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Flood is one of the most catastrophic natural ldszarorldwide that can easily have
devastating effects on human lives and propertye ffhquent occurrence of this
hazard makes it necessary to develop accurate fleaoghrd maps for better
information dissemination and disaster preparedaessmitigation. ghe proposed
research work is to analyze the flood susceplybdl sess Xé@ mountainous
environment. Therefore, this study aims to ap y arnlng models (MLM)
and geographic information syst y nigaesredict flood hazard areas
in llam province. TWG ML algo used fovdd susceptibility mapping of
llam provincejr @%RF) and artificigunal networks (ANN). Sixteen
contin ou@p meters and different categoricablibes were identified to assess
Welaﬂon between these variables and fla@hts in the study area and were
used as inputs to run the two models. A total o#2lflood and non-flood points
were randomly selected, 70% and 30% of which wssesglas training and validation
datasets. Also, the results of the error rate & fhoposed algorithms were
considered, clearly showing that in the RF modeABVIwhich is equal to 0.0889,
and RMSE equal to 0.1872, have the lowest valuewREh is equal to 0.8423, has
the highest value, which performed better compéwatie ANN model. The value of
the research lies in the fact that the proposedetsodan also be used to assess
natural disasters such as earthquakes, landsétiedn addition, this work makes a
significant contribution to the efforts to reducketrisk of natural disasters.

Therefore, it will help to increase environmentastainability.
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EXTENDED ABSTRACT

INTRODUCTION

Flooding is one of the most destructive naturabstiers in the world due to its severe property
destruction and loss of life (Zanchetta& Coulib&920), and causes severe damage to infrastructure
worldwide every year (Desai et al., 2015). Awarenesthe flood phenomenon and its consequences
is crucial for controlling and reducing flood rigMarz et al., 2010). Flood susceptibility maps
facilitate risk management decision-making (Wanglet2020). The Niger Basin was assessed using
three machine learning models and twenty factdrsvals found that areas near the river are more
prone to flooding, and the extreme gradient bogstitodel performed best (Adeyemi & Komolafe,
2025). The Ili River Basin was investigated usingchine learning models, and about 58.8% of the
basin is located in flood-prone areas (Zhang e28R5). llam Province is one of the flood-proneaar

of the country which can be He pointed out the Maver 2015 flood and the spring 2019 flood,
which were unprecedented in the last 100 yearscanded widespread destruction of homes and
urban and rural infrastructure. Despite warningd precautions, the November 2015 flood claimed
the lives of several people in late 2019 (Salatdatimozi et al., 2017).

DATA AND METHODOLOGY

The method of the present research includes creatifiood inventory map, identifying variables
affecting floods and multi-lineage detection, vatidn, and accuracy analysis, or evaluation ofdloo
sensitivity maps, etc. The models used to prodiamdfsensitivity index maps include the random

forest model and the artificial neural networkhe results of machine learning prediction and

statistical modeling are significantly affected twg accuracy of historical flood oca%g:)n data (ke
al., 2021). Flood-vulnerable areas in this model divided into two Z% i@ historical and
geoenvwonmental data (Benkirane et al., 2020). Dube topom ountainous nature of the

region, as well as the lack of Sentinel 1 satelhhag e of the flood in the area, Geogl|
Earth Engine software did not perform well. Ems , and using expert opinions, the Maxent
model was used to extract flood p@ints. re, & phical locations of 424 historical floods were

prepare a flood inv hese floods weveddd into two groups. The first group included
70% of the flood\data and was used as the traité@tgset, and the second group included 30% of the
remaining data and was used as the validation etatés addition, 617 flood-free points were
randomly selected from high-altitude areas with mwno flood probability. In this study, R software
was used to determine the importance of parameterd, two models, RF and ANN, were
implemented in the R programming environment.

taken from the Regl nal Wate Or ation of lIBnovince, and the Maxent model was used to
ggt%ﬁ

RESULTS AND DISCUSSION

16 input layers were entered as independent variafieshe modeling process. The importance of all
factors was determined and is shown in Figure & fEhevance of each factor for both models was

assessed using R software
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Figure 1: Relative importance of conditioning factors: Rfj. (b) ANN Source: Authors

Using criteria such as MAE, R-squared, and RMSE, tfodel results were quanf(%atively validated
against the flood inventory map. Table 1

. @\ﬁ
Table 1: Accuracy evaluation of the two RF and ANNnodeI%for@diﬁQla @rough different error

criteria

Model RF . &;}9 J j) ANN

RMSE \0-18721y () ) 0.2591

R squared M~ {08407 0.7056
0.1628

MAE ;\\%ﬁ 4/ 0.0889
K&'&/ o

Flood susceptibility maps were generated for bb# tandom forest and artificial neural network
models. The maps showed a continuous probabil&legoom 0 to 1

Table 2: Flood susceptibility statistics with the ® and ANN models

Percentag€%) Area (km2) Flood susceptibility Model
10.2 1958.08 High
1.8 355.158 Moderate ANN
88 16933.53 None/Low
13.9 2687.99 High
23.2 4460.82 Moderate RF
62.¢ 12097.98 None/Low

CONCLUSION

The random forest and artificial neural network misdvere built using a spatial database, whose data
includes 16 topographic and geoenvironmental factdfecting floods and 1041 previous flood
events. The experiments did not show evidence ofticuliinearity between the identified
conditioning factors. The validation findings shalvthat the two models performed significantly
better. However, RF was more efficient than ANNtenms of computational efficiency, prediction
accuracy, and other evaluation criteria. This wasas by the value of R2 = 0.8407. This is because
training the model with RF requires less executiore. The identification of key factors such asdan
use, elevation, and topographic wetness index (TW&3 enhanced the understanding of flood
dynamics in the study area, and the results alswesth that approximately 10.2% to 13.9% of the total
area is highly vulnerable to flooding.
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