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A B S T R A C T

Urbanization and climate change have intensified the need for rapid and accurate predictions of flash floods, 
especially in urban areas. Although numerical models produce accurate predictions, their computational cost 
makes them impractical for real-time simulations. Several machine learning models have been proposed as 
surrogates for such applications. However, most models focus only on predicting water depths and have little 
insight into the required variety and amount of data to train such models.

In this study, we present a Convolutional Neural Network (CNN) surrogate model designed to predict both 
water depths and flow velocities for urban pluvial flooding, using as inputs a rainfall hyetograph and seven 
hydro-morphological descriptors, such as aspect, curvature, slope, Manning’s roughness coefficient, topographic 
wetness index, flow accumulation, and digital terrain model.

To train and test our approach, we considered a dataset of numerical simulations carried out using a 2D 
shallow-water hydrodynamic modeling in the city of Matera, Italy. For the physical-based simulations, we 
considered several rainfall hyetographs, either obtained from real events or derived from design scenarios for 
different return periods, and simulated the associated pluvial floods propagation extracting as outputs the cor
responding maps of the maximum envelope of the water depths and flow velocities. The CNN model obtained a 
testing 0.37 cm mean absolute error (MAE), 1.7 cm root mean squared error (RMSE), and 0.80 critical success 
index (CSI) for water depth predictions, and 0.054 m/s MAE, 0.178 m/s RMSE, and 0.84 CSI for flow velocity 
predictions. The CNN model was 116.5 times faster than the physically-based hydrodynamic model using the 
same computational hardware.

We also analyzed the effect of different combinations of rainfall events to train and validate the CNN model, 
showing that it benefits from a balanced dataset in terms of different return periods and presence of both syn
thetic and real hyetographs. We then employed the model to extrapolate urban flooding for higher return periods 
(200, 300, 500, and 1000 years), showing that the model can predict well severe extreme events, as highlighted 
by a high correlation between predicted maximum water volumes and total rainfall.

This study contributes to the practical usability of deep learning models by providing essential support for real- 
time or low lead-time urban flash flood predictions, which are crucial for effective early warning and emergency 
management.

1. Introduction

Due to increasingly frequent extreme rainfall events and urban land- 
use changes, urban flash floods have become one of the most dangerous 
natural disaster worldwide causing significant causalities and economic 
losses (Rentschler et al., 2022). Therefore, mitigation and reduction of 
flood impacts has gained the attention and become worldwide concern 

(Tanoue et al., 2021). In urban areas, the constant increase in imper
vious surfaces accelerates the runoff yield and concentration time, 
leading faster and more intense flash floods (Lou et al., 2022; Yan et al., 
2022). These are characterized by a rapid rise in water levels and high 
flow velocities. This calls for methods that can forecast water depth and 
flow velocity distributions with short lead time, as they are essential for 
evaluating flood risk levels and for supporting early warning systems 
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(Hosseiny et al., 2020; Piadeh et al., 2022).
Physics-based hydrodynamic models are the state-of-the-art for the 

assessment of urban flash flood propagation (Chen et al., 2017; Sole 
et al., 2013; Wu et al., 2017). They are available in a variety of com
mercial software packages (Bates et al., 2013; DHI, 2017; Hicks and 
Peacock, 2005) and are based on the mathematical representation of the 
2D shallow water equations or one of their simplified forms (Sole et al., 
2013). However, they require long computational times, especially 
when simulating floods for large areas with high spatial resolution 
(Costabile and Macchione, 2015; Donnelly et al., 2022; Albano et al., 
2024). This limits the application of such models for real-time prediction 
of urban flash flood. To cope with this issue, several alternative ap
proaches were developed: 1) models based on simplified hydraulic 
concepts (Teng et al., 2022; Albano and Adamowski, 2025; Samela et al., 
2018; 2) model that rely on precomputed offline scenarios maps (Leedal 
et al., 2010); 3) models using GPU acceleration and parallel computation 
(Dazzi et al., 2021; Shaw et al., 2021); 4) machine learning (ML) based 
models (Asif et al., 2025b; Bentivoglio et al., 2022; Yang et al., 2022). 
Among these approaches, ML techniques have received a significant 
attention due to high computational efficiency and great accuracy. ML 
models are generally used as surrogates of the physics-based simula
tions, learning the output regardless of actual physical process (Guo 
et al., 2021). Many traditional ML models such as random forest (RF) 
(Hou et al., 2021; Kabir et al., 2021; Liao et al., 2023), gradient boosting 
decision tree (GBDT) (Wu et al., 2020b), and support vector machine 
(SVM) (Bermúdez et al., 2019; Li et al., 2016) were used for rapid 
simulation of urban flash flood inundation depth. In addition, some 
ensembles model were applied to reduce the uncertainty in predictions 
(Hou et al., 2021; Wu et al., 2020a). Artificial neural networks (ANNs) 
have been used more frequently in flood prediction and susceptibility 
mapping due to non-linear correlation and effectively processed the time 
series data by stacking the multiple layers. ANNs were utilized to esti
mate water depth of urban flood at specific coordinates using topo
graphical inputs such as aspect, slope, and curvatures (Bui et al., 2020; 
Kim and Han, 2020). However, ANNs face the “curse of dimensionality”, 
where the number of required parameters grows exponentially with the 
inputs’ size (LeCun et al., 2015). This is especially relevant in floods, 
where most inputs have spatially distributed information (Guo et al., 
2021).

