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Extended Abstract

Introduction

Flooding is a major natural disaster, according to the UN, endangering lives, property, and societies
more than any other. Mapping floodplains and modeling floods in mountain basins is essential for
development projects, helping identify critical areas and control damage. A key 21st-century tool is
satellite imagery, which provides valuable flood-related data. By processing these images, various
information such as flooded areas, vegetation, lithology, slope, soil moisture, etc. can be calculated and
estimated. In addition, machine learning algorithms have made it possible to estimate very complex
relationships between various parameters and floods. However, these models require complex
calibration and extensive data. Recently, many flood susceptibility models have been developed.
Combining statistical and decision-making models with remote sensing and GIS has gained attention
for improving predictive ability. Today, machine learning algorithms such as artificial neural networks,
generalized linear algorithms, support vectors, and random forest models are used. Machine learning
models are used in two aspects; one is to process and identify flooded areas, and the other is to zone and
examine the importance of flood-intensifying parameters.

Materials and Methods

In recent decades, new methods have been used to identify the risk of flooding in basins and prepare
maps of sensitivity to its occurrence, such as the use of multivariate statistical models, data mining,
random forest methods, and machine learning methods. This study aimed to evaluate the performance
of five machine learning models including random forest model, support vector model, generalized
ensemble model, generalized linear model, classification and regression tree, and augmented tree
regression (RF, SVM, BRT, CART, and GLM) in modeling flood probability in the northern mountainous
basin of Khuzestan province. Also, to increase the stability and accuracy of the models, four ensemble
methods were used, including simple mean, weighted mean, committee mean, and median. in the first
step, thirteen different parameters were used as factors affecting the flood phenomenon, and using the
collinearity test between the parameters, it was ensured that there was no strong relationship between
each of them and other parameters. The factors studied are distance from the river, distance from the
dam lake, curvature of the longitudinal profile of the waterway, curvature of the waterway plan, shape
factor, river density, basin area, geology, vegetation, erosion factor, SPI index, TWI index, and curve
number value. In this regard, the digital elevation model (DEM) of the region with an accuracy of 30
meters was extracted from the USGS website.

Results and Discussion

The AUC values for RF, BRT, SVM, CART and GLM models were estimated to be 0.932, 0.929, 0.885,
878 and 0.855, respectively. The results indicate that the random forest (RF) model has higher accuracy
than other models in predicting flood risk in the study area. The results showed that all the models used
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showed acceptable performance; however, tree-based models had a significant advantage over linear
and SVM models. In particular, the random forest (RF) model achieved the best overall performance in
predicting flood occurrence in the region, with the highest AUC value of 0.932. The boosted tree
regression (BRT) model was followed by the least accurate model with an AUC of 0.929. In contrast,
the generalized linear model (GLM) had the lowest accuracy among the individual models with an AUC
of 0.855. In addition, the results from ensemble methods also showed that the values of AUC, TPR, and
FPR parameters of these four methods are in the ranges of 0.919 to 0.926, 0.826 to 0.857, and 0.072 to
0.079. Among the methods studied, the average and weighted average methods have higher accuracy
than the other two methods.

Conclusion

These findings emphasize the need to pay special attention to the spatial and hydrological characteristics
of the basin in flood risk management planning and introduce the RF model and microaggregate
approaches as effective strategies for preparing more accurate zoning maps. The use of four ensemble
methods (Mean, WMean, Median, and Committee Averaging) resulted in more stable risk maps.
Overall, the performance of these methods effectively reduced the uncertainty resulting from the
selection of a single model. The simple mean (Mean) and weighted mean (WMean) methods provided
more favorable results than the other ensemble methods due to their high accuracy (AUC = 0.926) and
rapid convergence of results. This indicates that combining the outputs, with or without appropriate
weighting (WMean), resulted in a more robust and repeatable estimate.
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Figure 1- Location of the Dezpart mountain basin in Khuzestan province and Iran (above) and map of points in the
floodplain areas of Rakaat basin the Dezpart, Khuzestan (below)
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Figure 3 - Layers used to analyze basin flood AI models, g. Humidity topographic index, h. Drout index, i.
parsell area, j. Dranage density, k. length of stream, 1. length of lake, m. slope percent.
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Table 1. Relationships and equations of various variables of artificial intelligence models used in the study
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Table 2- Distribution of flood risk in different models and crowd-sourced methods
Susceptibility Class RF GLM SVM BRT CART Mean WMean COMMitiee 4 dian
Averaging
Very Low Susceptibility 89.37 8797 93.68 90.09 93.95 91.63 91.62 92.12 91.97
Low Susceptibility 7.25 9.73 3.23 541 2.47 5.03 5.03 5.58 4.82
Moderate Susceptibility 2.46 1.57 1.17 243 0.75 2.36 2.36 0.31 2.16
High Susceptibility 0.82 0.56 0.72 1.53 0.88 0.90 0.090 1.73 0.88
Very High Susceptibility 0.09 0.18 1.20 0.53 1.94 0.09 0.09 0.26 0.16
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Table 3 - Validation results of machine learning models using different parameters

Model AUC TPR FPR TNR FNR Efficiency TSS

RF 0.932 0.759 0.075 0.925 0.241 0.918 0.684
BRT 0.929 0.780 0.061 0.939 0.220 0.930 0.719
SVM 0.885 0.760 0.079 0.921 0.240 0.915 0.681
CART 0.878 0.667 0.075 0.925 0.333 0.912 0.591
GLM 0.855 0.455 0.092 0.908 0.545 0.894 .363
Mean 0.926 0.857 0.072 0.928 0.143 0.925 0.785
WMean 0.926 0.857 0.072 0.928 0.143 0.925 0.785
Median 0.919 0.828 0.702 0.928 0.172 0.924 0.756
Committee 0.92 0.826 0.079 0.921 0.174 0.918 0.747
Averaging
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Figure 8 - ROC chart of different machine learning models
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