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Abstract. Machine learning methods, particularly Random Forest (RF), present an effective solution for predicting 24 

urban pluvial flood water depth, especially in data-scarce regions where traditional hydrological and hydraulic 25 

observations are lacking. This study proposes a DEM-centric RF framework for predicting spatially continuous urban 26 

flood water depth across various precipitation return periods, emphasizing its robustness to terrain resolution 27 

degradation and spatial transferability. The model is trained and validated in Milan using a 1 m LiDAR-derived DEM 28 

and evaluated with a coarser 5 m EU-DEM to assess sensitivity to reduced resolution. Transferability is tested by 29 

applying the trained model to Cologne using independent 1 m LiDAR data. Model performance is assessed across 30 

five precipitation scenarios (5–100-year return periods) using absolute error metrics, tolerance thresholds, spatial 31 

diagnostics, and confidence-stratified analyses. Results show stable performance, with mean absolute errors below 32 

0.30 m and over 58% of grid cells within ±0.25 m of reference flood depths. Prediction errors are mainly found in 33 

hydraulically complex areas, while the majority of the urban domain shows well-constrained predictions. Confidence 34 

diagnostics indicate that high- and very-high-confidence predictions comply with tolerance thresholds under both 35 

https://orcid.org/0000-0002-5782-8170
https://orcid.org/0000-0001-7236-010X
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DEM resolution degradation and spatial transfer. These findings suggest that relative terrain structure governs urban 36 

pluvial flooding patterns, enabling reliable flood depth predictions with medium-resolution DEMs. This framework 37 

offers a scalable tool for urban flood screening, hazard assessment, and climate adaptation planning in areas with 38 

limited data. 39 

 40 

Keywords: Urban pluvial flooding; Random Forest; Flood water depth; Digital elevation model; Model 41 

transferability; Uncertainty and confidence analysis 42 

  43 
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1. Introduction 44 

The frequency and severity of natural disasters have increased in recent decades, a trend widely attributed to climate 45 

change, rapid urbanisation, and anthropogenic land-use change. Among these hazards, flooding remains the most 46 

pervasive and destructive, causing extensive damage to infrastructure, disrupting economic activities, and posing 47 

significant risks to human life. Global assessments consistently report rising flood-related losses, with urban areas 48 

experiencing disproportionate impacts due to high population density, extensive impervious surfaces, and complex 49 

drainage systems (IPCC, 2023; Rentschler et al., 2022; Dottori et al., 2018). Urban flooding is characterised by rapid 50 

runoff generation, limited infiltration capacity, and localised water accumulation, often triggered by short-duration, 51 

high-intensity rainfall events. These processes are expected to intensify under projected climate change scenarios, 52 

which indicate an increase in the frequency and magnitude of extreme precipitation events across many regions (Donat 53 

et al., 2016; Westra et al., 2014). Enhancing the capability to predict flood dynamics in urban environments has 54 

therefore become a critical priority for disaster risk reduction and climate adaptation planning.  55 

Accurate prediction of flood water depth is particularly important for urban flood risk management. Unlike binary 56 

flood extent mapping, water depth provides quantitative information essential for emergency response, infrastructure 57 

vulnerability assessment, and damage estimation (Apel et al., 2004; Merz et al., 2010; Büchele et al., 2006). However, 58 

reliable prediction of urban flood water depth remains challenging due to the highly nonlinear nature of flood 59 

processes. In addition, the limited availability of high-resolution hydrological and hydraulic data constrains robust 60 

model calibration and validation (Teng et al., 2017; Costabile et al., 2019; Apel et al., 2009; Liu et al., 2025).  61 

These challenges are further compounded by the scarcity of monitoring networks capable of measuring spatially 62 

distributed flood water depths in most cities, particularly in rapidly developing or resource-constrained regions. As a 63 

result, empirical evaluation and independent validation of flood models remain limited, reinforcing the need for 64 

alternative modelling strategies that can operate under data-scarce conditions (Liu et al., 2025; Mosavi et al., 2018).  65 

Traditionally, physically-based hydrological and hydrodynamic models, such as SWMM (U.S. Environmental 66 

Protection Agency, 2017), HEC-HMS (U.S. Army Corps of Engineers, 2016), HEC-RAS (U.S. Army Corps of 67 

Engineers, 2016), and MIKE URBAN (DHI, 2017), have been employed to simulate urban flood processes. have been 68 

employed to simulate urban flood processes. These models are grounded in depth-averaged continuity and momentum 69 

equations that explicitly enforce mass and momentum conservation during flood propagation (Bates et al., 2010). 70 

When supported by detailed input data, rigorous calibration, and accurate representation of drainage infrastructure, 71 

such models can reproduce flood dynamics with considerable physical realism, particularly for complex inundation 72 

and flow processes (Neal et al., 2012; Schumann et al., 2018; Costabile et al., 2019). However, when the spatial 73 

resolution of the underlying digital elevation model (DEM) or digital terrain model (DTM) is reduced, hydraulic 74 

models become increasingly sensitive to terrain quality, particularly where small-scale conveyance features such as 75 

canals, culverts, and urban drainage pathways are not explicitly represented or are smoothed by the coarser 76 

topographic surface (Sanders, 2007; Cook & Merwade, 2009; Teng et al., 2017). In practice, such hydraulic features 77 

are frequently missing or poorly resolved in commonly available terrain datasets. This issue can cause 78 

physically-based hydraulic simulations to exhibit non-physical behaviour, including artificial flow blocking, 79 

unrealistic ponding, or unintended release of water from portions of the computational domain (Sanders, 2007; Cook 80 
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& Merwade, 2009; Teng et al., 2017). Reducing these effects often requires substantial terrain preprocessing, including 81 

manual inspection, drainage enforcement, and localised modification of the DTM, which is time-consuming and data-82 

intensive, especially in urban and semi-urban catchments (Cook & Merwade, 2009; Teng et al., 2017). In addition to 83 

these preprocessing demands, broader application of physically-based models is commonly constrained by high 84 

computational cost, sensitivity to parameter uncertainty, and reduced efficiency when applied to large or complex 85 

domains (Neal et al., 2012; Teng et al., 2017). These limitations restrict their suitability for rapid flood assessment, 86 

large-scale screening, and near-real-time applications.  87 

In response to these constraints, machine learning (ML) approaches have emerged as efficient alternatives or 88 

complementary tools to physically based models in flood research, particularly under conditions of limited 89 

hydrological data availability (Mosavi et al., 2018). ML algorithms are capable of learning complex relationships 90 

directly from data and can provide rapid predictions once trained, even in data-scarce environments (Shen, 2018; 91 

Mosavi et al., 2018; Yaseen, 2021; Bowes et al., 2022). Rather than explicitly solving the governing hydraulic 92 

equations, ML models infer empirical relationships between input features, such as precipitation, topography, and land 93 

cover, and flood response variables. Flood characteristics, including inundation depth, are commonly predicted on a 94 

grid-cell basis without requiring explicit representation of hydraulic connectivity or detailed drainage networks 95 

(Shirzadi et al., 2020). Consequently, ML-based approaches reduce dependence on explicit representation of fine-96 

scale hydraulic connectivity and can provide practically useful flood estimates even where local flow pathways are 97 

incompletely captured, supporting large-area screening applications (Teng et al., 2017). 98 

ML algorithms are commonly categorised into supervised learning, unsupervised learning, and reinforcement learning 99 

(Mosavi et al., 2018; James et al., 2021; Criminisi et al., 2019). Within supervised learning, which dominates most 100 

flood prediction and flood hazard applications, deep learning (DL) and ensemble learning represent the two most 101 

widely adopted methodological families (Mosavi et al., 2018; Mudashiru et al., 2021; Bentivoglio et al., 2022; 102 

Chitwatkulsiri & Miyamoto, 2023). DL models are capable of learning hierarchical feature representations and 103 

capturing complex spatial and temporal dependencies when large training datasets are available (Bentivoglio et al., 104 

2022; Zhang et al., 2022). However, their performance is often constrained by high data requirements, computational 105 

cost, and model complexity, which limit their applicability in heterogeneous and data-scarce urban flood environments 106 