Convolutional neural networks (CNNs) are a deep learning (DL) 
method which can leverage spatial biases by feature extraction of pat
terns. CNNs have outperformed traditional ML models such as SVM, RF, 
and ANNs in several flood mapping tasks (Isikdogan et al., 2017; Ben
tivoglio et al., 2022). They can effectively reduce the network’s 
complexity and number of training parameters, thereby improving the 
efficiency and accuracy in urban flash flood inundation prediction (Liao 
et al., 2023; Guo et al., 2021; Löwe et al., 2021). Therefore, CNNs have 
gained increasing attention and are widely adopted for flood studies. 
Table 1 provides a quantitative comparison of existing studies that 
employ CNN-based models, summarizing their model inputs, outputs, 
number of rainfall events, and whether flow velocity is predicted. Guo 
et al., (2021) proposed a CNN model for the prediction of maximum 
water depth of urban flood for three catchments using 18 synthetic 
hyetographs of different return periods. Löwe et al., (2021) also utilized 
a CNN based U-Net model for predicting the maximum water depth of 

urban pluvial flood employing 53 observed rain events and generalizing 
predictions over different parts of an urban catchment. Liao et al., 
(2023) employed a CNN for the prediction of water depth of urban flood 
by using 70 design rainstorms based on different return periods, 
showing that the model reproduced well the trend of water depth in each 
grid cell and outperformed three classic ML models. El Baida et al., 
(2024) developed a CNN based U-Net architecture for predicting the 
pluvial and fluvial floods using 12 rainfall hyetographs of 2-hour 
duration event, which exhibited high accuracy and reduced computa
tion time. The study by Gao et al., (2024) explored an explainable deep 
learning approach for urban pluvial flood prediction employing CNN 
and the explainable artificial intelligence (AI) framework Shapley ad
ditive explanation (SHAP). The approach offered a great potential for 
rapid early warning systems and enhanced the model transparency. 
Farfán-Durán et al., (2025) proposed a novel deep learning (DL)-based 
U-Net architecture as a surrogate model that incorporates the net rainfall 
using 20 events to predict water depth. The outcomes showed that the 
proposed surrogate model outperformed the benchmark and reduced 
the computational times. These works focused only on maximum water 
depths without considering flow velocities. These can be critical as they 
can make even shallow water depths hazardous, especially in steep slope 
urban areas (Asif et al., 2025a).

Furthermore, in most existing works, models are solely trained on 
synthetic or observed rainfall events rather than a combination of both. 
This limitation of diversity of training data can restrict the model’s 
generalization to unseen or complex events. There is also no analysis on 
what a suitable set of events to train a model is. This can lead to 
requiring a larger number of simulations compared to the ones actually 
needed.

To address these limitations, this study proposes a CNN-based U-Net 
architecture and introduces three main innovations. First, it enables the 
simultaneous prediction of water depth and velocity of urban flash 
flood, providing a comprehensive representation of flood dynamics in 
urban environments. Second, it evaluates the optimal dataset composi
tion for training this model, by comparing its performance across 
different combinations of rainfall events, to understand their influence 
on model training and testing. Third, we also involve a diverse dataset 
consisting of observed past events and synthetic extreme rainfall sce
narios, which improve the robustness and generalizability of the model. 
We selected as a case study the city of Matera, Italy, since it has a highly 
urbanized landscape and steep topography, which have led to severe 
urban flash floods in the past years (Asif et al., 2025a). After comparing 
the model’s performance in terms of mean absolute error (MAE), root 
mean squared error (RMSE), critical success index (CSI), precision, and 
recall, we also assessed the model’s extrapolation behavior under 
extreme hydrological conditions. The study provides a novel approach 
to urban flash flood prediction which can shorten computational time 
while maintaining high accuracy, needed for the development of rapid 
early warning systems.

2. Case study

We selected the downtown of the Matera city (Basilicata region, 
Italy) as the case study. The city has approximately 60′000 inhabitants 
and is located in a hilly area in the Bradano river basin, between two 

Table 1 
Comprehensive quantitative comparison of existing CNN/U-Net flood studies.

Model Inputs Outputs No. of rainfall events Flow velocity considered Study

U-Net Rainfall hyetographs + Terrain features Water depth 18 (Synthetic) No Guo et al., (2021)
U-Net Rainfall hyetographs + Spatial inputs Water depth 53 (Real) No Löwe et al., (2021)
3DCNN, ConvLSTM Rainfall time series (hyetographs-derived) Water depth 70 (Synthetic) No Liao et al., (2023)
U-Net Rainfall hyetographs + Topographic data Water depth 12 (Synthetic) No El Baida et al., (2024)
2DCNN Rainfall hyetographs + Spatial inputs Water depth 49 (Synthetic) No (Gao et al., 2024)
U-Net Rainfall hyetographs + Terrain features Water depth 20 (Real) No (Farfán-Durán et al., 2025)
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tributaries, i.e. Gravina di Matera (GM) and Gravina di Picciano (GP) 
(Perrone et al., 2020). It covers an area of about 390 km2, with a mean 
altitude of 400 m above sea level and the yearly average precipitation is 
around 543 mm/year. Over time, the Matera area has undergone sig
nificant transformations (Ermini and Albano, 2023), with population 
increases and urban development that have altered the hydrological and 
hydraulic response of the area, leading to more frequent flooding events. 
The city of Matera is divided into 21 urban basins which extend from the 
city center to the marginal edges of the transformed areas (Asif at al., 
2025a). This study focused on the, so called, GM2 basin (Fig. 1).

