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 A B S T R A C T

Flood forecasting is crucial for disaster planning and risk management, yet conventional hydrodynamic-
based approaches are often slow in response and computationally intensive. We present a hybrid framework 
leveraging traditional hydrodynamic modelling with a novel AI model to enable accurate, real-time, and high-
resolution flood prediction. To address the computational challenges of large-scale, dense flood prediction, we 
develop an efficient flood prediction model, FloodTransformer, which possesses three key novelties: variable-
size cell embedding, tokenised time-sequence encoding, and physics-informed multi-task optimisation. These 
components effectively capture complex spatiotemporal dependencies, allowing accurate sequential predictions 
in a single run. Comprehensive evaluations on both simulated and historical flood events demonstrate 
FloodTransformer’s excellent accuracy and efficiency: NSE 0.9445, KGE 0.9759 for water-depth prediction, and 
IoU 0.8180, F1 0.8997 for inundation classification, outperforming all comparative models. With 3s inference 
enabling multiple horizons in one pass, FloodTransformer offers a robust and practical solution for operational 
flood risk management.
1. Introduction

Floods are among the most destructive natural hazards globally, 
causing significant economic losses, infrastructure damage, and loss 
of human life every year (Tavakoli et al., 2025; Jonkman, 2005). 
As global climate change intensifies rainfall variability and increases 
the frequency of extreme events, the demand for accurate, real-time, 
and high-resolution flood forecasts is greater than ever (Byaruhanga 
et al., 2024; Hakim et al., 2024). Traditional flood forecasting systems, 
built on deterministic hydrodynamic models, have proven reliable in 
simulating flood behaviour under specific scenarios (Subbarayan et al., 
2025; Al-Rawas et al., 2024; Xu and Gao, 2024; Samal et al., 2024). 
However, they are restricted by slow response time and expensive com-
putational costs, difficult to scale for large catchments, and unable to 
provide real-time forecasting (Samantaray et al., 2023; Antwi-Agyakwa 
et al., 2023; Adnan et al., 2023). These challenges highlight the need for 
hybrid approaches that retain physical realism while enabling accurate 
and real-time prediction capabilities.

Recent advancements in artificial intelligence (AI) and data-driven 
modelling offer promising directions for enhancing flood forecast-
ing (Hayder et al., 2023; Schumann et al., 2023). Deep learning, in 
particular, has shown promise in capturing spatiotemporal dynamics 
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of floods from large-scale simulation and observational data (Zhang 
et al., 2023; Shao et al., 2024; Biswakalyani et al., 2024; Samantaray 
and Sahoo, 2024b; Samantaray et al., 2025). Several prior works 
have explored data-driven flood forecasting using neural networks. 
For instance, Convolutional Neural Network (CNN) based approaches 
have been effective in extracting spatial features from inundation state 
maps (Ouma and Omai, 2023; Guo et al., 2022), while Recurrent 
Neural Network (RNN) and Long Short-Term Memory (LSTM) have 
been applied for temporal sequence prediction of water depths (Chen 
et al., 2023; Hu et al., 2025; Situ et al., 2024). However, such methods 
often fall short in handling high-dimensional spatiotemporal inputs.

The Transformer architecture (Vaswani et al., 2017), originally 
developed for natural language processing (NLP), has recently been 
adapted for spatiotemporal prediction tasks in weather and hydrol-
ogy (Jamali and Mahdianpari, 2022; Castangia et al., 2023; Li et al., 
2024; Zhou et al., 2025). Its self-attention mechanism allows it to 
capture long-range dependencies across time and space more effi-
ciently than traditional deep learning models. However, many AI-based 
flood forecasting models struggle with the computational costs of high-
resolution rasters across large terrain (Zhang et al., 2024; Al-Rawas 
et al., 2024). Additionally, there remains a trade-off in predictive 
https://doi.org/10.1016/j.envsoft.2025.106832
Received 28 August 2025; Received in revised form 31 October 2025; Accepted 9 D
vailable online 11 December 2025 
364-8152/© 2025 The Authors. Published by Elsevier Ltd. This is an open access 
c/4.0/ ). 
ecember 2025

article under the CC BY-NC license ( http://creativecommons.org/licenses/by- 

https://www.elsevier.com/locate/envsoft
https://www.elsevier.com/locate/envsoft
https://orcid.org/0000-0002-0628-5575
mailto:Zhanzhong.Gu@uts.edu.au
mailto:Jiachen.Kang-1@uts.edu.au
mailto:Wenjing.Jia@uts.edu.au
https://doi.org/10.1016/j.envsoft.2025.106832
https://doi.org/10.1016/j.envsoft.2025.106832
http://crossmark.crossref.org/dialog/?doi=10.1016/j.envsoft.2025.106832&domain=pdf
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/


Z. Gu et al. Environmental Modelling and Software 197 (2026) 106832 
focus—most methods focus on either classifying inundation state or 
estimating water depth, but seldom achieve both simultaneously at 
a high accuracy (Antwi-Agyakwa et al., 2023; Hakim et al., 2024). 
Finally, the lack of rasterised ground-truth data is prevalent across 
nearly all regions.

Latest advances highlight the growing adoption of hybrid
AI-hydrodynamic frameworks in flood forecasting, combining physical 
consistency with data-driven efficiency. These approaches integrate AI 
models into traditional hydrodynamic modellings to improve predictive 
accuracy, reduce computational cost, and enhance spatial general-
isability (Samantaray and Sahoo, 2024a; Huynh et al., 2025; Feng 
et al., 2025; Chand et al., 2025; Tran et al., 2025; Anik et al., 2025). 
Instead of relying on limited observation data, simulations generated by 
traditional hydrodynamic flood models are used for AI training. Despite 
these advances, most existing models still face challenges in heavy 
computational demands, cumulative errors in sequential predictions, 
and restricted real-time applicability, motivating the development of 
more efficient and transferable hybrid architectures.

To fill these significant research gaps, this study proposes an AI-
hydrodynamic hybrid flood forecasting framework that integrates fine-
scale hydrodynamic-based simulations with advanced deep learning 
techniques to achieve rapid, high-resolution (up to 5 m × 5 m), high-
accuracy flood predictions. Our approach first leverages a widely used 
3Di hydrodynamic flood model (3Di, 2025; Dahm et al., 2014; Liao 
and Ho, 2024; Chang et al., 2023) to simulate a comprehensive set 
of design rainfall scenarios derived from the Australian Rainfall and 
Runoff (ARR) guidelines (Ball et al., 2016). After rigorous validation 
and calibration against real-world gauge data and flood extent ob-
servations, hundreds of simulations under various initial water levels, 
boundary conditions, and rainfall durations, reflecting a wide range of 
flood events (Wang et al., 2023; Zhou et al., 2023b), are generated to 
serve as the training dataset for the AI model.

Predicting rasterised flooding over a large catchment and longer 
time horizon at a high spatial resolution requires computing the water 
depth for millions of cells at every time step, which is an extremely 
memory-intensive process that constrains the scalability of AI models. 
To address the computational challenges brought by high resolution 
and wide geographical coverage, we propose FloodTransformer, an 
efficient Transformer-based architecture designed for real-time, sequen-
tial flood forecasting. The model first leverages an innovative size 
and position embedding to extract spatial information from variable-
sized grid cells, followed by a flood-specific Transformer block with 
a tokenised time-sequence encoding to capture the long-term tempo-
ral dependencies. This architecture significantly reduces computation 
overhead and achieves real-time multi-step predictions in one run. To 
ensure physically consistent results, the model incorporates physics-
informed multi-task optimisation with integrated regulations, enhanc-
ing both the accuracy and hydrodynamic consistency of the flood 
forecasting.

In this paper, Wagga Wagga catchment, located in New South 
Wales (NSW), Australia, was selected as the study area due to its 
high flood susceptibility and global representativeness of urban flood 
challenges (NSW State Emergency Service, 2022; Bureau of Meteorol-
ogy, 2024). Extensive simulations, calibrations, and evaluations have 
been conducted to evaluate the accuracy of predicted water depth 
rasters and the inundation state, using widely adopted hydrographic 
metrics and standard classification metrics, respectively. The results 
on both simulated datasets and historical flood events demonstrate 
that our proposed FloodTransformer achieves both high accuracy and 
computational efficiency.

The novelty of this study lies in three key areas:

• This study proposes an AI-hydrodynamic hybrid approach that 
integrates advanced deep learning models with physics-based 
hydrodynamic simulations, enabling real-time and reliable flood 
forecasting while preserving the physical consistency and inter-
pretability of traditional hydrodynamic models.
2 
• We design an efficient FloodTransformer model with novel
variable-sized cell embeddings, which allows fast and effective 
processing of high-resolution multi-modality inputs for accurate 
flood forecasting across the large-scale catchment and urban 
regions.

• We propose an innovative tokenised time-sequence encoding and 
decoding architecture that captures long-term temporal depen-
dencies with minimised computational costs and enables sequen-
tial predictions in a single run.

The remainder of this paper is structured as follows: Section 2 
reviews related work in both conventional flood forecasting methods 
and advanced AI-based models. Section 3 details the flood modelling 
and simulation settings, including study area selection, schematisation, 
modelling, validation, calibration, and batch simulations. Section 4 
explains in detail the architecture and training strategy of our effi-
cient FloodTransformer model. Section 5 presents the experimental 
results and evaluation on both simulated datasets and historical flood 
events. Section 6 summarises principal findings and potential limi-
tations. Finally, Section 7 concludes our work with discussions over 
future research directions.

2. Related works

2.1. Conventional flood forecasting methods

Traditional flood forecasting primarily relies on hydrological and 
hydrodynamic models such as SWAT (Rajib et al., 2020),
HEC-RAS (Zhong et al., 2024; Do Lago et al., 2023; Lin et al., 2022), 
LISFLOOD (Rajib et al., 2020), and MIKE FLOOD (Young et al., 2025), 
which simulate rainfall–runoff dynamics based on physical princi-
ples. These models use topographic data like digital elevation models 
(DEMs), land cover, soil type, and precipitation to generate discharge 
or inundation maps. For instance, SWAT and LISFLOOD are widely used 
in continental flood simulation systems such as the European Flood 
Awareness System (EFAS) (Copernicus Emergency Management Ser-
vice, 2024a) and Global Flood Awareness System (GLOFAS) (Coper-
nicus Emergency Management Service, 2024b). These systems offer 
operational reliability in well-gauged regions but require high com-
putational power and extensive calibrations (Young et al., 2025). 
Moreover, traditional simulation models, such as flood models built 
with HEC-RAS and MIKE FLOOD for reasonably sized catchments, 
require several hours to complete a single run, which hinders real-time 
applicability and limits their effectiveness for timely risk management 
and emergency planning (Rajib et al., 2020).

