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Abstract 

This study focused on prediction of fluvial flood extent and flow depths using the Random Forest (RF) model, which 

was applied for an 8.79 km section of the Kysuca River, northern Slovakia. The RF models were trained on 

hydraulically derived flood maps for Q10, Q20, Q50, Q100, and Q1000 using the MIKE+ model and seven predictors with 1 

m resolution. Multicollinearity among predictors was assessed using the Pearson correlation and Variance Inflation 

Factor. The results confirmed that RF model is capable of delivering computationally efficient and accurate flood 

extent and flow depth maps across all data splits and flood scenarios with F1-score values from 0.86 to 0.97. The flow 

depth performance metrics were as follows: root mean square error (5–8%), mean absolute error (3–5%), and 

coefficient of determination (81–94%). The maximum training time was 1.88 and 1.46 minutes for classification and 

regression, respectively, which enables potential deployment of RF models for real-time flood mapping applications.  

Keywords: flood extent, flow depth, machine learning, spatial predictors, performance metrics 

INTRODUCTION 

Flooding is one of the most frequent and devastating natural hazards worldwide, causing significant economic losses, 

environmental degradation, and threats to human life. Among various types of flooding, fluvial flooding occurs when 

rivers overflow their banks due to excessive rainfall, snowmelt, or upstream flow accumulation (Vojtek, 2023). With 

the increasing impacts of climate change, urbanization, and land-use alterations, both the frequency and intensity of 

fluvial flood events are expected to rise, making accurate and timely flood inundation prediction a critical component of 

disaster risk management and sustainable planning (Winsemius, 2016; Vojtek et al., 2024). 
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Traditional approaches to flood inundation mapping rely heavily on physically-based hydraulic models, such as one-

dimensional (1D) and two-dimensional (2D) hydrodynamic simulations (Vojtek and Vojteková, 2026). These models 

simulate water flow using governing water movement equations and require detailed input data, including river 

geometry, boundary conditions, and roughness coefficients (Teng et al., 2017; Vojtek et al., 2023a, 2025). While such 

models can produce highly accurate flood extent maps, they are computationally expensive, time-consuming, and often 

impractical for real-time applications or large-scale analysis. In recent years, advances in machine learning (ML) have 

opened new opportunities for flood modeling by offering data-driven alternatives that can complement or even replace 

traditional hydraulic simulations in certain contexts (Bentivoglio et al., 2022). Among various ML techniques, the 

Random Forest (RF) algorithm has gained considerable attention due to its robustness, ability to handle nonlinear 

relationships, resistance to overfitting, and effectiveness with high-dimensional datasets. Random Forest is an ensemble 

learning method that constructs multiple decision trees during training and aggregates their predictions to improve 

accuracy and generalization (Vojtek et al., 2026). 

The integration of ML with high-resolution spatial data has become increasingly feasible due to the rapid development 

of remote sensing technologies and spatial data acquisition methods. High-resolution digital elevation models (DEMs) 

and land use/land cover datasets derived from aerial imagery provide detailed representations of terrain and surface 

characteristics that influence flood behavior (Yan et al., 2021; Mehedi et al., 2022). These datasets enable ML models to 

capture complex spatial patterns associated with flood inundation processes. A particularly promising approach 

involves training ML models on outputs generated by hydraulic flood models. In this hybrid framework, hydraulic 

simulations are used to produce flood inundation maps under various scenarios, which serve as labeled training data for 

the ML model (Song et al., 2025). Once trained, the ML model can rapidly predict flood extents and flow depths for 

"unseen" areas within a reasonable timeframe, making it suitable for real-time flood forecasting.  

This study aims at the prediction of fluvial flood inundation using a Random Forest model trained on hydraulic flood 

maps and high-resolution spatial data. The objective is to develop a reliable, efficient, and scalable modeling framework 

that leverages the strengths of both physically-based and data-driven approaches. Hydraulic flood maps generated from 

hydraulic MIKE+ models provide data for training, while spatial predictors serve as input features for the RF model. 