The GM2 basin encompasses a very important area of the city that 
includes Sasso Caveoso, Castle Hill, and the several touristic and com
mercial activities (Ermini et al., 2024). This urban basin extends over an 
area of approximately 0.66 km2, with altitudes ranging from a maximum 
of 441.52 m above sea level to a minimum of 267.67 m (Mishra and 
Albano, 2026). The average slope of the basin is 21.7% and its longi
tudinal extension is about 1.5 km. Because of the highly sloped areas, the 
city experienced several flash floods, whose severity was further 
increased by the drastic reduction in permeability and shorter concen
tration time of the basin (Haastregt, 2021). According to Matera Mu
nicipality and Civil Protection, Matera has faced severe urban flash 
floods in last few years (Coletta et al., 2021). These events caused 
extensive damage, with people becoming trapped in their cars on floo
ded roads, losing their balance, and scooters being carried away by the 
water (Albano et al., 2026).

3. Methodology

We developed a CNN based U-net surrogate model to predict water 

depths and flow velocities given an extreme rainfall event. We created a 
dataset of numerical simulations using, as initial conditions, a set of 
rainfall scenarios collected from past observed events and from synthetic 
hyetographs characterized by different return periods; the urban flash 
floods simulations are performed using the physics-based hydrodynamic 
model LISFLOOD-FP (Bates et al., 2010).

Each simulation corresponds to an input–output pair in which the 
inputs are given by a set of seven hydro-morphological descriptors and a 
rainfall time-series, and the outputs are the maps of the maximum en
velope of the water depth and flow velocity at each computational cell.

After splitting the dataset into training, validation, and testing 
datasets, we evaluated the model’s performance using both regression 
and classification metrics, as well as evaluating the computational costs. 
Then, we evaluated the optimal required dataset composition for 
training such DL model. Finally, we assessed the model’s capability to 
extrapolate under extreme hydrological conditions.

Fig. 2 summarizes the process to create the datasets, train them, and 
evaluate them.

3.1. Synthetic and observed hyetographs

Urban flash floods are produced by short term extreme rainfall that 
produces flooding within few hours or even less (Chen et al., 2018; Wu 
et al., 2017; Zhang et al., 2022). According to Ravuri et al., 2021, a 2- 
hour rainfall forecasting is more reliable than higher forecasting lead 
times. Therefore, we set the duration of each rainfall event to 2 h, with a 
temporal resolution of 15 min, similarly to other studies (e.g., Löwe 
et al., 2021). For each event, the net rainfall was computed using the 
Curve number (CN) method based on land use to estimate the portion of 

Fig. 1. Geographic location of the city of Matera (Basilicata region, Italy). The figure on the right shows the digital terrain model (DTM) of the GM2 basin, selected as 
case study.
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water that does not infiltrate the ground and generates surface runoff 
(Mishra and Singh, 2003). A total of 20 hyetographs were utilized in this 
study, comprising 9 observed historical hyetographs and 11 synthetic 
hyetograph representing different return periods (2, 3, 5, 10, 15, 20, 25, 
30, 40, 50, and 100 years). Of these, 14 hyetographs were employed for 
model training and validation, using an 80/20 split, and the remaining 6 
for model testing (Fig. 3).

The synthetic hyetographs were derived from an Intensity-Duration- 
Frequency (IDF) curve available in the report on the VAPI ("VAlutazione 
delle Piene in Italia") methodology adapted for Basilicata region (Albano 
et al., 2024), adopting as time distribution of the precipitation a Chicago 
hyetograph (Keifer and Chu, 1957). For the observed hyetographs, this 
study included 9 real past extreme rainfall events that lead to severe 
flooding in Matera according to Matera Municipality and Civil Protec
tion. These past events occurred on 09 July 2013, 24 August 2018, 12 
November 2019, 02 June 2023, 29 February 2024, 28 May 2024, 24 
June 2024, 02 July 2024, and 21 July 2024; the dataset are available on 
the “Centro Funzionale Decentrato della Basilicata” website (https: 
//centrofunzionale.regione.basilicata.it/it/scaricaDati.php).

3.2. Physics-based (LISFLOOF-FP) simulations

We employed the physics-based LISFLOOD-FP model to generate the 
hydraulic simulations (Bates et al., 2010; De Almeida et al., 2012). For 
this study, we used version 8.1.0 that implements a Roe finite-volume 
approximator to solve the full 2D shallow water equations. We used 
DTM and land use data as inputs, along with the net mean rainfall ho
mogeneously spatially distributed for the whole area. The simulations 

were carried out for each of the 20 hyetographs described in Section 3.1, 
generating the maximum envelope of the water depth and flow velocity 
flood maps as output.

3.3. Deep learning (DL) model development

3.3.1. CNN model
We employed a CNN-based U-Net model consisting of a convolu

tional encoder, a decoder, and a fully connected network in the bottle
neck to process the rainfall input similarly to Guo et al., 2021, as shown 
in Fig. 4. The encoder network consists of three convolutional blocks 
with channel sizes 32, 64, and 128, respectively. Each block contains 
two convolutional layers with padding 1, followed by Leaky-ReLU 
activation functions and one pooling layer. No Batch Normalization/ 
Dropout layers are employed. The convolutional layers are used to 
extract the spatial features of inputs, while the pooling layers reduce the 
dimensionality of inputs to improve computational efficiency. Similarly, 
the decoder network has three deconvolutional blocks with channel 
sizes 132, 64, and 32. Each block involves one deconvolution layer with 
kernel size, stride 2, and followed by two convolutional layers. The 
deconvolution layers are used for upsampling latent features into a 
larger shape. The rainfall hyetograph input is processed by a fully con
nected network composed of two dense layers. Its output is reshaped 
into 64x89x4 to match the dimension of the encoder’s output, allowing 
for concatenation at the bottleneck of the model. At the end, a final 
convolutional layer is used to covert 32 channels into the desired 2 
outputs. The model contains total 94364770 trainable parameters. The 
kernel sizes for all convolutional layers are 3x3 and 2x2 for all 