(Mosavi et al., 2018; Nearing et al., 2021; Mudashiru et al., 2021). Ensemble learning methods address these 107 

limitations by integrating multiple weak learners to enhance robustness, reduce overfitting, and better manage 108 

nonlinear relationships and mixed-type predictors (Belgiu & Drăguț, 2016; Mudashiru et al., 2021). Among these 109 

approaches, Random Forest (RF) has been extensively applied in flood-related studies due to its ability to efficiently 110 

handle high-dimensional and heterogeneous datasets while maintaining stable performance under limited or noisy 111 

training data (Mosavi et al., 2018; Mudashiru et al., 2021). RF models have demonstrated strong predictive accuracy 112 

and interpretability in urban flood hazard and inundation studies, often outperforming single decision trees and other 113 

classical ML algorithms (Belgiu & Drăguț, 2016; Norallahi & Kaboli, 2021; Seleem et al., 2023; Bentivoglio et al., 114 

2022). Despite these advantages, RF-based applications for spatially continuous urban flood water depth prediction 115 

remain relatively limited, with most studies focusing on flood susceptibility mapping, inundation extent delineation, 116 

or discrete depth classification (Mosavi et al., 2018; Bentivoglio et al., 2022). Moreover, many ML-based flood depth 117 
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models rely on hydrological inputs such as rainfall or discharge data that are often unavailable or highly uncertain in 118 

urban settings, limiting model transferability (Merz et al., 2014; Tehrany et al., 2015; Nearing et al., 2021). Recent 119 

advances highlight the potential of digital DEM-derived terrain attributes as physically meaningful predictors that 120 

capture runoff routing and water accumulation patterns without extensive hydrological calibration, making them 121 

particularly suitable for data-scarce urban contexts (Samela et al., 2018; Costabile et al., 2019; El Baida et al., 2024). 122 

To address this gap, this study proposes an RF-based framework for urban flood water depth prediction that 123 

emphasises DEM-derived hydrological parameters under low-data conditions. The proposed approach aims to balance 124 

physical relevance and computational efficiency, offering a practical alternative to computationally intensive 125 

hydrodynamic simulations. By focusing on topography-driven predictors and ensemble learning, the framework seeks 126 

to enhance the transferability and scalability of urban flood water depth modelling. Unlike most existing data-driven 127 

urban flood studies, which are calibrated for single cities or rely on hydrological forcing and location-specific 128 

retraining, this study explicitly evaluates both DEM-resolution robustness and cross-city model transferability within 129 

a unified modelling framework. 130 

The specific objectives of this study are to:  131 

i. derive and analyse key DEM-based hydrological parameters relevant to urban flood processes;  132 

ii. develop a Random Forest regression model for predicting spatially distributed urban flood water depth;  133 

iii. evaluate model performance using standard statistical and spatial metrics under limited hydrological data 134 

availability; and  135 

iv. assess the relative importance of topographic predictors in controlling flood depth variability.  136 

To address these objectives, the proposed framework integrates DEM-derived hydrological and terrain predictors with 137 

RF regression to model spatially continuous urban pluvial flood water depth under multiple precipitation scenarios. 138 

Model robustness to terrain resolution is examined by comparing predictions obtained using high-resolution LiDAR 139 

(Light Detection and Ranging) and coarser EU-DEM data, while spatial transferability is evaluated through 140 

application of the trained model, without retraining, to an independent urban case study.  141 

The paper is structured as follows. Section 2 describes the study areas, data sources, DEM-derived predictors, and the 142 

overall modelling framework. Section 3 presents model performance, robustness to DEM resolution degradation, and 143 

cross-city transferability results, including uncertainty and confidence-based analyses. Section 4 discusses the 144 

implications of the findings, model limitations, and applicability for urban flood risk assessment. Section 5 concludes 145 

the paper and outlines perspectives for future research. 146 

2. Materials and Methods 147 

2.1. Conceptual framework 148 

The conceptual workflow applied in this study is shown in Figure 1. It targets urban environments where detailed 149 

hydrometric observations are scarce, and flood information is primarily available through scenario-based modelling 150 

outputs.  151 
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 152 

Figure 1. Framework for data-driven flood prediction 153 

 154 

Specifically, it consists of four interconnected components: 155 

1. Scenario-based reference flood datasets. Spatially explicit flood water depth maps for multiple 156 

precipitation return periods serve as learning targets. These datasets provide realistic representations of flood 157 

behaviour across a range of rainfall severities, forming the basis for supervised model training. 158 

2. Topographic and land-surface representation. DEM-derived hydrological and terrain attributes are 159 

extracted to characterise local surface morphology, runoff routing tendencies, and potential storage areas. 160 

These predictors capture physically meaningful controls on flood accumulation without explicitly solving 161 

hydraulic equations. 162 

3. Random Forest regression module. The RF model learns nonlinear relationships between terrain 163 

descriptors, rainfall severity, and flood water depth. Its ensemble structure captures complex interactions 164 

among predictors while ensuring robustness under heterogeneous terrain inputs and sparse hydrological data. 165 

4. Robustness and generalisation assessment. We evaluate the stability of terrain–flood relationships under 166 

varying data conditions, including reduced terrain resolution and application to independent urban areas. This 167 

component tests whether relative morphological structure provides transferable predictive information 168 

beyond the original calibration context. 169 

 170 
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2.2. Reference flood hazard dataset and case study selection 171 

To implement and evaluate the proposed framework, its application has been restricted to a subset of case studies 172 

selected based on data availability and suitability for supervised training of the RF model. Specifically, flood water 173 

depths used for training were obtained from a dataset developed within the C3S Pluvial Flood Risk Assessment in 174 

Urban Areas Service (https://climate.copernicus.eu/disaster-risk-reduction) by Mercogliano et al. (2021). The data 175 

was presented in Essenfelder et al. (2022) for further reference. The dataset provides probabilistic flood hazard maps 176 

for five precipitation return periods (5, 10, 25, 50, and 100 years) over 20 European cities. These maps were generated 177 

using the Safer_RAIN model (Samela et al., 2020; Mediero et al., 2022), a simplified raster-based filling-and-spilling 178 

approach operating on high-resolution DEMs. The model simulates rainfall accumulation and overflow within 179 

hierarchically organised surface depressions under prescribed design storms. It adopts a hydrostatic formulation, 180 

accounting for terrain-controlled storage and infiltration processes represented through a pixel-based Green-Ampt 181 

scheme (Green and Ampt, 1911). Among the cities available within the dataset, we have selected Milan (Italy) and 182 

Cologne (Germany) for implementation of the framework. The choice has been guided by two criteria: (i) 183 

morphological similarity and low-relief urban structure, which favour terrain-controlled flood dynamics, and (ii) the 184 

availability of DEMs at multiple spatial resolutions, including high-resolution LiDAR data at 1 m and the coarser EU-185 

DEM at 5 m. This dual-resolution availability enables systematic assessment of model robustness to terrain resolution 186 

degradation while maintaining consistent reference flood information. 187 

The geographic locations and topographic characteristics of the two case study areas are shown in Figure 2. 188 

 189 

Figure 2. Geographic location and digital elevation models (DEMs) of the two case study areas: (a) Milan (Italy) and 190 

(b) Cologne (Germany). 191 

 192 

In brief, Milan, located in northern Italy, is one of the country’s most densely urbanised metropolitan regions. The 193 

administrative area covers approximately 180 km², with elevations ranging from about 98 m to 171 m above mean sea 194 

level and a mean elevation of approximately 122 m. The city is characterised by very low topographic relief, which 195 

enhances surface water accumulation during short-duration, high-intensity rainfall events and increases sensitivity to 196 

subtle elevation gradients and micro-topographic controls on urban ponding. On the other side, Cologne, located in 197 

western Germany, covers approximately 143 km², with elevations ranging from about 36.8 m to 84.5 m above mean 198 

https://climate.copernicus.eu/disaster-risk-reduction
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sea level and a mean elevation of approximately 51.4 m. Similar to Milan, Cologne exhibits relatively low relief and 199 

extensive urban development, but differs in urban layout and drainage configuration. Its morphological comparability, 200 

combined with structural differences, provides a suitable setting for evaluating the spatial transferability of the terrain-201 

driven flood water depth prediction framework. 202 

2.3. Explanatory variables (predictors) 203 

Explanatory variables (or predictors) were derived exclusively from digital terrain and land-use information. The 204 

modelling strategy intentionally minimises reliance on traditional hydrometric observations by using (i) DEM-derived 205 

hydrological and terrain parameters, (ii) land-use information, and (iii) scenario-based precipitation inputs 206 

corresponding to different return periods. 207 

2.3.1. DEM-derived hydrological and terrain parameters 208 

All explanatory terrain variables were derived from DEMs without using absolute elevation as a direct predictor. 209 

