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substantial annual losses on human communities and economic infrastructure. Identifying
flood-prone zones and creating sensitivity maps are crucial for effective risk management
and natural resource planning. This study focused on assessing the performance of three
machine learning algorithms—Ilogistic regression (LR), support vector machine (SVM),
and gradient boosting (GB)—for flood risk mapping in the Nekarood watershed of
Mazandaran province. Thirteen environmental and hydrological factors, including rainfall,
slope, elevation, proximity to waterways, land use, and morphometric indices, were
analyzed alongside 152 recorded flood occurrence points. The models were evaluated
using metrics such as AUC, overall accuracy, and the kappa coefficient. Results indicated
that the GB model achieved the highest performance, with an AUC of 0.896, an overall
accuracy of 87%, and a kappa coefficient of 0.84. The SVM model followed with an AUC
of 0.872 and an accuracy of 83%, while the LR model, scoring an AUC of 0.853 and an
accuracy of 80%, showed the weakest performance among the three. Analysis of variable
importance revealed that rainfall, slope, distance from waterways, and elevation are the
most significant factors influencing flood occurrence. Consequently, reinforcement
learning-based algorithms could serve as effective tools for enhancing predictive accuracy
and minimizing uncertainty in flood risk mapping efforts. The findings from this study
offer valuable insights for strengthening early warning systems, restricting development in
high-risk zones, and reducing both human and economic damages caused by flooding in
similar regions.

1. Introduction

Floods are among the most destructive hydroclimatic hazards, causing loss of human lives, damage to
infrastructure, and severe economic impacts every year (Costache, 2019; Islam et al., 2021). Climate

change, land-use/land-cover (LULC) changes, and rapid urbanization have intensified the frequency

and magnitude of floods in many parts of the world, with projections estimating that by 2050 global
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flood-related damages may exceed one trillion USD (Ali et al., 2019; Serraj & Pingali, 2019). Iran, due
to its varied climatic and topographic conditions, is highly vulnerable to floods, which occur across
almost all watersheds of the country. The Nekarood watershed, located in Mazandaran Province,
northern Iran, is a critical region due to its dense settlements, agricultural activities, and vital
infrastructures. Identifying flood-prone areas and preparing reliable susceptibility maps in such regions
is vital for disaster risk reduction, sustainable land-use planning, and climate adaptation strategies
(Parsian et al., 2021).

Traditional hydrological models, while widely used, suffer from significant challenges, including high
data requirements, difficulty in simulating multidimensional watershed conditions, and limited
adaptability to new environments. In recent years, the development of machine learning (ML)
techniques has opened new opportunities for flood susceptibility modeling (Meliho et al., 2021). ML
models can capture complex and nonlinear interactions between environmental and hydrological
variables, thereby enhancing predictive performance compared to conventional methods. Among the
wide spectrum of ML algorithms, ensemble methods such as Gradient Boosting (GB) have
demonstrated superior robustness and accuracy in hazard prediction tasks (Friedman, 2001). This study
aims to employ and compare three ML models—Logistic Regression (LR), Support Vector Machine
(SVM), and Gradient Boosting (GB)—to map flood susceptibility in the Nekarood watershed and
provide insights into the most effective predictive approaches for flood risk management.

2. Materials and Methods

The Nekarood watershed, covering approximately 1,048 km? in northern Iran, was selected as the case
study area due to its high flood vulnerability. To build the susceptibility models, a comprehensive
dataset was developed integrating 15 conditioning factors representing topographic, hydrological,
climatic, geological, and land-use characteristics. These include rainfall, elevation, slope, aspect,
curvature, distance from rivers, drainage density, soil type, land use, NDVI, TWI, SPI, and lithology.
Data sources included DEMs from ASTER (30 m resolution), Landsat 8 OLI and Sentinel-2 images for
land cover indices, ERAS precipitation datasets, and geological and hydrological maps from national
surveys. All layers were standardized to a 30 m spatial resolution and normalized to reduce scale effects.

Flood inventory mapping was conducted by collecting 152 flood occurrence points based on historical
flood reports, remote sensing analysis, and field surveys. To balance the dataset, an equal number of
non-flood points were randomly generated outside flood-affected zones. The dataset was divided into
training (70%) and testing (30%) subsets.

Three ML algorithms were applied:
Logistic Regression (LR) — A benchmark linear classifier suitable for binary classification.

Support Vector Machine (SVM) — Applied with a radial basis function (RBF) kernel to model nonlinear
relations.

Gradient Boosting (GB) — Implemented as an ensemble of decision trees with parameters: 1000
estimators, maximum depth = 20, learning rate = 0.01, and subsample = 0.8.

The models were evaluated using Overall Accuracy, Precision, Recall, F1-score, Kappa coefficient, and
AUC-ROC metrics. Feature importance was derived from the GB model to quantify the relative
contribution of each variable.
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3. Results

The comparative analysis revealed significant differences in the predictive performance of the models.
The GB model consistently outperformed the others with AUC = 0.896, overall accuracy = 87%, Kappa
= 0.84, precision = 94.93%, recall = 93.20%, and F1-score = 94.05%. The SVM model achieved AUC
= 0.872, accuracy = 83%, and Kappa = 0.79, while the LR model obtained AUC = 0.853, accuracy =
80%, and Kappa = 0.74. These results underline the strength of boosting-based approaches in capturing
nonlinear patterns and complex feature interactions compared to linear or kernel-based models.

The variable importance analysis indicated that rainfall (28%), slope (21%), distance from rivers (19%),
and elevation (15%) were the most influential predictors of flood susceptibility. This aligns with
findings from previous studies (Pourghasemi et al., 2020; Kubra et al., 2024; Wida et al., 2024),
reinforcing the role of climatic and geomorphological factors in shaping flood hazards. Land-use
changes, particularly the expansion of impermeable surfaces, also had a measurable effect, highlighting
the link between human activities and increased flood risks.

4. Discussion and Conclusion

The susceptibility maps revealed that approximately 19.41% of the watershed lies within high to very
high flood-prone zones, which correspond to densely populated areas, agricultural lands, and
infrastructure corridors. These results carry substantial implications for land-use planning and disaster
management, as they provide actionable insights for prioritizing high-risk areas for flood mitigation
measures.

In conclusion, the study demonstrates that Gradient Boosting offers a robust and reliable tool for flood
susceptibility mapping in complex watersheds. Its superior accuracy and interpretability of variable
contributions make it particularly suitable for decision-making contexts. Nevertheless, some limitations
remain, including reliance on static flood inventories and the need for higher-resolution multi-temporal
datasets. Future studies should integrate deep learning models, finer-scale remote sensing data, and real-
time hydrological monitoring to further enhance flood prediction capabilities.
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