Some studies have adopted hybrid designs combining numerical 
simulations with real-time observations or remote sensing data for 
flood forecasting. For example, Xu and Gao (2024) and Zhong et al. 
(2024) used flood models driven by meteorological predictions and 
adjusted using observed inundation data. Others employed clustering or 
environment-based modelling to reduce simulation complexity (Wang 
et al., 2023). However, even such hybrid models remain sensitive to 
input uncertainty and often lack scalability.

Overall, the conventional hydrodynamic flood forecasting methods 
struggle with spatiotemporal flexibility, computational cost, and slow 
response in real-world scenarios, motivating the transition to AI-driven 
models.

2.2. AI-based flood forecasting models

AI-based approaches are increasingly used for flood prediction 
due to their capability to learn complex temporal and spatial pat-
terns directly from data. Early models like Support Vector Machines 
(SVMs) (Hearst et al., 1998), Random Forests (Breiman, 2001), and 
shallow neural networks focused on water level or discharge prediction 
using rainfall and runoff time series (Samantaray et al., 2023; Hayder 
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Fig. 1. The overall view of our AI-hydrodynamic hybrid approach. The top row illustrates the integration of multi-source data, including geographical and rainfall 
data, for hydrodynamic flood modelling and simulation. These simulations serve as the training dataset for the AI model, FloodTransformer. The bottom row 
shows the inference process, where the FloodTransformer processes multimodal inputs to generate high-resolution, multi-step predictions of flood inundation and 
water depth.
et al., 2023). These models achieved reasonable accuracy but lacked the 
ability to capture 2D dense spatiotemporal dynamics and were highly 
dependent on historical data from specific gauged sites (Elsadek et al., 
2024; Gharakhanlou and Perez, 2023).

Deep learning methods, such as LSTMs and RNNs, have significantly 
improved temporal learning and prediction in time-series flood fore-
casting. LSTM-based models have demonstrated better performance in 
short-term flood forecasting and outperform traditional machine learn-
ing models in urban or riverine scenarios (Chen et al., 2023; Hu et al., 
2025; Shao et al., 2024; Zhang et al., 2023; Samantaray et al., 2025). 
However, their effectiveness diminishes in high-resolution forecasting 
for large ungauged areas due to data scarcity and the need for extensive 
domain-specific tuning (Wajid et al., 2024; Al-Rawas et al., 2024). 
Some recent works begin to incorporate simulation-derived flood maps 
into AI pipelines (Adnan et al., 2023; Chowdhury et al., 2023; Dang 
et al., 2025), yet their designs still rely heavily on location-specific 
tuning or multimodal data fusion, limiting their real-world application 
in large catchments.

Later, spatiotemporally-aware models, such as 3D CNNs and CNN-
RNNs, have been introduced to address these limitations. Studies show 
that integrating spatial inputs, e.g., 2D rainfall grids, with tempo-
ral deep neural encodings can improve rasterised flood time-series 
prediction (Zhou et al., 2023a; Situ et al., 2024; Gao et al., 2024; 
Mahakur et al., 2025; Alkaabi et al., 2025). Recent attention-based 
and Transformer-based models have further enhanced spatiotemporal 
feature extraction over large basins (Jamali and Mahdianpari, 2022; 
Li et al., 2024; Zhou et al., 2025), advancing global flood forecasting 
efforts using geospatial and meteorological datasets, typically at reso-
lutions of tens of kilometres (Zhang et al., 2024; Nearing et al., 2024). 
However, these models face significant computational challenges when 
applied to large-scale, high-resolution (e.g., 5 m×5 m) flood forecasting. 
Furthermore, most approaches focus on either inundation state clas-
sification or water depth prediction, rarely achieving both with high 
accuracy (Antwi-Agyakwa et al., 2023; Hakim et al., 2024).

Hybrid frameworks combining hydrodynamic models with AI have 
recently gained attraction in flood forecasting. Huynh et al. (2025) pro-
posed a distributed physics–AI model that learns corrections to internal 
hydrological fluxes while preserving conceptual structure, enhancing 
high-resolution flood modelling. Feng et al. (2025) compared physics-
informed and data-driven models, offering an adaptive hybrid strategy 
to balance interpretability and predictive power. Chand et al. (2025) 
developed a CNN–GRU hybrid for hourly flood-index forecasting in 
island settings, achieving high short-term accuracy. Tran et al. (2025) 
3 
presented a hybrid framework that substantially improves accuracy and 
real-time efficiency over baseline hydrodynamic models. Anik et al. 
(2025) reviewed urban-flood modelling trends, highlighting the shift 
towards AI-driven real-time systems. These studies show that hybrid 
models improve accuracy, reduce computational cost, and enhance gen-
eralisability, though challenges remain, including high computational 
cost, error aggregation for multiple predictions, and limited real-time 
efficiency.

To address these gaps, this work presents an efficient and effective 
FloodTransformer approach for real-time, large-scale, multi-step, and 
high-resolution flood forecasting (see Fig.  1). This model is trained on 
rigorously constructed hydrodynamic flood modelling and extensive 
simulations, with the following section explaining the detailed setup 
and processes, including flood study area selection, schematisation, 
modelling, validation, calibration, and batch simulation.

3. Flood modelling and simulation

Our AI-hydrodynamic approach starts with hydrodynamic-based 
flood modelling. We leverage a widely used hydrodynamic flood mod-
elling software, 3Di (3Di, 2025), to model the mapped Wagga Wagga 
region and generate simulations for training, which involves several 
key steps: (1) study area selection and schematisation, which defines 
the boundary of the study area and its foundational spatial characters, 
such as catchment, meshing settings, and land use; (2) modelling, 
which constructs detailed topographic and hydrodynamic parameters; 
(3) calibration and validation with rating curves and flood inundation 
map; and (4) batch simulation under various initial conditions and 
rainfall patterns, detailed next.

3.1. Study area selection and schematisation

As shown in Fig.  2, in this work, we select Wagga Wagga, located 
in New South Wales (NSW), Australia, as the study area.

The region’s combination of dense development, floodplain terrain, 
and dynamic river system provides a suitable testbed for evaluating 
real-time, high-resolution flood forecasting models applicable to similar 
settings worldwide. According to the NSW State Emergency Service 
(SES) (NSW State Emergency Service, 2022) and the Bureau of Mete-
orology (BoM) (Bureau of Meteorology, 2024) , the region is prone to 
intense rainfall events, which substantially increase the risk of riverine 
and flash flooding. Positioned along the Murrumbidgee River, Wagga 
Wagga has experienced numerous major flood events, including the 
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Fig. 2. Illustration of the geographic scope of our study area, the Wagga 
Wagga catchment in New South Wales, Australia.

devastating 2012 and 2022 floods that led to the evacuation of over 
8000 residents and widespread infrastructure damage.23 The city’s 
combination of urban development, floodplain topography, and river 
dynamics presents a critical and applicable case for developing and 
validating real-time high-resolution flood forecasting approaches. Ap-
plying our proposed method in this area not only supports local disaster 
planning but also provides insights transferable to other flood-prone 
regions in Australia and beyond.

We developed a high-resolution 2D schematisation to represent 
the selected Wagga Wagga catchment, including detailed spatial and 
hydrodynamic features required by 3Di to generate the computational 
grid and sub-grid refinements. As shown in Fig.  3, the spatial extent and 
topography are illustrated, and a total of 346𝑘 variable-size cells with 
the finest resolution 5 m × 5 m are defined, the same as the DEM data, 
to represent the hydrodynamic network and terrain characteristics of 
our study area in detail.

3.2. Flood modelling

For flood modelling, we employ the flood modelling software
3Di (3Di, 2025)’s sub-grid technique to map the large area with the 
highest spatial resolution of 5 m × 5 m for the river channel, and 
the lowest resolution of 160 m × 160 m for areas where inundation is 
unlikely. In addition, multiple sets of data, including DEM, roughness, 
infiltration rate, land cover, land use, and boundary conditions, are 
sourced for flood modelling.

The DEM is a fundamental input for accurate flood modelling, 
representing the terrain surface that governs water flow paths and ac-
cumulation. In this work, the Geoscience Australia 5 Metre DEM (Geo-
science Australia, 2015), derived from LiDAR surveys between 2001 
and 2015, is used.

The roughness coefficient and infiltration rate are based on land 
use and soil type data. The land use data are sourced from the Aus-
tralian Bureau of Agricultural and Resource Economics and Sciences 
(ABARES) (ABARES, 2025). It is a seamless raster dataset that combines 
land use data compiled at a resolution of 50 m × 50 m. Soil type data 

2 ABC News, ‘‘Floodwaters cut town of Forbes’’, 2012. Available 
at: https://www.abc.net.au/news/2012-03-07/hundreds-gear-up-for-another-
in-evacuation-centres/3874974.

3 ABC News, ‘‘Floodwaters have peaked at Forbes and Wagga Wagga in 
central NSW’’, 2022. Available at: https://www.abc.net.au/news/2022-11-06/
floodwaters-have-peaked-at-forbes-and-wagga-wagga/101621508.
4 
are sourced from the NSW Department of Climate Change, Energy, the 
Environment and Water’s Great Soil Group (GSG) Soil Type map of 
NSW (NSW Department of Climate Change, Energy, the Environment 
and Water, 2021), which provides soil types across NSW, including over 
55 datasets of multiple scales.

Land use features, particularly physical obstacles, play a critical role 
in flood modelling as they can significantly impact flow paths, water 
accumulations, and inundation extents. Among various types of obsta-
cles, roads and levees are particularly important due to their function 
in controlling and redirecting floodwaters. In this study, we obtain the 
road data from the NSW Open Data Portal (Transport for NSW), which 
provides GIS-based road segments, including state, regional, and local 
roads (Transport for NSW, 2024). The levee data is from the NSW 
SES’s levee study for emergency management, which provides detailed 
information on urban levees in NSW, including levee locations, design 
heights, and overtopping risks (Webb and Ltd, 2008). These attributes 
of key roads and levees are collected and schematised as obstacles in 
the 3Di modelling, ensuring accurate hydrodynamic influence in the 
simulation.