Fig. 2. Flowchart of the urban flash flood prediction using CNN model.
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deconvolution and pooling layers (Guo et al., 2021; Löwe et al., 2021). 
We utilized a small kernel size to conserve the thin structure of hydro- 
morphological descriptors and multiple layers to extend the receptive 
field (Luo et al., 2016). Leaky-ReLU activation functions were applied 
for all layers with an activation threshold 0.01 (Maas et al., 2013) to 
ensure the stable gradient flow (Hochreiter, 1998) and avoid the dead 
neuron problem typical of rectified linear units (Nair and Hinton, 2010). 
Additionally, we used the maximum pooling in the encoder network as 
applied in other works (Guo et al., 2021; Ronneberger et al., 2015). 
When testing, we replaced the final Leaky-ReLU layer with a ReLU layer 
to enforce a physical positivity of the outputs. The minor difference 
between training and inference model performance may arise due to use 
of different activation functions.

Compared to the network proposed by Guo et al., 2021, we have 
made three changes. First, we applied the skip connections to concate
nate the output from each encoding block to the input of the corre
sponding decoding block, to preserve the fine-grained spatial 
information that may be lost in deeper parts of the network. Second, we 
modified the network to predict water velocities too and, third, we 
added the final ReLU layer for added physical bias.

We trained the model using a weighted mean absolute error loss 
function L (Eq. (1), which reads as: 

L =
1
N

∑N

i
(α|hi − ĥi| + |vi − v̂i| ), (1) 

where hi and ̂hi are the true values and the predicted water depths, vi and 
v̂i are the true values and the predicted flow velocities, α is a hyper
parameter which balances the different contribution of water depth and 
flow velocities, and N is the total number of cells across all simulations. 
Accordingly, α was varied to give higher weights to water depth, 
emphasizing its importance in the prediction. To select the optimal 
value of α, we conducted a hyperparameter analysis, as reported in 
Section S3, which resulted in a value of α = 7.5.

3.3.2. Hydro-Morphological descriptors
Deep learning models benefit from a wide range of inputs that cap

ture the hydro-morphological characteristics of the basin more 
exhaustively than raw elevation data only (Löwe et al., 2021). Based on 
previous studies, we considered seven hydro-morphological descriptors 
potentially relevant for predicting urban flash floods (Guo et al., 2021; 
Kabir et al., 2020; Löwe et al., 2021). These were aspect, curvature, 
slope, Manning’s roughness coefficient, topographic wetness index 
(TWI), flow accumulation, and digital terrain model (DTM).

The slope is defined as the terrain steepness and represents the 
maximum rate of change in elevation from one cell to its neighboring 
cells; aspect represents the slope direction at each cell; (plan) curvature 
identifies the convergence and divergence of the flow; flow accumula
tion corresponds to the number of upstream cells of a given cell; the TWI 
quantifies the tendency of an area to accumulate the water based on 

Fig. 3. Hyetographs used for model (a) training & validation and (b) testing.
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slope and contributing area. The Manning’s roughness coefficient con
trols the overland flow resistance in flood propagation and was 

determined based on land use data (Thrysøe et al., 2021). The DTM 
includes buildings extruded to a 5 m fixed height.

Fig. 4. Schematic of the CNN model utilized in this study. It consists of an encoder, a decoder, and a fully-connected layer that processes rainfall, similarly to Guo 
et al., (2021).

Fig. 5. Pixel-wise Pearson correlation matrix for collinearity analysis among hydro-morphological descriptors.
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Since these descriptors were obtained with different measurement 
units and scale ranges, we applied data normalization to ensure the 
consistency and avoid bias toward a single input. All inputs were 
rescaled to the intervals [-1,1] if negatives values were present, and 
[0,1] otherwise. A visualization representation of all the raw hydro- 
morphological descriptors is provided in the Supporting Material (see 
S1).

3.3.3. Feature selection
We examined the correlations and collinearities between the hydro- 

morphological descriptors to ensure no bias towards a particular input 
(Löwe et al., 2021). Based on the selection of relevant inputs, we utilized 
the Pearson correlation coefficient (PCC), which measures the linear 
correlation between input variables (Nnanwuba et al., 2022). In this 
study, PCC is used to quantify the degree of correlation among hydro- 
morphological descriptors across all valid pixels, helping to identify 
multi-collinearity or redundancy among them. The resulting correlation 
matrix highlights the degree of association between each pair of input 
layers, where – 1 indicates strong inverse correlation and + 1 indicates a 
strong positive correlation of variables. We assumed to have a high 
correlation for absolute values above 0.7 (Hong et al., 2020). In addi
tion, we employed mutual information (MI) analysis to compute po
tential non-linear dependencies among hydro-morphological 
descriptors. The high value of MI exhibits strong dependency between 
descriptors, while the lower values close to zero indicate independency.

Table 2 
Mean and standard deviation of the different evaluation metrics for training, 
validation, and testing, for both water depths and flow velocities.

