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Floods are among the most significant natural ldszacausing severe damage to
lives, property, and the environment annually. Tharab watershed in Fars
province, due to its specific climatic conditiongpography, and geological
structure, is recognized as one of the areas atiisg of flooding. This study aims
to prepare of flood risk map by using the MaximumtrBpy (MaxEnt) model and
analyze the factors influencing floods in the stadivatershed. This is a quantitative
and applied research that uses field and availddie, focusing on areas with high
flood risk. By utilizing data mining techniques, $land remote sensing images,
flood risk areas are classified. Various environtakand topographic factors were
used as independent variables, including 19 enmiestial parameters such as
precipitation, land slope, soil type, drainage dgndand use, and moisture, and
topographic indices and etc. These data were ¢elltom reliable sources such as
satellite imagery, Digital Elevation Models (DEMMeteorological stations, and
geological maps. After data preprocessing, the fsodere run, and their accuracy
was evaluated. Finally, the flood susceptibilitypnaas validated using AUC, and
high-risk areas were identified. Preparation of fleod risk map shows that
approximately 20% of the Darab watershed is at higk, especially in low-lying
areas with poor vegetation and inappropriate lasel Ut was also determined that
variables such as precipitation, distance fromastreand elevation have the most
significant impact on flood occurrence. The resuidicate that the MaxEnt model
has acceptable capability in predicting high-riskaa and can play an effective role
in crisis management and regional planning.
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EXTENDED ABSTRACT

INTRODUCTION

Flooding, as one of the most significant naturahdters, causes substantial loss of life and proper
annually. Globally and nationally, floods are resgible for a considerable percentage of casualties
and damage resulting from natural disasters. Rtatte, in Iran, flood occurrences have increaged b
40% in recent years. Effective flood managemeneéssitates the identification of contributing fastor
and the determination of areas with high flood po&. In this regard, the utilization of Remote
Sensing and GIS technologies provides powerfuktémi this purpose. Creating a flood susceptibility
map is a fundamental step in flood risk managentdotd susceptibility modeling can be performed
using advanced statistical methods that can begretied with R and GIS environments. Previous
studies have employed various models such as Shammoopy, AHP, FAHP, fuzzy models, RF, and
GLM Bayesian for flood risk mapping. Among theseadmine learning models like MaxEnt and
hybrid approaches combined with SAR data have beeognized as powerful tools for improving
flood susceptibility mapping and identifying higisk areas. Hanifinia & Abghari (2023) identified
geology, distance from streams, elevation, andeskxp the most critical flood factors in the Ziveh
watershed, Urmia, using MaxEnt and GLM models. Aarchid et al. (2025) also presented a
comprehensive approach to flood risk assessmerititbgrating machine learning and AHP. The
Darab basin, due to its diverse slopes, varied ta¢éiga, and different geological structures, plays
significant role in flood risk distribution. Thisesearch uses the MaxEnt model to evaluate its
capability in predicting flood-susceptible areaghivi the Darab watershed and to examine the
influence of each contributing index in flood geatén. It is hoped that the results of this redearc
will significantly assist in crisis management ardource conservation.

DATA AND METHODOLOGY

In this research, to model flood susceptibility ajmherate the floedsk map, 19 environmental and
hydrological datasets were collected from multipbeirces to represent the main conditioning factors
influencing flood occurrence. The following datgées were used: Topographic Data: Derived from a
Digital Elevation Model (DEM) with 30 m spatial @stion (SRTM). Parameters such as elevation,
slope, aspect, curvature, and flow accumulation ewextracted using Gi!Based analysis.
Hydrological Data: Stream network density, distatweivers, and drainage patterns were computed
from the DEM using ArcGIS hydrology tools. Lattse and LandCover (LULC): Acquired from
Sientel-2 products imagery. Soil and Geology D3&tEl texture and permeability maps were prepared
from national soil databases. Geological formatiaese digitized from existing geological maps.
Rainfall Data: Mean annual rainfall and extreme cypiéation events were obtained from
meteorological stations across the study area atefpblated using Inverse Distance Weighting
(IDW). Flood Inventory (Dependent Variable): Histal flood locations (flooeaffected points) over
the past decade were collected through field sgrvesmote sensing change detection, and reports
from local disaster management agencies. Thesdaspogre used as “presence” data for the MaxEnt
model. By calculating the Area under the Curve (AUBe flood susceptibility map was validated,
and high-risk areas were identified.

RESULTS AND DISCUSSION

The analysis of the MaxEnt model results showedctmribution of each variable in predicting flood
risk. Percent Contribution from the MaxEnt metha been used to assess variable influence. The
percent contribution of the variables was as folo®Rain with 57.9%, Stream distance with 11.6%,
Elevation with 10.2%, and Landuse Land cover witb8 had the highest scores. Conversely, Soil
type and STI contributed the least, with 0.1%. Tésponse curves indicated that the probability of
flooding is high near streams and decreases weile@sing distance. Furthermore, as rainfall ine@gas
from 100 to 200 mm, the flood probability sharphgrieases and then stabilizes at approximately one
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after 200 mm. In terms of elevation, the highesttibution was observed at elevations below 1000
m, which gradually decreases with increasing elemateaching about 0.15 above 3000 m. For model
validation, the Area Under the Curve (AUC) indek tloe ROC curve was used. The AUC for training
data was 0.977, and for test data was 0.947, itidicehe model’s excellent performance in predigtin
flood risk mapping. The Flood susceptibility mapd the percentage distribution of the differesk ri
classes constitute the two main outputs of thegmtestudy, as presented in Figure 1 and Table 1,
respectively.

Table 1. Distribution of flood risk classes in tharab watershed.

Risk class Area Percentage(%)
low-risk 1872 78.35
Relatively low-risk 42.6 1.8
Relatively High-risk 81.3 3.4
High-risk 393.6 16.47
CONCLUSION

In this research, the MaxEnt model has been apjidiethe prediction of flood hazard in the Darab
watershed in the southwest of Iran. The MaxEnt rhizda validated and effective tool for flood risk
mapping and identifying flood-prone areas, withdgs showing high accuracy in predictions and
identifying key contributing factors. In this resela, the severity of flood risk in the Darab waked

in Fars province, Iran, was assessed using geagrdpla and the Maxent model. The results show
that 3.4 % and 16.4 % of the study area is in éhatively high-risk and very high-risk classes. The
analysis of variable contributions revealed thatfedl, distance from rivers, elevation, and larsku
were the most critical geo-environmental parameteflsiencing flood occurrence in the Darab
watershed. Specifically, the response curves itelicthat lower elevation areas, areas closer & riv
networks, and regions with impervious surfaces laasmgnificantly higher probability of flooding.
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