sampled using a spatial random-walk strategy to efficiently cover large spatial domains. To

address the strong imbalance between wet and dry regions, a wet-patch quota is enforced by probabilistically downsampling

windows that are entirely dry in the reference solution. Here, wet and dry states are defined using a depth threshold of 0.01m,

consistent with the criterion used in ANUGA (Roberts et al., 2015) to distinguish inundated and dry cells. For additional170

efficiency, the Magnifier is applied only to windows that are not dry at the coarse resolution, as identified from the Fourier

Neural Operator prediction. At inference time, the Magnifier is applied in a sliding-window manner with overlapping windows,

retaining only the central region of each refined patch to ensure smooth global reconstruction. Together, the coarse-resolution

Fourier Neural Operator and the Magnifier form a unified multi-resolution surrogate that separates coarse spatiotemporal flood

evolution from local geometric refinement. The coarse model provides scalable, physically coherent flood predictions, while175

the Magnifier recovers decision-critical fine-scale inundation structure in a physically anchored and computationally efficient

manner.
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3 Model Training and Experimental Design

This section outlines the development of the multi-resolution flood modeling framework, detailing the hydrodynamic simulation

setup, neural operator implementation, training configuration, and experimental design used for systematic evaluation.180

3.1 Framework overview and workflow

Figure 3 illustrates the overall workflow adopted in this study for developing and evaluating the proposed flood inundation

learning framework. The process begins with the generation of a diverse ensemble of upstream hydrographs representing a broad

range of flood scenarios, spanning variations in peak discharge, timing, and duration. These boundary forcings are simulated

with ANUGA (Roberts et al., 2015) to produce physically consistent, time-evolving reference water-depth fields over the185

computational domain; detailed solver formulation and configuration information is provided in Section E.

1: Create Forcing Driver Events 

2: Create Hydrodynamic Model  3: Dataset Preparation

4: Training Neural Operator

Synthetic Hydrographs Observed
Hydrographs

Flood simulation with
ANUGA Solver

Processing water depth
sequences

Training 
Dataset

Validation 
Dataset

Testing 
Dataset

Training 
Coarse operator

Training Magnifier
operator

Fine-tuning the
entire framework

5: Prediction and Assessment

Water Depth
(Coarse

Resolution)

Water Depth
(Fine Resolution)

Water Inundation
Map

Figure 3. Implementation phases of the multi-resolution flood mapping framework.

The simulated depth sequences are then organized into structured datasets, where hydrographs serve as inputs, and the

corresponding spatiotemporal depth fields form the learning targets. After preprocessing and resolution alignment, the neural

framework is trained in three stages. First, the coarse-resolution Fourier Neural Operator (FNO) is trained independently to

learn global flood-wave propagation. Second, the coarse operator is frozen, and the high-resolution magnifier model is trained190

to reconstruct terrain-aligned inundation patterns using physics-anchored residual learning. Finally, the full framework is

fine-tuned end-to-end to ensure consistency between global dynamics and local topographic refinement. The trained system
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is then evaluated on unseen hydrographs, with predictions assessed against hydrodynamic reference simulations using both

depth-based and extent-based metrics.

3.2 Study sites195

We evaluated the proposed framework across three hydrologically distinct flood-prone environments: (i) a hurricane-driven

fluvial flooding event along the Neuse River upstream of Quaker Neck Lake (North Carolina, USA), (ii) a dam-break overtopping

failure scenario at Fall River Lake Dam (Kansas, USA), and (iii) a long-duration, regulated floodplain system in the Chowilla

floodplain within the Murray–Darling Basin (South Australia, Australia). Table 1 and Figure 4 summarize their geographic

context, domain configuration, and elevation characteristics. Detailed hydrodynamic setup and boundary condition specifications200

are provided in the subsequent subsections.

The first case study focuses on hurricane-driven fluvial flooding along the Neuse River upstream of Quaker Neck Lake

near Goldsboro, North Carolina, USA (Figure 4a,c). This low-gradient plain reach contains extensive floodplains and exhibits

strong sensitivity to extreme precipitation and upstream runoff forcing. During Hurricane Matthew in October 2016, sustained

basin-wide rainfall produced severe riverine flooding and widespread inundation throughout the corridor (Musser et al., 2017).205

The computational domain is defined by eight upstream streamflow gauges that provide the boundary forcing configuration

(Figure 5a). Hydrologic forcing data is derived from the observed Hurricane Matthew hydrographs spanning 5–16 October

2016 (Watson and Musser, 2017), which define the inflow conditions for the simulations. Spatial variability in hydraulic

resistance is represented through Manning’s roughness coefficients ranging from 0.015 to 0.06 s ·m−1/3, obtained by converting

land use and land cover (LULC) classes from the National Land Cover Database (Dewitz, 2021) into roughness values using a210

standard lookup table following Arcement and Schneider (1989), reflecting contrasts between confined channel sections and

adjacent floodplain areas. The inundation extent associated with this reference event was obtained from the FIMbench product,

which processes raw remote-sensing imagery and applies DEM-based gap filling using the hydrologically-guided region-growing

(HGRG) algorithm to reconstruct the flood extent for the Hurricane Matthew case in the Neuse River basin (Cohen et al., 2024).

The second case study considers an overtopping-driven dam-break scenario at Fall River Lake Dam in Greenwood County,215

Kansas (Figure 4a,d). The structure is an earthen embankment dam with a height of 28.6 m and a contributing drainage area of

approximately 1,515 km2. According to the National Inventory of Dams, the reservoir has a normal storage capacity of 316

million m3, increasing to approximately 501 million m3 at crest elevation. The dam is designated as a High Hazard Potential

facility, indicating that failure could result in substantial downstream consequences, including possible loss of life (Jakubauskas

et al., 2011; Balachandran et al., 2025). Overtopping is selected as the governing failure mechanism due to its documented220

prevalence and destructive impact (Balachandran et al., 2025). This process occurs when reservoir levels exceed the crest

elevation, initiating progressive embankment erosion and producing a rapid, high-intensity outflow. For this scenario, the

upstream boundary condition is represented by a sharp triangular breach-release pulse characteristic of overtopping-induced

discharge evolution. Representative hydrographs are shown in Figure 6c, and the mathematical formulation of the synthetic

hydrograph generation is provided in Appendix D. A spatially-uniform Manning’s roughness coefficient of n= 0.06s ·m−1/3225

was applied throughout the downstream domain to represent effective hydraulic resistance across the floodplain.

9

https://doi.org/10.5194/egusphere-2026-1982
Preprint. Discussion started: 12 May 2026
c© Author(s) 2026. CC BY 4.0 License.



 

 

  

 
 

(a) 
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(e) (d) 

Figure 4. Overview of the case studies. Panels (a) and (b) illustrate the geographic locations of the selected study areas in the United States

and Australia. Panels (c), (d), and (e) present the corresponding model domains and elevation fields for the Neuse River reach; the Fall River

Lake watershed; and the Chowilla floodplain, respectively. The letter G followed by a number indicates a gage location.

The third case study focuses on the Chowilla floodplain, a low-relief multi-anabranch system within the Murray–Darling Basin

at the border of Victoria, New South Wales, and South Australia (Figure 4a,e). The domain consists of flat terrain interlaced

with a dense network of distributary channels that facilitate strong hydraulic connectivity between the main river corridor

and the surrounding floodplain. Regulation through 22 weirs and control structures produces spatially variable inundation230

patterns governed by both managed releases and natural channel interactions (Fraehr et al., 2022, 2023, 2024). Inflow enters

the domain through three primary upstream rivers (G1–G3; Figure 4e), forming a multi-boundary forcing configuration. The

dataset was derived from a prolonged hydrologic period extending from 5 August 2010 to 1 June 2011, characterized by a

gradual water-level rise followed by a sustained recession phase under regulated conditions rather than a short-lived extreme
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Table 1. Overview of case studies and general characteristics.