Dataset Event Water depth Velocity
MAE 
(cm)

RMSE 
(cm)

CSI MAE 
(m/s)

RMSE 
(m/s)

CSI

Training All 0.36 
±

0.13

1.47 
± 0.54

0.85 
±

0.034

0.059 
±

0.012

0.195 
±

0.039

0.86 
±

0.031
Validation All 0.34 

±

0.06

1.51 
± 0.39

0.74 
±

0.143

0.052 
±

0.003

0.166 
±

0.020

0.80 
±

0.071
Test 3 

years
0.33 1.63 0.78 0.049 0.163 0.83

30 
years

0.36 1.62 0.89 0.062 0.202 0.89

50 
years

0.50 2.35 0.87 0.071 0.237 0.89

24 
Aug 
2018

0.35 1.49 0.75 0.049 0.165 0.80

24 
June 
2024

0.34 1.72 0.76 0.047 0.154 0.82

02 
July 
2024

0.31 1.40 0.76 0.044 0.145 0.82

All 0.37 
±

0.68

1.70 
± 0.34

0.80 
±

0.06

0.054 
±

0.011

0.178 
±

0.035

0.84 
±

0.039

Fig. 6. Water depth maps predicted by CNN model and by the physics-based model for 50 years return period event and the real event of 02 July 2024.
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3.4. Performance evaluation indicators

To evaluate the performance of the DL model against the numerical 
simulations, we considered five metrics for both regression and classi
fication tasks. For the regression metrics, we used root mean square 
error (RMSE) and mean absolute error (MAE), comparing the true water 
depth and velocity maps generated by the physics-based model (indi
cated in the below sections also as ground truth) against predicted flood 
maps. These were calculated as: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i
(yi − ŷi)

2

√
√
√
√ (2) 

MAE =
1
N

∑N

i
|yi − ŷi| (3) 

where yi and ŷi, are the true values and the predicted values, respec
tively. The RMSE and MAE range from 0 to ∞, with 0 indicating optimal 
value. These metrics are applied to both water depth and flow velocity.

As classification metric, we considered the critical success index 
(CSI) to identify flooded cells. We considered an inundation depth 
threshold of 0.05 m to categorize whether a cell was wet or dry. Simi
larly, we used a velocity threshold of 0.1 m/s to distinguish between 
critical flow or not. Furthermore, the precision and recall metrics are 
also considered to better evaluate spatial flood prediction performance. 
Precision demonstrates the correctness of predicted flooded grids, while 

recall evaluates the ability to identify actual flooded grids. The CSI, 
precision, and recall are defined as: 

CSI =
TP

TP + FP + FN
(4) 

Precision =
TP

TP + FP
(5) 

Recall =
TP

TP + FN
(6) 

where TP (True Positive) refers to the number of grids that are flooded 
and correctly predicted as flooded; FP (False Positive) indicates the 
number of grids that are not flooded but incorrectly predicted as floo
ded; FN (False Negative) indicates the number of grids that are flooded 
but incorrectly predicted as not flooded by the model. The CSI has range 
0 to 1, with 1 being the best value. Likewise, higher values of precision 
and recall show superior model performance.

3.5. Computational hardware and hyperparameters

We implemented all codes in Python (version 3.10.12), using as deep 
learning library Pytorch (version 2.5.1). Model training and testing were 
carried out on an 8-core Intel CPU processor with 10 GB RAM. For 
training, we employed an Adam optimizer with a learning rate of 0.001 
and a batch size of 4, for a maximum of 500 epochs with early stopping 
to avoid overfitting. Early stopping considered the validation loss at 

Fig. 7. Flow velocity maps predicted by CNN model and by the physics-based model for 50 years return period event and the real event of 02 July 2024.
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every epoch as monitoring metric and had a patience of 40. The model 
convergence typically occurred close to the end of training, with best 
validation loss observed generally around 450–500 epochs.

4. Results

4.1. Feature selection

We first assessed, using Pearson correlation coefficients, the inter
dependence among the selected hydro-morphological descriptors. Pixel- 
wise Pearson correlations between descriptors were generally low, with 
most values below 0.2, indicating limited linear redundancy among the 
inputs (Fig. 5). The strongest correlation was observed between the 
Topographic Wetness Index (TWI) and flow accumulation, which is 
expected given that TWI formulation is explicitly constructed on the 
base of flow accumulation. Moderate correlations were found between 
slope and DTM (− 0.25) and between Manning’s coefficient and TWI 
(0.20). The observed negative correlation between slope and DTM in
dicates that steeper areas tend to have larger elevation differences 
(greater local relief). This pattern is expected in steep catchments like 
the study basin, where increased slope is associated with stronger ver
tical gradients and larger elevation drops over short distances. Overall, 
the obtained low to moderate correlations imply a minimal risk of 
multicollinearity, justifying inclusion of all selected descriptors in the 

deep learning model. Second, we computed the non-linear relationship 
among variables using mutual information analysis. Most of the vari
ables showed relatively low MI values, indicated limited non-linear 
redundancy. The strong non-linear dependency was observed between 
flow accumulation and TWI, which is explicitly expected because the 
derivation of TWI from flow accumulation. Then the moderate non- 
linear dependency was reported between curvature and slope, illus
trating their geomorphological relationships. As a result, this analysis 
supports the retention of all descriptors due to their distinct physical 
interpretations and potential contributions to the DL model 
development.