Instead, relative and process-oriented terrain indices were extracted to represent topographic controls on runoff 210 

routing, flow convergence, and surface water accumulation. This choice is particularly relevant in low-relief urban 211 

environments, where subtle elevation differences and micro-topographic features strongly influence flood dynamics. 212 

All terrain derivatives were computed from the DEM using standard terrain and hydrological analysis tools 213 

implemented in QGIS, ensuring methodological consistency across study areas and DEM resolutions (QGIS 214 

Development Team, 2024). The following DEM-derived parameters were used as input features: 215 

1) Slope: it represents the local gradient of the terrain and directly influences surface runoff velocity and drainage 216 

efficiency (Moore et al., 1991). In flat urban environments, even subtle slope variations can strongly affect surface 217 

water retention, flow pathways, and localised ponding during intense rainfall events (Costabile et al., 2019). 218 

2) Topographic Position Index (TPI): it quantifies the relative elevation of a grid cell with respect to its surrounding 219 

neighbourhood, allowing the identification of ridges, valleys, and local depressions (Weiss, 2001). TPI has been 220 

widely used to characterise micro-topographic controls on surface water convergence and divergence, which are 221 

critical for urban flood accumulation processes (Samela et al., 2018).  222 

3) Terrain Ruggedness Index (TRI): it measures terrain heterogeneity by calculating elevation differences between 223 

neighbouring cells (Riley et al., 1999). In urban areas, TRI captures surface roughness introduced by both natural and 224 

anthropogenic features, influencing flow resistance and contributing to spatial variability in flood water depth patterns 225 

(Costabile et al., 2019). 226 

4) Topographic Wetness Index (TWI): it combines local slope and upstream contributing area to describe the spatial 227 

tendency for water accumulation (Beven & Kirkby, 1979; Moore et al., 1991). Higher TWI values indicate zones of 228 

flow convergence and potential surface saturation, making it a useful proxy for identifying flood-prone locations in 229 

urban landscapes (Tehrany et al., 2015).  230 

5) Topographic depressions (sink areas): they represent local sink areas where surface runoff accumulates and is 231 

temporarily stored prior to overflow. These features are particularly influential in flat urban terrain and play a key role 232 

in controlling localised inundation and urban ponding (Lindsay & Creed, 2005; Leitão et al., 2009). Depression 233 

mapping was performed using sink identification and hydrological preprocessing tools available in QGIS. 234 
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2.3.2. Land-use information 235 

In addition to DEM-derived predictors, land-use information was incorporated to account for the influence of surface 236 

characteristics on runoff generation and the spatial variability of flood water depth. Land-use data were obtained from 237 

the CORINE Land Cover (CLC) 2018 dataset provided by the Copernicus Land Monitoring Service, which offers 238 

harmonised land-use and land-cover information across Europe at 100 m spatial resolution with a six-year update 239 

cycle and high thematic consistency (Copernicus Land Monitoring Service, 2018). The same land-use dataset was 240 

used for both the Milan and Cologne case studies, ensuring methodological consistency and enabling a controlled 241 

assessment of model transferability across different urban contexts. Land-use classes were included as categorical 242 

predictors to represent differences in imperviousness, surface roughness, and infiltration capacity across urban fabric, 243 

transportation infrastructure, green spaces, and open areas. The importance of land-use and land-cover data in urban 244 

flood modelling is well recognised, as such data capture anthropogenic controls on flood response that are not 245 

represented by terrain information alone (Lin et al., 2019; Islam et al., 2025). In addition, hybrid approaches combining 246 

machine learning with GIS-derived land-cover predictors have demonstrated improved performance in flood 247 

susceptibility and risk assessments (Wang et al., 2019). The integration of land-use data, therefore, complements 248 

terrain-derived predictors by accounting for both natural and anthropogenic influences on urban flood water depth 249 

patterns. 250 

2.3.3. Scenario-based precipitation inputs  251 

The precipitation inputs consist of event-based design storm scenarios associated with fixed return periods (5, 10, 25, 252 

50, and 100 years). These scenarios were used as inputs for the reference flood hazard maps developed by Essenfelder 253 

et al. (2022) and serve as the rainfall forcing for the Random Forest model. They are derived from intensity-duration-254 

frequency (IDF) curves based on the ERA5@2km dataset, obtained through convection-permitting dynamical 255 

downscaling (≈2.2 km) of the ERA5 reanalysis for the period 1989–2018 (Reder et al., 2022). This high-resolution 256 

dataset enables improved representation of extreme hourly precipitation over urban areas compared to coarse-257 

resolution reanalysis products. The resulting design rainfall inputs provide spatially coherent and physically consistent 258 

extreme precipitation estimates for probabilistic pluvial flood hazard assessment at the city scale. 259 

 260 

2.4. RF model structure and training strategy 261 

RF model was employed to reproduce spatial flood water depth using a combination of DEM-derived, land-use, and 262 

precipitation-based predictors (see §2.3). In this study, the RF model was trained using a 1 m LiDAR-derived DEM 263 

for Milan, together with the corresponding flood water depth outputs and precipitation scenarios.  264 

The flood water depth outputs correspond to scenario-based pluvial flood conditions associated with distinct rainfall 265 

severities. These design rainfall scenarios produce spatially varying flood water depth patterns that reflect differences 266 

in rainfall intensity and flood extent across return periods, while ensuring consistency across cities and scenarios. The 267 

ensemble of scenario-based flood depth outputs was used jointly to train the RF model. This enabled the model to 268 

learn flood water depth variability across a wide range of rainfall severities while requiring minimal additional 269 

hydrological input or temporal rainfall information. 270 
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Given the very large dataset size (approximately 55.2 million grid cells at 1 m spatial resolution), the data were 271 

randomly partitioned into 70% for training (38,656,294 samples) and 30% for validation (16,566,984 samples). The 272 

random data split was used exclusively for internal validation within the Milan domain, allowing assessment of model 273 

performance on unseen samples drawn from the same spatial distribution as the training data. External spatial 274 

transferability was evaluated independently through application of the trained model to the Cologne case study, as 275 

described in Section 2.6. These two evaluation procedures serve distinct purposes: the former assesses internal 276 

predictive reliability, whereas the latter evaluates out-of-domain generalisation. 277 

A 70/30 split is widely adopted in machine learning applications involving large datasets, as it provides sufficient data 278 

for robust model learning while retaining an independent subset for reliable performance evaluation (Hastie et al., 279 

2009; Kuhn & Johnson, 2013). In flood-related and geospatial machine learning studies, this partitioning strategy has 280 

been shown to offer a stable balance between predictive accuracy and generalisation capability without introducing 281 

unnecessary variance in validation results (Mosavi et al., 2018). 282 

To assess the influence of ensemble size on model behaviour, RF models were trained using 50, 100, and 150 decision 283 

trees. Following this sensitivity analysis, an ensemble size of 100 trees was selected for subsequent experiments as a 284 

compromise between predictive accuracy, computational efficiency, and model stability. Model training employed 285 

bootstrap sampling and random feature selection to enhance ensemble diversity and reduce variance, consistent with 286 

the original Random Forest formulation (Breiman, 2001). At each split, a random subset of predictors equal to the 287 

square root of the total number of features was considered, which is standard practice for RF regression (Hastie et al., 288 

2009; James et al., 2021). A minimum leaf size of five samples was imposed to limit excessive tree complexity and 289 

reduce sensitivity to noise, which is particularly important for large, high-resolution geospatial datasets (Genuer et al., 290 

2010; Probst et al., 2019). All trees were trained using bootstrap-resampled subsets of the training data.  291 