Boundary conditions define the interactions between the modelled 
area and its surroundings by specifying how water flows enter or exit 
the mapped area. In this work, horizontal 2D boundary condition lines 
are applied along the left (outflow) and right (inflow) edges of the 
schematisation area, representing the upstream and downstream flow 
of the Murrumbidgee River. All boundary conditions are designed to 
meet the technical requirements in 3Di modelling. Specifically, these 
boundary conditions only intersect one or more computational cells 
that are uniform in size and aligned horizontally, avoiding diagonal 
placement and grid refinement in boundary areas. This ensures stability 
and accuracy in simulating flow interactions at the model edges.

3.3. Calibration and validation

We conduct comprehensive calibration and validation of the 3Di 
flood modelling to ensure its accuracy and reliability. We use the rating 
curve method (Campbell and Bauder, 1940; Ocio et al., 2017) for 
calibration and validation, which compares and aligns the simulated 
rating curves with observed rating curves from historical gauge records. 
Moreover, we validate the predicted inundation state by comparing it 
with historical flood maps (WMAwater, 2018).

Rating Curve: A rating curve defines the relationship between 
water level and discharge at a specific location along a river, typically 
obtained from long-term gauge records. By comparing the simulated 
water levels and discharges at the gauges with the observation records, 
the accuracy and reliability of our flood modelling can be assessed.

In this study, rating curves from existing river gauges across the 
Wagga Wagga catchment are used as the primary basis for hydro-
dynamic model calibration and verification. Observed discharge and 
water level records were obtained from the Australian Bureau of Mete-
orology (BoM),4 which provides publicly accessible and quality-assured 
datasets derived from river monitoring networks. Corresponding rain-
fall records are collected from BoM’s regional weather stations to 
ensure consistency between the hydrological inputs and observed river 
responses.

The 3Di model is configured using high-resolution digital elevation 
data, land-use maps, and boundaries to accurately represent the Wagga 
Wagga terrain (see more details in Section 3.2). The modelling settings, 
boundary conditions, and rainfall schemes followed standard 3Di sim-
ulation practices, with all configurations and parameters documented 
and stored within the 3Di online environment, making the whole 
process entirely reproducible and transparent.

For calibration, simulated discharge–water level relationships are 
extracted at each gauge location and plotted against the corresponding 

4 https://www.bom.gov.au/waterdata/

https://www.abc.net.au/news/2012-03-07/hundreds-gear-up-for-another-in-evacuation-centres/3874974
https://www.abc.net.au/news/2012-03-07/hundreds-gear-up-for-another-in-evacuation-centres/3874974
https://www.abc.net.au/news/2022-11-06/floodwaters-have-peaked-at-forbes-and-wagga-wagga/101621508
https://www.abc.net.au/news/2022-11-06/floodwaters-have-peaked-at-forbes-and-wagga-wagga/101621508
https://www.bom.gov.au/waterdata/
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(b) 
 

Fig. 3. Overview of the 3Di modelling scope and detailed meshes. Left: 3Di schematisation of the whole study area. Right: variable-size cells of the selected 
region within the red square shown on the left.
Fig. 4. The rating curve of the simulation data against the observed gauging 
values. Quantitative evaluation metrics are also reported, including NSE, KGE, 
PBIAS and RMSE.

observed rating curves. Iterative adjustments are applied to modelling 
and boundary parameters until optimal agreement is achieved across 
all gauges. Further validation is subsequently performed using inde-
pendent flood events not included in the calibration phase, ensuring 
the model’s robustness and generalisation across varying hydrodynamic 
conditions.

The rating curves shown in Fig.  4 illustrate the relationship between 
stage (𝐻 , in meters) and discharge (𝑄, in cubic meters per second) 
for both gauge readings and simulated values. The black curve rep-
resents the gauging records, while the two dashed curves (red and 
blue) define a tolerance band: a horizontal shift of ±0.05m in water 
depth (𝐻 ± 0.05) and a vertical adjustment of ±10% in discharge 
(𝑄 × 0.9 to 𝑄 × 1.1), which is commonly applied in hydrological prac-
tice (Lang et al., 2010). This band is due to measurement uncertainty 
and operational variability in gauging readings.

Our simulated curve (shown in sky blue) falls almost entirely within 
this tolerance envelope, confirming that the model reliably reproduces 
the stage–discharge relationship under typical flow conditions. This 
strong agreement indicates that our flood modelling accurately captures 
the hydrodynamic behaviour of the water flow during a wide range of 
flood events. It is noteworthy that slight deviations occur at very low 
stages (𝐻 < 3m), which is consistent with previous studies reporting 
that empirical or physically based rating formulas often underperform 
in shallow-flow regimes (Lang et al., 2010). Such discrepancies at 
5 
low stages are therefore expected and do not undermine the overall 
reliability of the model across operationally relevant ranges.

To quantitatively evaluate the model’s accuracy and robustness, 
four widely used metrics in hydrology are adopted: the Nash–Sutcliffe 
Efficiency (NSE) (Gupta et al., 2009), the Kling–Gupta Efficiency
(KGE) (Knoben et al., 2019), the Mean Absolute Error (MAE) (Willmott 
and Matsuura, 2005), and the Root Mean Square Error (RMSE) (Mo-
riasi et al., 2015) (see Appendix  B.1 for more details). As shown 
in Fig.  4, the NSE reaches 0.9572, indicating excellent agreement 
between simulated and observed discharge values. The KGE is 0.8426, 
reflecting strong performance across correlation, bias, and variability 
components. The PBIAS is –3.8357%, suggesting a slight underestima-
tion of discharge but well within acceptable hydrological modelling 
thresholds. Additionally, the RMSE is 54.9715 m3/s, demonstrating low 
overall deviation and confirming that the model maintains precision 
even under varying flow conditions. These results further prove the 
model’s capability to reproduce stage–discharge dynamics with high 
fidelity and operational reliability.

Flood Inundation Map: We further validate the performance of our 
3Di flood simulations by comparing them with the flood inundation 
map from real-world historical flood events. Fig.  5 shows the inunda-
tion map of our simulations against that of the 2018 flood events on 
the Wagga Wagga area (WMAwater, 2018). The high degree of spatial 
overlap between the two demonstrates that our flood modelling is ca-
pable of accurately reproducing real-world flood events. The alignment 
is particularly strong along the main floodplain, where the majority of 
the flood occurred. While there are minor discrepancies at the edges, 
these are largely due to uncertainties in the observed extent map and 
limitations in input data, such as coarse rainfall resolution.

For evaluating the spatial agreement, we adopt four widely used 
spatial classification metrics: Intersection over Union (IoU) (Zeng et al., 
2024), Precision, Recall, and F1 score (Razali et al., 2020) (see Ap-
pendix  B.2 for more details). The results are highly encouraging, with 
an IoU of 0.8531, indicating that over 85% of the predicted inundation 
area overlaps with the observed flood extent. The Precision score of 
0.8945 reflects a low false positive rate, confirming that most predicted 
flooded areas are indeed correct. The Recall score reaches 0.9331, 
suggesting that the model successfully captures the majority of the 
actual inundated regions. The F1 score, which balances Precision and 
Recall, is 0.9136, further validating the model’s overall reliability.

3.4. Flood simulation

The calibrated flood model is then used to generate simulations for 
training. To generate a comprehensive set of flood scenarios, we design 
a wide range of simulation conditions by systematically setting key 
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Table 1
Statistical summary of key input variables for training, validation, and test datasets. The 𝑋-velocity and 𝑌 -velocity refer to flow 
velocity in the 𝑋 and 𝑌  directions, respectively.
 Split Variable Min Mean Max Kurtosis Skewness Std  
 
Training
(120)

Rainfall (m3/s) 0.0000e+00 3.9155e–04 4.9705e–03 1.0317e+01 3.3979e+00 1.1520e–03  
 Elevation (m) 1.5583e+02 1.8133e+02 2.2149e+02 3.1633e+00 1.7862e+00 1.2810e+01 
 𝑋-velocity (m/s) 0.0000e+00 2.6914e–02 2.3849e–01 5.0046e+00 2.5047e+00 6.3440e–02  
 𝑌 -velocity (m/s) 0.0000e+00 1.1925e–02 6.2937e–01 1.2515e+00 1.5819e+00 1.8877e–01  
 Water depth (m) 0.0000e+00 3.6859e–02 8.5781e–01 –8.6502e–01 4.9371e–01 2.4772e–02  
 
Validation
(15)

Rainfall (m3/s) 0.0000e+00 2.0039e–04 2.4889e–03 9.8707e+00 3.1789e+00 6.0492e–04  
 Elevation (m) 1.5583e+02 1.8133e+02 2.2149e+02 3.1633e+00 1.7862e+00 1.2810e+01 
 𝑋-velocity (m/s) 0.0000e+00 2.4314e–02 2.2524e–01 5.3536e+00 2.5786e+00 5.9473e–02  
 𝑌 -velocity (m/s) 0.0000e+00 1.1781e–02 6.3847e–01 1.3868e+00 1.6271e+00 1.9102e–01  
 Water depth (m) 0.0000e+00 3.7691e–02 8.8285e–01 –7.8482e–01 5.2954e–01 2.5637e–02  
 
Test
(15)

Rainfall (m3/s) 0.0000e+00 1.8858e–04 2.2111e–03 8.4364e+00 3.1034e+00 5.3265e–04  
 Elevation (m) 1.5583e+02 1.8133e+02 2.2149e+02 3.1633e+00 1.7862e+00 1.2810e+01 
 𝑋-velocity (m/s) 0.0000e+00 2.6149e–02 2.3862e–01 5.2430e+00 2.5543e+00 6.3100e–02  
 𝑌 -velocity (m/s) 0.0000e+00 1.2550e–02 6.6927e–01 1.5106e+00 1.6063e+00 2.0110e–01  
 Water depth (m) 0.0000e+00 4.0102e–02 9.4104e+00 –8.1321e–01 5.0543e–01 2.6859e–02  
Fig. 5. The simulation results (red) against the 2018 flood extent map (grey) 
within the Wagga Wagga terrain. Quantitative evaluation metrics are also 
reported, including IoU, Precision, Recall, and F1 score.

simulation parameters as summarised in Table  2. The simulations adopt 
multiple combinations of initial water levels, boundary conditions, 
rainfall durations, simulation periods, and rainfall event probabilities. 
These parameters are selected based on ARR guidelines (Ball et al., 
2016) and are intended to capture both typical and extreme flood 
events.