Neuse River Fall River Lake Dam Chowilla Floodplain

Domain size 1104km2 554km2 740km2

Case type Hurricane-driven fluvial flood Overtopping dam-break Regulated multi-boundary floodplain

Number of inflows 8 1 (Dam operation) 3

Range of inflows (Min–Max) 0–2,211m3/s 0–20,000m3/s 0–1,460m3/s

Duration of flood events 11 days 24 hours 300 days

Hydrodynamic solver resolution
379,487 triangle cells 379,487 triangle cells 379,487 triangle cells

189,872 nodes 189,872 nodes 189,872 nodes

Total simulated flood events 150 (100 events for training, and 50 events for validation and testing)

Dataset spatial resolution 10m× 10m 25m× 25m 30m× 30m

Dataset temporal intervals 3-hour intervals 15-minute intervals 3-day intervals

Coarse operator resolution 300m× 300m 200m× 200m 300m× 300m

Resolution scaling parameter (f) 30 8 10

Magnifying window (N) 5 5 5

Magnifier operator resolution 10m× 10m 25m× 25m 30m× 30m

flood pulse. Representative reference and synthetic hydrographs are displayed in Figure 5(b). Spatially-varying Manning’s235

coefficients were prescribed with n= 0.026s ·m−1/3 within river channels and n= 0.083s ·m−1/3 across the floodplain to

account for differences in momentum dissipation between confined flow paths and vegetated overbank areas.

3.3 Hydrodynamic Modeling, Data Preparation, and Operator Learning Configuration

Training datasets for all case studies were produced using high-resolution hydrodynamic simulations of the depth-averaged

Shallow Water Equations solved with the ANUGA framework (Roberts et al., 2015). ANUGA applies a finite-volume scheme on240

unstructured triangular meshes, allowing stable resolution of wetting–drying processes, irregular bathymetry, and dynamically-

evolving flood boundaries. For each synthetic inflow realization, the solver generates the full spatiotemporal water depth

evolution across the event duration.

Hydraulic outputs were subsequently interpolated onto structured Cartesian grids to obtain consistent tensor representations

compatible with neural operator training. For every case study, 150 synthetic inflow realizations were generated and used for245

training and validation. Each realization yields a three-dimensional depth tensor of size [nx,ny,nt], where nx and ny correspond

to spatial resolution and nt denotes the number of archived temporal snapshots. These tensors form the supervised dataset for

learning the mapping from boundary inflow forcing to flood depth evolution. For computational context, generating the 150

ANUGA realizations for each case study required approximately 450 wall-clock hours in total (about 3 hours per realization),

whereas one surrogate forward pass was trivial (approximately 1s). This efficiency contrast was observed across scenarios with250

very different physical event durations, including a 24-hour dam-break case, an 11-day riverine case, and an approximately

300-day floodplain case.
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(a) The Neuse River case 

 
(b) The Chowilla floodplain case 

 
Figure 5. Upstream inflow hydrographs for (a) the Neuse River case and (b) the Chowilla floodplain case. Black curves denote the observed

reference events, while blue curves illustrate representative synthetic realizations generated through controlled perturbation of peak magnitude,

timing, and limb steepness (see Appendix D).
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3.3.1 Case (i): Neuse River – Hurricane Matthew (2016)

For the Neuse River domain, simulations were conducted on an unstructured triangular mesh with element areas ranging from

97 to 324,000m2. This mesh configuration provides concentrated refinement along the active river channel while maintaining255

computational efficiency over the surrounding coastal floodplain. Computed depth fields were interpolated onto a structured grid

with 10m×10m spatial resolution. The upstream boundary forcing was specified using eight discharge hydrographs (Figure 4c)

associated with the Hurricane Matthew event spanning 5–16 October 2016, illustrated in Figure 5a. Based on this observed event,

150 synthetic inflow realizations were generated through systematic modification of peak magnitude, timing characteristics, and

hydrograph morphology following the formulation detailed in Appendix D. Simulations covered the entire 11-day interval using260

adaptive time steps between 310 and 2600 seconds. Water depth fields were recorded at 3-hour intervals, yielding 89 temporal

snapshots per realization. Within the operator learning framework, the coarse FNO model operated on a 300m× 300m grid to

capture basin-scale flood dynamics. The Magnifier component enhanced these coarse predictions to the native 10m× 10m

resolution using a refinement ratio f = 30 and local window size N = 5, enabling recovery of terrain-controlled inundation

features while preserving large-scale hydraulic behavior.265

3.3.2 Case (ii): Fall River Lake – Overtopping Dam-Break Scenario

For the Fall River Lake overtopping case, hydrodynamic computations were performed on a triangular mesh with cell areas

between 345 and 10,000m2. This discretization increased spatial resolution in zones of strong hydraulic gradients immediately

downstream of the breach while maintaining tractability across the broader floodplain. Simulation outputs were projected onto a

structured grid with 25m× 25m spacing. The upstream inflow boundary condition was defined as a triangular breach-release270

hydrograph consistent with the overtopping configuration reported in Balachandran et al. (2025) and shown in Figure 6. Synthetic

breach realizations were generated by sampling peak discharge, time to peak, and release duration within physically admissible

ranges, as specified in Appendix D. Simulations were carried out over a 24-hour window using adaptive time increments

between 3.2 and 15 seconds. Water depths were archived at 15-minute intervals, producing 97 temporal snapshots per realization.

For surrogate prediction, the coarse FNO model operated on a 200m× 200m grid to represent domain-scale breach wave275

propagation. Fine-scale inundation patterns at 25m× 25m resolution were reconstructed using a refinement ratio f = 8 and

window size N = 5, allowing accurate recovery of rapidly varying downstream hydraulic structures.

3.3.3 Case (iii): Chowilla Floodplain

For the Chowilla floodplain system, simulations were executed on an unstructured mesh with element areas ranging from

400 to 256,000m2. This mesh design resolves distributary channels and floodplain connectivity while maintaining efficiency280

over the low-relief basin. The simulated water depth fields were then mapped to a structured grid with spatial resolution

30m× 30m. The boundary forcing consisted of three upstream hydrographs associated with the regulated Murray–Darling

Basin inflow system, depicted in Figure 5b. A total of 150 synthetic realizations were produced by perturbing the prolonged

historical hydrograph spanning 5 August 2010 to 1 June 2011 using the procedure outlined in Appendix D. In particular, peak
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Figure 6. Overtopping breach hydrographs for the Fall River Lake Dam scenario. The red curve represents the reference breach configuration

reported in Balachandran et al. (2025), while the blue curves show synthetic realizations obtained by sampling peak discharge (Qp), time to

peak (tp), and total duration (T ) within prescribed bounds (see Appendix D).

discharge was varied within ±50% of the reference event maximum while preserving the large-scale temporal morphology of285

the regulated hydrograph. Simulations were performed over the full hydrologic period with adaptive time steps between 310

and 2600 seconds. Water depths were stored at 3-day intervals, resulting in 100 temporal snapshots per realization. Within the

operator learning configuration, the coarse FNO model operated on a 300m× 300m grid to represent large-scale regulated

flood dynamics across the multi-anabranch network. The Magnifier module refined these predictions to the native 30m× 30m

resolution using a refinement ratio f = 10 and window size N = 5, enabling reconstruction of inundation boundaries influenced290

by subtle topographic gradients and channel connectivity.