Model training was parallelised on a high-performance computing (HPC) system. This exploited the inherently 292 

independent and parallelisable structure of Random Forest ensembles, in which individual decision trees can be trained 293 

independently without inter-tree communication (Liaw & Wiener, 2002; Criminisi et al., 2012). All RF training and 294 

prediction experiments were performed on the CMCC Juno HPC cluster using the LSF workload manager. Model 295 

training was executed as single-node CPU jobs with memory allocations ranging from 120 to 170 GB. For the full 296 

Milan LiDAR dataset (~55 million grid cells), training required approximately 2.2 hours for 50 trees (peak memory 297 

~82 GB), 4.5 hours for 100 trees (peak memory ~120 GB), and 6.9 hours for 150 trees (peak memory ~157 GB), 298 

demonstrating near-linear scaling of computational cost with ensemble size. Validation and spatial prediction for a 299 

single precipitation scenario required approximately 2 hours at 1 m resolution and less than 30 minutes when using 300 

the 5 m DEM, with peak memory usage of approximately 100–105 GB. Application of the trained model to Cologne 301 

exhibited similar runtime and memory characteristics. These results indicate that, although high-resolution city-scale 302 

flood prediction is memory-intensive, the computational burden remains manageable on modern single-node HPC 303 

systems without requiring distributed computing or GPU acceleration. 304 

2.5. DEM resolution and model transferability experiments 305 

To evaluate robustness under realistic data constraints, the trained framework was also applied using a coarser 5 m 306 

EU-DEM for Milan. This resolution experiment quantifies the sensitivity of the proposed approach to terrain-data 307 
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degradation, which is particularly relevant where high-resolution LiDAR is unavailable. Model transferability was 308 

evaluated by applying the Milan-trained RF model to the city of Cologne (Germany) using predictors derived from a 309 

1 m LiDAR DEM and flood water depth outputs for the same five precipitation return periods. To ensure a rigorous 310 

test of spatial generalisation, the model was transferred without retraining, recalibration, hyperparameter adjustment, 311 

or fine-tuning; the predictor set, ensemble configuration, and model parameters were kept identical to those used in 312 

Milan. This design provides a strict out-of-domain assessment of whether transferable terrain–flood relationships are 313 

sufficient to reproduce spatial flood water depth patterns in an independent urban setting. 314 

Previous studies have shown that flood modelling performance can be sensitive to DEM resolution, particularly in 315 

low-relief urban environments where micro-topographic features affect flow routing and ponding (Sanders, 2007; 316 

Cook & Merwade, 2009; Leitão et al., 2009; Teng et al., 2017). In addition, recent work on data-driven flood prediction 317 

has highlighted challenges in transferring models across cities with differing morphology, drainage configuration, and 318 

terrain structure (Seleem et al., 2023; Do Lago et al., 2023). By explicitly testing both DEM resolution degradation 319 

and cross-city transfer within a unified framework, this study quantifies the robustness and limitations of a DEM-320 

centric machine learning approach and supports its use for regional screening and comparative urban flood hazard 321 

assessment. 322 

2.6. Model interpretability and feature contribution analysis 323 

Beyond predictive performance, the internal behaviour of the RF model was analysed to assess predictor relevance, 324 

physical consistency, and the robustness of inferred controls on flood water depth. Feature contribution was evaluated 325 

using a combination of SHAP (SHapley Additive exPlanations) values and permutation importance. These are widely 326 

adopted explainable artificial intelligence (XAI) techniques for interpreting complex, non-linear machine learning 327 

models and mitigating the inherent black-box nature of ensemble approaches (Lundberg & Lee, 2017; Molnar, 2022). 328 

In flood-related and geospatial machine learning studies, the joint use of SHAP and permutation importance has 329 

become increasingly important for enhancing model transparency, identifying dominant physical drivers, and 330 

supporting defensible, decision-relevant interpretations beyond predictive accuracy alone (Molnar et al., 2022; 331 

Gulshad et al., 2024; Pradhan et al., 2023; Choubin et al., 2025). SHAP quantifies the average marginal contribution 332 

of each predictor to model predictions across all samples using a game-theoretic framework, enabling consistent 333 

interpretation in the presence of non-linearities and feature interactions (Lundberg & Lee, 2017; Molnar, 2020). Global 334 

SHAP importance was computed as the mean absolute Shapley value across all grid cells and normalised to percentage 335 

contributions. For a given feature i, the global SHAP importance was computed as: 336 

IiSHAP = 1N ∑ ∣ ϕi(xn) ∣  N
n=1  (1) 

where ߶௜(ݔ௡) is the Shapley value of feature i for sample n. To facilitate comparison among predictors, SHAP 337 

importance percentages were obtained by normalising by the total SHAP contribution: 338 

PiSHAP = 100 × IiSHAP∑ IjSHAPMj=1    (2) 
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To complement SHAP-based contribution analysis and assess the sensitivity of model performance to individual 339 

predictors, permutation importance was computed by randomly permuting each predictor and quantifying the resulting 340 

reduction in model performance (Breiman, 2001; Fisher et al., 2019; Molnar et al., 2020). For feature i, permutation 341 

importance was defined as: 342 

 Iiperm = 1R ∑[L(y, f(Xπi,r)) − L(y, f(X))]R
r=1  (3) 

where ܺగ೔,ೝdenotes the dataset with feature i permuted in repetition r, L(·) is the loss function, and R is the number of 343 

permutation repetitions. To facilitate comparison among predictors, permutation importance values were normalised 344 

by their sum: 345 

Riperm = Iiperm∑ IjpermMj=1    (4) 

3. Results 346 

3.1. Sensitivity of model performance to ensemble size 347 

The sensitivity of model performance to RF ensemble size was evaluated prior to subsequent spatial and transferability 348 

analyses. RF models were trained using 50, 100, and 150 decision trees. With 50 trees, the model achieved a training 349 

coefficient of determination of R² = 0.788 and a validation R² of 0.623. Increasing the ensemble size to 100 trees 350 

produced a marginal improvement in validation performance (R²=0.626), while training performance remains 351 

comparable (R²=0.780). However, further increasing the number of trees to 150 led to a reduction in both training and 352 

validation performance, with R² values decreasing to 0.686 and 0.606, respectively. In theory, increasing the number 353 

of trees in an RF ensemble reduces variance and improves prediction stability by averaging across a larger number of 354 

decorrelated decision trees (Breiman, 2001). However, empirical evidence indicates that accuracy gains often saturate 355 

beyond a certain ensemble size, particularly for very large and information-rich datasets (Probst et al., 2019). The 356 

results obtained here confirm that increasing model complexity does not necessarily enhance generalisation 357 

performance under such conditions. The negligible improvement observed when increasing the ensemble size from 358 

50 to 100 trees, combined with the degradation in validation accuracy at 150 trees, suggests that excessive ensemble 359 

size may amplify noise and redundancy rather than extract additional predictive information. Similar behaviour has 360 

been reported in large-scale environmental and geospatial applications, where overly complex models can reduce 361 

validation performance despite increased computational effort (Genuer et al., 2010; Probst et al., 2019). Based on 362 

these findings, an ensemble size of 100 trees was selected as the optimal configuration, representing the best 363 

compromise between predictive accuracy, computational efficiency, and model stability. Table 1 summarizes model 364 

performance metrics for each ensemble size, including training and validation error, dataset size, training runtime, and 365 

peak memory usage. 366 

 367 

Table 1 summarises model performance metrics for each ensemble size, including training and validation error, 368 

dataset size, training runtime, and peak memory usage. 369 
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Ensemble 

Size 
Dataset MSE RMSE MAE R² 

Median 

Absolute Error 

Training 

Time 

Peak 

Memory 

50 trees 
Train 0.08 0.29 0.14 0.78 0.06 ~2.2 ℎ82 ݏݎ GB 

Test 0.14 0.37 0.19 0.63 0.08 ~7ℎ55 ݏݎ GB 

100 trees 
Train 0.08 0.28 0.14 0.78 0.06 ~4.5 ℎ120 ݏݎ GB 

Test 0.14 0.37 0.19 0.63 0.08 ~7ℎ105 ݏݎ GB 

150 trees 
Train 0.08 0.28 0.14 0.78 0.06 ~6.9 ℎ157 ݏݎ GB 

Test 0.14 0.37 0.19 0.63 0.08 ~7ℎ159 ݏݎ GB 

 370 

3.2. Flood water depth prediction for Milan (Italy) under different precipitation scenarios 371 

The performance of the trained RF model was evaluated for the Milan case study across five precipitation return period 372 

scenarios (5, 10, 25, 50, and 100 years). For each scenario, spatially continuous flood water depth was predicted at a 373 

