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Abstract: Pluvial flooding caused by intense rainfall events poses a significant and growing risk, 

particularly in urbanized areas with limited drainage capacity. This study presents a machine learning (ML)-

based approach for rapid pluvial flood inundation mapping using hydraulically derived water depths and 

high-resolution spatial predictors. A two-dimensional hydraulic model (MIKE+) was used to simulate flow 

depths under four rainfall scenarios (20, 40, 60, and 80 mm/h), providing physically consistent training data 

for the ML models. A set of terrain, hydrological, and land surface predictors was prepared and evaluated 

through multicollinearity analysis, confirming their suitability for ML modeling. The eXtreme Gradient 

Boosting (XGB) algorithm was applied to predict both flood extent (classification) and water depth 

(regression) in the Teplica domain. Model performance was assessed using spatially structured cross-

validation and standard evaluation metrics. The results demonstrate that the XGB model achieves 

acceptable performance, with F1-scores ranging from 0.69 to 0.88 for flood extent prediction. Water depth 

predictions resulted in the RMSE values between 2.5% and 13.7% and low bias. Model performance varied 

across rainfall scenarios and spatial folds, with better classification results under lower rainfall intensities 

and improved depth prediction for higher intensities. Predictor importance analysis identified Height Above 

the Nearest Drainage (HAND) as the dominant controlling factor, followed by slope and surface roughness. 

Despite the relatively large study area, the model training times ranged from 128 to 414 and from 105 to 

483 seconds for the classification and regression, respectively. The inference time was within few seconds. 

The findings indicate that ML models trained on hydraulic simulations can effectively replicate flood 

inundation patterns to "unseen" spatial locations within the studied domain while significantly reducing 

computational demands.  
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1. INTRODUCTION 

 

Flooding is one of the most widespread and 

damaging natural hazards worldwide, with significant 

impacts on human lives, infrastructure, and economic 

systems. Among the various types of flooding, pluvial 

flooding, which is caused by intense, short-duration 

rainfall that overwhelms surface drainage systems, 

has become increasingly prominent, particularly in 

urban environments. Unlike fluvial flooding, which is 

associated with river channel overflow and can often 

be anticipated through hydrological forecasting, 

pluvial floods typically develop rapidly and with 

limited warning. This rapid onset, combined with 

high spatial variability, makes pluvial flooding 

particularly difficult to predict and manage 

effectively (Bates et al., 2021). 

Recent studies indicate that climate change is 

intensifying the hydrological cycle, leading to an 

increase in the frequency and magnitude of extreme 

precipitation events. In Central Europe, including 

Slovakia, several urban areas have experienced 

recurrent pluvial flood events in recent years, 

resulting in substantial economic losses and 
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disruptions to infrastructure (Vojtek et al., 2024; 

2026b). Urbanization further exacerbates the problem 

by increasing impervious surfaces, reducing 

infiltration capacity, and accelerating surface runoff. 

As a result, there is a growing need for reliable, high-

resolution, and computationally efficient tools for 

mapping pluvial flood inundation to support risk 

assessment, urban planning, and emergency 

management (Rosenzweig et al., 2018). 

Traditional flood modeling approaches rely on 

physically based hydrologic and hydraulic models 

(Mudashiru et al., 2021). These models simulate the 

underlying processes governing rainfall-runoff 

transformation and surface water flow, often using 

systems of partial differential equations such as the 

shallow water equations (Teng et al., 2017; Vojtek & 

Vojteková, 2026). While such models are capable of 

producing highly detailed and physically consistent 

results, they are computationally expensive, require 

significant expertise to set up and calibrate, and 

depend on the availability of high-quality input data 

(Vojtek et al., 2023b; Cea et al., 2025). Consequently, 

their application is often limited to small study areas 

or offline analyses, making them less suitable for real-

time forecasting or rapid scenario evaluation 

(Mediero et al., 2022; Sañudo et al., 2025). 

In response to these limitations, data-driven 

approaches, particularly those based on machine 

learning (ML), have gained increasing attention in the 

field of flood modeling. Machine learning algorithms 

are capable of capturing complex, nonlinear 

relationships between input variables and flood 

responses without explicitly solving physical 

equations (Chu et al., 2020). Once trained, ML 

models can generate predictions in a fraction of the 

time required by traditional hydraulic simulations, 

making them attractive for rapid flood mapping and 

early warning applications (Shao et al., 2024; Asif et 

al., 2025). Recent advances in computational power, 

data availability, and algorithm development have 

further accelerated the adoption of ML techniques in 

hydrological research (Bentivoglio et al., 2022; Liao 

et al., 2023; Vojtek et al., 2026a). 

A critical aspect of applying ML to flood 

inundation mapping is the generation of reliable 

training datasets. Since observed flood data are often 

sparse, incomplete, or unavailable, especially for 

pluvial events, synthetic data derived from high-

resolution hydraulic models can be used instead (Guo 

et al., 2021). These hydraulically derived water 

depths provide physically consistent representations 

of flood behavior under various rainfall scenarios and 

can serve as a robust foundation for training ML 

models (Sejinja et al., 2025). By learning from these 

simulations, ML can effectively approximate the 

behavior of complex hydraulic systems while 

reducing computational demands (Li et al., 2025). 