4.2. DL model prediction performance

Table 2 reports training, validation, and testing performance in terms 
of MAE, RMSE, and CSI for both water depths and flow velocities. The 
MAE and RMSE values for water depth remain consistent at approxi
mately 0.36 cm of MAE and 1.5 cm of RMSE for all datasets, with CSI 
scores averaging around 0.80, indicating a good fit of the predictions. A 
similar pattern emerges for flow velocities, with MAE around 0.055 m/s, 
RMSE around 0.17 m/s, and a higher CSI, averaging at 0.84 across all 
datasets. The higher RMSE, compared with the MAE, indicates that the 
largest errors occur for the highest water depths and velocities. While 
the lowest errors are associated with the smallest events, the CSI tends to 

Fig. 8. Binary classification maps of water depths and velocities for the 50 years return period event and the real event of 02 July 2024 (Note that thresholds of 0.05 
m for water depth and 0.1 m/s for flow velocity were used to identify flooded areas).
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improve with the more extreme events, as there are more true positives.
In addition, for the test dataset, the model obtained an average 

precision of 0.90 and recall of 0.87 for water depth, and 0.92 and 0.90, 
respectively, for velocity, indicating strong predictive performance. In 
Figs. 6 and 7, we reported the visual comparison for the largest and 
smallest events from test dataset, for both water depth and velocity, to 
evaluate the model’s performance under both high and low flood flow 
conditions. The first event corresponds to 50 years return period rainfall, 
while the second to the real event of 02 July 2024, which had little 
rainfall.

For water depths, the CNN model’s results closely match the ground 
truth, effectively capturing the flood both along the main streets along to 
the steeper outlet and in shallow areas in the upstream part of the study 
basin (Fig. 6). The biggest errors are observed downstream close to 
outlet of the basin, where the water depths reach their greatest values 
due to flow accumulation of whole basin. In this area, the difference 
reaches a maximum of 30 cm, equivalent to a relative error of approx
imately 15%, which is reasonable for practical purposes. For flow ve
locities, the results also accurately match the ground truth for both 
events (Fig. 7). Here, the error pattern is less clear, with the biggest 
differences close to buildings, where the flow velocities are the highest. 
These differences are mainly due to the use of MAE loss function, which 
treats the errors evenly without prioritizing on large deviations, and 
therefore allows some outliers while maintaining the overall model 
performance.

The binary classification maps in Fig. 8 also confirm the performance 
of CNN model both in terms of water depth and flow velocity. In terms of 
water depth, for the largest rainfall event, 8.3% of grids are correctly 

classified as wet and 90.5% exhibited as dry, with only minor mis
interpretations observed (0.7% false positives and 0.5% false negatives). 
For the smallest rainfall event, the wet areas decreased significantly with 
only 3.2% of grids accurately predicted as wet and 95.9% grids correctly 
as dry, while the incorrected rates appeared to be slightly lower with 
0.7% false positives and 0.3% false negatives. Overall, most errors are 
false positives and appear upstream of the flooded streets, where water 
depths are lower.

In terms of flow velocities, for the largest rainfall event, 74.3% of 
grids are correctly classified as flooded and 17.1% showed as non- 
flooded areas, with only a small misinterpretation reported (2.9% 
false positives and 5.7% false negatives). For the smallest rainfall event, 
flooded areas decreased slightly, with 52.5% of grids accurately pre
dicted as flooded, while non-flooded areas increased, with 36.1% of 
grids correctly predicted as not flooded. The observed incorrect rates 
exhibited a slight decrease with 5.1% false positives and 6.3% false 
negatives. Most misclassifications occurred along the boundaries of 
buildings, where flow velocities tend to be higher. Part of the reason 
why velocity maps have more flooded cells compared to the water depth 
maps is because flow velocity may still exceed 0.1 m/s threshold even in 
areas where the water depths are very shallow (i.e., <0.05 m).

4.3. Influence of training data

To evaluate model robustness under distribution shifts and data 
scarcity, we trained and validated the model using thirteen different 
combinations of rainfall events, each with up to only four simulations. 
The test dataset was kept fixed to ensure a fair comparison across all 

Table 3 
Testing performance for different combinations (Set) of training and validation events.

Set Combination 
Type

Training dataset Validation dataset Water depth Velocity
Validation 
MAE (m)

Test 
MAE 
(m)

Test 
CSI

Validation 
(m/s)

Test 
MAE 
(m/s)

Test 
CSI

1 Low → Low 2 Low (2019, 29-Feb-2024 real events) 1 Low (28-May- 
2024 real event)

0.013 0.020 0.30 0.081 0.109 0.73

2 Low → Medium 2 Low (2 years, 5 years return time events) 1 Medium (15 years 
return time event)

0.018 0.015 0.35 0.102 0.093 0.75

3 Low → High 2 Low (2019, 29-Feb-2024 real events) 1 High (2013 real 
event)

0.042 0.028 0.22 0.2079 0.1481 0.70

4 High → High 2 High (100 years return time event, 2013 real 
event)

1 High (40 years 
return time event)

0.0198 0.0218 0.39 0.0844 0.12 0.74

5 Low + Medium → 
High

2 Low (2019, 29-Feb-2024 real events) + 1 
Medium (2023 real event)

1 High (2013 real 
event)

0.0384 0.0205 0.29 0.1905 0.1207 0.74

6 Low + High → 
Medium

2 Low (2 years, 5 years return time events) + 2 
High (40 years, 100 years return time events)

1 Medium (25 year 
return time event)

0.0189 0.0149 0.39 0.0812 0.075 0.76

7 Low + Medium +
High → Medium

1 Low (2019 real event) + 1 Medium (2023 real 
event) + 1 High (2013 real event)

1 Medium (2023 
real event)

0.0217 0.017 0.45 0.0824 0.0854 0.76

8 Low + Medium +
High → Medium

1 Low (2 years return time event) + 1 Medium 
(20 years return time event) + 1 High (100 years 
return time event)

1 Medium (25 years 
return time event)

0.0175 0.0150 0.42 0.0856 0.0818 0.75

9 Low + Medium +
High → Medium

1 Low (2 years return time event) + 1 Medium 
(20 years return time event) + 1 High (100 years 
return time event)

1 Medium (2023 
real event)

0.027 0.025 0.23 0.17 0.16 0.72

10 Low + Medium +
High → Medium

2 Low (21-July-2024 real event, 2 years return 
time event) + 2 Medium (2023 real event, 20 
years return time event) + 2 High (2013 real 
event, 100 years return time event)