Initial Conditions: Three distinct initial water level conditions 
representing low, moderate, and high water levels are defined. These 
rasterised water level maps define the starting water depth throughout 
the study area and significantly influence how the simulation evolves, 
particularly in the early stages. Physically, these initial conditions 
represent different land saturation states before potential flood events. 
The initial conditions also include the startup boundary conditions, 
which define the upstream inflow and the downstream outflow at the 
boundary lines. Consistent with the initial water level, the boundary 
condition also has three levels, i.e., low, middle, and high. This setting 
enhances the reliability of accurate flood modelling. 

Rainfall Design: The rainfall inputs for the simulations are de-
signed following the ARR guidelines, which define rainfall intensities, 
durations, and frequencies across the study area. As shown in Table 
2, the simulation covers a wide range of rainfall durations—from 
short, flash rainfalls (e.g., 30 min) to prolonged events up to 4 days 
(5760 min), with varying Annual Exceedance Probabilities (AEPs) and 
Average Recurrence Intervals (ARIs) to reflect both frequent and rare 
events (Ball et al., 2016). For instance, common ARIs such as 1, 5, and 
10 years are included alongside more extreme conditions like the 500- 
and 1000 year events. 
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Table 2
Simulation condition categories and their respective variates, including varying 
Annual Exceedance Probabilities (AEPs) and Average Recurrence Intervals 
(ARIs) to reflect a wide range of rainfall events, from frequent to rare 
occurrences.
 Conditions Variates  
 Initial water level (m) low, middle, high  
 Boundary flow (m3/s) low, middle, high  
 Rainfall (minutes) 60, 180, 360, 720, 1440, 2880, 5760  
 Simulation (hours) 12, 24, 48, 72, 120  
 AEP types (%) 63.2, 50, 20, 10, 5, 2, 1, 0.5, 0.2, 0.1 
 ARI types (years) 1, 2, 5, 10, 20, 50, 100, 200, 500, 1k 

Batch Simulations: In light of the diverse simulation scenarios, we 
leverage the 3Di’s API to automate the entire simulation workflow, 
enabling efficient batch processing across all defined conditions.

3.5. Dataset construction

To construct a comprehensive and representative dataset for AI 
model training and evaluation, a total of 150 hydrodynamic simulations 
are generated under diverse boundary and meteorological conditions 
shown in Table  2. These simulations are designed to capture a wide 
range of flood scenarios by systematically varying key factors: initial 
water levels, boundary flows, rainfall durations, simulation periods, 
and rainfall events represented by AEPs and ARIs.

To ensure balanced and representative subsets, we adopt a category-
based splitting strategy rather than a simple random division. Sim-
ulations are grouped by key event attributes (ARI/AEPs, rainfall/du-
rations, and initial water level/boundary flows) using the quantile 
binning method (Cox, 2018). As shown in Table  1, the simulations 
are split into training (80%), validation (10%), and test (10%) sets, 
corresponding to 120, 15, and 15 simulations, respectively. Simulations 
derived from the same rainfall event are kept together to avoid informa-
tion leakage, ensuring that no simulation from a specific rainfall event 
appears in any other subset. This guarantees that the training, valida-
tion, and test sets are completely separate and independent, providing 
a robust evaluation of the model’s generalisation performance.

Five key variables are listed in Table  1, including rainfall, elevation, 
𝑋-velocity, 𝑌 -velocity, and water depth. Elevation remains consistent 
across all splits, while the other variables display noticeable skewness 
and kurtosis, reflecting the presence of extreme hydrological events. 
Rainfall and flow velocities generally have low mean values with 
considerable variability, whereas water depth shows moderate averages 
but includes occasional high extremes. These statistical characteristics 
highlight the dataset’s diversity and complexity, making it suitable for 
robust AI model training and evaluation.
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Fig. 6. Illustration of the proposed FloodTransformer model. FloodTransformer encodes three types of rasterised input data: initial water level, forecasted rainfall 
series, and static geographical features. It then incorporates novel position and size embeddings and dynamic feature embeddings to capture complex temporal 
and spatial dependencies across the input features. Multi-task optimisation with integrated regulations is adopted to predict both water depth and flood inundation 
maps with high accuracy.
Overall, the simulation dataset covers a wide range of flood pat-
terns under diverse hydrological conditions, capturing both typical 
and extreme rainfall events. These comprehensive and high-quality 
simulations are both sufficient and well-suited to serve as the training 
dataset for our proposed FloodTransformer model, as detailed in the 
next section.

4. FloodTransformer

Based on the simulation results, we leverage a Vision Transformer 
(ViT) styled architecture (Dosovitskiy et al., 2021) and develop and 
train an efficient flood forecasting model, named FloodTransformer. To 
address the computational challenges associated with adopting ViT for 
large-scale, high-resolution rasterised spatiotemporal analysis, Flood-
Transformer directly encodes variable-sized grid cells and tokenises 
time-sequence embeddings to capture multi-modal temporal depen-
dencies without significant computational overhead. This temporal 
tokenisation also ensures efficient sequential predictions in a single run, 
minimising error accumulation in iterative prediction approaches.

Formally, let the study area, , be discretised into a set of 𝑁
computational cells according to the grid schematisation in the 3Di 
hydrodynamic modelling, indexed by 𝑖 = 1,… , 𝑁 . Our goal is to 
develop a deep learning model, denoted by 𝜃 , that is capable of 
learning a mapping, from a set of predictive variables, denoted as  , 
to future flood states sim, describing the flood evolution for each cell 
𝑖 and for each future timestep 𝑡 ∈ {1,… , 𝑇 }, where 𝑇  is the forecast 
horizon. In our AI-hydrodynamic hybrid approach, the ground-truth 
data sim is generated from the hydrodynamic simulations. If we denote 
̂ as the model prediction, this mapping can be expressed as: ̂ =
𝜃(). The ViT-style architecture of the FloodTransformer model 𝜃 can 
proficiently capture long-range dependencies in intricate spatiotempo-
ral sequences. The model parameters 𝜃 are optimised by minimising 
a composite loss function that evaluates the discrepancy between the 
model’s predictions ̂ and the ground truth sim. FloodTransformer 
operates in a non-autoregressive manner, which enables end-to-end, 
high-resolution, large-scale flood prediction over multiple time steps, 
all generated in a single forward pass. Fig.  6 shows the architecture of 
the proposed FloodTransformer model.

In the following sections, we provide details of the construction of 
the multimodal dataset (Section 4.1), variable-size cell representations 
(Section 4.2), and multi-task training with regulations (Section 4.3).
7 
4.1. Multimodal dataset construction

The multimodal dataset for training and evaluating FloodTrans-
former is synthesised from two primary sources: (1) static geospatial 
data of the study area, which comprises multi-channel raster maps rep-
resenting the DEM, surface roughness, and initial infiltration rate. (2) 
time-series rainfall forecast and time-series water levels from a series of 
3Di hydrodynamic simulations, provided in NetCDF format (Rew and 
Davis, 1990), as described in Section 3.4. These raw data sources are 
processed to construct the input  and the ground truth labels sim.

The model inputs  consist of three components:
Static Geographical Features (). To derive a rich representation 

for the static attributes of each cell, the DEM, roughness, and infil-
tration maps are first stacked to form a 3-channel geospatial image. 
For each cell 𝑖, we crop a square patch of 𝑃 × 𝑃  pixels from this 
composite image, centred at the cell’s location. This patch, which 
captures the localised geographical context, is then processed by a pre-
trained image encoder to produce a dense feature vector 𝐬𝑖 ∈ R𝐷𝑠 , and 
 = {𝐬1, 𝐬2,… , 𝐬𝑁}.

Initial Water State (𝐝0,𝐡0). The 3Di model provides water levels, 
which we transform into water depths to enhance model stability. The 
water depth 𝑑𝑡𝑖 for cell 𝑖 at timestep 𝑡 is calculated by subtracting the 
minimum DEM value within that cell from the water level and clipping 
any negative values to zero. The initial water depth vector (at timestep 
𝑡 = 0) can be denoted as 𝐝0 = [𝑑01 , 𝑑

0
2 ,… , 𝑑0𝑁 ] ∈ R𝑁 , The corresponding 

initial inundation state vector, 𝐡0 = [ℎ01, ℎ
0
2,… , ℎ0𝑁 ] ∈ R𝑁 , is a binary 

mask derived from 𝐝0, where ℎ0𝑖 = I(𝑑0𝑖 > 0) and I(⋅) is the indicator 
function.

Rainfall (). The rainfall data is directly extracted from the simula-
tion files. This yields a matrix of rainfall intensities  = {𝐫1, 𝐫2,… , 𝐫𝑁}
of shape 𝑁 × 𝑇 , where each row vector 𝐫𝑖 = [𝑟1𝑖 , 𝑟

2
𝑖 ,… , 𝑟𝑇𝑖 ] represents 

the rainfall for cell 𝑖 over the prediction horizon of 𝑇  timesteps.
The ground truth labels sim, used for model supervision, consist of 

the following three components:
Water Depth Variation (𝛥). To stabilise the training dynamics, 

the model is tasked with predicting the temporal change in water depth 
rather than its absolute value. The regression target for cell 𝑖 at time 𝑡
is therefore the difference 𝛥𝑑𝑡𝑖 = 𝑑𝑡𝑖 − 𝑑𝑡−1𝑖 . For each training instance, 
these values are aggregated into a ground truth matrix 𝛥 ∈ R𝑁×𝑇 , 
where (𝛥)𝑖,𝑡 = 𝛥𝑑𝑡𝑖 .

Inundation State (). Similar to 𝐡0, the inundation state ℎ𝑡𝑖 is 
defined as ℎ𝑡𝑖 = I(𝑑𝑡𝑖 > 0) for each cell 𝑖 and timestep 𝑡 ∈ {1,… , 𝑇 }. 
These are elements in a binary classification target matrix  ∈ R𝑁×𝑇

in the dataset.
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Flow Velocity ( ,). To further align the training objective with 
a physics-informed learning paradigm, the model is also tasked with 
predicting the hydrodynamic velocity field. The flow velocity in the 𝑥
and 𝑦 directions at the centre of cell 𝑖 at timestep 𝑡, is denoted as 𝑢𝑡𝑖
and 𝑣𝑡𝑖 respectively. The velocity values are directly extracted from the 
simulation results and form the ground truth matrices  , ∈ R𝑁×𝑇 .