In addition to high-quality training data, the 

performance of ML-based flood models strongly 

depends on the availability of detailed spatial 

information (El Baida et al., 2024). High-resolution 

digital elevation models (DEMs) or land use/land 

cover datasets play a crucial role in determining flood 

dynamics (Rözer et al., 2021). The integration of such 

high-resolution spatial data enables ML models to 

capture fine-scale variations in topography and 

surface properties, which are essential for accurately 

predicting inundation extent and depth in 

heterogeneous urban environments (Berkhahn et al., 

2019; Bartlett et al., 2025). 

This study proposes a ML-based framework 

for rapid pluvial flood inundation mapping that 

leverages hydraulically derived water depths and 

high-resolution spatial datasets. The central premise 

is that ML models can be trained to emulate the 

outputs of computationally intensive hydraulic 

simulations, thereby enabling computationally 

efficient and surrogate prediction of flood inundation 

under varying rainfall conditions. The framework 

combines physically informed training data with 

spatially rich input features to enhance predictive 

accuracy while maintaining computational efficiency. 

The proposed approach is demonstrated 

through a case study in Slovakia, a country 

characterized by diverse topography and increasing 

exposure to extreme rainfall events. Several urban 

and peri-urban areas in Slovakia have experienced 

significant pluvial flooding in recent years, 

highlighting the need for improved flood mapping 

tools tailored to local conditions (Copernicus, 2024). 

The availability of high-resolution spatial data, 

including detailed DEM and land cover information, 

provides an opportunity to develop and evaluate ML-

based methods for flood prediction. 

The objectives of this study are as follows. 

First, to develop a ML model, in particular the 

eXtreme Gradient Boosting (XGB), capable of 

predicting pluvial flood inundation extent and water 

depth based on hydraulically derived flow depths 

from four rainfall scenarios and high-resolution 

spatial predictors. Second, to evaluate the 

performance and computational efficiency of the ML 

model using relevant quantitative metrics. By 

addressing these objectives, this study contributes to 

the growing body of research on hybrid and data-

driven flood modeling approaches. It demonstrates 

how ML, when combined with physically based 

training data and detailed spatial information, can 

provide an alternative to traditional hydraulic models 

for rapid inundation mapping.  
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2. MATERIALS AND METHODS 

 

2.1. Study area 

 

In this study, we demonstrate the application of 

our methodology on a domain along 17 km of the 

Teplica River, which is located in western Slovakia. 

A buffer zone of 600 m on each side of the river was 

created, having an extent of 19.2 km². The elevations 

range between 228 and 476 m a. s. l. (Figure 1). 

 

 
Figure 1. Studied Teplica domain and elevations. 

 

2.2. Predictor processing 

 

Eight physical-geographical predictors, 

namely, slope, curvature, sediment transport index 

(STI), topographic wetness index (TWI), flow 

accumulation, height above the nearest drainage 

(HAND), surface roughness, and the normalized 

difference vegetation index (NDVI), were selected 

for the ML application.  

The morphometric and hydrographic 

predictors (slope, curvature, TWI, STI, flow 

accumulation, and HAND) were processed based on 

the LiDAR digital elevation model (DEM) DMR6.0 

with a resolution of 0.5 m. The DEM was obtained 

from the Geodetic and Cartographic Institute. The 

HAND raster was derived based on procedure 

described in Vojtek et al. (2025). All DEM-derived 

maps were generated using the ArcGIS software. 

The surface roughness predictor was derived 

based on the Basic Data Base for Geographic 

Information System (ZBGIS) from 2023, which was 

provided by the Geodetic and Cartographic Institute. 

Based on Chow (1959), the following Manning’s n 

coefficients were assigned to individual LULC 

classes derived from ZBGIS 2023: built-up area 

(0.02), roads (0.02), railway (0.02), material/waste 

dump (0.03), urban greenery (0.05), forest (0.15), 

grassland (0.05), orchards and garden (0.07), arable 

land (0.035), channel (0.04), and water body (0.04). 

The NDVI predictor was created in ArcGIS software 

based on orthophotos from 2023 with 15 cm 

resolution. The surface roughness and NDVI were 

resampled to a spatial resolution of 0.5 m to ensure 

consistency with the DEM-derived predictors. 

 

2.3. Multicollinearity among predictors 

 

To reduce redundancy among input variables, a 

multicollinearity assessment was performed on the 

eight selected predictors. Both Pearson’s correlation 

coefficient and the variance inflation factor (VIF) were 

employed to quantify the level of interdependence 

among the predictors (Alin, 2010). Threshold values 

for identifying problematic multicollinearity were 

selected based on previous studies (Tamura et al., 

2019; Vojtek et al., 2023a; Pakdehi et al., 2024). 

Specifically, predictors with VIF values exceeding 5 

and Pearson correlation coefficients greater than 0.7 

would be considered highly collinear and thus 

unsuitable for inclusion in the ML model. 