3.4 Implementation and Training Configuration

The neural network was implemented in Python 3.12 using PyTorch 2.1 with tensor-based automatic differentiation. The

coarse model follows the Fourier Neural Operator architecture of Li et al. (2020), comprising four Fourier layers with spectral

convolutions truncated to 10 modes in each spatial (x, y) and temporal (t) coordinate. Inputs are lifted to 128 feature channels295

and projected back to physical depth through linear layers. The FiLM-RCNO Magnifier used FiLM layers with feature width

32 and three conditioning channels for mixing, followed by a convolutional mixer consisting of three convolutional layers (32

feature maps each) and a linear layer of width 32 projecting the latent representation to the physical residual space. Training

employed the AdamW optimizer with learning rates of 1× 10−4 for the FNO and 5× 10−4 for the FiLM-RCNO. Each model

was pretrained for 500 epochs, followed by 50 epochs of joint fine-tuning. Computations were performed on a node equipped300

with dual Intel Xeon Gold 6248 CPUs (40 cores total) and an NVIDIA Tesla V100S GPU (32 GB memory). Data preprocessing

was conducted on the CPU, while model training utilized GPU acceleration.
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3.5 Multi-resolution evaluation and performance metrics

The predictive performance of the proposed multi-resolution learning framework was evaluated against reference simulations

generated using the two-dimensional ANUGA hydrodynamic solver (Roberts et al., 2015), which served as the benchmark305

solution throughout this study (Section E). Evaluation was conducted at two spatial resolutions corresponding to the architecture

of the framework (Section 2.2 and Section 2.3). At the coarse scale, outputs from the global neural operator were compared with

hydrodynamic solutions downsampled to the same resolution, enabling assessment of large-scale flood-wave propagation and

basin-scale inundation dynamics. At the fine scale, magnifier predictions were evaluated against high-resolution hydrodynamic

outputs to quantify the accuracy of reconstructed inundation boundaries and localized depth variations governed by topography.310

To further contextualize model performance, we additionally compared fine-scale magnifier predictions with simple geometric

bilinear interpolation of the coarse outputs, thereby highlighting the inherent limitations of interpolation-based approaches in

reconstructing high-resolution inundation structure, which constitutes one of the core motivations of the present work. To further

examine hydrodynamic consistency, model accuracy was assessed separately across two depth regimes. Shallow inundation

regions, defined by water depths less than 0.5m, were evaluated independently due to their sensitivity to wet–dry transitions and315

subgrid topographic effects (Kabir et al., 2020; Herath et al., 2025). Deeper flow regions with depths exceeding 0.5m were

analyzed to assess performance under fully developed hydraulic conditions. This stratified evaluation provides insight into

model robustness under both marginal and fully inundated states.

For uncertainty-aware evaluation, we defined a structured topographic perturbation protocol for the dam-break case. With z

denoting the baseline bathymetry, perturbed realizations are generated:320

z(i) = z+ ϵ(i), i= 1, . . . ,150, (6)

where each ϵ(i) is an independent, spatially-coherent, zero-mean random field. The perturbation magnitude is controlled by a

fixed standard deviation σ, set to approximately 5% of the characteristic vertical scale to represent moderate yet meaningful

terrain uncertainty. We used 100 realizations for training and 50 held-out realizations for validation/testing, while keeping

all architecture and optimization settings identical to the deterministic configuration so that performance changes could be325

attributed to geometric uncertainty alone.

3.5.1 Depth-based error metrics:

Continuous depth predictions were evaluated using complementary dimensionless error and skill measures. The relative root

mean squared error (relRMSE) is defined as

relRMSE =

√
1
N

∑N
i=1 (Oi −Pi)

2

Ō
, (7)330

where Oi and Pi denote reference and predicted depth values, respectively, N is the number of evaluated samples, and Ō is the

mean reference depth over the evaluated domain. The relRMSE provides a normalized measure of prediction error relative to

characteristic flood magnitude.
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Predictive skill relative to the reference hydrodynamic simulation is quantified using the Nash–Sutcliffe efficiency (NSE),

NSE = 1−
∑N

i=1 (Oi −Pi)
2

∑N
i=1

(
Oi − Ō

)2 . (8)335

An NSE value of unity indicates perfect agreement, values near zero indicate limited predictive skill, and negative values imply

performance worse than using the mean reference depth as a predictor.

3.5.2 Peak magnitude and timing evaluation:

To assess the temporal fidelity of flood-wave propagation, peak magnitude and timing errors were evaluated using domain-

integrated water volume.340

H(t) =

∫

Ω

h(x,y, t)dA (9)

denotes the total water volume over the spatial domain Ω at time t.

The peak period is defined as the timesteps corresponding to the top 5% highest values of H(t) obtained from the reference

simulation. With tpredpeak,5% and trefpeak,5% respectively denoting the vectors of timesteps associated with these highest values for

the predicted and reference simulations, the average peak-period volumes are H
pred

peak,5% andH
ref

peak,5%.345

The relative peak value error is defined as

relPeakValErr =
H

pred

peak,5% −H
ref

peak,5%

H
ref

peak,5%

. (10)

This metric quantifies the relative overestimation or underestimation of peak flood magnitude, providing a measure of how

accurately the surrogate reproduces extreme event severity.

The average timesteps over the predicted and reference peak periods are respectively denoted by t
pred
peak,5% and t

ref
peak,5%. Peak350

timing accuracy normalized by peak duration is computed as

relPeakTimeErr-1 =
t
pred
peak,5% − t

ref
peak,5%

max
(
trefpeak,5%

)
−min

(
trefpeak,5%

) . (11)

This formulation evaluates temporal alignment within the peak plateau, indicating whether the predicted peak occurs too early

or too late relative to the duration of peak conditions.

A second timing metric, normalized by the characteristic rising-limb duration, is defined as355

relPeakTimeErr-2 =
t
pred
peak,5% − t

ref
peak,5%

t
ref
peak,5% − trefrise,10%

, (12)

where trefrise,10% denotes the timestep corresponding to a 10% increase above the minimum reference volume, marking the onset

of the rising limb. This metric evaluates the accuracy of flood-wave propagation timing relative to overall event development.

Together, these measures characterize both the magnitude and temporal consistency of peak flood conditions while reducing

sensitivity to short-term fluctuations by averaging over the highest 5% of event values (Fraehr et al., 2022).360
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3.5.3 Inundation extent metrics:

Binary inundation performance was evaluated using standard hydrologic classification metrics (Fraehr et al., 2022). The

Probability of Detection (POD) quantifies detection capability:

POD (%) = 100× True Positives
True Positives+False Negatives

. (13)

True positives denote correctly predicted flooded cells, false positives represent false alarms, and false negatives correspond to365

missed inundation.

False Alarm Ratio (FAR) measures false flooding predictions:

FAR (%) = 100× False Positives
True Positives+False Positives

. (14)

Critical Success Index (CSI) provides a balanced assessment penalizing both missed detections and false alarms:

CSI (%) = 100× True Positives
True Positives+False Negatives+ False Positives

. (15)370

3.5.4 Uncertainty calibration and probabilistic consistency:

In addition to deterministic accuracy metrics, we evaluated the probabilistic consistency of the learned operator under structured

topographic uncertainty. Because the model produces an ensemble of solutions induced by bathymetric perturbations, inundation

is interpreted in a probabilistic sense. For a prescribed depth threshold h0, the model-predicted probability of inundation is

defined as375

Pmodel(x,y, t) =
1

N

N∑

i=1

1
(
h
(i)
model(x,y, t)> h0

)
, (16)

with an analogous definition for Psolver(x,y, t) obtained from the reference simulations.