The methodology involves several key steps. First, hydraulic flood inundation maps are generated for five design 

discharges (Q10, Q20, Q50, Q100, and Q1000). These maps are then combined with corresponding spatial datasets to create a 

comprehensive training dataset. The RF algorithm is then trained to learn the relationship between the spatial predictors 

and flood occurrence. Model performance is evaluated using standard metrics. One of the main advantages of this 

approach is its ability to generalize flood patterns across different scenarios conditions while significantly reducing 

computational costs. 

DATA AND METHODS 

Studied domain 

The studied domain was represented by 8.79 km section of the Kysuca River, which is located in northern Slovakia. 

The bed slope of the studied Kysuca River is 0.004 m/m. The buffer zone of 600 m was created around the studied 

Kysuca River, having an extent of 13.6 km2. The elevation in the studied domain ranges from 432 to 654 m a. s. l. 

(Figure 1a). The studied river section was selected due to its inclusion into critical river sections for the occurrence of 

fluvial floods in all cycles of the Preliminary Flood Risk Assessment (ME SR, 2024), which were carried so far based 

on the EU Floods Directive (2007). The last fluvial flood affected the studied river section in September 2024. 

 

Figure 1. Studied domain: a) elevations and b) segmentation of the Kysuca River section for ML training 
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Spatial predictors 

Seven predictors were used as inputs for the ML classification of fluvial flood extent: slope, stream power index (SPI), 

topographic wetness index (TWI), height above the nearest drainage (HAND), distance to the river, surface roughness, 

and normalized difference vegetation index (NDVI). The source for deriving terrain-based predictors was a high-

resolution DEM obtained from airborne laser scanning. This dataset had a spatial resolution of 1 m and was provided by 

the Geodetic and Cartographic Institute in Bratislava. Using this DEM and geographic information systems (GIS), 

morphometric predictors were generated, including slope, SPI, TWI, and HAND. Distance to the river was calculated 

from vector river line layer using a Euclidean distance approach. Surface roughness was incorporated through 

Manning’s roughness coefficients, which were assigned based on land use/land cover (LULC) data. These data were 

obtained from the 2023 Basic Database for the Geographic Information System (ZBGIS). Each LULC class was 

assigned a representative roughness value according to Chow (1959). Vegetation characteristics were captured using the 

NDVI, derived from high-resolution orthophotos with a spatial resolution of 20 cm. To ensure consistency across all 

input variables, datasets that were not originally derived from the LiDAR elevation model, namely distance to river, 

surface roughness, and NDVI, were resampled to match the spatial resolution of the terrain-based predictors. 

Predictor multicollinearity 

To ensure the reliability of the RF models, an analysis of multicollinearity was conducted to detect strong relationships 

among the selected predictors (Alin, 2010). For this purpose, pairwise relationships among the seven predictors were 

examined using Pearson correlation coefficients. In addition, the variance inflation factor (VIF) was calculated to 

quantify how much the variance of each predictor is affected by its dependence on the others. The VIF serves as an 

indicator of redundancy among variables, with higher values suggesting stronger multicollinearity. Based on commonly 

accepted thresholds reported in previous studies (Vojtek et al., 2023b; Pakdehi et al., 2024), predictors would be 

considered problematic if their VIF exceeded 5 or if their Pearson correlation coefficient was greater than 0.7. 

Training data 

Training data, i.e. flow depths, for the RF models were generated using a two-dimensional hydraulic modeling approach 

implemented in the MIKE+ software. The computational domain was discretized using a flexible mesh. The floodplain 

areas were represented by triangular elements, while the river channels were modeled using quadrangular elements, 

with a maximum longitudinal element length of 5 m and a maximum transversal length of 2 m, to better capture flow 

dynamics within the channel. The resulting mesh consisted of 2,906,690 elements. Simulations were carried out under 

steady-state conditions to represent peak discharges associated with multiple return periods, specifically 10-, 20-, 50-, 

100-, and 1000-year flood events. The design discharge values were obtained from the Slovak Hydrometeorological 

Institute (SHMI). 