By producing the entire time sequence for all cells as the prediction 
target, FloodTransformer operates in a non-autoregressive manner. 
This approach significantly accelerates the prediction process com-
pared to traditional models that generate outputs step-by-step, mak-
ing it exceptionally well-suited for real-time, high-resolution flood 
forecasting.

4.2. Variable-size cell representation

The core of our model is a multi-layer Transformer encoder. To 
enable the Transformer architecture to process the diverse input data, 
we transform the features associated with each of the 𝑁 cells into a 
sequence of input representations, {𝐙1,𝐙2,… ,𝐙𝑁}, where 𝐙𝑖 ∈ R𝐷

is a token representing cell 𝑖, and 𝐷 is the hidden dimension of the 
model. The input representation 𝐙𝑖 is constructed by summing four 
distinct component embeddings: (1) a dynamic feature embedding, (2) 
a static feature embedding, (3) a positional embedding, and (4) a cell 
size embedding.

Dynamic Feature Embedding. This component encodes the time-
varying inputs: the initial water state and the rainfall forecast. For 
each cell 𝑖, the initial water depth 𝑑0𝑖  and inundation state ℎ0𝑖  are 
concatenated to form a 2-dimensional vector. Concurrently, the rainfall 
time series 𝐫𝑖 ∈ R𝑇  is projected into a 𝐷 − 2 dimensional space using a 
dedicated Multi-Layer Perceptron (MLP). These two resulting vectors 
are then concatenated to form the final dynamic feature embedding 
𝐳dyn,𝑖 ∈ R𝐷, where 

𝐳dyn,𝑖 = concat([𝑑0𝑖 , ℎ
0
𝑖 ],MLP(𝐫𝑖)). (1)

Static Feature Embedding. The static geographical feature vector 
𝐬𝑖 ∈ R𝐷𝑠 , which encapsulates the DEM, roughness, and infiltration 
information for cell 𝑖, is linearly projected into a 𝐷-dimensional space. 
This yields the static feature embedding 𝐳sta,𝑖 ∈ R𝐷.

Positional Embedding. To provide the model with explicit in-
formation about the spatial arrangement of the cells, we compute a 
positional embedding from the cell’s centre coordinates. These coor-
dinates are processed by a non-linear MLP, denoted as MLPpos, to 
generate a learnable positional embedding 𝐳pos,𝑖 ∈ R𝐷.

Cell Size Embedding. Given that the cell schematisation may in-
volve cells of varying sizes, we introduce a learnable embedding to 
encode this information. The study area contains 𝐶 distinct cell area 
categories. We maintain a learnable embedding matrix 𝐄size ∈ R𝐶×𝐷. 
For each cell 𝑖, we retrieve its corresponding cell size embedding 𝐳size,𝑖
from this matrix based on its area category.

Finally, the comprehensive input representation 𝐙𝑖 for each cell 
is obtained by the element-wise summation of these four component 
embeddings: 

𝐙𝑖 = 𝐳dyn,𝑖 + 𝐳sta,𝑖 + 𝐳pos,𝑖 + 𝐳size,𝑖 (2)

The resulting sequence of tokens, [𝐙1,𝐙2,… ,𝐙𝑁 ], which repre-
sents every single cell in the study area, serves as the input to the 
Transformer encoder. Within each layer of the encoder, a multi-head 
self-attention layer allows every cell (token) to weigh the influence 
of and integrate information from all other cells in the study area. 
This global receptive field is crucial for modelling the propagation 
of floodwaters and the non-local effects of rainfall and geographical 
features.
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4.3. Multi-task training with regulations

The final sequence of cell representations from the Transformer 
encoder is fed into parallel prediction heads, each responsible for a 
distinct task: (1) regression of water depth, (2) regression of flow ve-
locity, and (3) classification of the inundation state. The entire model, 
parameterised by 𝜃, is trained end-to-end by minimising a composite 
loss function , which aggregates the individual losses from each of 
the three tasks.

Water Depth Regression Loss. The loss for the water depth regres-
sion, wd, is composed of two distinct Mean Squared Error
(MSE) (Hastie et al., 2009) terms to ensure both the accuracy of step-
wise predictions and the stability of the cumulative forecast over the 
entire horizon.

First, to enforce precision at each individual timestep, we compute 
an MSE loss, step, on the predicted variations of water depth (instead 
of the water depth directly) ̂𝛥𝑑𝑡𝑖 as: 

step = 1
𝑁𝑇

𝑁
∑

𝑖=1

𝑇
∑

𝑡=1
( ̂𝛥𝑑𝑡𝑖 − 𝛥𝑑𝑡𝑖 )

2, (3)

where ̂𝛥𝑑𝑡𝑖 and 𝛥𝑑𝑡𝑖 are the predicted and ground truth water depth 
changes for cell 𝑖 at timestep 𝑡, respectively.

Second, to mitigate the accumulation of errors over long sequences, 
we introduce an additional constraint, the final state loss final, on the 
final water depth at the end of the forecast horizon, 𝑇 , as: 

final =
1

𝑁𝑇

𝑁
∑

𝑖=1
(𝑑𝑇𝑖 − 𝑑𝑇𝑖 )

2, (4)

where 𝑑𝑇𝑖  is the predicted water depth at the end of the forecast horizon 
𝑇  and is calculated by accumulating the predicted variations from the 
initial state 𝑑0𝑖 : 

𝑑𝑇𝑖 = 𝑑0𝑖 +
𝑇
∑

𝑡=1

̂𝛥𝑑𝑡𝑖 . (5)

Thus, the Water Depth Regression loss is a sum of these two com-
ponents: 
wd = step + 𝜆final ⋅ final, (6)

where 𝜆final is a hyperparameter that balances the importance of short-
term and long-term accuracy.

Flow Velocity Regression Loss. To supervise the prediction of the 
flow velocity field, a regression loss, denoted as uv, is formulated using 
MSE. The loss is the sum of the individual MSE losses for the 𝑥- (𝑢) and 
𝑦-direction (𝑣) velocity components, defined as: 

uv =
1

𝑁𝑇

𝑁
∑

𝑖=1

𝑇
∑

𝑡=1

[

(𝑢𝑡𝑖 − 𝑢𝑡𝑖)
2 + (𝑣𝑡𝑖 − 𝑣𝑡𝑖)

2
]

, (7)

where 𝑢̂𝑡𝑖 and 𝑣̂𝑡𝑖 are the predicted velocity components for cell 𝑖 at 
timestep 𝑡, while 𝑢𝑡𝑖 and 𝑣𝑡𝑖 are their corresponding ground truth values.

Inundation State Classification Loss. For the binary classifica-
tion of inundation states, we employ a Binary Cross-Entropy (BCE) 
loss (Goodfellow et al., 2016), denoted as cls. To address the sig-
nificant class imbalance typically present between inundated (positive 
class) and non-inundated (negative class) cells, we introduce a weight, 
𝜔, for the positive class. The Inundation State Classification Loss is 
formulated as:

cls = − 1
𝑁𝑇

𝑁
∑

𝑖=1

𝑇
∑

𝑡=1

[

𝜔 ⋅ ℎ𝑡𝑖 log(𝜎(𝑦̂
𝑡
𝑖))

+ (1 − ℎ𝑡𝑖) log(1 − 𝜎(𝑦̂𝑡𝑖))
]

, (8)

where ℎ𝑡𝑖 ∈ {0, 1} is the ground truth inundation state, 𝑦̂𝑡𝑖 is the raw logit 
output from the classification head for cell 𝑖 at timestep 𝑡, and 𝜎(⋅) is 
the sigmoid function.
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Fig. 7. Comparison results of the predicted water depth against high-resolution ground truth rasters for four models, i.e., FloodTransformer (proposed), CNN-
RNN (Alkaabi et al., 2025), SwinTransformer (Jamali and Mahdianpari, 2022), and CNN-base (Gao et al., 2024), using NSE, KGE, PBIAS, and RMSE metrics over 
multiple time steps at a 30-minute interval.
Total Loss. The final loss function is the weighted sum of the 
regression and classification losses: 
 = wd + 𝜆uv ⋅ uv + 𝜆cls ⋅ cls, (9)

where 𝜆uv and 𝜆cls are hyperparameters that control the contribution of 
the velocity regression and inundation classification tasks to the total 
loss. With Eq. (6), this can be further written as: 
 = step + 𝜆final ⋅ final + 𝜆uv ⋅ uv + 𝜆cls ⋅ cls. (10)

By requiring the model to predict multiple variables in a flood event, 
this training strategy constrains the model to learn representations 
that are more consistent with the underlying principles of fluid dy-
namics. The pseudocode in Algorithm 1 presents the FloodTransformer 
training procedure. The detailed model architecture hyperparameters 
and training hyperparameters are specified in Tables  A.2 and A.3, 
respectively.

5. Results and evaluation

We evaluate the performance of the FloodTransformer in terms of 
both prediction accuracy and computational efficiency. For prediction, 
we assess the accuracy of the predicted water depth rasters (Fig.  7) and 
inundation state maps (Fig.  8) separately on both the simulation dataset 
and selected historical flood events in comparison with three other 
widely-used models of our implementation, i.e., CNN-RNN (Alkaabi 
et al., 2025), SwinTransformer (Jamali and Mahdianpari, 2022), and 
CNN-base (Gao et al., 2024). All tests are conducted on a GPU server 
equipped with an NVIDIA L40 GPU.

All models are trained on the training set of the simulation dataset 
(detailed in Section 3.4), with hyperparameter tuning performed on the 
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validation set. Tables  A.2 and A.3 in Appendix  A provide the model 
configuration details and training hyperparameters. Experiment results 
are assessed using 5-fold cross-validation on the training and validation 
sets, and evaluated on the held-out test set. Evaluation metrics (see 
Appendix  B for detailed definitions) are reported as mean ± standard 
deviation in the following sections.

In addition to the simulation dataset, we further assess the Flood-
Transformer on three representative historical flood events in Wagga 
Wagga, using real historical rainfall and flood water level records. 
These case studies allow us to validate the model against real-world 
flood dynamics and test its generalisation capability beyond the sim-
ulated scenarios. The accuracy of the predicted inundation extents 
and water depth rasters is quantitatively compared with ground-truth 
measurements from gauging stations and high-resolution flood maps to 
comprehensively assess the performance of the proposed FloodTrans-
former.