Calibration was assessed using reliability diagrams that compare predicted probabilities with observed frequencies aggregated

over all timesteps and spatial locations. Perfect calibration corresponds to alignment along the 1:1 diagonal. Deviations from

this line indicate systematic overconfidence or underconfidence in predicted inundation probabilities.380

To quantify probabilistic miscalibration, we compute the area-weighted Expected Calibration Error (ECE),

ECE =

B∑

b=1

wb |accb − confb| , (17)

where B denotes the number of probability bins, confb is the mean predicted probability in bin b, accb is the corresponding

observed inundation frequency from the solver, and wb represents the fractional spatial area contained in that bin. This metric

evaluates the extent to which predicted probabilities are statistically consistent with realized inundation outcomes across the385

domain. Low ECE values indicate that the learned operator not only reproduces deterministic depth fields but also preserves the

probabilistic structure induced by geometric uncertainty.
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4 Results

4.1 Spatiotemporal Reconstruction of Water Depth Dynamics

Continuous depth metrics across all study domains demonstrate that the proposed multi-resolution framework accurately390

reconstructed the spatiotemporal evolution of floodwater depth at both coarse and fine scales (Table 2). At coarse resolution,

FNO preserved large-scale hydraulic structure with very low relRMSE and near-unity NSE, indicating that dominant wave

propagation, volumetric redistribution, and basin-scale storage dynamics were captured with minimal distortion. These results

confirm that the learned operator reliably emulates the global shallow water response across distinct hydraulic regimes.

Table 2. Aggregated depth prediction performance for coarse (FNO) and fine (Magnifier) resolutions, with bilinear interpolation as the baseline.

Relative root-mean-square error (relRMSE) and Nash-Sutcliffe Efficiency (NSE) are stratified by shallow (h < 0.5m) and deep (h≥ 0.5m)

flow regimes.

Case Scale relRMSE NSE
Shallow (h < 0.5 m) Deep (h ≥ 0.5 m)

relRMSE NSE relRMSE NSE

(i) Neuse River

Coarse (FNO) 0.0325 0.9999 0.2201 0.9967 0.0089 0.9998

Fine (Magnifier) 0.3247 0.9905 1.1943 0.9281 0.1052 0.9681

Fine (Interpolation) 1.3871 0.8258 9.9802 -3.9870 0.3988 0.5422

(ii) Fall River Dam Break

Coarse (FNO) 0.0131 0.9998 0.3847 0.9956 0.0032 0.9998

Fine (Magnifier) 0.0397 0.9999 2.2203 0.9374 0.0100 0.9997

Fine (Interpolation) 1.0556 0.9081 44.9238 -24.5301 0.2988 0.7362

(iii) Chowilla floodplain

Coarse (FNO) 0.0257 0.9998 0.1913 0.9962 0.0108 0.9996

Fine (Magnifier) 0.0401 0.9997 0.4490 0.9850 0.0143 0.9995

Fine (Interpolation) 1.1179 0.7743 9.6159 -5.7967 0.4518 0.4790

At fine resolution, the Neural Residual Magnifier maintained strong agreement with the reference solution while enhancing395

spatial fidelity relative to the coarse prediction. Although relRMSE increased slightly due to resolution refinement and sensitivity

to local gradients, NSE values remained consistently above 0.92, confirming that FNO-magnifier joint training did not degrade

global predictive skill. In contrast, simple interpolation exhibited substantially larger relative errors and reduced efficiency across

all domains. Although it preserved coarse-scale mean values, it assumes linear variation between neighboring cells and neglects

the nonlinear coupling between depth, momentum, and terrain gradients inherent to the shallow water equations. Consequently,400

interpolation cannot recover subgrid hydraulic structure or terrain-controlled flow dynamics. This limitation became particularly

evident near inundation boundaries and shallow-flow regions, where wet–dry transitions are governed by fine-scale topographic

thresholds and small elevation differences strongly influence inundation extent. In such regions, purely geometric upscaling

amplifies relative errors and produces boundary smearing and increased scatter dispersion, reflecting structural rather than random

error. These observations demonstrate that geometric upscaling alone is insufficient for hydraulically-faithful, high-resolution405

depth reconstruction, underscoring the necessity of terrain-aware residual refinement.
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(a) The Neuse River case 

 

 
(b) The Fall River Lake Dam Break case 

 

 
(c) The Chowilla floodplain case 

 

Figure 7. True versus predicted water depth for the three study areas at coarse resolution (FNO) and fine resolution via both the Magnifier

operator and simple geometric bilinear interpolation. The dashed line indicates the 1:1 reference.

19

https://doi.org/10.5194/egusphere-2026-1982
Preprint. Discussion started: 12 May 2026
c© Author(s) 2026. CC BY 4.0 License.



 

 

Fine-Resolution 
Ground Truth (ANUGA) 

Fine-Resolution Prediction 
(FiLM-RCNO Magnifier) 

Coarse-Resolution 
Prediction (FNO) 

05
/1

0
/2

0
1

6
 

   

14
/1

0/
2

01
6

 

   

 

 

Figure 8. Multi-resolution flood depth comparison for the Neuse River during the reference Hurricane Matthew event (5–16 October 2016).

In fully developed flow regions (h≥ 0.5m), both coarse and fine predictions achieved very low error and efficiency values

approaching unity, whereas relative errors increased for all methods as expected in shallow-flow regions (h < 0.5m). This

confirms that wet–dry transitions and subgrid topographic variability dominate error behavior. Nevertheless, the Magnifier

consistently outperformed interpolation in this regime, maintaining NSE values that were stable and > 0.96 while interpolation410

frequently exhibited degraded or even negative efficiency. The amplification of interpolation error in shallow zones arises

from low mean depths and the absence of topographic conditioning, leading to unstable depth reconstruction near inundation

boundaries.

These trends were confirmed by the true-versus-predicted scatter plots (Figure 7), which show that the Magnifier preserved

near one-to-one depth scaling while reducing dispersion relative to interpolation, particularly in shallow-flow regimes. Coarse415

predictions aligned closely with the 1:1 reference line with minimal dispersion, confirming accurate large-scale depth scaling.

Fine-resolution predictions retained this alignment with modest spread concentrated near low-depth values, consistent with

shallow-regime sensitivity. In contrast, interpolation displayed pronounced heteroscedasticity and systematic deviation from

the reference line, particularly at intermediate depths, indicating structural reconstruction error rather than simple smoothing

bias. Spatial comparisons in Figures 8–9 corroborate the statistical findings. The coarse operator captures global inundation420
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extent and wave arrival patterns but exhibits boundary staircasing and smoothed channel structure due to grid coarsening. The

Magnifier refines these boundaries, restores channelized flow geometry, and aligns inundation edges with fine-scale topography

while preserving volumetric coherence. Importantly, no artificial depth amplification or spurious isolated flooding is observed,

indicating that residual-based refinement redistributes water in a terrain-consistent manner rather than introducing nonphysical

corrections.425

Collectively, these results confirm that the multi-resolution architecture achieves robust depth reconstruction. The coarse

operator accurately emulates basin-scale wave dynamics, while the Magnifier provides necessary fine-scale refinement beyond

geometric interpolation. The pronounced degradation observed in interpolation-based reconstruction—particularly in shallow-

flow regimes—demonstrates that residual-informed operator refinement is essential for hydraulically-reliable, high-resolution

flood mapping.430
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Figure 9. Multi-resolution flood depth comparison for the reference dam-break overtopping scenario at selected times during the 24-hour

simulation.

4.2 Flood Extent Delineation and Boundary Consistency

Building on the continuous depth reconstruction results presented in Section 4.1, we now evaluate how accurately the predicted

water depth fields translate into reliable wet–dry delineation, which could be a crucial prediction influencing flood evacuation
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Figure 10. Multi-resolution flood depth comparison for the Chowilla floodplain under reference regulated Murray–Darling Basin inflow

conditions (5 August 2010–1 June 2011).

recommendations. While continuous metrics quantify volumetric and amplitude agreement, binary inundation performance

directly assesses the framework’s ability to reproduce flood boundaries and spatial extent.435

Using a binary inundation threshold of h > 0.01m, the model retained strong delineation skill across Probability of Detection

(POD, the fraction of flooded cells captured, or "recall"), False Alarm Rates (FAR), and Critical Success Index (CSI, overall

skill; Section 3.5.3) (Table 3). At coarse resolution, the FNO consistently achieved high POD and CSI with low FAR, indicating

that the dominant flood envelope and large-scale inundation connectivity were captured reliably but the predicted extent was

too large. Basin-scale activation of floodplain storage and primary flow pathways were well represented. However, due to grid440

coarsening, inundation boundaries were approximated with staircase artifacts and smoothed transitions, limiting spatial precision

near terrain-controlled margins where small depth variations determine wet–dry status.