Training method 

A river segmentation method was implemented to provide a balanced representation of varying hydrological conditions 

along the full course of the river. By dividing the river according to its natural longitudinal structure and combining this 

with a targeted sampling strategy, the approach minimizes spatial bias and improves the model’s capacity to perform 

consistently across both upstream and downstream sections. Particular attention was given to retaining non-flooded 

areas located close to the river channel, as these zones capture important geomorphological transitions that could be 

overlooked with uniform sampling methods. This combined strategy of segmentation and data balancing supports more 

reliable and spatially consistent modeling of flood processes and river-landscape interactions. To evaluate model 

robustness, the following combinations of training and testing segments 9/1, 8/2, 7/3, 6/4, and 5/5 were applied, 

respectively (Figure 1b). 

Random Forest classification and regression 

RF is an ensemble learning method that builds multiple decision trees using different subsets of the data and combines 

their outputs to improve prediction accuracy and reduce overfitting. Each tree is trained on a randomly resampled 

dataset, and at each split, only a random subset of input features is considered. This dual randomness enhances model 

robustness and diversity among trees. As the number of trees increases, the model’s performance stabilizes, typically 

without risk of degradation. A key advantage of RF is that it performs well with minimal parameter tuning, often 

delivering strong results using default settings (Breiman, 2001). In this study, RF models were trained with bootstrap 

sampling enabled. Model training was parallelized across 64 CPU cores (n_jobs = 64) and all runs were initialized with 

a fixed random seed (random_state = 42) to ensure reproducibility. Both classification and regression models used the 

same fixed configuration with 500 trees, a maximum depth of 15, and a minimum leaf size of 10. 
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Performance of RF models 

The RF classification of fluvial flood extent was evaluated using the metrics of Recall, Precision, and F1-score, which 

were calculated based the number of true positive (TP), false positive (FP), true negative (TN), and false negative (FN) 

pixels. Based on these quantitative metrics, we can find out how reliable RF models are compared to the hydraulically 

modeled flood extents for different flood scenarios. To evaluate the performance of RF regression of flow depths, the 

standard metrics of root mean square error (RMSE), mean absolute error (MAE), coefficient of determination (R2), and 

Bias were calculated based on the ML predicted and hydraulically modeled flow depths in the tested samples. 

RESULTS 

Hydraulically generated training data 

The hydraulically modeled flow depth maps from the MIKE+ model and are presented in Figure 2.  

 

Figure 2. Hydraulically modeled flow depths for the studied flood scenarios used for ML training/testing 

Multicollinearity results 

The results of the multicollinearity assessment based on Pearson correlation coefficients are summarized in Figure 3. 

All predictors showed correlation values below the accepted threshold of 0.7. The highest correlations were observed 

between HAND and distance to river (0.67), followed by slope and surface roughness (0.49), and then roughness and 

HAND (0.38). The VIF results further supported these findings, with all variables remaining well below the critical 

threshold of 5. The highest VIF values were again associated with HAND (2.1) and distance to river (1.9). The other 

VIF values were as follows: slope (1.55), roughness (1.50), TWI (1.23), NDVI (1.22), and SPI (1.09). 
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Figure 3. Pearson correlation for the selected predictors 

Predictors for ML training 

Figure 4 shows predictors used for ML modeling. Mean slope value in the Kysuca domain is 10.04° (Figure 4a). 