1 Medium (25 years 
return time event)

0.0138 0.0123 0.52 0.0596 0.0611 0.79

11 Low + Medium → 
High

4 Low (2 years, 5 years return time events, 2019, 
28 May 2024 real events) + 4 Medium (10 years, 
15 years, 20 years, return time events, 2023 real 
event)

I High (2013 real 
event)

0.035 0.018 0.37 0.170 0.10 0.74

12 Low + Medium +
High → Medium

2 Low (2 years, 5 years return time events) + 2 
Medium (20 years, 25 years return time events) 
+ 2 High (40 years, 100 years return time 
events)

1 Medium (2023 
real event)

0.022 0.0183 0.35 0.1162 0.1063 0.72

13 Low + Medium +
High → Medium

5 Low (2 years, 5 years return time events, 2019, 
29-Feb-2024, 28-May-2024 real events) + 3 
Medium (15 years, 20 years return time events, 
2023 real event) + 3 High (40 years, 100 years 
return time events, 2013 real event)

1 Medium (10 years, 
25 years return time 
events)

0.014 0.013 0.54 0.0625 0.0635 0.77
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configurations.
Table 3 summarizes the training-validation splits and corresponding 

validation and test performance. When the model was trained and 
validated exclusively on low-intensity events (see Set 1 in table 2), it 
achieved low validation errors (MAE = 0.013 m for depth; 0.081 m/s for 
velocity) but performed poorly on the test dataset, which included larger 
events (MAE = 0.020 m; 0.109 m/s). Introducing a larger, but not 
extreme, validation event (Set 2) substantially improved test perfor
mance, particularly for water depth (MAE = 0.015 m) but also velocity 
(MAE = 0.093 m/s). In contrast, training and validating only on high- 
intensity events (Sets 3 and 4) resulted in poor generalization, with 
high errors for both validation and test datasets, especially for velocity.

Increasing the number of training simulations without including 
high-intensity events (Set 5 & 11) did not resolve this limitation. Models 
trained on low- and medium-intensity events still exhibited large errors 
when predicting high events in both validation and test datasets, 
reflecting the inability to extrapolate beyond the training range.

Performance improved when the training data included events from 
multiple intensity categories (Sets 6–13). In particular, sets 7 and 8, 
which combined low-, medium-, and high-intensity events, yielded 
consistently low validation and test errors for medium-based events. 
However, a model trained exclusively on synthetic events (Set 9 & 12) 
performed poorly when predicting real events, indicating limited 
generalization between synthetic and observed rainfall characteristics. 
The best performance was achieved with a balanced dataset containing 
low, medium, and high events from both real and synthetic sources (Set 
10 & Set 13), matching the test accuracy obtained when training on the 
full dataset of 14 simulations.

Overall, these results suggest that under data scarcity, training on 
low- or medium-intensity events and validating on a medium event 
provides the most robust performance. When more simulations are 
available, a balanced mix of low, medium, and high events, including 

both real and synthetic rainfall, is essential for reliable generalization.

4.4. Generalization to extreme events

To further evaluate the model’s generalization capability, we tested 
its performance to predict four very rare extreme events with return 
period of 200 years, 300 years, 500 years, and 1000 years, which were 
not the part of model training nor testing. We considered these scenarios 
to assess the model’s extrapolation behavior under extreme hydrological 
conditions. To do so, we compared the predicted maximum flood vol
umes with the total rainfall. The maximum flood volumes were calcu
lated as the sum of the maximum volumes of all grids across the study 
area, obtained by multiplying the maximum envelope of the water 
depths at each grid times with their area. Even though this value is not 
exactly equivalent to the true maximum flood volumes, since it ignores 
the spatial dynamics, it offers an upper bound that we can use to 
compare different events.

Fig. 9 shows the relationship between total rainfall and maximum 
flood volumes for the real and predicted volumes across the training, 
validation, and testing events, along with the synthetic extreme events. 
For extreme events, we observed a consistent trend between maximum 
volumes and total rainfall, which confirms a physically rational hydro
logical response. The predicted volumes are also closely aligned with 
true flood volumes across all datasets, as demonstrated by a high coef
ficient of determination (R2), with value of 0.99. According to the pre
dictions, the 1000 years return period event, corresponding to a total 
rainfall of 437.25 mm, resulted in the highest maximum volumes of 
approximately 43000 m3, which is about 1.4 times higher than the 100 
years event (Fig. 9). To further justify the extrapolation ability of our 
model, we run the numerical model also on the 1000 years return period 
event, and then the simulated results were compared against the model 
predictions. The comparison show that the model indeed performs well, 

Fig. 9. Relationship between the total rainfall and the total maximum flood volumes for real and predicted datasets using training, validation, and testing events, 
with synthetic extreme events.
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yielding a water depth CSI of 0.71 and a velocity CSI of 0.88, which 
confirms its extrapolation behavior under unseen extreme events. This is 
further highlighted by binary classification maps reported in the Sup
porting Material (see S2), which exhibit strong spatial consistency be
tween predicted and reference maps with only limited misclassified 
areas.

