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Abstract: Flood hazard mapping is essential for disaster-risk management and urban planning. This
study developed a Stacking ensemble framework using RF, SVM, and LightGBM models with logistic
regression as a meta-model to improve flood vulnerability prediction. The dataset was normalized, and
SMOTE was applied to overcome class imbalance. Among 683 flood events, 70% were used for
training and 30% for validation. Ten environmental factors, including rainfall, elevation, drainage
density, slope, land use, and geology, were analyzed. Sensitivity analysis identified rainfall, elevation,
and drainage density as the most influential factors. The RF+SVM+LightGBM ensemble achieved the
best performance, with accuracy of 0.88, kappa of 0.81, F1-score of 0.87, AUC of 0.92, and RMSE of
0.34. The results confirm that the proposed framework provides accurate flood hazard mapping and
supports effective urban planning and disaster management.
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Introduction: Floods are among the most destructive natural hazards, causing considerable human, economic,
and environmental damages worldwide each year. The increasing frequency and intensity of flood events due to
climate change, rapid urban expansion, and improper land-use changes have highlighted the necessity of
developing accurate and efficient methods for identifying flood-prone areas. Flood hazard zoning is considered an
essential component of disaster risk management, providing valuable information for mitigation strategies,
sustainable land-use planning, and reducing the vulnerability of human settlements and infrastructures (Saber et
al., 2023). Traditional flood assessment approaches often face limitations due to the complexity of interactions
among environmental factors and the uncertainty associated with hydrological processes. Therefore, the
application of advanced machine learning techniques has recently gained attention due to their ability to analyze
complex relationships between flood occurrence and conditioning factors. This study aims to evaluate and compare
the performance of two widely used machine learning algorithms, Random Forest (RF) and Support Vector
Machine (SVM), for flood hazard zoning in the Navrud watershed, located in Guilan Province, Iran (Fig. 1). The
findings of this research can contribute to improving flood prediction accuracy and supporting effective decision-
making in watershed management and disaster mitigation planning.

Methodology: In this study, a set of factors affecting flood occurrence, including distance from the watercourse,
drainage density, flow direction, slope, slope direction, precipitation, elevation, land use, and geology, were used
as input variables(Figs. 2 and _3)Historical flood occurrence data were also used to train and validate the models.
To prepare the data, different information layers were first prepared in a geographic information system (GIS)
environment and then used in an integrated manner to analyze machine learning models. Random Forest (RF)
Algorithm: This algorithm is an ensemble learning method that provides stronger predictions by building a large
number of decision trees and combining their results. RF model ability to handle outliers, nonlinear features, and
the lack of need for specific statistical assumptions make it suitable for flood zoning problems. Support Vector
Machine (SVM) Algorithm: SVM is a powerful algorithm for classification problems that works by finding an
optimal hyperplane that best separates the data. The use of different kernel functions (such as RBF) allows SVM
to model complex nonlinear relationships between input variables and flood occurrence. To validate the models,
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the data was divided into two parts: training (70%) and testing (30%). The performance of the models was
evaluated and compared using metrics such as Accuracy, Sensitivity, Specificity, and Area Under the ROC Curve
(AUC).

Results and Discussion: The results of this study demonstrated that both Random Forest (RF) and Support Vector
Machine (SVM) algorithms have a strong capability for identifying and zoning flood-prone areas in the Navrud
watershed. The performance evaluation of the models indicated that machine learning approaches can effectively
capture the complex relationships between flood occurrence and environmental conditioning factors. The
importance analysis revealed that drainage density, geology, land use, and elevation were the most influential
parameters affecting flood susceptibility in the study area, respectively (Fig. 4). Drainage density showed the
highest contribution, as areas with dense drainage networks are more likely to experience rapid runoff
concentration and increased flood potential. In addition, geological characteristics and land-use patterns influenced
infiltration capacity and surface runoff generation, while elevation affected water accumulation and flood
propagation processes. A comparison of the predictive performance of the models showed that the SVM algorithm
provided higher accuracy than the RF model. The SVM model achieved an AUC value of 0.97, whereas the RF
model obtained an AUC value of 0.93, indicating the superior ability of SVM in distinguishing flood-prone and
non-flood-prone areas. Furthermore, based on the evaluation metrics, including RMSE and R?, the SVM model
showed better predictive performance, with RMSE and R? values of 0.26 and 0.89, respectively, compared with
the RF model (Table 1). The generated flood susceptibility maps indicated that downstream areas and regions near
the watershed outlet are more vulnerable to flooding. This higher susceptibility is mainly related to lower elevation,
gentle slopes, and the convergence of river channels, which facilitate water accumulation and flood expansion.
The flood zoning maps produced by both models showed strong consistency with historical flood occurrence
records, confirming their reliability for flood hazard assessment (Figs. 7-9). Overall, the results highlight the
effectiveness of machine learning models as valuable tools for flood risk management and watershed planning.

Conclusion: The findings of this study confirm the effectiveness of Random Forest (RF) and Support Vector
Machine (SVM) algorithms as reliable and powerful approaches for flood hazard zoning. Both models
demonstrated a high capability in identifying flood-prone areas and can be considered suitable alternatives to
conventional flood assessment methods. Their application can provide valuable support for decision-makers in
developing preventive strategies, improving land-use planning, and reducing the adverse impacts of flood events.
However, the SVM model showed superior performance compared with RF, particularly in conditions involving
high-dimensional datasets, limited samples with specific structures, and applications requiring accurate
classification with optimal separation boundaries. Therefore, SVM can be a more efficient choice for complex
flood susceptibility assessments.
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5- List of symboles
SVM Support vector machine

RF Random forest
LightGBM Light gradient boosting machine
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