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Floods, as one of the three primary natural hazards in Iran, cause significant damage
annually to the environment, infrastructure, and livelihoods. This study aimed to map flood
hazard zones in the Davarzan region and identify the key factors contributing to flood
occurrence using the Random Forest algorithm and spatial data analysis. Sixteen
environmental indicators, including elevation, slope, precipitation, geology,
geomorphology, land use, plan curvature, profile curvature, topographic wetness index
(TWI), proximity to stream, stream density, train ruggedness index (TRI), Normalized
difference vegetation index (NDVI), Stream power index (SPI), geology and soil were
included in the analysis. The Information Gain Ratio (IGR) was used to determine the
importance of each factor, and less significant variables were excluded from the modeling
process. The results showed that elevation, precipitation, and land use were the most
influential factors in flood occurrence. According to the flood hazard mapping,
approximately 67% of the study area is at high risk, 5% at very high risk, 6% at moderate
risk, and 22% at low to very low risk. Additionally, it was found that about 50% of urban
and rural areas are in high-risk zones, emphasizing the need for preventive measures. This
research demonstrated that the Random Forest algorithm, in addition to providing precise
hazard mapping, serves as an effective tool for flood management and risk mitigation.
Strategies such as enhancing vegetation cover, revising land use practices, improving
drainage infrastructure, and reevaluating the location of residential areas can significantly
reduce flood-related damages. The study's findings offer a valuable basis for managerial
decision-making and sustainable development in Davarzan and similar regions
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Introduction

Floods, as one of the three primary natural hazards in Iran, cause significant damage annually to the
environment, infrastructure, and livelihoods. This phenomenon is among the most destructive natural hazards
worldwide, causing significant socio-economic and environmental damages. In Iran, frequent floods lead to
substantial losses in human lives, infrastructure, and ecosystems. This study aims to evaluate and predict flood-
prone areas in the Davarzan region using the Random Forest (RF) algorithm and spatial data analysis. The study
specifically focuses on identifying key environmental factors influencing flood occurrences and assessing the
effectiveness of machine learning-based flood risk zoning.

Data and Method

The research methodology involved three main phases: data collection, feature selection, and flood hazard
modeling. Sixteen environmental parameters, including elevation, slope, precipitation, geology, geomorphology,
land use, plan curvature, profile curvature, topographic wetness index (TWI), stream proximity, stream density,
terrain ruggedness index (TRI), normalized difference vegetation index (NDVI), stream power index (SPI),
geology, and soil, were analyzed.

The Information Gain Ratio (IGR) was applied to determine the relative importance of each factor, and low-
impact variables were excluded to improve model efficiency. Flood occurrence data were collected from satellite
imagery and field surveys, and the dataset was split into training (70%) and testing (30%) sets. The RF algorithm
was then employed to develop flood hazard maps, which were validated using performance metrics such as Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), Cohen’s Kappa, and Receiver Operating
Characteristic Area Under the Curve (ROC-AUC). The methodology also included spatial analysis using
Geographic Information Systems (GIS) to enhance the precision of flood susceptibility mapping.

Results and Discussion

The analysis revealed that elevation (IGR = 0.77), precipitation (IGR = 0.68), and land use (IGR = 0.61) were
the most influential factors in flood occurrence. The RF model classified the flood hazard zones into five
categories: very high, high, moderate, low, and very low risk. According to the hazard map, approximately 67%
of the study area falls within high-risk zones, 5% in very high-risk zones, 6% in moderate-risk areas, and 22% in
low-risk areas. Furthermore, about 50% of urban and rural settlements were found in high-risk flood zones,
highlighting the need for effective mitigation strategies.

The model demonstrated high predictive accuracy, with an overall ROC-AUC of 0.99, a Kappa coefficient of
0.96, and an RMSE of 0.11, indicating its reliability in flood hazard assessment. The study also revealed that
flood-prone areas are predominantly located in low-elevation zones with minimal vegetation and proximity to
streams. Additionally, the incorporation of TWI and NDVI further refined the model’s ability to distinguish
between high- and low-risk regions.

Conclusion

The findings emphasize the importance of topographic, hydrological, and land-use factors in flood risk
assessment. The Random Forest algorithm proved to be a robust tool for mapping flood-prone areas with high
accuracy. The study suggests several mitigation strategies, including reforestation, improved drainage
infrastructure, optimized land-use planning, and the relocation of settlements from high-risk areas.

The integration of machine learning with geospatial analysis can significantly enhance flood management
and disaster risk reduction efforts. Future research should explore hybrid modeling approaches that incorporate
deep learning techniques and additional hydrological parameters for more precise flood predictions.
Furthermore, incorporating real-time data and remote sensing techniques could improve early warning systems
and facilitate rapid response to flood events.

The results of this study provide valuable insights for policymakers and urban planners in designing flood-
resilient environments and sustainable water resource management strategies in the Davarzan region and other
similar flood-prone areas. By implementing data-driven solutions, decision-makers can minimize flood damage,
protect vulnerable communities, and enhance long-term environmental sustainability.
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Fig 5. Percentage of lands with low to high flood risk in the RF model
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