5.1. Water depth prediction

In this section, we evaluate the performance of the water depth 
prediction using four widely used metrics in hydrology, including 
NSE (Gupta et al., 2009), KGE (Knoben et al., 2019), PBIAS (Gupta 
et al., 1999), and RMSE (Moriasi et al., 2015) (see Appendix  B.1 for 
more details).

Fig.  7 shows the evaluation of predicted water depth against high-
resolution ground truth rasters across 48 time steps (one day) at 
a 30-minute interval in comparison with the three other baseline 
models. As shown in the figure, across all evaluation metrics, Flood-
Transformer consistently ranks highest, demonstrating both superior 
accuracy and temporal stability. SwinTransformer shows competitive 
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Fig. 8. Comparison of the inundation state predictions of FloodTransformer (proposed), CNN-RNN (Alkaabi et al., 2025), SwinTransformer (Jamali and 
Mahdianpari, 2022), and CNN-base (Gao et al., 2024), using IoU, Precision, Recall, and F1 score metrics over multiple time steps.
 

results in NSE and KGE but suffers from higher bias and error vari-
ability. CNN-RNN, which integrates physics-informed constraints, per-
forms moderately well but exhibits greater fluctuations and systematic 
bias. CNN-base trails behind in all metrics, indicating limitations in 
capturing hydrodynamic patterns effectively.

In particular, FloodTransformer achieves a mean NSE of 0.9440, 
indicating excellent alignment with observed temporal dynamics. Its 
KGE score of 0.9759 further confirms high-quality predictions, captur-
ing correlation, bias, and variability more comprehensively than other 
models. In terms of error metrics, FloodTransformer maintains a low 
RMSE of 0.2296, reflecting minimal deviations across timesteps. Most 
notably, its PBIAS is 0.0215 ± 0.0146, indicating a slight positive bias 
but significantly lower than the negative biases observed in CNN-RNN 
(0.2500 ± 0.0838) and SwinTransformer (0.1297 ± 0.0764), and the 
larger positive bias in CNN-base (0.4067 ± 0.1234).

Compared to the baselines, FloodTransformer’s predictions are not 
only more accurate but also more consistent across the entire fore-
cast horizon. Its consistent or slightly improved performance across 
all timesteps indicates that our method’s single-run time sequence 
prediction effectively maintains temporal consistency, significantly re-
ducing both the computational cost and cumulative error compared to 
traditional multi-step recursive forecasting approaches.

5.2. Inundation state prediction

For inundation state prediction (i.e., distinguishing between flooded 
and non-flooded areas), we adopt widely used metrics from spatial clas-
sification tasks that are well-suited for evaluating inundation state, in-
cluding IoU (Zeng et al., 2024), Precision, Recall, and the F1
score (Razali et al., 2020) (see Appendix  B.2 for more details).

Fig.  8 compares inundation-state performance for the four com-
parative models: FloodTransformer (proposed), CNN-RNN, SwinTrans-
former, and CNN-base, using IoU, Precision, Recall, and F1. Overall, 
10 
FloodTransformer consistently attains the highest scores on IoU, Pre-
cision, and F1, indicating superior predictive accuracy and temporal 
stability. Its low standard deviations across all metrics and high F1 
indicate a stable, strong agreement between the predicted and observed 
inundation states. Both precision and recall remain consistently stable, 
with precision averaging slightly above 0.87 and recall maintaining 
values around 0.93. The F1 score remains robust and also has low 
deviation, confirming that the model effectively balances precision and 
recall over time for multiple flood events. These results underscore the 
model’s reliability in flood inundation classification.

CNN-RNN ranks second, benefiting from hydrological priors and 
multi-task learning, though with moderate variability. SwinTransformer
and CNN-base lag behind with lower scores and larger deviations. By 
contrast, CNN-base shows the weakest and least stable results, and 
SwinTransformer, despite its transformer backbone, struggles to main-
tain consistent precision and recall. These findings highlight Flood-
Transformer’s effectiveness in capturing spatiotemporal flood dynamics 
and the limitations of conventional and vision-only baselines.

5.3. Historical flood events

We evaluate inundation-map predictions using three historical flood 
events with available ground-truth extent maps. Fig.  9 illustrates pixel-
wise flood prediction performance for three distinct dates: 2022-10-24, 
2022-10-08, and 2022-11-01. Each subfigure compares model predic-
tions with ground truth data, colour-coded into four categories: true 
positives (TP, blue), true negatives (TN, light green), false positives (FP, 
red), and false negatives (FN, dark green).

We use the same inundation state evaluation metrics for histor-
ical flood events. Overall, they demonstrate excellent accuracy and 
consistency with all IoU values above 0.8 and F1 scores around 0.9. 
On 2022-10-24, the model achieved a precision of 0.8630, a recall of 
0.9184, and an F1 score of 0.8898. On 2022-10-08, precision improved 
to 0.8743, with a recall of 0.9265 and an F1 score of 0.8997. The 
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Fig. 9. Flood prediction results vs. ground truth for the three historical events. 
The events date and quantitative evaluation results are also reported.

highest performance was observed on 2022-11-01, with a precision of 
0.9384, a recall of 0.9238, and an F1 score of 0.9306.

These results demonstrate strong predictive performance, particu-
larly in accurately identifying flood-prone areas (high TP and low FN), 
though some overprediction remains visible in the form of scattered FP 
regions. The consistent spatial patterns across dates also suggest good 
model generalisation under varying flood conditions.

5.4. Comprehensive evaluation and efficiency analysis

In this section, we comprehensively evaluate the overall perfor-
mance and computational efficiency of all models. A comparative 
analysis across multiple evaluation metrics is conducted to provide an 
integrated view of their predictive accuracy and robustness, along with 
computational statistics of the total number of parameters and TFLOPs 
to show the trade-off between model performance and efficiency.

We use a radar chart in Fig.  10 to provide a comprehensive com-
parison of four models across all evaluation metrics. FloodTransformer 
consistently dominates the chart, achieving near-maximum scores in 
all performance metrics, particularly excelling in Recall, F1, KGE, and 
NSE, which reflect its strong predictive accuracy and temporal con-
sistency. CNN-RNN demonstrates competitive performance, benefiting 
from physics-informed constraints but exhibiting higher bias and error 
variability. SwinTransformer shows moderate results in NSE and KGE 
but underperforms in classification metrics like Precision and IoU. CNN-
base ranks lowest overall, with weaker scores across both classification 
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Fig. 10. Radar chart comparing four models’ performance across all eight 
evaluation metrics.

and regression metrics, indicating limited effectiveness in capturing 
flood dynamics. This visual summary reinforces FloodTransformer’s 
robustness and balanced performance across both spatial and temporal 
dimensions.

In addition to evaluating the prediction performance, we assess 
the computational efficiency of all models. Benchmark tests have been 
conducted on a GPU server equipped with an NVIDIA L40 GPU.

Table  3 presents the comparative analysis results of the com-
putational efficiency of different models in terms of parameter size 
and theoretical floating-point operations per second (TFLOPs). Among 
the evaluated models, the FloodTransformer demonstrates a balanced 
trade-off between model complexity and computational demand, with 
91.8803 million parameters and 92.9715 TFLOPs. This further demon-
strates the effectiveness of our innovative designs in the model ar-
chitecture, multi-task training, and optimisation strategies, as detailed 
in Section 4. In contrast, the SwinTransformer exhibits the highest 
computational cost, with 172.6023 million parameters and 39.6391 
TFLOPs, reflecting its heavy architecture and substantial resource re-
quirements yet comparatively lower performance. The CNN-RNN and 
CNN-base models are considerably lighter, with parameter counts of ap-
proximately 65–68 million and TFLOPs around 7.2700, demonstrating 
higher computational efficiency and suitability for low-resolution or 
resource-constrained applications. Overall, our proposed FloodTrans-
former achieves the best predictive performance while maintaining su-
perior computational efficiency, making it ideal for high-resolution and 
high-accuracy flood forecasting tasks with optimal utilisation of com-
putational resources. This represents a dramatic improvement over con-
ventional hydrodynamic models, which often require hours to complete 
comparable simulations. 

6. Discussion

In this section, we discuss the limitations of our proposed Flood-
Transformer, despite its excellent performance and high efficiency, and 
outline strategies and future works to further improve its accuracy, 
robustness, and practical applicability in real-world flood forecasting 
scenarios.

While our approach demonstrates strong predictive performance 
across river channels, surrounding areas, and broad ungauged regions, 
it does not incorporate specialised modelling or treatment for urban 
flood dynamics. Similar to many existing studies (Xu and Gao, 2024; 
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Table 3
Model comparison on parameter size, total inferencing time for one day 
lead time, and theoretical floating-point operations per second (TFLOPs). The 
TFLOPs indicate the computational capacity of a model, reflecting the number 
of floating-point calculations it can perform per second.
 Model Total

Parameters
(Million)

Total
Inferencing
time (s)

TFLOPs  

 FloodTransformer 91.8803 2.9766 92.9715 
 CNN-RNN 67.7743 13.9910 7.2773  
 SwinTransformer 172.6023 5.6973 39.6391 
 CNN-base 64.6265 13.8986 7.2664  

Zhong et al., 2024), our current hydrodynamic modelling does not 
explicitly represent urban drainage and sewer networks.

This limitation arises from the inherent complexity and sensitiv-
ity of these systems, as well as the high uncertainty associated with 
their operational states, such as potential blockages and fluctuating 
usage due to daily human activities. These factors significantly increase 
the modelling complexity and make accurate simulation challenging. 
However, this limitation related to the physical models is not believed 
to significantly affect their high flow modelling outcomes where the 
AI-based model focuses on. To address this, our following work will 
enhance the simulation stage by integrating explicit urban drainage 
components within the hydrodynamic model and coupling them with 
AI-based learning to better capture fine scale urban flood behaviour. 
This integration will further improve the modelling accuracy in densely 
built environments and enables more reliable urban flood forecasting.