 

2.4. Training the XGB-ML models  

 

Training datasets representing flow depths 

were produced using a two-dimensional (2D) 

hydraulic model implemented in MIKE+. For the 

floodplain, a triangular computational mesh was 

developed. The maximum element size was 9 m². The 

river channel was discretized separately using a 

quadrangular mesh, with a maximum longitudinal 

resolution of 5 m and a transversal resolution of 2 m 

to better capture channel flow dynamics. In total, the 

mesh for the Teplica domain comprised 3,212,971 

elements, with an average element area of 

approximately 5.79 m².  

The XGB models were trained using pluvial 

flood depth maps derived from hydraulic simulations 

under four uniform rainfall scenarios, characterized 

by intensities of 20, 40, 60, and 80 mm/h. The 

simulations were carried out using a rain-on-grid 

approach, incorporating spatially variable Manning’s 

roughness coefficients and infiltration rates 

corresponding to different LULC classes. The 

assignment of Manning´s n roughness values was 

done following the work by Chow (1959) while the 

infiltration losses for individual land cover classes 

were assigned following the work by Rahmati et al. 

(2018). The infiltration rate for individual land cover 

classes was as follows: built-up area (5 mm/h), 

asphalt roads (1 mm/h), railway (5 mm/h), urban 
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greenery (20 mm/h), forest (40 mm/h), grassland (30 

mm/h), orchards and garden (20 mm/h), arable land 

(10 mm/h), channel (0 mm/h), and water body (0 

mm/h). The other parameters for hydraulic modeling 

were set as follows. The upstream boundary condition 

was set to discharge (5 m3/s) while for the downstream 

boundary condition, it was the water level (228.9 m). 

Initial conditions were set as uniform water level 

(228.2 m). The simulation time step was set to 10 

seconds, as this is a common and recommended value 

by DHI for detailed yet efficient simulations aiming to 

achieve numerical stability in the model. We used a 2D 

overland solver with a cell-centered Finite Volume 

method to solve the shallow water equations. 

For the classification task, the simulated flow 

depth maps were converted to binary flooded/non-

flooded targets based on positive flow depth. For the 

regression task, flow depths were min-max normalized 

to the [0,1] interval separately for each rainfall scenario 

before model training and evaluation. 

To ensure robust model performance, a 

spatially structured 10-fold cross-validation strategy 

was employed during the training process (Figure 2). 

The Teplica domain was divided into ten 

contiguous blocks along the longitudinal direction of 

the domain using the y-coordinate (fold number = 0-

9), rather than randomly assigning individual pixels 

to folds. In each cross-validation run, one complete 

spatial block was withheld as the test fold and the 

remaining nine blocks were used for training. This 

 

 
Figure 2. Spatially structured 10-fold partition used to 

train and test the XGB models in the Teplica domain. 

block-wise design provides a more rigorous test of 

spatial transferability than a random pixel-level split 

because the model has to predict an unseen spatial 

part of the domain. 

 

2.5. XGB classification and regression 

 

XGB is an ensemble learning algorithm based 

on gradient boosting, where decision trees are 

constructed iteratively to optimize a differentiable 

loss function. The method incorporates regularization 

to control model complexity and prevent overfitting 

(Chen & Guestrin, 2016).  

In case of our domain, separate scenario-

specific XGB models were trained for the 20, 40, 60, 

and 80 mm/h rainfall scenarios, with hyperparameters 

defined individually for each scenario within each 

task. This modelling choice was made because the 

available hydraulic training data consisted of four 

discrete design rainfall simulations, each producing a 

different flood extent, class balance, and normalized 

depth distribution. The objective of the study was 

therefore to emulate the predefined design scenarios 

used for rapid hazard mapping, rather than to 

interpolate or extrapolate across a continuous rainfall-

intensity space. A single rainfall-conditioned model 

would require a larger set of rainfall events to robustly 

learn the intensity-depth relationship; with only four 

steady-state scenarios, separate models preserve the 

scenario-specific hydraulic response patterns. 

Hyperparameters were selected empirically through 

preliminary sensitivity testing over a limited range of 

tree numbers, maximum depths, learning rates, 

minimum child weights, subsampling ratios, and 

gamma values, with the aim of improving cross-

validation performance while limiting overfitting and 

excessive computation time. The selected values 

should therefore be interpreted as empirically tuned 

scenario-specific configurations rather than as global 

optima from exhaustive automated optimization. All 

models used the tree booster ('gbtree') with 

histogram-based tree construction ('hist'). 

Regularization parameters were kept constant across 

all scenarios, including L1 regularization (reg_alpha 

= 0.1) and L2 regularization (reg_lambda = 1.0), 

together with a fixed random state of 42 and parallel 

training on 64 CPU cores. 

For classification, the 'binary:logistic' objective 

and log-loss evaluation metric were used, with 

scale_pos_weight = 1. Model configurations varied 

across rainfall scenarios. For the 20-mm/h scenario, the 

model used 1000 trees with a maximum depth of 8, 

learning rate of 0.03, and minimum child weight of 4. 