Regarding the SPI predictor, the mean value for the studied domains is 14.97 (Figure 4b) while the mean value of TWI 

is 4.08 (Figure 4c). The mean HAND value is 43.62 m (Figure 4d). Distance to river depends on the determined buffer 

zone from the studied rivers with mean value of 390.45 m (Figure 4e). The Manning's roughness n values were assigned 

to individual LULC classes as follows (Figure 4f): forests (0.15), grasslands and urban greenery (0.05), 

orchards/gardens (0.07), built-up areas, asphalt roads, and railways (0.02), arable land (0.035), channels and water 

bodies (0.04), and material/waste dumps (0.03). The mean NDVI value is 0.08 (Figure 4g). 

 

Figure 4. Predictors: a) slope, b) SPI, c) TWI, d) HAND, e) distance to river, f) roughness, and g) NDVI  

Proceedings, 10th International Conference on Cartography and GIS, 14-19 June 2026, Nessebar, Bulgaria 
ISSN: 1314-0604, Eds: Marinova S., Bandrova T., Konečný M.

145



Fluvial flood extent and flow depth prediction by RF 

Based on the RF modeling, we created 50 flood extent maps and 50 flow depth maps for the studied Kysuca domain. 

Due to large number of maps, we only present flood extent (Figure 5a) and flow depth (Figure 5b) maps for 5/5 

training/testing segments and Q100 flood scenario.  

 

Figure 5. ML-based maps: a) flood extent and b) flow depths for 5/5 training/testing segments and Q100 flood scenario 

Performance metrics of RF models 

The quantitative metrics calculated from the RF classification of fluvial flood extent in the studied Kysuca domain are 

shown in Table 1 while Table 2 shows resulting metrics for the RF regression of fluvial flow depths. The F1-score 

values ranged from 0.86 to 0.97 across the studied flood scenarios and tested folds. The training times for RF 

classification varied between 14.44 and 112.74 seconds, with increasing values corresponding to increasing return 

periods (Table 1). The RF regression of flow depths resulted in the RMSE values between 5 and 8%, MAE (3–5%), and 

coefficient of determination (81–94%). In all of the segment folds, except one, the RF model slightly overestimated 

(<4%) the hydraulically modeled flow depths. The training times for RF regression varied from 12.76 to 87.85 seconds, 

with higher training times corresponding to higher return periods as well as to higher number of training folds (Table 2). 

Table 1. Performance metrics for flood extent classification by the RF model 

Flood scenario Fold Precision Recall F1-score TN FP FN TP Training time (sec) 

Q10 

5_5 0.870 0.885 0.878 276,250 41,907 36,485 281,672 14.44 

6_4 0.855 0.894 0.874 199,074 35,511 24,784 209,801 19.15 

7_3 0.848 0.928 0.886 141,423 28,294 12,242 157,475 22.57 

8_2 0.830 0.916 0.871 112,433 25,911 11,632 126,712 24.91 

9_1 0.861 0.969 0.912 51,518 9,553 1,912 59,159 29.76 

Q20 

5_5 0.872 0.965 0.916 349,143 57,495 14,077 392,561 18.01 

6_4 0.871 0.926 0.898 271,165 43,121 23,122 291,164 23.48 

7_3 0.872 0.965 0.916 202,873 33,624 8,196 228,301 28.62 

8_2 0.867 0.959 0.911 173,603 30,089 8,261 195,431 31.72 

9_1 0.902 0.976 0.938 79,008 9,376 2,101 86,283 39.69 

Q50 

5_5 0.888 0.983 0.933 434,979 61,703 8,508 488,174 25.88 

6_4 0.896 0.961 0.928 350,935 43,862 15,277 379,520 32.11 

7_3 0.908 0.971 0.939 274,543 29,876 8,755 295,664 37.89 

8_2 0.914 0.965 0.939 244,441 24,460 9,501 259,400 41.19 

9_1 0.946 0.990 0.968 102,853 6,111 1,049 107,915 52.97 

Q100 

5_5 0.918 0.959 0.938 533,738 50,262 23,964 560,036 28.56 

6_4 0.916 0.927 0.921 415,655 38,545 33,213 420,987 37.60 

7_3 0.929 0.927 0.928 329,658 25,072 26,051 328,679 43.03 

8_2 0.939 0.918 0.928 295,724 18,763 25,903 288,584 46.65 

9_1 0.967 0.971 0.969 117,259 4,055 3,541 117,773 75.04 
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Q1000 