In addition, although this study focuses on a specific region, the pro-
posed FloodTransformer framework shows strong potential for wider 
application across other catchments and flood-prone areas. With its 
data-driven and physics-informed architecture, the system is well-
suited for adaptation to different hydrological settings. However, given 
the variability in terrain, land use, infrastructure, and rainfall-runoff 
responses across different regions, further testing and training are nec-
essary to fully assess the robustness and performance of the approach. 
To enhance transferability, in future research we will employ domain 
adaptation and transfer learning techniques for efficient retraining 
across new catchments, supported by automated batch simulations to 
reduce the workload compared to developing entirely new hydrody-
namic and AI models. Additionally, we will incorporate additional data 
modalities, such as remote sensing and real-time sensor observations, 
to improve data quality and ensure operational reliability. Moreover, 
for practical deployment, a promising way is to integrate the frame-
work with regional forecasting systems and emergency management 
platforms to address real-world challenges, including computational 
constraints and data accessibility.

While this study adopts a multi-task training framework with
physics-informed regulations, we do not explicitly enforce mass con-
servation or the shallow-water momentum equations. In future work, 
we will incorporate more physics penalties that strengthen physical 
consistency: (i) a domain-wise volume-conservation loss that matches 
the integrated volume change to the net rainfall–infiltration input 
and boundary fluxes over the forecast horizon; and (ii) boundary-
flow consistency penalties aligning predicted fluxes along 2D bound-
ary lines with upstream/downstream conditions. These terms can be 
adaptively weighted and provide a practical path towards stronger 
physics-informed learning without sacrificing runtime.

7. Conclusion

In this study, we developed an effective AI-hydrodynamic hybrid 
flood forecasting framework that integrates physics-based hydrody-
namic simulations with an efficient and novel deep learning model, 
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FloodTransformer. Training on large-volume, diverse simulations gen-
erated from a calibrated 3Di hydrodynamic model, our approach effec-
tively bridges the gap between time-consuming hydrodynamic calcula-
tions and real-time prediction requirements.

The FloodTransformer provides multiple innovative designs, in-
cluding multimodal data processing, variable-size cell embeddings, 
and tokenised time-sequence encodings, to efficiently capture complex 
spatiotemporal dynamics across large-scale and high-resolution flood 
scenarios. The integration of physics-informed multi-task optimisation 
ensures physical consistency in forecasting, enhancing the model’s 
reliability for real-world applications. Furthermore, this framework 
enables real-time sequential predictions on water depths and flood 
inundation maps, while significantly reducing computational overhead 
and aggregated errors compared to traditional iterative approaches. 
Extensive experiments and evaluations on both simulated and historical 
flood events confirm that our framework achieves high accuracy and 
efficiency across a wide range of flood scenarios.

In practical terms, the real-world implementation will focus on 
operational integration with government early warning systems and 
hydrological data infrastructures such as those managed by the BoM 
and local emergency services. The engaging stakeholders including 
water authorities, urban planners, and community responders will 
be essential to ensure seamless deployment and user accessibility. In 
future research, we will extend the framework to larger-scale and 
cross-catchment applications, integrating additional data modalities 
such as real-time sensor observations and employing transfer learning 
strategies to enhance adaptability in new regions.
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Table A.1
Notation summary.
 Symbol Meaning  
  Study area (spatial domain).  
 𝑁 Number of computational cells.  
 𝑖 Index of computational cell, 𝑖 ∈ {1,… , 𝑁}.  
 𝑡 Timestep index.  
 𝑇 Forecast horizon (number of timesteps).  
 𝜃 FloodTransformer mapping from inputs to outputs, parameterised by 𝜃.  
 𝜃 Model parameters.  
  Input predictive variables to the model.  
 sim Ground-truth flood states from hydrodynamic simulations.  
 ̂ Model-predicted flood states.  
  Set of static feature vectors.  
 𝐬𝑖 ∈ R𝐷𝑠 Static feature vector for cell 𝑖; 𝐷𝑠 is the static feature dimension.  
 𝑑𝑡

𝑖 Water depth at cell 𝑖 and timestep 𝑡.  
 𝐝0 Initial water depth vector across all cells.  
 ℎ𝑡

𝑖 Inundation state (binary) at cell 𝑖 and timestep 𝑡.  
 𝐡0 Initial inundation state vector.  
  Rainfall time-series matrix over all cells.  
 𝐫𝑖 Rainfall time series for cell 𝑖 over the horizon.  
 𝑟𝑡𝑖 Rainfall at cell 𝑖 and timestep 𝑡.  
 𝛥, ̂𝛥 Ground truth and predicted matrix of water depth changes over cells and timesteps. 
 𝛥𝑑𝑡

𝑖 Water depth change at cell 𝑖 and timestep 𝑡.  
 , ̂ Ground truth and predicted inundation state matrix over cells and timesteps.  
  , , ̂ , ̂ Ground truth and predicted flow velocity matrices in 𝑥 and 𝑦 directions.  
 𝑢𝑡𝑖 , 𝑣𝑡𝑖 Flow velocity components at cell 𝑖, timestep 𝑡.  
 𝐷 Transformer hidden dimension.  
 𝐙𝑖 Token representation for cell 𝑖.  
 𝐳dyn,𝑖, 𝐳sta,𝑖, 𝐳pos,𝑖, 𝐳size,𝑖 Dynamic feature, static feature, positional and cell-size embedding for cell 𝑖.  
 𝐶 Number of cell-size categories.  
 𝐿 Number of Transformer encoder layers.  
 𝐻 Number of attention heads.  
 step Step-wise depth-change loss.  
 final Final-depth loss at the end of the horizon 𝑇 .  
 wd Water-depth regression loss.  
 uv Velocity regression loss.  
 cls Inundation classification loss.  
 𝜔 Positive-class weight for binary cross-entropy.  
  Total training loss.  
 𝜆final , 𝜆uv , 𝜆cls Loss weights for final-depth, velocity, and classification terms.  
◦ Software required: Python, Linux.
◦ Program language: Python.
◦ Source code at: https://github.com/jiachenkang/FloodTran
sformer.

◦ Documentation: Detailed documentation for the installation, 
testing, and deployment can be found at https://github.com
/jiachenkang/FloodTransformer/blob/main/README.md.

◦ Data: The test data can be downloaded from https://do
cs.google.com/forms/d/e/1FAIpQLScBgqVwQiAjWtKkI2Hv
gQndPHzn8yZ4ps9LzTZNSKLBQrqKag/viewformwith pass-
word ‘ft1e’.
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Appendix A. FloodTransformer: Additional implementation and 
training details

In support of Section 4, this section includes the training pseudo-
code, key model configuration, and the training hyper-parameters used 
in our experiments. All notations are preserved and summarised in 
Table  A.1, so references in the main text remain valid.

A.1. Training procedure pseudo-code

The full training procedure for FloodTransformer is presented in 
Algorithm 1 for clarity and implementation reference.

A.2. Key configuration details

Table  A.2 summarises core architectural settings that define the 
FloodTransformer capacity and token dimensions used throughout Sec-
tion 4. 

A.3. Training hyperparameters

Table  A.3 lists optimiser, schedule, precision, and loss weights to 
facilitate reproduction of results. 
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Input: Static features  = {𝐬1,… , 𝐬𝑁}; Initial water depth 
𝐝0 = [𝑑01 ,… , 𝑑0𝑁 ]; Initial inundation 𝐡0 = [ℎ01,… , ℎ0𝑁 ] where 
ℎ0𝑖 = I(𝑑0𝑖 > 0); Rainfall  = {𝐫1,… , 𝐫𝑁} where 
𝐫𝑖 = [𝑟1𝑖 ,… , 𝑟𝑇𝑖 ] ∈ R𝑇

Output: Water depth change ̂𝛥 ∈ R𝑁×𝑇 ; Inundation state 
̂ ∈ R𝑁×𝑇 ; Flow velocity ̂ , ̂ ∈ R𝑁×𝑇

Learn model 𝜃 to predict flood evolution for 𝑁 cells over 𝑇
timesteps;
// Initialisation (training phase)
Initialise Transformer encoder with 𝐿 layers, 𝐻 heads, dimension 
𝐷;
Initialise heads: Headwd, Headcls, Headu, Headv;
Initialise size embeddings with 𝐶 categories: 𝐄size ∈ R𝐶×𝐷;
// Training
for each epoch do

for each batch do
// Tokenized time-sequence encoding
for 𝑖 = 1 to 𝑁 do

𝐳rain,𝑖 = MLP(𝐫𝑖);
𝐳dyn,𝑖 = concat([𝑑0𝑖 , ℎ

0
𝑖 ], 𝐳rain,𝑖);

𝐳sta,𝑖 = Linear(𝐬𝑖);
𝐳pos,𝑖 = MLPpos(coords𝑖);
𝐳size,𝑖 = 𝐄size[category𝑖];
𝐙𝑖 = 𝐳dyn,𝑖 + 𝐳sta,𝑖 + 𝐳pos,𝑖 + 𝐳size,𝑖;

end 
𝐗 = [𝐙1,𝐙2,… ,𝐙𝑁 ] ∈ R𝑁×𝐷;
𝐗 = LayerNorm(Transformer(𝐗));
// Non-autoregressive multi-task prediction
̂𝛥 = Headwd(𝐗) ∈ R𝑁×𝑇 ;

̂ = Headcls(𝐗) ∈ R𝑁×𝑇 ;
̂ = Headu(𝐗) ∈ R𝑁×𝑇 ;
̂ = Headv(𝐗) ∈ R𝑁×𝑇 ;
// Physics-informed multi-task loss
step = 1

𝑁𝑇
∑𝑁

𝑖=1
∑𝑇

𝑡=1(
̂𝛥𝑑𝑡𝑖 − 𝛥𝑑𝑡𝑖 )

2;
𝑑𝑇𝑖 = 𝑑0𝑖 +

∑𝑇
𝑡=1

̂𝛥𝑑𝑡𝑖 for 𝑖 = 1,… , 𝑁 ;
final =

1
𝑁𝑇

∑𝑁
𝑖=1(𝑑

𝑇
𝑖 − 𝑑𝑇𝑖 )

2;
wd = step + 𝜆final ⋅ final;
uv =

1
𝑁𝑇

∑𝑁
𝑖=1

∑𝑇
𝑡=1

[

(𝑢𝑡𝑖 − 𝑢𝑡𝑖)
2 + (𝑣𝑡𝑖 − 𝑣𝑡𝑖)

2
]

;

𝜔 = # non-inundated
# inundated ;

cls =WeightedBCE(̂,, 𝜔);
 = wd + 𝜆uv ⋅ uv + 𝜆cls ⋅ cls;
𝜃 ← Optimiser(𝜃,∇𝜃);

end 
end 
Algorithm 1: The pseudo-code of the FloodTransformer training 
procedure.