Fig. 10 illustrated the CNN model predictions of unseen extreme 
events. The CNN model effectively captured the underlying flood pat
terns and are consistent with physically rational hydrological response. 
The model predicts high water depths in low-lying areas (main street) 
and in the downstream along the outlet of the basin. At the upstream of 
the basin, the model predicts low water depths, particularly in shallow- 
areas. This similar capturing trend was observed in all predictions of 
extreme events, which indicates that the model can accurately repro
duce the flood response using different rainfall magnitudes.

4.5. Computational cost

The CNN model required approximately 200 mins for training and 
17 s for inference. The simulation time of physics-based model was on 

average 45 min with the same hardware, leading to an average speed-up 
of 116.5 times.

5. Discussion and Conclusion

In this study, we proposed a CNN-based approach to rapidly predict 
spatial maps of the flood water depths and velocities in case of urban 
flash flood, using the city of Matera, Italy, as a case study. A U-Net ar
chitecture was developed and trained using outputs from the physics- 
based LISFLOOD-FP model. A key contribution of this work is the 
simultaneous prediction of both flood depth and flow velocity for urban 
flash flood, which must be combined to assess hazard to pedestrians and 
vehicles. The CNN predictions closely matched those of the physics- 
based hydrodynamic model. For water depths maps, the model ach
ieved average test-set MAE, RMSE, CSI, precision, and recall values of 
0.37 cm, 1.7 cm, 0.80, 0.90, and 0.87, respectively. For flow velocities 
maps, the corresponding values were 0.054 m/s, 0.178 m/s, 0.84, 0.92, 
and 0.90. In terms of computational efficiency, the CNN predicted flood 
maps at 2 × 2 m spatial resolution over a 2-hour event in approximately 
17 s, making it about 116 times faster than the LISFLOOD-FP model.

Fig. 10. Water depth maps predicted by CNN model using designed synthetic dataset for different return periods: (a) 200 years, (b) 300 years, (c) 500 years, and (d) 
1000 years.
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Beyond model development, this study assessed the impact of the 
training dataset composition on the deep learning model’s performance. 
By evaluating different training and validation combinations of rainfall 
events, we demonstrated that a balanced training dataset including both 
real and synthetic events across low, medium, and high intensities is 
critical for achieving robust generalization. The results show that 
training data selection strongly influences model accuracy, and we 
recommend including at least one real and one synthetic event per in
tensity class.

We also evaluated the model’s sensitivity and extrapolation capa
bility under extreme rainfall conditions. The CNN successfully extrap
olated to extreme flood scenarios, producing maximum flood volumes 
consistent with total rainfall. When tested on synthetic rainfall events 
with return periods of 200, 300, 500, and 1000 years, the model real
istically captured the evolving spatial patterns and severity of flood 
maps, indicating stable and reliable extrapolation behavior.

The proposed CNN was trained using 2D shallow water equations- 
based simulations for Matera case study and therefore cannot be 
directly transferred to other cities without retraining. The same meth
odology could, however, be directly applied to other case studies, with 
similar expected results, as demonstrated by other studies (Guo et al., 
2021; Liao et al., 2023; Löwe et al., 2021). Future work could explore 
transferability and domain adaptation, building on recent advances in 
this area (e.g., Bentivoglio et al., 2025, 2023; Guo et al., 2022). To 
enhance transferability, transfer learning approach has shown great 
potential, especially in pluvial flood modelling. Recent investigations 
highlighted that the data-driven and neural-operator models can effec
tively transfer learned features to new spatial environments and 
enhance the predictive performance in data-scarce areas (Seleem et al., 
2022; Xu et al., 2025). However, their effectiveness strongly depends on 
the similarity between source and target domain. In this regard, domain 
adaptation enables flood prediction to transfer knowledge with prom
ising performance and can be widely adopted in these cross-city prob
lems (Zhou and Pan, 2022). Additionally, physics-informed deep 
learning provides an additional approach that embed physical laws into 
neural networks to improve generalization and robustness (Bentivoglio 
et al., 2025). Overall, these approaches are promising strategies and 
direction for improving cross-city urban flash flood prediction.

In addition, the physics-based model assumed spatially-uniform 
effective rainfall, which was justified by the limited size of the case 
study. Larger case studies should include the effect of spatially- 
distributed rainfall and sewer system information, which was also not 
accounted for in our experiments. Incorporating these features would 
improve the model's applicability for real-time rainfall forecasts but 
would likely require a larger training dataset to cover a bigger vari
ability in flooding patterns (Hofmann and Schüttrumpf, 2021; Bur
richter et al., 2024).

Nonetheless, these results demonstrate that the proposed CNN pro
vides accurate and computationally efficient flood predictions, high
lighting its strong potential for real-time urban flood forecasting and 
monitoring. Based on this, the CNN model can be readily utilized for 
real-time flood early warning systems, where near real-time rainfall 
forecasts are used as inputs to produce rapid predictions of flood water 
depth and velocity maps at local scale. These maps can be employed to 
identify the critical zones across the basin, and predefined threshold 
based-alerts related to flood instability for people (Albano et al., 2026) 
and vehicles can be issued to support decision-making and community 
resilience.
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