For 40 mm/h, 900 trees were used with depth 7, 

learning rate 0.02, and minimum child weight 8. For 
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60 mm/h, the configuration was reduced to 800 trees, 

depth 6, learning rate 0.01, and minimum child weight 

10. For 80 mm/h, the model used 600 trees with depth 

6, learning rate 0.01, and minimum child weight 25. 

Subsampling parameters were set to 0.85 for both row 

and column sampling in the 20 and 40 mm/h scenarios, 

and to 0.80 in the 60 and 80 mm/h scenarios. The 

gamma parameter was set to 0.5 for 20 mm/h and 1.0 

for the remaining scenarios. 

For regression, the same configuration strategy 

was applied using the 'reg:logistic' objective. 

Compared to classification, the number of boosting 

rounds was increased, with 1200 trees for 20 mm/h, 

1100 for 40 mm/h, 1000 for 60 mm/h, and 800 for 80 

mm/h while all other hyperparameters remained 

consistent with the classification settings. The 

'reg:logistic' objective was used deliberately because 

the regression target values were min-max normalized 

to the [0,1] interval separately for each rainfall 

scenario. In this application, the objective was 

therefore used to constrain predicted normalized 

depths to the same bounded interval, not to predict 

flood probabilities. The resulting predictions were 

evaluated against the corresponding normalized 

hydraulically simulated flow depths. Although 

reg:squarederror is more commonly used for 

continuous depth regression problems, reg:logistic was 

selected in this study because the target values were 

normalized to the [0,1] interval, allowing predictions 

to remain constrained within the same bounded range. 

The XGB models were computed on the 

following hardware: CPU: AMD EPYC 7542 32-

Core Processor, architecture: x86/64, type of CPU: 

Server (EPYC, Zen 2 architecture), physical cores: 

32, logical cores: 64 using simultaneous 

multithreading, number of sockets: 2, basic 

frequency: 2.9 GHz, maximum boost frequency: 3.35 

GHz, L2 Cache: 16 MB, L3 Cache: 128 MB. 

 

2.6. Performance of XGB model 

 

The XGB classification of pluvial flood extent 

was evaluated using Recall, Precision, and F1-score 

while the performance of XGB regression of water 

depths was assessed using the root mean square error 

(RMSE), mean absolute error (MAE), and Bias. 

Because the regression target was min-max 

normalized separately for each rainfall scenario, 

RMSE, MAE, and Bias were calculated on the 

normalized [0,1] scale and are reported as 

dimensionless percentages of the scenario-specific 

hydraulic depth range. Since the minimum simulated 

depth in each scenario was zero, these percentages are 

effectively relative to the maximum simulated depth 

for the given rainfall scenario. 

3. RESULTS AND DISCUSSION 

 

3.1. Training data from hydraulic model 

 

Figure 3 shows the hydraulically modeled flow 

depths, which were generated after applying the rain-

on-grid method in the MIKE+ model for four studied 

rainfall scenarios (20, 40, 60, and 80 mm/h). 

 

3.2. Multicollinearity 

 

Figure 4 presents the Pearson correlation 

coefficients calculated among the selected predictors. 

None of the predictors exceeded the predefined 

correlation threshold of 0.7, indicating an absence of 

strong pairwise linear relationships. The highest 

positive correlation was observed between STI and 

flow accumulation (0.59), followed by the 

relationship between the roughness and slope (0.47). 

The multicollinearity assessment based on VIF 

further confirmed these findings, as all predictors 

exhibited values below the critical threshold of 5 

(Table 1). The largest VIF values were associated 

with STI (1.92) and slope (1.72), though these remain 

 

 
Figure 3. Hydraulically modeled flow depths used for ML 

training/testing. 
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Figure 4. Pearson correlation among predictors. 

 
Table 1. VIF values of predictors. 

Predictor VIF value 

Curvature 1.09 

Flow accumulation 1.58 

Roughness 1.57 

STI 1.92 

TWI 1.37 

NDVI 1.16 

Slope 1.72 

HAND 1.37 

 

well within acceptable limits. Overall, the results 

indicate that the selected predictors do not exhibit 

problematic multicollinearity and can be considered 

sufficiently independent for ML modeling. 

 

3.3. Maps of predictors 

 

Figure 5 illustrates the spatial distribution of 

predictors used in ML modeling for the Teplica 

domain. The mean slope in this area reaches 9.76° 

(Figure 5a), indicating relatively moderate terrain 

gradients. The mean STI value is 1.89 (Figure 5b), 

suggesting a relatively low potential for 

concentrated surface runoff and erosive processes. 

The TWI exhibits an average value of 4.08 (Figure 

5c), reflecting moderate moisture accumulation 

conditions across the domain. Curvature map with 

mean value of -8.58 is presented in Figure 5d, 

indicating a predominance of concave terrain 

features. Flow accumulation is shown in Figure 5e 

with the mean value of 145.82. The HAND map 

shows a mean value of 36.17 m (Figure 5f). The 

mean NDVI value for the Teplica domain is 0.26 

(Figure 5h), indicating moderate vegetation density 

across the study area. 