Table A.2
Key configuration details of the proposed FloodTransformer.
 Parameter Symbol Value  
 Number of cells 𝑁 47,791 
 Hidden dimension 𝐷 768 
 Number of Transformer layers 𝐿 12 
 Number of attention heads 𝐻 12 
 Prediction timesteps 𝑇 48 
 DEM embedding dimension 𝐷𝑠 1280 
 Cell size categories 𝐶 5 
 MLP expansion ratio – 4 
 Rain embedding hidden dim – 512 
 Position embedding hidden dim – 512 
14 
Table A.3
Hyperparameters used for training the FloodTransformer.
 Hyperparameter Value  
 Optimisation
 Number of epochs 400  
 Initial learning rate 1 × 10−4  
 Last learning rate 5 × 10−6  
 LR scheduler Cosine Annealing  
 Weight decay 1 × 10−3  
 Optimiser AdamW (𝛽1 = 0.9, 𝛽2 = 0.98) 
 Data type bfloat16  
 Loss Weights
 𝜆final 1.0  
 𝜆uv 0.5  
 𝜆cls 1.0  
 BCE positive class weight 11∕89 ≈ 0.124  

Appendix B. Evaluation metrics

In this section, we provide detailed definitions for the evaluation 
metrics adopted in this work, including the widely used hydrological 
metrics for water depth prediction and spatial classification metrics 
for inundation state prediction. In this section, we provide a detailed 
explanation of the evaluation metrics used in this study, including both 
the widely used hydrological metrics for water depth prediction and the 
spatial classification metrics for inundation state prediction.

B.1. Metrics for water depth prediction

To ensure a thorough and objective evaluation of the flood fore-
casting model’s performance, four well-established statistical metrics 
commonly used in hydrological modelling were applied. These include 
the Nash–Sutcliffe Efficiency (NSE) (Gupta et al., 2009), which mea-
sures how well the predicted time series matches the observed data; 
the Kling–Gupta Efficiency (KGE) (Knoben et al., 2019), which provides 
a balanced assessment of correlation, bias, and variability errors; the 
Percent Bias (PBIAS) (Gupta et al., 1999), which quantifies the average 
tendency of simulated values to overestimate or underestimate the 
observed values; and the Root Mean Square Error (RMSE) (Moriasi 
et al., 2015), which emphasises larger deviations between simulated 
and observed values.

Nash–Sutcliffe Efficiency (NSE) measures how well predicted val-
ues replicate observed values, defined as: 

NSE = 1 −
∑𝑛

𝑖=1(𝑠𝑖 − 𝑜𝑖)2
∑𝑛

𝑖=1(𝑜𝑖 − 𝑜̄)2
, (11)

where 𝑠𝑖 and 𝑜𝑖 are the simulated and observed values, and 𝑜̄ is the 
mean of observed values. NSE ranges from −∞ to 1.0, where 1.0 
indicates a perfect match, 0 indicates that the model is as accurate as 
the mean of the observations, and values less than 0 imply that the 
model performs worse than simply using the average of observed data.

Kling–Gupta Efficiency (KGE) provides a balanced assessment by 
incorporating correlation, bias, and variability, particularly useful for 
capturing overall agreement between predicted and observed time 
series, calculated as: 

KGE = 1 −
√

(𝑟 − 1)2 + (𝛽 − 1)2 + (𝛾 − 1)2, (12)

where 𝑟 is the Pearson correlation coefficient, 𝛽 = 𝑠̄
𝑜̄  is the bias 

ratio, and 𝛾 = 𝐶𝑉𝑠
𝐶𝑉𝑜

 is the variability ratio, with 𝐶𝑉  denoting the 
coefficient of variation. KGE also ranges from −∞ to 1.0, with 1.0 being 
optimal. Values closer to 1 indicate better performance across all three 
components.

Percent Bias (PBIAS) quantifies the average tendency of simulated 
data to be larger or smaller than their corresponding observed values, 
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expressed as a percentage, indicating whether a model systematically 
overestimates or underestimates the observations: 

PBIAS = 100 ×
∑𝑛

𝑖=1(𝑜𝑖 − 𝑠𝑖)
∑𝑛

𝑖=1 𝑜𝑖
. (13)

A positive PBIAS value indicates that the model tends to underestimate
the observations, whereas a negative value implies overestimation. A 
PBIAS value of zero represents a perfect model with no bias. According 
to Moriasi et al. (2007), PBIAS values within ±10% are considered very 
good, reflecting minimal systematic deviation between simulated and 
observed data.

Root Mean Square Error (RMSE) measures the average magnitude 
of model prediction errors, providing an overall measure of model 
accuracy by comparing simulated and observed values: 

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑠𝑖 − 𝑜𝑖)2. (14)

RMSE is non-negative, with 0 being ideal. However, because it squares 
the errors, RMSE is particularly sensitive to large discrepancies, making 
it effective for detecting extreme deviations. Lower RMSE values imply 
better model performance. These metrics provide robust assessments of 
predictive water depth against the ground truth, capturing both overall 
agreement and detailed error characteristics.

B.2. Metrics for inundation state prediction

For the evaluation of inundation state prediction, specifically the 
classification of flooded versus non-flooded areas, this study employs a 
set of widely recognised performance metrics commonly used in spatial 
classification and segmentation tasks. These include the Intersection 
over Union (IoU) (Zeng et al., 2024), which measures the overlap 
between predicted and observed flood extents; Precision and Recall, 
which respectively quantify the accuracy and completeness of flood 
detection; and the F1 score (Razali et al., 2020), which provides a 
harmonic balance between Precision and Recall.

IoU quantifies the spatial overlap between the predicted inundation 
state and the ground truth, defined as: IoU = TP

TP+FP+FN , where TP is the 
number of true positives (correctly predicted flooded) cells, FP is the 
number of false positives, and FN is the number of false negatives. IoU 
ranges from 0 to 1, where 1 indicates perfect spatial agreement.

Precision measures the proportion of correctly identified flooded 
cells among all predicted flooded cells, and is defined as: 

Precision = TP
TP + FP . (15)

A high precision means fewer false alarms in flood prediction, with a 
value range of [0, 1].

Recall assesses the model’s ability to detect all actual flooded cells: 

Recall = TP
TP + FN . (16)

A high recall indicates fewer missed flooded areas. Like precision, 
it ranges from 0 (no flooded cells detected) to 1 (all flooded cells 
detected).

F1 Score is the harmonic mean of Precision and Recall, providing 
a balanced measure that accounts for both false positives and false 
negatives: 

F1 = 2 ⋅ Precision ⋅ RecallPrecision + Recall . (17)

F1 score also ranges from 0 to 1 and is valuable in class-imbalanced 
scenarios, especially in flood events where the inundation ratio changes 
dramatically throughout the events.
15 
Table A.4
Ablation study on the contribution of individual loss components.
 cls final uv RMSE f1  
 × × × 0.3847 0.8580  
 ✓ × × 0.2405 0.9027  
 ✓ ✓ × 0.2554 0.8977  
 ✓ ✓ ✓ 0.2296 0.8997 

Table A.5
Sensitivity analysis of the classification loss weight 𝜆cls. 𝜆cls = 1 achieves the 
optimal accuracy in water depth regression.
 𝜆cls RMSE f1  
 0.5 0.3230 0.8759  
 1 0.2296 0.8997 
 2 0.2723 0.9017  
 4 0.2813 0.8858  

Appendix C. Ablation studies results

To systematically evaluate the contribution of each loss component, 
we conduct ablation studies on the three primary loss terms: cls, 
final, and uv. In this section, we include these ablation studies results 
detailing component-wise contributions and sensitivity analyses. These 
results support the claims on model performance reported in the main 
text.

C.1. Contribution of individual loss components

Table  A.4 presents the results examining the contribution of each 
loss component. The introduction of cls substantially improves both 
RMSE and F1 scores. This enhancement can be attributed to the multi-
task learning framework, where the auxiliary classification task en-
forces a clear decision boundary at zero water depth, which helps 
regularise the regression predictions and reduces ambiguity in shallow 
water scenarios where depth estimation is inherently more challenging.

Interestingly, the addition of final results in a slight increase in 
RMSE. The conflict between the final-step loss and the step-wise loss 
forces the model to redistribute prediction errors across the sequence, 
leading to a modest degradation in average step-wise accuracy. In 
practice, the final-step water depth determines the ultimate extent 
of flooding, making it more important than intermediate states for 
decision-making purposes.

The incorporation of the flow velocity loss uv yields further im-
provement, with RMSE decreasing to 0.2296. This enhancement is 
grounded in the physical coupling between water depth and flow veloc-
ity in flood dynamics. By requiring the model to simultaneously predict 
both quantities, we implicitly enforce consistency with these underlying 
physical principles, thereby improving the overall prediction accuracy. 

C.2. Sensitivity analysis for 𝜆cls

Table  A.5 reveals that 𝜆cls = 1 achieves the optimal prediction 
accuracy. While insufficient weight (𝜆cls = 0.5) fails to provide adequate 
regularisation for the depth regression, increasing 𝜆cls to 2 or 4 leads 
to worse RMSE, despite marginal improvements for F1 score. This 
degradation at higher 𝜆cls values can be attributed to the competing 
objectives in multi-task learning, where the binary supervision provides 
limited gradient information for the regression task. 
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Table A.6
Sensitivity analysis of the velocity loss weight 𝜆uv. 𝜆uv = 0.5 provides the 
optimal model performance.
 𝜆uv RMSE f1  
 0.25 0.2415 0.8985  
 0.5 0.2296 0.8997 
 1 0.2316 0.9011  

C.3. Sensitivity analysis for 𝜆uv

Velocity-loss weighting primarily provides a modest regularising 
effect; 𝜆uv = 0.5 gives the best balance under our setup, as shown in 
Table  A.6.

The results indicate that the uv has a relatively modest effect on 
overall performance. Increasing 𝜆uv from 0.25 to 1 yields a marginal 
improvement in RMSE. The limited impact of 𝜆uv can be attributed to 
a softer and indirect constraint provided by uv compared to cls.

Data availability

I have shared the link to my data/code at the Attach File step.
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