Fine-resolution reconstruction addresses this limitation and improves boundary realism. The Magnifier maintains comparable

detection skill while refining boundary placement and reducing discretization artifacts. Because shallow-flow regions are

particularly sensitive to small topographic gradients, terrain-aware refinement of depth near the inundation edge directly445

improves wet–dry delineation. Although the coarse solution identifies which regions are broadly inundated, fine-scale prediction

determines where the flood boundary intersects terrain features such as levees, road embankments, and localized depressions.
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Figure 11. Time-resolved evaluation across the three case studies. Left panels show binary inundation metrics (upper: Probability of Detection

(POD, the fraction of flooded cells captured) and Critical Success Index (CSI, overall skill); lower: False Alarm Rates (FAR)). Right panels

present inundation extent dynamics (upper: reference and predicted extent; lower: absolute relative error). Panels correspond with (a) the

Neuse River case, (b) the Fall River Dam Break case, and (c) the Chowilla floodplain case, respectively.
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Table 3. Aggregated binary inundation performance across all events. Probability of Detection (POD, the fraction of flooded cells captured),

False Alarm Rates (FAR), and Critical Success Index (CSI, overall skill) are reported for coarse (FNO) and fine (Magnifier) resolutions, along

with a bilinear interpolation baseline at fine scale. Binary classification was performed using a depth threshold of h > 0.01m.

Case Scale
Binary Inundation Metrics

POD (%) FAR (%) CSI (%)

(i) Neuse River

Coarse (FNO) 99.81 1.40 98.42

Fine (Magnifier) 96.59 1.37 95.31

Fine (Interpolation) 96.60 23.20 74.78

(ii) Fall River Dam Break

Coarse (FNO) 95.87 0.17 95.71

Fine (Magnifier) 99.04 0.60 98.45

Fine (Interpolation) 99.28 24.37 75.22

(iii) Chowilla floodplain

Coarse (FNO) 97.72 0.20 97.53

Fine (Magnifier) 99.27 0.48 98.80

Fine (Interpolation) 99.21 20.12 79.37

These distinctions are critical for exposure assessment and operational flood mapping. The consistently strong CSI values

confirm that boundary refinement was achieved without sacrificing overall detection accuracy.

In contrast, bilinear interpolation exhibited persistently elevated FAR despite often achieving high POD, reflecting systematic450

overprediction of inundated cells along flood margins. Because interpolation lacks dynamic conditioning, it spreads water linearly

between coarse cells without respecting terrain-controlled activation thresholds; as a result, inundation artificially expands into

shallow depressions and along gentle slopes. These structural errors are also visible in Figure 12, where interpolation generated

widespread false alarms while the Magnifier produced predominantly correct wet and dry classifications and concentrated

residual errors near complex terrain transitions.455

Flooded-area time series show that both coarse- and fine-resolution predictions tracked overall growth and recession dynamics

(Figure 11), confirming consistency with the reconstructed basin-scale depth evolution. However, fine-resolution predictions

aligned more closely with the reference during peak and transitional phases, when boundary placement is most sensitive to local

topography and shallow-depth gradients. Detection metrics over time confirm that the Magnifier maintained stable POD and

low FAR throughout the event, whereas interpolation exhibited consistently higher false alarm rates. Spatially, the Magnifier460

produceed predominantly correct wet and correct dry classifications, with errors concentrated near complex terrain transitions

where small depth differences control inundation (Figure 12). The coarse prediction retained connectivity but displayed boundary

staircasing due to resolution constraints. Interpolation, by contrast, generated widespread false alarms along inundation margins

and shallow terrain features, consistent with its inability to resolve terrain-governed wet–dry thresholds.

Taken together, these results demonstrate that accurate basin-scale depth reconstruction is necessary but not sufficient for465

operational flood mapping. Fine-resolution, terrain-aware refinement is required to translate dynamically-plausible depth

fields into boundary-consistent inundation extent. The Magnifier achieves this by preserving hydrodynamic coherence while

resolving subgrid topographic controls, whereas purely geometric interpolation lacks the dynamic structure required for

topography-consistent flood delineation.
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Figure 12. Spatial contingency maps comparing fine-resolution Magnifier predictions (left column) and coarse-resolution FNO predictions

(right column) for (a) Neuse River, (b) Fall River Dam Break, and (c) Chowilla floodplain.

25

https://doi.org/10.5194/egusphere-2026-1982
Preprint. Discussion started: 12 May 2026
c© Author(s) 2026. CC BY 4.0 License.



4.3 Peak Flow Magnitude and Timing Accuracy470

To evaluate large-scale mass dynamics, we examined the domain-integrated hydrograph H(t) defined in Equation 9 to assess

whether the model captured the temporal evolution of total water volume.

Table 4. Peak flood magnitude and timing performance across all events. Relative peak value error, and relative peak timing error normalized

by (1) peak duration and (2) characteristic rising-limb duration, are reported as means for coarse (FNO) and fine (Magnifier) resolutions. Peak

statistics were computed over the highest 5% of domain-integrated volume values.

Case Scale
Peak Metrics (mean)

relPeakValErr relPeakTimeErr-1 relPeakTimeErr-2

(i) Neuse River
Coarse (FNO) +1.20× 10−2 −5.00× 10−2 −4.70× 10−3

Fine (Magnifier) −4.53× 10−3 −1.14× 10−2 −5.13× 10−3

(ii) Fall River Dam Break
Coarse (FNO) −1.18× 10−3 +7.21× 10−2 +2.52× 10−3

Fine (Magnifier) −1.22× 10−3 +2.06× 10−2 +3.11× 10−3

(iii) Chowilla floodplain
Coarse (FNO) −2.49× 10−3 +3.07× 10−2 +3.47× 10−3

Fine (Magnifier) −4.71× 10−3 +1.65× 10−2 +2.76× 10−3

At coarse resolution, the FNO demonstrated very small peak magnitude errors across all case studies, showing high-fidelity

preservation of flood volumes even though mass conservation was not explicitly enforced (Table 4). Peak timing errors remained

modest, confirming the correct dominant wave propagation speed. Fine-resolution reconstruction via the Magnifier maintained475

comparable peak magnitude accuracy while slightly reducing timing discrepancies in several cases. Because the Magnifier

refines local depth structure without altering the global mass balance, the integrated hydrograph remains volumetrically coherent.

The small differences observed between coarse and fine hydrographs primarily reflect localized redistribution of water near

complex terrain features rather than systemic bias in total volume.

The fine-scale simulation presented smooth hydrographs and little noise compared to the coarse-resolution FNO (Figure 13).480

Across all study areas, both coarse and fine predictions closely followed the reference hydrograph throughout rising limb, peak,

and recession phases. Relative errors remained small and oscillatory for the coarse FNO rather than systematically biased. The

fine-scale simulation was smoother and captures the same dynamics. No artificial amplification or attenuation of peak discharge

was observed following fine-scale refinement, confirming that residual correction preserves volumetric consistency.

Together, these findings demonstrate that the multi-resolution framework achieves consistent reconstruction not only in spatial485

structure but also in integral mass dynamics. The coarse operator accurately captures basin-scale flood wave evolution, while

the Magnifier refines local structure without compromising peak magnitude or timing fidelity. This consistency across spatial,

boundary, and integrated metrics confirms that the framework preserves both geometric realism and physical mass balance.