1 m resolution. Model predictions were evaluated against high-resolution reference flood simulations covering 374 

approximately 29.0 million grid cells per scenario. Table 2 summarises the statistical and tolerance-based performance 375 

metrics of the RF model across the five precipitation scenarios, providing a quantitative assessment of model 376 

behaviour under progressively increasing rainfall severity. 377 

 378 

Table 2. Statistical and tolerance-based performance of the Random Forest model for flood water depth prediction in 379 

Milan under different precipitation scenarios. 380 

Scenario 
Precipitation 

(mm/h) 
R² 

RMSE 

(m) 

MAE 

(m) 

Bias 

(m) 

Accuracy 

±0.10 m 

(%) 

Accuracy 

±0.25 m 

(%) 

Accuracy 

±0.50 m 

(%) 

5-YRP 33.4 0.38 0.31 0.15 0.02 63.83 85.40 93.73 

10-YRP 38.5 0.40 0.33 0.17 0.05 57.03 81.76 92.48 

25-YRP 45.0 0.44 0.36 0.18 0.04 55.62 79.39 91.10 

50-YRP 49.9 0.42 0.40 0.20 0.05 55.20 77.53 89.67 

100-YRP 54.7 0.42 0.43 0.22 0.05 54.23 76.02 88.40 

 381 

The coefficient of determination (R²) ranges from 0.38 to 0.44, with the highest value obtained for the 25-year return 382 

period event. Tolerance-based metrics are more informative than global R² for operational flood-depth assessment. 383 

Root mean square error (RMSE) and mean absolute error (MAE) increase progressively with increasing event severity, 384 

reflecting the larger magnitude and spatial variability of flood depths associated with more extreme rainfall. Bias 385 

values remain consistently low for all scenarios, indicating the absence of systematic over- or under-estimation of 386 

flood water depth. The moderate R² values observed here (0.38–0.44) are consistent with previous high-resolution 387 

urban flood modelling studies, where predictive skill is constrained by unresolved micro-topography, limited 388 

representation of drainage infrastructure, and complex localised hydraulic interactions (Fewtrell et al., 2011; Schubert 389 

& Sanders, 2012; Ochoa-Rodriguez et al., 2015; Teng et al., 2017). In addition, flood water depth distributions at 1 m 390 

resolution are strongly right-skewed, with a large proportion of shallow or near-zero values and comparatively sparse 391 

extreme depths. Under such spatially heteroscedastic and heavy-tailed conditions, where variance is dominated by a 392 

small fraction of deep inundation cells, variance-based metrics such as R² become highly sensitive to attenuation of 393 
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extreme values. Ensemble regression models such as Random Forest reduce variance through aggregation of 394 

decorrelated trees (Breiman, 2001; Hastie et al., 2009), which smooths sharp gradients and contracts predictions 395 

toward central tendencies at the distribution tails. Consequently, moderate R² values are statistically expected in highly 396 

skewed flood-depth domains, even when absolute error metrics and tolerance-based agreement indicate strong 397 

practical predictive performance. 398 

Tolerance-based accuracy thresholds (±0.10 m, ±0.25 m, and ±0.50 m) were additionally evaluated to assess 399 

agreement with reference simulations from an operational and emergency-response perspective. They better reflect 400 

the accuracy requirements of hazard mapping and risk management applications (Hunter et al., 2005; Bates et al., 401 

2014; Teng et al., 2017). Accuracy under the strictest tolerance (±0.10 m) decreases modestly with increasing return 402 

period, reflecting the growing influence of fine-scale depth variability under more extreme rainfall conditions. In 403 

contrast, agreement within ±0.25 m and ±0.50 m remains consistently high across all scenarios, indicating robust 404 

model performance at practically relevant tolerance levels. These trends suggest that increasing rainfall intensity 405 

primarily affects the model’s ability to reproduce fine-scale depth variations, while the overall magnitude and spatial 406 

structure of flooding remain well captured. Figure 3 provides a comparison of tolerance-based accuracy across all 407 

scenarios. It summarises model agreement at the three tolerance thresholds and highlights systematic trends with 408 

increasing event severity.  409 

 410 
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Figure 3. Tolerance-based accuracy of RF-predicted flood water depth across maximum hourly precipitation 411 

scenarios (see Table 2) in Milan. 412 

 413 

While tolerance-based metrics quantify predictive accuracy, they do not directly describe how flood depth magnitude 414 

and spatial extent evolve with rainfall severity. Figure 4 illustrates the mean reference and RF-predicted flood water 415 

depths across Milan for all precipitation scenarios. The figure shows the average values of both observed and predicted 416 

flood depths for each scenario across the entire urban domain. The vertical line at each point represents the standard 417 

deviation, indicating the variability in flood depths for each scenario. 418 

 419 

 420 

Figure 4 Mean reference and RF-predicted flood water depth across Milan for different precipitation scenarios. 421 

 422 

Figure 4 shows a clear and systematic increase in flood magnitude and spatial extent with increasing return period. 423 

The gradual increase in mean flood depth further demonstrates that flood severity intensifies not only at localised 424 

hotspots but across the broader urban domain, providing a physical explanation for the performance trends observed 425 

in Figure 3 and Table 2.  426 
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A consistent difference between predicted and reference depth distributions is also evident. Predicted depths show a 427 

mild compression of the depth distribution values, where extreme values are attenuated and near-zero depths are 428 

slightly elevated. This is reflected in the vertical whiskers, which represent the standard deviation at each scenario. 429 

The whiskers for the predicted depths indicate a reduced spread compared to the reference depths, consistent with the 430 

variance-reduction and averaging properties of Random Forest regression. These properties tend to smooth sharp 431 

gradients and shrink extreme predictions toward central tendencies (Breiman, 2001; Hastie et al., 2009). As a result, 432 

mean predicted depths are moderately higher than reference means, particularly for higher return periods. This pattern 433 

reflects statistical regularisation effects inherent to ensemble regression rather than a systematic physical 434 

overestimation of flood magnitude. 435 

To further characterise model performance beyond tolerance-based accuracy metrics and flood depth magnitude, the 436 

distributional behaviour of prediction errors was analysed across all precipitation scenarios (see Figure 5 and 6). 437 

Figures 5a to 5e show the error probability density functions (PDFs), while Figure 6 presents the corresponding 438 

cumulative distribution functions (CDFs), allowing a consistent comparison of central dispersion and tail behaviour 439 

as rainfall severity increases. Across all return periods, error distributions remain closely centred around zero, 440 

indicating limited systematic bias. With increasing return period, the distributions broaden and the tails become more 441 

pronounced, reflecting increased hydraulic complexity and stronger depth gradients under more extreme events. The 442 

CDF comparison confirms that most errors remain confined to a narrow range around zero for all scenarios, while 443 

progressively higher-return-period events exhibit a gradual increase in the probability of larger deviations. 444 

 445 

 446 
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 447 

Figure 5. Probability density functions (PDFs) of RF prediction errors for flood water depth across precipitation return 448 

period scenarios in Milan. 449 

 450 

 451 

 452 

Figure 6. Cumulative distribution functions (CDFs) of RF prediction errors for flood water depth across precipitation 453 

return period scenarios in Milan. 454 

 455 

Building on these performance diagnostics, prediction confidence classes were derived from the uncertainty estimates 456 

and grouped into four categories: Low (>1 m), Medium (0.5-1 m), High (0.25-0.5 m) and Very High (0-0.25 m) 457 

confidence 458 

 459 
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Figure 7 presents the spatial distribution of these confidence classes for all precipitation scenarios.  460 

 461 

Figure 7. Spatial distribution of RF prediction confidence classes for flood water depth in Milan across multiple return 462 

period scenarios: (a) 5-year, (b) 10-year, (c) 25-year, (d) 50-year, and (e) 100-year precipitation events. 463 