5_5 0.941 0.826 0.880 810,323 44,429 148,587 706,165 37.29 

6_4 0.936 0.799 0.862 658,160 38,367 139,983 556,544 53.95 

7_3 0.928 0.831 0.877 483,935 33,279 87,480 429,734 76.03 

8_2 0.928 0.956 0.942 332,511 26,788 15,659 343,640 82.80 

9_1 0.932 0.988 0.959 121,949 9,550 1,558 129,941 112.74 

Table 2. Performance metrics for flow depth regression by the RF model 

Flood scenario Fold RMSE MAE R2 Bias Training time (sec) 

Q10 

5_5 7.41% 4.52% 89.96% 2.60% 12.76 

6_4 7.18% 4.37% 90.72% 3.29% 16.94 

7_3 7.43% 4.61% 89.92% 3.78% 19.70 

8_2 7.25% 4.50% 88.88% 3.58% 21.83 

9_1 6.35% 3.73% 91.85% 2.51% 26.74 

Q20 

5_5 7.11% 4.32% 89.19% 2.52% 15.74 

6_4 6.64% 4.03% 90.52% 2.76% 20.96 

7_3 6.76% 4.09% 89.85% 3.26% 26.46 

8_2 6.59% 3.95% 88.27% 3.07% 29.71 

9_1 5.34% 3.05% 93.06% 1.59% 34.96 

Q50 

5_5 7.05% 4.27% 88.04% 2.53% 23.41 

6_4 6.33% 3.86% 90.09% 2.35% 29.50 

7_3 6.37% 3.82% 89.53% 2.87% 35.07 

8_2 6.26% 3.71% 87.34% 2.79% 37.79 

9_1 4.93% 2.75% 93.58% 0.80% 48.75 

Q100 

5_5 6.83% 4.15% 88.31% 2.18% 27.77 

6_4 6.40% 3.84% 89.65% 1.94% 33.89 

7_3 6.35% 3.72% 89.28% 2.48% 40.08 

8_2 6.23% 3.62% 87.25% 2.33% 42.55 

9_1 5.11% 2.88% 93.67% -0.54% 57.83 

Q1000 

5_5 7.39% 4.43% 85.14% 1.97% 31.24 

6_4 7.19% 4.26% 84.99% 1.56% 43.27 

7_3 7.13% 4.21% 84.44% 2.54% 54.03 

8_2 7.70% 4.64% 81.05% 3.34% 70.89 

9_1 5.18% 3.09% 94.10% 0.05% 87.85 

Predictor importance for RF classification and regression 

Table 3 shows the percentage importance of predictors for the studied flood scenarios and folds. In case of RF 

classification, the most important predictor was HAND with values ranging from 60 to 68% across different folds and 

flood scenarios. The second most important predictors was distance to river with values from 20 to 23%, followed by 

slope with values from 3 to 7%. The rest of predictors resulted in values lower than 7%. As for the RF regression, the 

most important predictor was again HAND (56-60%) across different folds and flood scenarios. The second most 

important predictor was distance to river (30-34%) while the third most important predictor was roughness, having 

values from 6 to 8%. 