4.4 Robustness Under Structured Topographic Uncertainty

We next evaluated whether the surrogate remained decision-relevant under bed topography perturbations and could represent490

modest changes in bathymetry, rather than using a fixed geometry. The structured topographic perturbations in magnitude,
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Figure 13. Domain-integrated hydrographs showing the temporal evolution of total floodwater volume (H) for (a) Neuse River, (b) Fall River

Dam Break, and (c) Chowilla floodplain.
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realization generation, and train/test partition (Section 3.5) led to significant differences in responses. Our FNO takes topography

as an input and learns to resolves its impact after training on many topographies. In this section, we focus on skill and calibration

under that uncertainty setting, with three guiding questions: (i) Does the learned operator retain accuracy under held-out,

realistically perturbed bathymetries? (ii) Can it approximate solver responses across a distribution of plausible terrain realizations495

rather than a single deterministic bed configuration? and (iii) Does it preserve the spatial structure of hydraulic sensitivity

induced by terrain perturbations, particularly near wet–dry transitions governed by fine-scale topographic thresholds?

Table 5. Ensemble-averaged continuous depth performance under structured bathymetric uncertainty for the dam-break case. relRMSE is

relative root-mean-square error and NSE is Nash-Sutcliffe Efficiency.

Model
Structured Uncertainty Ensemble Clean Bed (Baseline)

relRMSE (µ±σ) NSE (µ±σ) relRMSE NSE

Coarse (FNO) 0.0271 0.9972 0.0131 0.9998

Fine (Magnifier) 0.0382 0.9986 0.0397 0.9999

The framework remained highly accurate under moderate bathymetric perturbations (Table 5). Relative error increased

versus the deterministic baseline (e.g., coarse relRMSE from 0.0131 to 0.0271), but NSE remained near unity (≈ 0.997–0.999).

Fine-resolution results remained comparable, showing that Magnifier refinement does not amplify sensitivity to geometric500

noise. This indicates that perturbations increase the magnitude variability without degrading fidelity and FNO can resolve the

influences of bed topography as an input. The bathtub assumption and dynamic correction in the Magnifier serve to stabilize the

sensitivity to the topography.

Probabilistic calibration remained strong under topographic uncertainty and improved after refinement (Figure 14). The

reliability diagrams compare predicted inundation probabilities with observed solver frequencies aggregated over all spatial505

locations and timesteps. Deviations from the 1:1 line remained small across probability bins, and the area-weighted Expected

Calibration Error (ECE) decreased from approximately 0.40% for the coarse operator to 0.13% for the Magnifier. This indicates

better-calibrated inundation probabilities at fine resolution. No systematic overconfidence or underconfidence was observed,

particularly in high-probability regimes where wet–dry transitions are most sensitive to terrain perturbations.

Collectively, Table 5 and Figure 14 demonstrate that the multi-resolution framework learns a stable approximation of510

the shallow-water solution operator that generalizes across plausible terrain realizations rather than overfitting to a single

deterministic geometry. We must note here that the FNO is only tested on small perturbations (not in training) around the

baseline bathymetry. Larger scale changes, i.e., fundamentally different bed topography, may still lead to large errors with the

surrogate model. This is currently a fundamental challenge due to the high-dimensional nature of topography as an input and its

highly nonlinear impact. Hence the use case here is limited to uncertainty estimation and limited scenario analysis, not arbitrary515

simulations. As discussed earlier, very few surrogate models for the shallow water equation can in fact correctly handle different

topography, and thus our work here still represents a rare advance. We envision this problem is ultimately addressable with

training on much more extensive datasets (possibly using a foundation model) and with more uncertainty suppression techniques,

so that cheap surrogate models can eventually remain accurate under wide changes in topography.
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Figure 14. Reliability diagrams for probabilistic inundation prediction under structured bathymetric uncertainty in the dam-break case. (a)

Coarse-resolution neural operator (FNO); (b) Fine-resolution Magnifier prediction. Blue bars denote the observed inundation frequency from

the reference solver conditioned on predicted probability bins, and the dashed line indicates perfect calibration. Red and green shaded regions

represent overconfidence and underconfidence, respectively. The orange box plot summarizes the distribution of the absolute calibration gap

across probability bins; the center line denotes the median, the box bounds indicate the first and third quartiles, and the whiskers extend to the

minimum and maximum values. ECE denotes the Expected Calibration Error.

5 Conclusions520

This study introduced a multi-resolution deep learning framework for dynamic flood inundation modeling that preserves both

spatial detail and physical consistency. By coupling a coarse-scale neural operator with a terrain-aware refinement mechanism,

the approach reconstructs basin-scale flood wave evolution while resolving fine-scale inundation boundaries without requiring

high-resolution hydrodynamic simulations. Comprehensive evaluation across riverine, dam-break, and complex floodplain

systems demonstrates accurate reconstruction of continuous water depth fields, wet–dry delineation, and peak flow magnitude and525

timing. Across all evaluation dimensions—continuous depth accuracy, boundary consistency, basin-integrated mass dynamics,

and probabilistic consistency under structured bathymetric uncertainty—the framework exhibits hydrodynamically coherent

behavior across spatial scales. The preservation of domain-integrated water volume confirms that the model maintains physically

consistent mass dynamics rather than merely producing visually plausible predictions. Furthermore, reliability analysis under

controlled topographic perturbations demonstrates that the learned operator generalizes across plausible terrain realizations530

without systematic overconfidence or degradation in predictive skill.
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The results show that multi-resolution deep learning can approximate shallow-water flood processes with strong fidelity while

substantially reducing computational demands. Such efficiency enables rapid scenario analysis and scalable hazard assessment

in applications requiring repeated simulations, including settings where input geometries are uncertain. Future work may

extend this framework to incorporate additional physical variables, expanded uncertainty quantification, and data assimilation.535

More broadly, this study demonstrates that carefully structured operator-learning architectures can bridge the gap between

computational efficiency, robustness to geometric uncertainty, and physical consistency in geophysical flow modeling.
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Appendix A: Neural Operators and Fourier Neural Operators670

Neural operators provide a learning framework for approximating mappings between infinite-dimensional function spaces,

extending classical neural networks beyond finite-dimensional vector-to-vector regression. This formulation is particularly

well suited for physical systems governed by partial differential equations (PDEs), where both inputs and outputs are naturally

represented as continuous fields defined over space and time.

Let A denote a space of admissible input functions (e.g., initial conditions, forcing terms, material properties), and let U675

denote the corresponding space of solution functions. The goal of operator learning is to approximate a nonlinear solution

operator

G : A→U , (A1)

such that for any input function a ∈ A, the operator produces the corresponding solution u= G(a) (Kovachki et al., 2023). Unlike

traditional surrogate models that are tied to a fixed discretization, neural operators aim to learn G in a discretization-invariant680

manner, enabling evaluation on grids of different resolutions without retraining.

A1 Integral Operator Formulation

Many neural operator architectures are motivated by the representation of nonlinear operators as integral transforms. A common

formulation updates a latent representation v through layers of the form

(K(a)v)(x) =

∫

D

κ(x,y,a(x),a(y))v(y)dy, (A2)685

where D denotes the spatial domain and κ is a kernel encoding nonlocal interactions. In practice, the input function a is first

lifted into a higher-dimensional latent space via a learnable operator P , producing v0 = P (a). The latent field is then evolved

through a sequence of operator layers before being projected back to the solution space by a decoding operator.

This formulation captures long-range spatial dependencies and global coupling effects that are difficult to model using purely

local convolutional architectures.690

A2 Fourier Neural Operator

The Fourier Neural Operator (FNO) (Li et al., 2020) instantiates this general operator-learning framework by parameterizing the

integral kernel in the spectral domain. Instead of learning κ(x,y) directly in physical space, the FNO exploits the global Fourier

basis to efficiently represent long-range interactions, as illustrated in Figure A.1.