 464 

High and very high confidence predictions dominate large portions of the study area, particularly in zones where flood 465 

behaviour is primarily controlled by local terrain morphology and topographic depressions. In contrast, lower 466 

confidence levels are mainly confined to transition areas characterised by more complex interactions between terrain 467 

and land use. As event severity increases, the overall spatial organisation of confidence remains broadly stable, while 468 

localised expansions of lower-confidence areas become more evident, consistent with increasing flood depth 469 
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variability under extreme rainfall conditions. To examine whether these confidence patterns are supported by the 470 

spatial distribution of model uncertainty, prediction uncertainty was quantified using the inter-percentile range 471 

between the 10th and 90th percentiles of predicted flood water depth.  472 

This inter-percentile range captures the central 80% of the predictive distribution while remaining less sensitive to 473 

extreme values and outliers than minimum–maximum spread or variance-based measures. Such percentile-based 474 

uncertainty metrics are commonly adopted in hydrological modelling to provide robust characterisation of predictive 475 

dispersion under skewed distributions (Wilks, 2011; Montanari, 2007). The resulting spatial patterns are shown in 476 

Figure 8. 477 
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 478 

Figure 8. Spatial distribution of prediction uncertainty (10th–90th percentile range) for RF-predicted flood water 479 

depth in Milan across multiple return period scenarios: (a) 5-year, (b) 10-year, (c) 25-year, (d) 50-year, and (e) 100-480 

year precipitation events. 481 

Higher uncertainty values are concentrated in areas affected by deeper and more heterogeneous inundation, including 482 

topographic depressions, flow convergence zones, and transitional urban areas. Conversely, shallow-flooded or well-483 

drained zones exhibit consistently low uncertainty, indicating stable and well-constrained model behaviour in regions 484 
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dominated by clear topographic control. Although uncertainty magnitudes increase locally under higher return period 485 

events, the overall spatial structure of uncertainty remains comparable across precipitation scenarios.  486 

To evaluate whether these uncertainty patterns translate into systematic differences in predictive accuracy, the 487 

relationship between prediction confidence and model errors is further examined by analysing error distributions 488 

stratified by confidence class (Figure 9). 489 

 490 

 491 

Figure 9. Probability density distributions of prediction errors stratified by confidence class for RF-predicted flood 492 

water depth in Milan (Italy) under different precipitation return period scenarios: 5-year, 10-year, 25-year, 50-year, 493 

and 100-year events. The distributions are shown for Very High, High, Medium, and Low confidence classes. Dashed 494 

vertical lines indicate zero error. 495 
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Across all return periods, high- and very-high-confidence predictions are associated with lower error magnitudes and 496 

narrower dispersion ranges. In contrast, medium- and low-confidence classes exhibit broader error distributions and 497 

greater variability. This consistent relationship confirms that the derived confidence classes provide a meaningful 498 

indicator of local prediction reliability. They are closely aligned with both uncertainty patterns and error behaviour. 499 

To complement the spatially explicit confidence patterns shown in Figure 7, Table 3 provides a domain-wide 500 

quantitative summary of prediction confidence class distributions across all precipitation scenarios.  501 

 502 

Table 3. Distribution of prediction confidence classes across precipitation scenarios for RF-predicted flood water 503 

depth in Milan. 504 

Confidence level 5-YRP 10-YRP 25-YRP 50-YRP 100-YRP 

Very High 27.5% 21.7% 29.3% 29.1% 30.1% 

High 33.6% 33.8% 22.1% 22.1% 20.3% 

Medium 20.4% 25.4% 26.4% 24.2% 22.5% 

Low 18.5% 19.1% 22.2% 24.6% 27.0% 

 505 

High and very high confidence predictions collectively dominate the study area for all return periods, although their 506 

relative contributions vary with increasing event severity. In particular, the proportion of low-confidence areas 507 

increases progressively from lower to higher return periods, reflecting the amplification of spatial heterogeneity and 508 

localised inundation under more extreme rainfall conditions. These aggregated trends are consistent with the spatial 509 

confidence distributions in Figure 7, the uncertainty patterns in Figure 8, and the confidence–error relationships in 510 

Figure 9. The results indicate that the model captures the primary topography-driven structure of urban flooding while 511 

maintaining robust predictive capability across a wide range of rainfall severities. This analysis establishes a clear 512 

reference baseline for subsequent investigations of model transferability to other urban areas and sensitivity to 513 

variations in terrain data resolution. 514 

3.3. Model interpretability and feature contribution results 515 

To quantify and compare the relative contribution of each predictor to the RF flood water depth model, Table 4 516 

summarises the global feature importance and ranking derived from the SHAP and permutation importance analyses.  517 

 518 

Table 4. Global feature importance and ranking for the Random Forest flood water depth model based on SHAP 519 

values and permutation importance. 520 

 521 

Feature Depression TRI Precipitation 
Land 

use 
TPI 

Slope 

(Radians) 
TWI Sum 

Global SHAP 

importance (-) 

[Eq. 1] 

0.24 0.07 0.05 0.02 0.01 0.01 0.01 0.41 

Global SHAP 

importance (%) 

[Eq. 2] 

59.07 11.71 16.28 4.92 2.86 3.07 2.09 100.00 

Permutation 

importance [Eq. 3] 
1.90 0.27 0.04 0.23 0.08 0.00 0.03 2.55 
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Normalised 

permutation 

importance [Eq. 4] 

0.75 0.11 0.02 0.09 0.03 0.00 0.01 1.00 

SHAP rank 1 3 2 4 6 5 7 - 

Permutation rank 1 2 5 3 4 7 6 - 

Average rank 1 2.5 3.5 3.5 5 6 6.5 - 

 522 

The SHAP results indicate that mapped topographic depressions exert the dominant control on predicted flood water 523 

depth, accounting for approximately 59.1% of the total model contribution. This highlights the primary role of micro-524 

topographic storage in governing spatial patterns of pluvial flooding. Precipitation intensity represents the second 525 

most influential factor (16.3%), reflecting its role in scaling flood magnitude across different return-period scenarios, 526 

while the TRI follows (11.7%), indicating that local terrain heterogeneity modulates lateral flow redistribution and 527 

localised ponding. Land use exhibits a moderate contribution (4.9%), consistent with differences in imperviousness 528 

and surface characteristics. In contrast, slope, TPI, and TWI contribute comparatively less (each below 3.1%). 529 

Permutation importance analysis confirms that topographic depressions are the most performance-critical predictor, 530 

accounting for approximately 75% of the total permutation importance. This indicates that model accuracy strongly 531 

depends on preserving depression information. TRI (10%) and land use (9%) follow, suggesting that terrain 532 

heterogeneity and surface characteristics provide additional, non-redundant predictive information. TPI contributes 533 

marginally (3%), while precipitation exhibits a relatively small permutation effect (2%). Slope and TWI show 534 

negligible influence on predictive performance once dominant terrain controls are represented. 535 

The apparent difference between SHAP and permutation rankings for precipitation is physically interpretable and does 536 

not indicate model inconsistency. SHAP measures how strongly a feature contributes to predicted flood depths, 537 

whereas permutation importance quantifies how much predictive skill deteriorates when that feature is disrupted. This 538 

behaviour is expected in the presence of correlated and interacting predictors. In this study, precipitation is encoded 539 

through discrete return-period scenarios and interacts with dominant terrain predictors such as depressions and TRI. 540 

As a result, other variables can partially compensate when precipitation is permuted. This leads to a limited reduction 541 

in model performance, even though precipitation substantially shifts predicted flood magnitudes. This behaviour 542 

reflects predictor redundancy and interaction effects rather than instability in the model. It is consistent with 543 

observations reported in recent explainable flood susceptibility studies (Molnar et al., 2020; Gulshad et al., 2024; 544 

Pradhan et al., 2023). To provide a unified interpretation, SHAP and permutation results were combined through an 545 

average-ranking approach. 546 

This synthesis clearly identifies topographic depressions as a Very High importance predictor, followed by TRI and 547 

precipitation as High importance controls, land use as Medium importance, and TPI, slope, and TWI as Low 548 

importance predictors. The resulting hierarchy is physically consistent with the established understanding of urban 549 

pluvial flooding processes. Numerous studies have demonstrated that micro-topographic storage and depression 550 

representation exert dominant control over water accumulation and ponding patterns in urban environments (Cook & 551 

