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Introduction & Motivation Research Question 2: Domain Decomposition Strategies
Floods are among the most damaging natural hazards worldwide, demanding accurate and real- Objective: Evaluate how different domain decomposition strategies affect prediction accuracy and
time prediction tools. However, high-resolution flood simulations based on shallow-water equa- computational efficiency. We compare three training approaches:
tion solvers remain computationally expensive, motivating the use of deep learning-based super-
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resolution techniques to recover fine-scale flood dynamics from coarse-grid simulations [1]. * Full-scale:  Single

model trained on
the entire domain.

= Patch-based: Single
model trained on 42
subdomain patches.

Training Procedure

The U-Net learns to reconstruct high-resolution water depths from fine-scale topography and coarse-
resolution flood maps through supervised training driven by a loss function.
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Figure 4. Schematic illustration of the three spatial modeling strategies evaluated.
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Figure 1. Workflow of a single training step in the U-Net super-resolution model.
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Figure 2. Schematic architecture of the proposed model and structure of a Residual Unit.
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= Data split: /0/10/20
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Lyrap csr achieved the best overall performance with a = 1073, Despite slightly lower accuracy, the
full-scale strategy offered the best trade-off between performance and computational cost.

Final Discussion & Future Work

Figure 3. (a) Temporal and (b) spatial rainfall patterns of the real-case simulation.

The methodology is evaluated over the Allatoona watershed (Georgia, USA). Training data are gen-
erated with TRITON [3] under spatially uniform and temporally constant rainfall, while a real rainfall
event is used to assess generalization capability.

Results demonstrate that U-Net-based super-resolution can accurately reconstruct fine-scale flood

dynamics while substantially reducing computational requirements.

Research Question 1: Loss Function Formulation
Future research will investigate alternative deep learning architectures. In addition, the integration

Objective: Determine the Ophmal |OSS formulaﬁon and We|ght—|ng factor(a) for accurate reconstruc- O]C an Online Supel‘-l‘eSO|uﬁOn mOdUIe direCtly Wlthlﬂ the TR'TON SO|V€I’ V\/||| be exp|0red to eﬂab|€
tion of both water depths and wet-dry boundaries. We consider the following performance metrics: real-time flood forecasting during numerical simulations.
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