Given a latent field vz(x) at layer z, the FNO update is defined as695

vz+1(x) = σ(Wvz(x)+ (Kvz)(x)) , (A3)
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Input

P Fourier layer 0 Fourier layer 0 ... Fourier layer N Q
Output

Figure A.1. Architecture of the Fourier Neural Operator (FNO). The model maps input functions a(x,t) to solution functions u(x,t)

through a series of Fourier layers. Each layer performs a spectral convolution by transforming the signal into the frequency domain via a

Fast Fourier Transform (F ), applying a linear weight multiplication (R) on low-frequency modes, and returning to the spatial domain via an

inverse transform (F−1), which is then combined with a local linear transformation (W ) and a non-linear activation function (σ).

where W is a learnable local linear operator, σ is a nonlinear activation function, and K denotes a spectral convolution operator.

The spectral convolution is implemented via the Fast Fourier Transform (FFT):

(Kvz)(x) = F−1(R · F(vz))(x), (A4)

where F and F−1 denote the forward and inverse FFTs, respectively, and R is a learnable complex-valued tensor applied to a700

truncated set of low-frequency modes.

By retaining only a fixed number of Fourier modes, the FNO imposes a natural low-pass filtering effect that stabilizes learning

and emphasizes large-scale structures. This design enables efficient modeling of global correlations and wave propagation

phenomena while maintaining favorable computational complexity.

A3 Resolution Invariance and Practical Limitations705

A key advantage of the FNO is that its learned operator acts on continuous function representations rather than discrete grid

indices. As a result, once trained, the operator can be evaluated on spatial grids different from those used during training,

provided the input functions are appropriately discretized.

Despite these advantages, the direct application of FNOs to very large, high-resolution domains presents practical challenges.

The computational cost of FFT-based convolutions scales with the total number of grid points, and memory requirements grow710

rapidly with increasing spatial resolution (Tran et al., 2021; Guo and Li, 2024). In addition, the assumption of global periodicity

implicit in standard FFT implementations can be restrictive for domains with complex boundaries or strongly heterogeneous

conditions (George et al., 2022).
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These limitations motivate hybrid modeling strategies that combine coarse-resolution global operator learning with localized,

memory-efficient refinement mechanisms. The framework proposed in this work follows this philosophy by employing the FNO715

as a global hydrodynamic surrogate and delegating fine-scale, terrain-controlled inundation structure to a separate localized

refinement model.
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Appendix B: Spatiotemporal Forcing Construction from Point-Scale Observations

This appendix describes the construction of spatiotemporal forcing fields used as inputs to the global neural operator. The

objective is to transform sparse point-scale discharge observations into a smooth, spatially continuous forcing field defined on720

the coarse computational grid, while preserving mass consistency and stabilizing temporal dynamics for learning.

B1 Point-Source Observations

Let {sk = (xk,yk)}Kk=1 denote the spatial locations of K discharge gauges, and let qk(t) denote the corresponding discharge

time series sampled at discrete times t= 1, . . . ,T . These observations are assumed to represent localized inflow or forcing

contributions that must be distributed over the spatial domain.725

B2 Spatial Projection via Gaussian Kernel Weighting

To obtain a spatially continuous forcing field, each point-source discharge signal is projected onto the computational grid using

a radially symmetric Gaussian kernel. For a spatial location (x,y), the unnormalized contribution of gauge k is given by

ϕ̃k(x,y) = exp

(
−∥(x,y)− sk∥2

2σ2

)
I(∥(x,y)− sk∥ ≤ r) , (B1)

where σ controls the spatial spread of influence, r is a finite cutoff radius beyond which contributions are truncated, and I(·)730

denotes the indicator function.

To ensure that relative discharge magnitudes are preserved while maintaining spatial locality, the kernel weights are normalized

pointwise:

ϕk(x,y) =
ϕ̃k(x,y)∑K
j=1 ϕ̃j(x,y)

. (B2)

The continuous spatiotemporal forcing field is then defined as735

F (x,y, t) =
K∑

k=1

qk(t)ϕk(x,y). (B3)

This formulation ensures that (i) forcing remains localized near gauge locations, (ii) overlapping influence regions are

smoothly blended, and (iii) the spatial distribution of discharge is independent of grid resolution.

B3 Temporal Aggregation and Block Summation

Raw discharge time series often contain high-frequency variability that can hinder stable operator learning and increase740

computational cost. To mitigate this, temporal aggregation is applied via non-overlapping block summation.

Let m denote the temporal aggregation factor. The aggregated forcing field is defined as

F̃ (x,y,τ) =

m∑

i=1

F
(
x,y,(τ − 1)m+ i

)
, τ = 1, . . . ,

⌈
T

m

⌉
. (B4)
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If T is not divisible by m, zero-padding is applied to the final block. This aggregation preserves cumulative discharge over

each temporal block while reducing the effective temporal resolution and improving numerical stability during training.745

B4 Neural-Operator Input Tensor Assembly

The aggregated forcing field F̃ (x,y,τ) is discretized on a uniform coarse grid of size M ×M and stacked with static spatial

features to form the neural-operator input tensor

A ∈ RM×M×nt×C , (B5)

where nt = ⌈T/m⌉ is the number of aggregated time steps and C denotes the total number of input channels.750

For the present experiments, the channel set is fixed to C = 2: the aggregated forcing field F̃ (x,y,τ) and the static bed-

topography field B(x,y).

This construction yields a smooth, localized, and mass-consistent representation of point-source forcing that is well suited for

operator learning on coarse grids, while remaining independent of the downstream localized refinement stage.
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Appendix C: Fine–Coarse Grid Mapping and Hydrostatic Reconstruction755

This appendix describes the operators used to map between the high-resolution numerical solver mesh and the coarse, uniform

grid employed by the neural operator. These mappings are required to (i) construct coarse training targets from fine-scale

solver outputs, and (ii) reconstruct physically consistent fine-resolution depth fields from coarse neural-operator predictions for

validation and analysis.

C1 Restriction of Fine-Scale Solutions to the Neural Operator Grid760

Let d(x, t) denote the fine-resolution water depth field produced by the numerical solver over the spatial domain X . A uniform

partition {Ωij} of X is introduced corresponding to the neural operator grid. Fine-scale solutions are restricted to this grid via

cell averaging,

d̄ij(t) =
1

|Ωij |

∫

Ωij

d(x, t)dx, (C1)

yielding a coarse depth field that preserves the mean water depth within each cell. In practice, this integral is approximated by765

averaging solver values associated with fine-mesh elements whose centroids lie inside Ωij .

C2 Hydrostatic Reconstruction from Coarse to Fine Resolution

The inverse mapping from coarse mean depth to fine-scale depth is not unique. To obtain a physically meaningful reconstruction,

we employ a hydrostatic, bathymetry-aware fill that enforces consistency with both the coarse prediction and the fine-scale bed

elevation.770

Let {(xp,zb,p)}Np=1 denote the fine solver nodes, where zb,p is the bed elevation at node p. Each node is assigned to a unique

coarse cell Ωij , forming the index set Pij . Given the coarse mean depth d̄ij(t), the reconstructed fine-scale depth is defined as

dp(t) =
(
Hij(t)− zb,p

)
+
, (a)+ := max(a,0), (C2)

where Hij(t) is a cell-wise water surface elevation chosen to satisfy the discrete mean-depth constraint

1

|Pij |
∑

p∈Pij

(
Hij(t)− zb,p

)
+
= d̄ij(t). (C3)775

The left-hand side is a continuous, monotone non-decreasing function of Hij(t), ensuring existence and uniqueness of the

solution whenever the prescribed mean depth is physically attainable. In practice, Hij(t) is obtained via bisection over bounds

defined by the local bathymetry. Cells with d̄ij(t) below a prescribed threshold are treated as dry.
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C3 Global Volume Consistency

To ensure consistency with the total water volume implied by the coarse prediction, an optional global rescaling is applied at780

each time step. Let Aij = |Ωij | denote the coarse cell area. The target and reconstructed volumes are, respectively,

Vtarget(t) =
∑

i,j

d̄ij(t)Aij , Vrec(t) =
∑

i,j

∑

p∈Pij

dp(t)
Aij

|Pij |
. (C4)

When Vrec(t)> 0, a scalar correction factor α(t) = Vtarget(t)/Vrec(t) is applied uniformly. This guarantees exact volume

conservation while preserving non-negativity and bathymetric alignment.

