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Extended Abstract

Introduction
Floods are among the most destructive natural hazards globally, and their frequency and intensity have increased significantly
in Iran, particularly in Golestan Province. The Gorganrud watershed has experienced devastating floods due to extensive
land-use changes, deforestation, and climatic variability. Accurate spatial prediction of flood-prone areas is essential for
effective land-use planning and risk mitigation. While machine learning (ML) models such as Random Forest (RF) and
Maximum Entropy (ME) have been widely used for flood susceptibility mapping, most previous studies have evaluated model
performance using a single random split of flood inventory data. This approach fails to assess model robustness the stability of
predictions under different training/validation datasets. A model may achieve high accuracy on one split but perform poorly on
another, rendering it unreliable for operational decision-making. The novelty of this study lies in: (1) systematically evaluating
both predictive accuracy and robustness of RF and ME models using three distinct random data splits; (2) introducing a
robustness index based on AUC variability where lower values indicate higher stability; and (3) producing a final flood
susceptibility map for the Gorganrud watershed from the average of three model runs. The specific objectives are to: (i) zone
flood probability using RF and ME; (ii) compare model accuracy and robustness; and (iii) identify key environmental drivers
of flooding. This multi-split framework addresses a critical gap in flood susceptibility literature and provides a more reliable

approach for watershed management in data-sparse regions.

Methodology

The Gorganrud watershed (10,197 km?) is located in Golestan Province, northeastern Iran, with elevations ranging from -20 to
3652 m and mean annual rainfall between 348—-810 mm. A flood inventory map was prepared using 127 flood occurrence points
derived from field surveys, local reports, and regional water authority data. To assess model robustness, three independent datasets
(S1, S2, and S3) were randomly created, each containing 70% of points for training and 30% for validation. Nineteen predictive
environmental factors were selected based on a comprehensive literature review: distance to stream, lithology, slope percentage,

soil texture, aspect, land use, profile curvature, plan curvature, topographic wetness index (TWI), stream power index (SPI),
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drainage density, annual rainfall, and elevation (DEM). All layers were rasterized at 30x30 m resolution in ArcGIS 10.5 and
SAGA GIS. Multicollinearity was checked using Tolerance and Variance Inflation Factor (VIF) indices in SPSS, confirming no
significant collinearity among predictors (Tolerance > 0.1, VIF < 10). The Random Forest model was implemented in R using the
random Forest package with 500 trees and default mtry parameters. The Maximum Entropy model was run in MaxEnt software
with default settings and 10,000 background points. Model performance was evaluated using the Area Under the Receiver
Operating Characteristic curve (AUC-ROC). Robustness was quantified across the three datasets as the standard deviation of

AUC values, where lower values indicate higher stability. Variable importance was assessed using the Jackknife test in MaxEnt.

Results and discussion

Both models demonstrated excellent predictive performance. In the validation phase, RF achieved AUC values of 0.95, 0.97,
and 0.98 for S1, S2, and S3, respectively, with a mean AUC of 0.967. ME achieved AUC values of 0.936, 0.955, and 0.935,
with a mean AUC of 0.942. While both models exceeded the excellent threshold (AUC > 0.90), RF consistently outperformed
ME across all three data splits. The robustness index, calculated as the standard deviation of AUC values across the three splits,
was 0.001 for RF (values: 0.95, 0.97, 0.98) compared to 0.008 for ME (values: 0.936, 0.955, 0.935). This substantially lower
value indicates that RF provides significantly more stable predictions regardless of the random data split used for training.
The final mean flood susceptibility map, classified using the natural breaks method, showed that approximately 15% (RF) and
22.7% (ME) of the watershed fell into high and very high flood hazard classes. High-risk arecas were predominantly located in
low-slope regions near river networks. Variable importance analysis revealed that distance to stream (49.4%), drainage density
(15.2%), and lithology (10.8%) were the most influential factors. Response curves showed that flood probability increases
sharply when distance to stream decreases below 500 m and drainage density exceeds 2.5 km/km?. The lithological analysis

identified Quaternary alluvial formations (Qsw) as the most susceptible due to low cohesion and permeability.

Conclusion

The superior robustness of RF (robustness index = 0.001) compared to ME (0.008) represents a critical advantage for
operational flood mapping where training data composition may vary due to incomplete historical inventories or sampling biases.
This study demonstrates that evaluating models using a single data split can mask substantial instability; ME’s AUC ranged
from 0.935 to 0.955 across splits, a variation that could change management decisions. The systematic evaluation using three
independent splits confirmed that RF predictions are less sensitive to training data variations, a critical property for real-world
applications with incomplete flood records. The key environmental drivers identified distance to streams (49.4% contribution),
drainage density (15.2%), and lithology (10.8%) imply that flood mitigation efforts should prioritize regulating construction near
river networks (especially within 500 m buffers) and managing surface runoff in areas with drainage density exceeding 2.5 km/
km?. Approximately 15-23% of the watershed is classified as high to very high flood hazard, requiring immediate attention from
land-use planners and civil defense authorities. This study confirms that both models are highly effective (AUC > 0.93), but RF is
recommended as the superior method due to its higher accuracy (up to 98% validation AUC) and substantially greater robustness.
The final ensemble map provides a reliable decision-support tool for sustainable development, infrastructure planning, and
natural resource conservation in Golestan Province. Future work should incorporate hydrological time-series data and climate

change scenarios to enhance dynamic flood forecasting under non-stationary conditions.
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Fig. 1. Geographical location of the study area
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