Table 3. Importance of predictors for the RF classification and regression 

Flood 

scenario 
Fold 

RF classification RF regression 

HAND 
Distance 

to river 
Roughness SPI TWI NDVI Slope HAND 

Distance 

to river 
Roughness SPI TWI NDVI Slope 

Q10 

5_5 61.9% 22.4% 6.8% 1.5% 0.7% 3.4% 3.3% 57.5% 32.4% 7.0% 0.4% 0.6% 1.3% 0.8% 

6_4 60.1% 23.1% 7.4% 1.5% 0.8% 3.6% 3.5% 57.4% 32.2% 7.2% 0.3% 0.5% 1.4% 0.9% 

7_3 61.9% 22.1% 6.4% 1.6% 0.9% 3.5% 3.6% 57.2% 33.0% 7.0% 0.3% 0.5% 1.2% 0.8% 

8_2 61.9% 22.3% 6.6% 1.5% 0.8% 3.6% 3.5% 57.2% 33.0% 7.0% 0.3% 0.5% 1.1% 0.8% 

9_1 61.0% 23.3% 6.6% 1.5% 0.8% 3.3% 3.5% 57.1% 33.1% 7.1% 0.3% 0.5% 1.2% 0.8% 
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Q20 

5_5 65.5% 20.8% 4.8% 1.8% 0.7% 2.6% 3.9% 58.4% 31.8% 6.9% 0.3% 0.5% 1.3% 0.8% 

6_4 63.6% 22.4% 5.0% 1.7% 0.7% 2.6% 3.9% 58.4% 32.2% 6.5% 0.4% 0.5% 1.4% 0.8% 

7_3 63.7% 22.2% 5.0% 1.8% 0.8% 2.6% 4.1% 55.7% 34.2% 7.3% 0.4% 0.5% 1.1% 0.8% 

8_2 63.3% 22.3% 5.5% 1.6% 0.8% 2.6% 3.9% 57.0% 32.8% 7.5% 0.4% 0.4% 1.1% 0.8% 

9_1 64.2% 21.9% 5.2% 1.6% 0.7% 2.3% 4.0% 56.3% 34.0% 7.0% 0.4% 0.4% 1.2% 0.8% 

Q50 

5_5 66.6% 20.7% 3.4% 2.3% 0.7% 1.6% 4.7% 60.3% 31.1% 5.9% 0.4% 0.4% 1.0% 0.9% 

6_4 64.7% 22.0% 3.6% 2.3% 0.7% 1.8% 5.0% 58.1% 31.4% 7.4% 0.4% 0.4% 1.2% 1.0% 

7_3 65.3% 22.1% 3.5% 2.0% 0.7% 1.7% 4.6% 59.1% 30.9% 7.0% 0.4% 0.4% 1.2% 1.0% 

8_2 65.7% 21.8% 3.8% 2.0% 0.7% 1.8% 4.2% 57.6% 32.7% 6.9% 0.4% 0.4% 1.1% 1.0% 

9_1 65.4% 21.8% 3.6% 2.2% 0.7% 1.6% 4.7% 57.5% 33.2% 6.4% 0.4% 0.4% 1.1% 0.9% 

Q100 

5_5 66.1% 21.0% 3.2% 2.4% 0.7% 1.5% 5.2% 58.8% 31.8% 6.3% 0.5% 0.4% 1.1% 1.1% 

6_4 65.4% 22.2% 2.9% 2.5% 0.6% 1.4% 5.1% 57.3% 32.6% 6.6% 0.5% 0.4% 1.2% 1.3% 

7_3 66.4% 21.7% 2.8% 2.3% 0.7% 1.4% 4.8% 58.0% 31.4% 7.3% 0.5% 0.4% 1.1% 1.3% 

8_2 66.4% 21.9% 3.3% 2.0% 0.6% 1.4% 4.4% 58.2% 32.6% 6.0% 0.4% 0.4% 1.1% 1.2% 

9_1 64.6% 22.9% 2.7% 2.5% 0.7% 1.4% 5.1% 57.2% 33.3% 6.2% 0.5% 0.4% 1.1% 1.2% 

Q1000 

5_5 68.5% 20.3% 2.2% 2.4% 0.5% 1.3% 4.8% 59.9% 30.2% 5.9% 0.7% 0.4% 1.1% 1.9% 

6_4 68.1% 21.0% 1.9% 2.3% 0.6% 1.1% 5.0% 58.8% 31.1% 5.9% 0.8% 0.4% 1.1% 1.8% 

7_3 66.7% 22.0% 1.9% 2.4% 0.6% 1.2% 5.1% 59.9% 30.2% 5.8% 0.8% 0.4% 1.1% 1.9% 

8_2 63.3% 22.9% 2.4% 2.8% 0.7% 1.4% 6.5% 60.2% 30.2% 5.7% 0.7% 0.4% 1.1% 1.7% 

9_1 63.0% 22.8% 2.2% 3.0% 0.9% 1.3% 6.8% 58.1% 31.5% 6.4% 0.7% 0.4% 1.2% 1.8% 

DISCUSSION AND CONCLUSION 

The results of this study demonstrate the strong potential of machine learning, specifically the Random Forest 

algorithm, for predicting fluvial flood extent and flow depth based on high-resolution spatial predictors. The 

hydraulically modeled outputs from the MIKE+ model provided a reference dataset, enabling robust training and 

validation of the RF models across multiple flood scenarios and training/testing configurations. The multicollinearity 

analysis confirmed that the selected predictors were suitable for modeling, as all Pearson correlation coefficients 

remained below the commonly accepted threshold of 0.7 and VIF values were well under 5. Although moderate 

correlations were observed between HAND and distance to river, as well as between slope and roughness, these 

relationships did not adversely affect model performance. This indicates that the predictor set was both statistically 