This reconstruction is applied purely as a post-processing step and does not alter the neural-operator predictions. It provides a785

physically consistent bridge between coarse surrogate outputs and fine-resolution depth fields required for solver-level validation

and downstream analysis.
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Appendix D: Synthetic Boundary Hydrograph Generation

A single historical hydrograph represents only one realization of boundary forcing and is therefore insufficient for learning a

robust operator mapping between inflow conditions and flood response. To promote generalization beyond a single deterministic790

trajectory, we construct a controlled ensemble of synthetic boundary hydrographs that systematically expands the admissible

forcing range while preserving hydrologic realism and numerical stability of the Shallow Water Equation solver.

The formulation of synthetic inflow depends on the physical nature of the boundary condition. For riverine flood events,

inflow is obtained by perturbing an observed hydrograph while preserving its large-scale temporal morphology. For overtopping

dam-break scenarios, inflow is generated from a physically parameterized breach-release formulation. In both cases, the objective795

is to broaden the dynamically consistent inflow space while maintaining hydraulically admissible discharge evolution.

D1 Riverine Flood Cases (Neuse River and Chowilla Floodplain)

For riverine flood cases, synthetic inflow hydrographs are constructed by systematically perturbing an observed reference event.

Rather than modifying discharge independently at each time step—which may introduce nonphysical oscillations incompatible

with shallow water dynamics—we apply a low-dimensional parametric transformation to the entire hydrograph.800

This strategy preserves the event-scale temporal structure of the reference signal, including multi-stage rising behavior, peak

plateaus, secondary peaks where present, and recession dynamics, while allowing controlled variation in peak magnitude, timing,

and limb steepness. The resulting ensemble spans a substantially broader range of inflow conditions than the original record, yet

retains physically coherent discharge evolution suitable for hydraulic simulation.

Let Qref(t) denote the observed hydrograph at a given upstream boundary, where t is time and discharge is measured in m3/s.805

The initial baseflow is defined as

Qb =Qref(0).

To preserve the characteristic event shape while allowing amplitude scaling, the hydrograph is normalized by removing

baseflow and scaling by the peak excursion:

Q̂(t) =
Qref(t)−Qb

Qref,peak −Qb
, (D1)810

where Qref,peak denotes the maximum observed discharge. This normalization yields a dimensionless curve satisfying Q̂(0) = 0

and maxt Q̂(t) = 1.

For each synthetic realization k, the peak discharge and time to peak are modified as

Q
(k)
peak =Qref,peak(1+ ϵk), t(k)p = tp,ref(1+ ηk), (D2)

where ϵk controls relative variation in peak magnitude, ηk controls variation in peak timing, and tp,ref denotes the reference815

time to peak.
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To vary the steepness of the rising and recession limbs while preserving the large-scale event structure, a temporal warping

function τk(t) is introduced:

τk(t) =





t
(k)
p

(
t

t
(k)
p

)γ
(k)
rise

, t≤ t
(k)
p ,

t
(k)
p +(T − t

(k)
p )

(
t− t

(k)
p

T − t
(k)
p

)γ(k)
rec

, t > t
(k)
p ,

(D3)

where γ
(k)
rise and γ

(k)
rec regulate the steepness of the rising and recession limbs, and T denotes the total event duration. Values of820

γ > 1 produce more gradual limbs, whereas γ < 1 produce sharper transitions.

The synthetic hydrograph is reconstructed as

Q(k)(t) =Qb +
(
Q

(k)
peak −Qb

)
Q̂(τk(t)) , Q(k)(t)≥ 0. (D4)

In this study, peak discharge was varied within ±50% of the observed maximum, time to peak was varied within ±80% of

the reference value, and limb-steepness parameters were selected within prescribed bounded intervals to ensure hydraulically825

admissible discharge evolution.

D2 Overtopping Dam-Break Case (Fall River Lake)

For the overtopping failure scenario, inflow was defined using a physically parameterized breach hydrograph based on the

overtopping configuration described in Balachandran et al. (2025). The discharge time series is represented by a triangular

release function:830

Q(t) =





Qp

tp
t, 0≤ t≤ tp,

Qp

(
1− t− tp

T − tp

)
, tp < t≤ T,

0, t > T,

(D5)

where Qp denotes the maximum breach discharge, tp the time required to reach peak flow, and T the total release duration,

consistent with overtopping breach development dynamics.

The reference breach scenario was defined within the parameter ranges Qp ∈ [6500,20000] m3· s−1, tp ∈ [2.0,6.0] h, and

T ∈ [15.0,20.0] h, reflecting physically plausible overtopping dynamics at the reservoir scale.835

44

https://doi.org/10.5194/egusphere-2026-1982
Preprint. Discussion started: 12 May 2026
c© Author(s) 2026. CC BY 4.0 License.



Appendix E: Hydrodynamic Solver (ANUGA)

Flood dynamics in this study are simulated using the ANUGA (Roberts et al., 2015) hydrodynamic model, developed by

Geoscience Australia and the Australian National University, which solves the depth-averaged two-dimensional Shallow Water

Equations (SWE) on complex topography. The model is formulated in conservative form with state vector

U=




h

uh

vh


 , (E1)840

where h is water depth and (u,v) are depth-averaged velocities in the x and y directions.

The governing equations are written as

∂U

∂t
+

∂E(U)

∂x
+

∂G(U)

∂y
= S(U), (E2)

where the flux vectors are

E=




uh

u2h+ 1
2gh

2

uvh


 , G=




vh

vuh

v2h+ 1
2gh

2


 , (E3)845

and the source term accounts for bed slope and friction:

S=




0

−gh(zx +Sfx)

−gh(zy +Sfy)


 . (E4)

Here, z(x,y) is the bed elevation and g is gravitational acceleration. Bottom friction is represented using Manning’s formulation:

Sfx =
uη2

√
u2 + v2

h4/3
, Sfy =

vη2
√
u2 + v2

h4/3
, (E5)850

where η is the Manning roughness coefficient.

Spatial discretization is performed using a finite-volume method on an unstructured triangular mesh, enabling accurate

representation of complex terrain and localized refinement. The computational domain is partitioned into triangular control

volumes Ti with area Ai, and conserved quantities are stored at cell centroids. The semi-discrete update for each cell is given by

dUi

dt
+

1

Ai

∑

j∈N (i)

Hij lij = Si, (E6)855

where N (i) denotes neighboring cells, lij is the edge length, and Hij is the numerical flux computed using a central-upwind

(Riemann-based) scheme.
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To achieve second-order spatial accuracy, a piecewise linear reconstruction is applied within each cell, combined with

slope limiting to prevent non-physical oscillations near discontinuities such as hydraulic jumps. The finite-volume formulation

naturally accommodates wetting and drying processes, making it well-suited for floodplain inundation.860

Time integration is performed using an explicit scheme with adaptive time stepping constrained by a Courant–Friedrichs–Lewy

(CFL) condition:

∆t≤min

(
r

|λmax|

)
, (E7)

where r is a characteristic cell length and λmax is the maximum wave speed across cell interfaces.

The model assumes hydrostatic pressure and neglects vertical accelerations and viscous effects, which is appropriate for865

large-scale flood inundation problems. Despite these simplifications, the solver robustly captures key hydrodynamic processes

including wave propagation, momentum exchange, and flow over dry terrain, providing high-fidelity spatiotemporal flood fields

used as reference data in this study.
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