Merwade, 2009; Leitão et al., 2009; Schubert & Sanders, 2012). Terrain heterogeneity influences lateral redistribution 552 

of runoff (Teng et al., 2017), while precipitation intensity primarily scales flood magnitude across events (Arnbjerg-553 

Nielsen et al., 2013; Cristiano et al., 2017). Land surface characteristics, including imperviousness and urban land use, 554 
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typically exert a secondary but non-negligible influence on flood depth distribution (Ochoa-Rodriguez et al., 2015; 555 

Zhang et al., 2018). Together, these findings support the robustness, interpretability, and physical plausibility of the 556 

selected RF model configuration and predictor set. 557 

3.4. Impact of DEM resolution on flood water depth prediction 558 

To assess the impact of DEM resolution on model performance, the 1 m LiDAR DEM was replaced with a 5 m EU-559 

DEM for the Milan case study. Spatial results are presented for the 25-year return period as a representative 560 

intermediate scenario, while the behaviour across all precipitation scenarios (5–100-year return periods) is summarised 561 

using aggregated statistical and confidence-based metrics. 562 

3.4.1. Overall predictive performance under coarser DEM resolution 563 

Using the 5 m DEM, the RF model maintains stable and physically consistent performance across all precipitation 564 

scenarios. Mean Absolute Error (MAE) increases gradually from 0.22 m for the 5-year event to 0.30 m for the 100-565 

year event, while RMSE rises from 0.35 m to 0.46 m. Median errors remain low (≤0.06 m) for all scenarios, indicating 566 

that the majority of grid-cell predictions remain close to reference flood depths despite the loss of fine-scale elevation 567 

detail. The systematic increase in error magnitude with return period reflects the physically expected response to 568 

increasing rainfall severity, which produces deeper and more spatially heterogeneous flooding. Importantly, no abrupt 569 

deterioration in model performance is observed. This indicates that flood depth prediction is not critically dependent 570 

on sub-metre micro-topography but is instead governed by larger-scale terrain organisation. A concise overview of 571 

key performance metrics across all scenarios is provided in Table 5. 572 

 573 

Table 5: Summary performance metrics of Random Forest flood water depth predictions using the 5 m EU-DEM 574 

across precipitation return period scenarios. 575 

 576 

Scenario R² MAE (m) RMSE (m) 

Within 

±0.10 m 

(%) 

Within 

±0.25 m 

(%) 

Within 

±0.50 m 

(%) 

5-YRP 0.13 0.22 0.35 37.30 68.20 90.10 

10-YRP 0.16 0.24 0.36 34.30 65.20 88.10 

25-YRP 0.18 0.27 0.40 32.30 61.30 84.40 

50-YRP 0.18 0.29 0.43 31.50 59.70 82.30 

100-YRP 0.18 0.30 0.46 30.90 58.20 81.00 

 577 

The coefficient of determination (R²) values under the 5 m DEM configuration range between 0.13 and 0.18. While 578 

lower than those obtained under 1 m LiDAR resolution, this behaviour is expected given the smoothing of fine-scale 579 

elevation variability and the highly skewed distribution of flood depths across the urban domain. In flood-depth grids 580 

dominated by shallow inundation and sparse extreme values, variance-based metrics such as R² are particularly 581 

sensitive to attenuation of extremes and ensemble-averaging effects inherent to Random Forest regression. 582 

Consequently, R² may underestimate operational predictive skill in this context. Absolute error metrics and tolerance-583 
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based accuracy thresholds, therefore, provide a more physically meaningful evaluation of model performance for high-584 

resolution urban flood applications. 585 

3.4.2.  Spatial flood depth prediction and error characteristics 586 

Figure 10 illustrates the spatial behaviour of the RF model for the 25-year precipitation scenario using the 5 m DEM. 587 

The panels show (Fig. 10a) predicted flood water depth and (Fig. 10b) prediction error, defined as the difference 588 

between predicted and baseline flood depths used for model evaluation. Higher error magnitudes are predominantly 589 

associated with deep topographic depressions and flow convergence zones, whereas shallow-flooded and well-drained 590 

areas exhibit smaller errors. 591 

 592 

 593 

Figure 10. Spatial patterns of Random Forest flood water depth prediction using the 5 m EU-DEM for the 25-year 594 

precipitation scenario in Milan (Italy): (a) predicted flood water depth, and (b) prediction error. 595 

 596 

3.4.3. Tolerance-based accuracy, confidence behaviour, and implications for transferability 597 

Tolerance-based accuracy metrics indicate that predictive skill remains high at impact-relevant thresholds across all 598 

precipitation scenarios. Even for the 100-year event, more than 58% and 81% of grid cells fall within ±0.25 m and 599 

±0.50 m of baseline flood depths, respectively (see Table 5). These results confirm that, despite increasing hydraulic 600 

complexity under extreme rainfall, the model maintains practically relevant accuracy levels when applied using a 601 

reduced DEM resolution. Beyond tolerance-based accuracy, confidence diagnostics further demonstrate the 602 

robustness of the Random Forest framework across precipitation scenarios. As shown in Figure 11, high- and very-603 

high-confidence predictions constitute a substantial proportion of the urban domain for all return periods, while the 604 

proportion of low-confidence areas increases gradually with event severity. This trend reflects the growing spatial 605 

extent of hydraulically complex flood patterns under extreme rainfall rather than resolution-induced instability. 606 
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 607 

Figure 11. Distribution of prediction confidence classes (low, medium, high, and very high) for RF flood water depth 608 

predictions using the 5 m EU-DEM across precipitation return period scenarios (5–100 years). Increasing rainfall 609 

severity is associated with a gradual expansion of low-confidence areas, while high- and very-high-confidence 610 

predictions remain dominant across all scenarios. 611 

 612 

Compared with the 1 m LiDAR-based results presented in section 3.1, the use of a 5 m DEM leads to a moderate and 613 

physically consistent increase in prediction error. Across precipitation scenarios, tolerance-based accuracy at the 614 

impact-relevant ±0.25 m threshold decreases by approximately 16–18 percentage points relative to the 1 m LiDAR 615 

configuration (e.g., from ~76–86% to ~58–68%; Tables 4 and 6). In contrast, accuracy within ±0.50 m remains 616 

comparatively stable, decreasing by approximately 4–7 percentage points across return periods (from ~88–94% to 617 

~81–90%; Tables 4 and 6), indicating that most predictions remain within operationally relevant tolerance levels 618 

despite DEM coarsening. The largest relative reductions occur under the strict ±0.10 m threshold (approximately 23–619 

27 percentage points), reflecting the increased sensitivity of fine-scale depth variations to DEM resolution.  620 

This occurs without altering the dominant spatial organisation of flood depth patterns or confidence behaviour. This 621 

stability highlights the primary role of relative topographic structure, local depressions, and terrain heterogeneity in 622 

controlling urban pluvial flooding. From an operational perspective, these findings indicate that reliable, spatially 623 

explicit flood water depth predictions can be achieved using medium-resolution DEMs commonly available at national 624 

and continental scales. The proposed DEM-centric machine learning framework is therefore well suited for regional 625 

screening, rapid urban flood assessment, and climate adaptation planning in data-scarce environments. 626 
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3.5. Model transferability: application to Cologne using 1 m LiDAR predictors 627 

As described in Section 2.6, the Cologne application represents strict out-of-domain transfer. The Random Forest 628 

model trained in Milan was applied directly to Cologne using the identical predictor set derived at 1 m LiDAR 629 

resolution, without retraining, recalibration, or hyperparameter modification. All ensemble settings remained 630 

unchanged. The results therefore reflect the model’s inherent generalization capability rather than location-specific 631 

adaptation. 632 

3.5.1. Scenario-wise predictive performance and error characteristics 633 

Transfer performance was evaluated under five precipitation return period scenarios ranging from 5 to 100 years, 634 

using the same statistical and tolerance-based performance metrics adopted for the Milan case study. Table 6 635 

summarises the predictive performance of the RF model under transfer conditions. 636 

 637 

Table 6: Scenario-wise performance metrics of Random Forest flood water depth predictions for Cologne using 1 m 638 

LiDAR-derived predictors across precipitation return period scenarios. 639 

Scenario R² MAE (m) RMSE (m) 

Within 

±0.10 m 

(%) 