 
Figure 5. Maps of predictors: a) slope, b) STI, c) TWI, d) 

curvature, e) flow accumulation, f) HAND, g) surface 

roughness, and h) NDVI. 

 

3.4. ML-based flood extent and water depths 

 

Based on the resulting XGB-ML models, four 

pluvial flood inundation maps were created for the 

Teplica domain. Figure 6 shows the pluvial flood 

extent classification maps for the studied rainfall 

scenarios. Figure 7 shows the resulting maps for 

water depth prediction performed by the XGB model. 

These maps were assembled from the held-out 
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predictions of the ten spatial cross-validation runs: for 

each fold, predictions were generated by the model 

trained without that fold, and the fold-level 

predictions were then mosaicked to obtain the final 

domain-wide maps. The maps therefore represent 

cross-validated out-of-sample predictions rather than 

predictions from a single fold, an ensemble, or a final 

model fitted to all pixels. 

Difference in flow depths between the 

hydraulic and the XGB models for the studied rainfall 

scenario is shown in Figure 8. The biggest differences 

mainly concern the channel itself, local water bodies 

or deeper depressions (values higher than +-0.2 m). 

Most of the pixels belong to the intervals -0.2 – 0.0 m 

(from 45 to 49%) and 0.0 – 0.2 m (from 47 to 48%) 

in case of all studied rainfall scenarios. 

 

3.5. Performance metrics of XGB model 

 

Table 2 summarizes the performance of the 

XGB models for pluvial flood extent classification. 

Overall, the F1-score varies between 0.69 and 0.88, 

with improved model performance under lower 

 

 
Figure 6. Predicted flood extent by the XGB model for 

the studied rainfall scenarios, assembled from held-out 

predictions across the ten spatial cross-validation folds. 

intensity events (20 and 40 mm/h) relative to higher 

intensities (60 and 80 mm/h). The F1-score mean ± 

std summary statistics were 82.1 ± 4.4%, 79.8 ± 3.4%, 

76.3 ± 2.4%, and 73.3 ± 2.9% for the rainfall 

scenarios of 20, 40, 60, and 80 mm/h, respectively. 

Spatially, models with lower intensity events tend to 

achieve higher F1-scores in upstream and central test 

folds while in case of models with higher intensity 

events, it is rather downstream folds which had better 

performance. In terms of computational efficiency, 

training times of XGB classification models ranged 

from 128.16 to 413.77 seconds, also due to larger 

domain extent. Classification inference on the held-

out test folds was also rapid, with testing times 

ranging from 0.51 to 4.21 seconds. Expressed per 

tested pixel, this corresponds to an overall average 

inference time of approximately 1.37 µs/pixel. 

The results of the regression analysis for 

pluvial flow depth prediction are presented in Table 

3. The RMSE values ranged between 2.5% and 13.7% 

across the different rainfall scenarios. MAE recorded 

the range of values between 1.2 and 4.8%. Bias values 

indicate both overestimation and underestimation of 

 

 
Figure 7. Predicted flow depths by the XGB model for the 

studied rainfall scenarios, assembled from held-out 

predictions across the ten spatial cross-validation folds. 
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Figure 8. Difference in flow depths between the hydraulic 

and XGB models for the studied rainfall scenarios. 

 

hydraulically simulated water depths, ranging from 

−3.1% to 2.4%. These percentage-based errors refer 

to the scenario-specific normalized depth range 

described in Section 2.6. Interestingly, the largest 

RMSE and MAE values occur under lower rainfall 

intensities (20 and 40 mm/h), whereas higher 

intensity scenarios (60 and 80 mm/h) tend to produce 

more accurate predictions of water depths. The 

RMSE mean ± std summary statistics were 5.8 ± 

2.8%, 4.1 ± 1.0%, 3.6 ± 0.7%, and 3.7 ± 0.8% and for 

the rainfall scenarios of 20, 40, 60, and 80 mm/h, 

respectively. The MAE mean ± std summary statistics 

were 2.6 ± 0.9%, 1.9 ± 0.5%, 1.6 ± 0.3%, and 1.6 ± 

0.4% for the rainfall scenarios of 20, 40, 60, and 80 

mm/h, respectively. The Bias mean ± std summary 

statistics were 0.2 ± 1.3%, 0.2 ± 0.6%, 0.0 ± 0.3%, 

and -0.0 ± 0.4% for the rainfall scenarios of 20, 40, 

60, and 80 mm/h, respectively. Regarding the 

computational performance, XGB models demonstrate 

the training times ranging from 105.23 to 483.43 

seconds. Regression inference on the held-out test 

folds ranged from 0.16 to 2.95 seconds, corresponding 

to an overall average inference time of approximately 

0.74 µs/pixel. Despite the extent of the studied domain, 

these training and inference times remain acceptable 

for rapid pluvial flood inundation mapping. 