appropriate and physically meaningful for representing flood processes. 

The RF classification results showed consistently high predictive performance, with F1-scores ranging from 0.86 to 

0.97 across all flood scenarios and folds. These values indicate a strong balance between precision and recall, 

confirming the model’s ability to accurately delineate flooded and non-flooded areas. Slightly lower performance 

observed for the extreme Q1000 scenario in some folds may reflect increased spatial variability and complexity 

associated with rare, high-magnitude flood events. Nevertheless, the overall classification accuracy remained high. 

Similarly, the RF regression of flow depths yielded very good results, with RMSE values between 5–8%, MAE between 

3–5%, and coefficients of determination ranging from 81% to 94%. The slight overestimation of flow depths (<4%) 

observed in most cases suggests a conservative bias. The increase in training time with higher return periods and larger 

training datasets reflects the growing complexity of the modeled relationships but remains computationally efficient. 

The analysis of predictor importance revealed a clear dominance of terrain-related variables, particularly HAND and 

distance to river, in both classification and regression tasks. HAND consistently accounted for more than 55% of model 

importance, highlighting its critical role. Distance to river was the second most influential predictor, confirming the 

expected spatial dependence of flooding on proximity to the channel network. Other variables, such as roughness, slope, 

and morphometric indices (TWI, SPI), contributed to a lesser extent, suggesting that while they refine model outputs, 

they are secondary to primary topographic controls. These findings are consistent with previous studies (Pakdehi et al., 

2024; Li et al., 2025) emphasizing the importance of terrain and hydrological connectivity in flood modeling. The 

relatively low importance of NDVI and some morphometric indices may be attributed to the dominance of topographic 

factors in the studied domain, where flood dynamics are strongly controlled by elevation gradients and channel 

proximity (Vojtek et al., 2026). 

In conclusion, the RF-based approach proved to be an effective and computationally efficient alternative to traditional 

hydraulic modeling for flood extent and depth prediction. The model achieved high accuracy across multiple flood 

scenarios while maintaining reasonable training times. The results confirm that machine learning models, when trained 
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on high-quality hydraulic simulations and detailed spatial datasets, can provide reliable flood hazard information. This 

approach has significant potential for rapid flood mapping, scenario analysis, and decision support in flood risk 

management, particularly in data-rich environments. Future research should focus on model transferability to other 

areas, incorporation of additional dynamic variables, and comparison with other ML techniques to further enhance 

predictive performance.  
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