Within 

±0.25 m 

(%) 

Within 

±0.50 m 

(%) 

5-YRP 0.09 0.28 0.42 35.10 58.60 81.00 

10-YRP 0.10 0.28 0.42 36.50 61.10 80.40 

25-YRP 0.10 0.25 0.41 42.70 67.70 83.30 

50-YRP 0.11 0.31 0.47 35.80 59.30 78.50 

100-YRP 0.11 0.31 0.47 35.90 59.40 78.60 

 640 

Across all precipitation scenarios, mean absolute error (MAE) values range between 0.25 m and 0.31 m, while root 641 

mean square error (RMSE) values vary between 0.41 m and 0.47 m, indicating stable model behaviour across 642 

increasing rainfall severity. The lowest error levels are observed for the 25-year return period, which also exhibits the 643 

highest tolerance-based agreement. Tolerance-based accuracy metrics further demonstrate robust performance. 644 

Between 58.6% and 67.7% of grid cells fall within ±0.25 m of the reference flood depths, while 78.5% to 83.3% fall 645 

within ±0.50 m across all scenarios. 646 

Compared with the Milan 1 m LiDAR configuration (Table 1), mean absolute error increases under spatial transfer 647 

by approximately 0.03–0.06 m across precipitation scenarios, while RMSE increases by approximately 0.01–0.04 m. 648 

This moderate degradation reflects the expected performance reduction associated with a strict out-of-domain 649 

application. Under spatial transfer, the coefficient of determination (R²) ranges between 0.09 and 0.11. Although 650 

modest, this behaviour is consistent with an out-of-domain application without retraining or recalibration. In addition, 651 

the strongly skewed flood-depth distribution and dominance of shallow inundation amplify the sensitivity of variance-652 

based metrics to extreme-value attenuation and distributional imbalance. As a result, R² remains comparatively low 653 

despite stable MAE, RMSE, and tolerance-based performance. For operational flood hazard assessment, tolerance 654 

thresholds and absolute error metrics provide a more relevant measure of predictive reliability under transfer 655 

conditions. 656 
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Although agreement decreases modestly for the most extreme precipitation events, the majority of predictions remain 657 

within impact-relevant tolerance thresholds, confirming that the RF model preserves practical predictive skill when 658 

transferred to an independent urban setting. Overall, these results indicate that the DEM-centric RF framework 659 

maintains consistent and operationally relevant performance under spatial transfer, despite differences in urban 660 

morphology and drainage configuration between Milan and Cologne. The stability of both absolute error metrics and 661 

tolerance-based accuracy across scenarios provides a strong quantitative basis for further spatial and confidence-based 662 

analyses presented in the following sections.  663 

3.5.2.  Spatial behaviour under a representative scenario 664 

To illustrate spatial transferability without expanding the manuscript with five sets of maps, the 25-year return period 665 

is used as a representative intermediate scenario because it combines (i) the highest tolerance agreement (±0.25 m and 666 

±0.50 m) among Cologne scenarios and (ii) substantial depth variability relative to frequent events (5–10 years), 667 

without being dominated by the broadest/deepest inundation associated with the 50–100-year scenarios (Table 5). 668 

Figure 12 illustrates the spatial behaviour of the Random Forest model for the 25-year precipitation scenario in 669 

Cologne using 1 m LiDAR-derived predictors.  670 

 671 

Figure 12. Spatial distribution of RF–predicted flood water depth for Cologne (Germany) using 1 m LiDAR-derived 672 

predictors under the 25-year precipitation return period scenario: (a) predicted flood water depth and (b) prediction 673 

error. 674 

 675 

The predicted flood water depth map (Fig. 12a) reproduces the dominant spatial organisation of deeper flood zones 676 

and surrounding shallower areas across the urban domain. Areas of elevated predicted water depth are spatially 677 

coherent and correspond to locations expected to experience enhanced surface water accumulation. The corresponding 678 

prediction error map (Fig. 12b) reveals structured and localised discrepancies, with larger errors concentrated in 679 

limited portions of the domain. This spatial organisation indicates that model performance in Cologne is governed by 680 

a combination of transferable topographic controls and location-specific flood complexity, while the majority of the 681 

urban area exhibits stable and physically consistent predictions. 682 
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3.5.3.  Confidence behaviour across scenarios 683 

Confidence diagnostics for Cologne indicate that high-confidence predictions occupy a substantial proportion of the 684 

mapped urban domain across all precipitation return periods. Their relative distribution, however, varies with event 685 

severity. The Very High confidence class accounts for 46.0–46.9% of valid grid cells for the 5–25-year scenarios. It 686 

decreases to 38.6% for the 50–100-year scenarios, while the High confidence class increases to 23.6% for the most 687 

extreme events. Low confidence areas remain non-negligible across all scenarios (22.7–29.9% of valid points), 688 

indicating that uncertainty-aware interpretation remains necessary when applying the model outside the Milan training 689 

domain (Figure 13). 690 

 691 

Figure 13: Distribution of prediction confidence classes (low, medium, high, and very high) for Random Forest flood 692 

water depth predictions in Cologne (Germany) using 1 m LiDAR-derived predictors across precipitation return period 693 

scenarios (5–100 years). 694 

 695 

Confidence-stratified error metrics show that confidence classes are strongly discriminative under transfer conditions. 696 

For all precipitation scenarios, predictions classified as Very High confidence exhibit near-complete tolerance 697 

compliance, with approximately 99.9–100% of grid cells within ±0.25 m and ±0.50 m of baseline flood depths. 698 

Predictions in the Low confidence class exhibit substantially weaker tolerance performance (±0.25 m compliance of 699 

18.2–26.7%) and higher MAE and RMSE values. This consistent separation across confidence classes demonstrates 700 

that the confidence framework remains operationally meaningful in an independent urban setting, enabling users to 701 

prioritise locations where predictions are most reliable. 702 
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4.  Conclusion 703 

This study demonstrates that a DEM-centric Random Forest framework can provide reliable and transferable 704 

predictions of urban pluvial flood water depth across multiple precipitation return periods and spatial contexts. Results 705 

from Milan and Cologne show that predictive performance remains stable under reduced DEM resolution and 706 

independent urban transfer, with mean absolute errors typically below 0.30 m and a high proportion of grid cells 707 

consistently falling within impact-relevant tolerance thresholds (±0.25 m and ±0.50 m). Spatial analyses confirm that 708 

prediction errors are not randomly distributed. They are instead concentrated in hydraulically complex zones 709 

characterised by deep depressions and flow convergence, while the majority of urban areas exhibit shallow flooding 710 

and stable, well-constrained predictions. These patterns persist across DEM resolutions and case studies, highlighting 711 

the dominant role of relative terrain structure and depression-scale storage in controlling urban pluvial flooding. 712 

Confidence diagnostics further reinforce the robustness of the modelling framework. High- and very-high-confidence 713 

predictions account for a substantial fraction of the urban domain across all precipitation scenarios. They consistently 714 

achieve near-complete tolerance compliance. The systematic separation between confidence classes demonstrates that 715 

the confidence framework remains operationally meaningful under spatial transfer. It enables users to identify areas 716 

where predictions are most reliable and where caution is warranted. Limitations include the reliance on scenario-based 717 

reference flood depths and the absence of explicit drainage network representation, which may influence performance 718 

in highly engineered urban systems. The focus on surface-topographic controls reflects the intended application to 719 

large-scale screening contexts, where detailed drainage network data are often unavailable or inconsistent across cities. 720 

Overall, the findings indicate that reliable, spatially explicit flood water depth predictions can be achieved using 721 

medium-resolution DEMs commonly available at national and continental scales. This significantly broadens the 722 

applicability of data-driven flood modelling beyond LiDAR-rich regions. The proposed framework is therefore well 723 

suited for large-scale urban flood screening, rapid hazard assessment, and climate adaptation planning, particularly in 724 

data-scarce environments where traditional high-resolution hydraulic modelling is infeasible. Future work will extend 725 

the proposed framework by replacing constant design-storm precipitation with spatially distributed, grid-cell–level 726 

precipitation fields derived from Copernicus datasets, enabling explicit representation of rainfall heterogeneity and 727 

further improving the realism of urban pluvial flood depth predictions. 728 
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