Table 4 presents summary statistics for the test 

folds based on the F1-score, RMSE, MAE, and Bias 

metrics. Regarding the F1-score metric, the folds 5 and 

6 (83.6 ± 3.2%) resulted in the highest mean values 

while the lowest SD was recorded in case of folds 8 

and 2. The lowest mean values of F1-score were 

recorded for folds 2 and 3 and downstream folds 7, 8, 

and 9 while the highest SD was in case of folds 6 and 

7. The highest mean values of RMSE and MAE 

metrics were in case of folds 0 and 5 while the lowest 

mean values were in case of folds 9 and 3. As for the 

Bias, the lowest mean and SD values were recorded 

for folds 3, 2, and 9. 

 
Table 2. Performance metrics for the XGB classification. 

mm/

h 

Test 

fold 
Precision Recall 

F1-

score 

Train 

time 

(sec) 

Test 

time 

(sec) 

20 0 78.97% 85.95% 82.31% 128.16 1.85 

20 1 82.83% 88.00% 85.33% 148.46 1.51 

20 2 75.82% 76.59% 76.21% 145.79 2.08 

20 3 82.91% 78.31% 80.55% 149.83 1.58 

20 4 86.87% 79.69% 83.13% 142.73 1.38 

20 5 88.12% 87.45% 87.78% 171.52 0.51 

20 6 87.43% 89.22% 88.31% 160.20 0.53 

20 7 84.57% 84.39% 84.48% 156.01 0.68 

20 8 67.70% 87.53% 76.35% 141.63 2.23 

20 9 66.78% 88.74% 76.21% 145.65 1.81 

40 0 76.65% 80.77% 78.66% 261.64 3.61 

40 1 81.08% 82.08% 81.57% 266.25 3.50 

40 2 74.40% 78.81% 76.54% 261.75 3.50 

40 3 79.83% 70.39% 74.81% 280.65 3.16 

40 4 87.87% 75.36% 81.14% 276.92 3.15 

40 5 85.33% 85.67% 85.50% 295.69 1.26 

40 6 86.20% 82.44% 84.28% 299.06 1.19 

40 7 84.02% 78.51% 81.18% 295.75 1.79 

40 8 67.30% 87.44% 76.06% 270.40 3.08 

40 9 66.94% 93.31% 77.96% 272.93 3.47 

60 0 74.35% 76.30% 75.31% 338.71 4.13 

60 1 79.23% 75.22% 77.17% 343.79 4.21 

60 2 70.85% 77.20% 73.89% 338.13 3.87 

60 3 76.88% 67.24% 71.74% 355.84 3.56 

60 4 87.85% 68.48% 76.96% 337.79 3.54 

60 5 86.03% 77.06% 81.30% 335.55 2.50 

60 6 85.64% 71.33% 77.83% 349.38 1.96 

60 7 83.39% 69.41% 75.76% 344.61 2.32 

60 8 66.84% 86.59% 75.44% 333.46 3.99 

60 9 66.76% 91.83% 77.31% 310.27 3.79 

80 0 72.91% 73.08% 73.00% 360.62 4.12 

80 1 77.68% 70.83% 74.09% 376.20 4.12 

80 2 69.09% 75.39% 72.11% 376.23 4.08 

80 3 75.21% 63.96% 69.13% 386.48 3.44 

80 4 87.35% 61.48% 72.17% 410.15 3.36 

80 5 87.11% 73.68% 79.83% 408.71 2.22 

80 6 85.00% 63.16% 72.47% 413.77 1.85 

80 7 82.27% 60.26% 69.57% 379.18 2.20 

80 8 66.45% 84.93% 74.56% 398.50 3.69 

80 9 66.06% 89.44% 75.99% 378.55 3.51 
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Table 3. Performance metrics for the XGB regression. 

mm/h 
Test 

fold 
RMSE MAE Bias 

Train 

time 

(sec) 

Test 

time 

(sec) 

20 0 13.74% 4.76% -3.06% 105.23 0.52 

20 1 4.74% 2.21% 0.61% 125.63 0.50 

20 2 5.27% 2.54% -0.15% 108.56 0.66 

20 3 4.31% 1.87% -0.27% 120.9 0.51 

20 4 5.33% 2.23% -0.32% 120.76 0.41 

20 5 7.02% 3.68% 2.36% 126.23 0.16 

20 6 4.30% 1.96% 0.95% 129.26 0.17 

20 7 4.73% 2.33% 0.58% 122.89 0.20 

20 8 4.00% 2.33% 0.56% 115.61 0.72 

20 9 4.33% 1.80% 0.77% 112.18 0.65 

40 0 4.83% 1.91% -0.17% 287.19 1.72 

40 1 3.95% 1.81% 0.15% 282.45 1.60 

40 2 4.70% 2.03% -0.47% 286.96 1.42 

40 3 3.29% 1.43% -0.28% 294.46 1.47 

40 4 4.56% 1.89% -0.74% 282.60 1.40 

40 5 6.46% 3.23% 1.65% 315.83 0.52 

40 6 3.71% 1.76% 0.48% 322.84 0.49 

40 7 3.58% 1.70% 0.19% 274.84 0.73 

40 8 3.55% 1.97% 0.30% 284.62 1.78 

40 9 2.59% 1.35% 0.41% 291.29 1.68 

60 0 3.04% 1.37% 0.31% 421.90 2.41 

60 1 3.43% 1.49% 0.11% 482.93 2.36 

60 2 4.11% 1.70% -0.39% 406.00 2.33 

60 3 3.05% 1.23% -0.17% 394.46 2.12 

60 4 4.40% 1.71% -0.69% 395.43 2.00 

60 5 5.12% 2.39% -0.06% 422.37 1.55 

60 6 3.25% 1.43% 0.11% 429.15 1.20 

60 7 3.14% 1.40% 0.21% 440.40 1.42 

60 8 3.60% 1.83% 0.15% 391.99 2.56 

60 9 2.54% 1.27% 0.50% 405.78 2.06 

80 0 2.98% 1.31% 0.48% 455.19 2.95 

80 1 3.13% 1.34% 0.18% 435.39 2.59 

80 2 4.08% 1.65% -0.33% 448.81 2.54 

80 3 3.34% 1.24% -0.19% 451.33 1.97 

80 4 4.57% 1.63% -0.63% 447.04 2.09 

80 5 5.65% 2.52% -0.38% 483.43 1.50 

80 6 3.38% 1.40% 0.02% 470.94 1.19 

80 7 3.14% 1.28% 0.12% 454.35 1.33 

80 8 3.77% 1.82% 0.03% 444.09 2.34 

80 9 2.93% 1.35% 0.64% 430.92 2.19 

 

3.6. Importance of predictors 

 

The relative mean importance of predictors 

for the XGB models in the classification task is 

presented in Figure 9. Across all rainfall scenarios 

and test folds, HAND consistently emerged as the 

most influential predictor, with mean importance 

values ranging from 50% to 59%. Slope ranked as 

the second most important predictor, with mean 

values between 16% and 20%. Roughness was 

identified as the third most relevant predictor, with 

mean importance values between 7% and 13%. The 

remaining predictors exhibited comparatively low 

contributions each below 6%. 

Table 4. Summary statistics across tested folds (%). 

F1-score 

Fold 0 1 2 3 4 5 6 7 8 9 

Mean 77.3 79.5 74.7 74.1 78.4 83.6 80.7 77.7 75.6 76.9 

SD 3.5 4.3 1.8 4.3 4.2 3.2 6.1 5.7 0.7 0.8 

RMSE 

Fold 0 1 2 3 4 5 6 7 8 9 

Mean 6.1 3.8 4.5 3.5 4.7 6.1 3.7 3.7 3.7 3.1 

SD 4.4 0.6 0.5 0.5 0.4 0.7 0.4 0.7 0.2 0.7 

MAE 

Fold 0 1 2 3 4 5 6 7 8 9 

Mean 2.3 1.7 2.0 1.4 1.9 3.0 1.6 1.7 2.0 1.4 

SD 1.4 0.3 0.4 0.3 0.2 0.5 0.2 0.4 0.2 0.2 

Bias 

Fold 0 1 2 3 4 5 6 7 8 9 

Mean -0.6 0.3 -0.3 -0.2 -0.6 0.9 0.4 0.3 0.3 0.6 

SD 1.4 0.2 0.1 0.0 0.2 1.1 0.4 0.2 0.2 0.1 

 

For the regression task using the XGB model, 

HAND again dominated as the most significant predictor, 

with markedly higher mean importance values ranging 

from 42% to 67% (Figure 10). Surface roughness ranked 

second, with mean values between 16% and 26%, while 

slope followed with mean importance ranging from 6% 

to 11%. All other predictors showed limited influence, 

with mean importance values remaining below 10%. 

 

3.7. Limitations 

 

In this sub-section, we acknowledge several 

limitations, which arise from the data or methodical 

steps used. First, the ML models were trained 

exclusively on hydraulically simulated flood data. 

Although hydraulic simulations provide extensive and 

internally consistent datasets suitable for ML training, the 

 

 
Figure 9. Mean predictor importance for the XGB 

classification per studied rainfall scenarios. 



318 

 
Figure 10. Mean predictor importance for the XGB 

regression per studied rainfall scenarios. 

 

resulting emulations inevitably inherit the assumptions, 

simplifications, and uncertainties associated with the 

underlying hydraulic model. Consequently, the lack of 

validation against observed flood events limits the 

ability to assess model performance under real-world 

conditions and reduces confidence in the direct 

operational applicability of the proposed framework. 

Nevertheless, the primary objective of this study was not 

to evaluate the real-case accuracy of the hydraulic 

model itself, but rather to investigate how effectively 

ML models can reproduce flood extent and flow depth 

patterns derived from hydraulic simulations. In this 

context, the hydraulic model served mainly as a 

reference generator for the ML training process. Future 

research should therefore incorporate validation using 

observed flood extents and water-depth measurements 

once such datasets become available. This would enable 

a more rigorous assessment of the generalization 

capability, robustness, and practical applicability of the 

proposed ML framework under actual flood conditions. 

A second limitation relates to the rainfall 

scenarios considered in the study. Only four rainfall 

scenarios with constant rainfall intensities were 

analyzed, while temporal variability in rainfall 

distribution was not incorporated. However, the selected 

rainfall intensities represent realistic precipitation 

magnitudes with plausible occurrence probabilities 

during 30-minute rainfall events within the study 

domain. Specifically, these intensities were chosen to 

reflect short-duration, high-intensity convective storms 

that are commonly associated with pluvial flooding 

processes. The lower-intensity scenarios (20 and 40 

mm/h) correspond to moderate and relatively frequent 

pluvial rainfall events, whereas the higher-intensity 

scenarios (60 and 80 mm/h) represent more severe and 

extreme precipitation conditions capable of producing 

extensive surface runoff and widespread inundation. 

Employing multiple rainfall intensities also enabled an 

evaluation of ML model performance under varying 

levels of flood severity and hydraulic complexity. 

Constant rainfall intensities were intentionally adopted 

to isolate the influence of rainfall magnitude on both 

hydraulic simulations and subsequent ML emulation 

performance. This simplified experimental design 

facilitated a controlled comparison among rainfall 

scenarios while minimizing additional variability 

introduced by temporally heterogeneous rainfall 

patterns. Moreover, the selected rainfall intensities 

generated sufficiently distinct inundation responses, 

allowing the construction of diverse hydraulic training 

datasets across the investigated scenarios. 

Finally, the transferability of the developed ML 

models was not evaluated beyond the investigated study 

area. Since the framework was trained and tested under 

specific topographic, hydrologic, and rainfall 

conditions, its applicability to other domains, climatic 

regions, or urban/peri-urban environments remains 

uncertain. Future work should therefore focus on 

evaluation of cross-domain transferability to improve 

the robustness of the proposed framework. 

 

4. CONCLUSIONS 

 

This study demonstrated the applicability of ML, 

specifically the XGB algorithm, for rapid pluvial flood 

inundation mapping using hydraulically derived 

training data and high-resolution spatial predictors in the 

Teplica domain. The hydraulic simulations by the 

MIKE+ model provided a basis for training and testing 

the ML models under multiple constant rainfall 

scenarios (20 - 80 mm/h), ensuring physically consistent 

representation of flood processes. 

The multicollinearity analysis confirmed that all 

selected predictors were sufficiently independent, with 

Pearson correlation coefficients and VIF values well 

below the critical thresholds. This indicates that the 

predictor set was appropriate for ML modeling and did 

not introduce redundancy that could have negatively 

affected the model performance. The spatial analysis of 

predictors revealed moderate terrain gradients, 

relatively low STI values, and balanced moisture 

conditions, which together characterize the hydrological 

behavior of the Teplica domain. These factors, 

combined with land cover-based roughness and 

vegetation indicators, provided a comprehensive 

representation of flood-driving processes. 

The XGB model achieved acceptable 

performance in both classification and regression tasks. 

For flood extent prediction, F1-scores ranged from 0.69 

to 0.88, with better performance generally observed 
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under lower rainfall intensities. In contrast, water depth 

prediction showed improved accuracy for higher rainfall 

scenarios, with RMSE values between 2.5% and 13.7% 

and low bias values. Spatial variability in performance 

was also observed, suggesting that model accuracy is 

influenced by both the rainfall intensity and the position 

of the test fold. From a computational perspective, the 

training and inference times remained within acceptable 

limits, even for a relatively large study domain. 

Inference was faster, remaining below 4.21 seconds for 

flood extent classification and below 2.95 seconds for 

water depth regression on the held-out test folds, 

corresponding to approximately 1.37 and 0.74 µs/pixel, 

respectively. This highlights the efficiency of the 

proposed approach and its suitability for rapid flood 

mapping. The analysis of predictor importance revealed 

that HAND is the dominant factor controlling both flood 

extent and depth, followed by slope and surface 

roughness. This emphasizes the critical role of 

topographic position relative to the drainage network in 

pluvial flood processes, while also confirming the 

relevance of terrain and land surface characteristics. 

Overall, the results demonstrate that ML models 

trained on hydraulically derived data can effectively 

emulate flood inundation patterns with acceptable 

accuracy and significantly reduced computational cost, as 

the simulation time of hydraulic models was 1,458, 

2,847, 4,151, and 6,130 seconds for the 20, 40, 60, and 80 

mm/h rainfall scenarios, respectively. The proposed 

approach represents a promising tool for rapid pluvial 

flood hazard assessment and flood risk management in 

Slovakia and similar regions. After proper 

calibration/validation of the hydraulically derived maps 

used for ML training, the subsequent surrogate modeling 

results could be useful mainly for water and emergency 

managers, urban planners or insurance companies. Future 

research should focus on incorporating additional 

dynamic inputs, such as spatially variable rainfall or other 

high-resolution predictors, as well as testing the 

transferability of the ML models to other areas. 
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