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Abstract

Floods are among the most destructive natural hazards, posing a significant risk to lives and
infrastructure worldwide. Effective flood risk management demands precise, multidimen-
sional approaches. In this direction, the current study aims to evaluate and compare two
methods for flood-risk assessment: the scenario-based Ordered Weighted Averaging (OWA)
and the data-driven Random Forest (RF) method. To this end, the Great Karun watershed
in Iran was chosen due to its complex hydrological and climatic conditions. Hydro-climatic,
hydrological, topographic, land-cover datasets, and actual flood observations were applied
and analyzed based on fifteen influencing factors recommended by expert opinion. In
the OWA approach, while factor weights were determined using the Best-Worst Method,
flood-risk maps were produced based on five scenarios: very optimistic, optimistic, inter-
mediate, pessimistic, and very pessimistic. In the RF approach, factor importance index
was calculated via the mean decrease impurity algorithm, and the model was trained to
generate flood-risk maps. Results showed that distance from rivers and slope were the most
influential factors in OWA, while precipitation and flow accumulation dominated in RE.
Prediction rate for OWA scenarios ranged from 1.4 to 3.5%, while RF achieved 16.0%, and
the Area Under the Curve (AUC) was 0.984. Optimistic scenarios overestimated, and pes-
simistic scenarios underestimated risk, with the OWA intermediate scenario most closely
matching RF results. RF demonstrated superior performance for flood-risk classification,
highlighting its applicability for precise flood management. Overall, this study presents
a novel comparative framework by integrating scenario-based OWA-BWM and Random
Forest approaches to investigate the effects of decision-maker preferences and data-driven
learning on flood susceptibility mapping.

Keywords: flood analysis; mapping; multi-criteria decision making; spatial learning;
geospatial analysis

1. Introduction

Flooding is considered one of the most widespread and destructive natural hazards.
The exposure of populations and assets to floods, reportedly, has increased dramatically
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over the past few decades [1,2]. Since 1985, human settlements worldwide have continu-
ously and at an increasing pace expanded into flood-prone areas [3]. Meanwhile, studies
indicate that over the past decade, more than two billion people around the globe have
been affected by flood events, accounting for roughly half of all natural-disaster-related
fatalities. Floods can also lead to severe post-event consequences that may impact public
and community health for an extended period [4-6]. Climate change is considered one
of the factors influencing the variations in climatic variables, as it increases the frequency
and intensity of extreme climatic hazards and events such as floods [7,8], thereby posing a
threat to ecosystem sustainability [9]. Climate change, by increasing global temperatures,
has altered precipitation and runoff patterns, leading to a rise in the frequency and intensity
of floods in many regions worldwide. Results indicate that by 2050, in numerous areas
globally, including Asia, flood events that previously occurred once every 100 years may
happen twice as often [10].

In other words, research seriously warns that the intensity of extreme precipitation and
floods will increase by the end of the 21st century in all climates; this increase will be partic-
ularly severe in regions with more water availability and will be more pronounced during
seasonal cycles [11,12]. Although much of the focus is on severe and damaging floods, it
should not be forgotten that milder forms of flooding, such as nuisance flooding (shallow
and low-depth floods), can also have significant effects on daily life, urban infrastructure,
and the quality of life for citizens. Therefore, a more comprehensive understanding of the
different dimensions and types of floods, including their economic, social, and environ-
mental impacts, plays an important role in risk and hazard management, the development
of preventive policies, and the reduction in community vulnerability to this natural phe-
nomenon [13]. The various forms of floods and the complexity in deeply understanding
their mechanisms have necessitated a system approach to flood analysis. Consequently,
flood issues are nowadays analyzed not only from a technical and engineering perspective
but also through interdisciplinary research and advancements in computer sciences, par-
ticularly in artificial intelligence, data analysis, and geographical analysis tools, with an
emphasis on flood engineering. The remarkable progress in artificial intelligence, especially
machine learning models, as one of the most significant interdisciplinary tools, has played
an increasing and practical role in flood risk management. By utilizing effective data such
as hydrological, climatic, and topographical factors, new horizons have been opened in data
analysis, feature engineering, zoning, identifying occurrence potential, and more accurate
flood prediction. This highlights the necessity of shifting towards data-driven flood risk
management strategies supported by Al tools [7,14-17]. In this regard, over recent years,
the development of novel frameworks for identifying and mapping flood risk, relying
on machine learning algorithms and their combination or comparative evaluation with
multi-criteria decision analysis methods, has been recognized as an effective step towards
enhancing the accuracy of analyses and increasing the interpretability of models [18]. The
combination of the power to understand complex environmental interactions and learn
hidden patterns within big data, along with the high predictive capabilities of machine
learning models, when integrated with flexible decision-making approaches [19], enables a
more accurate spatial assessment of flood risk with greater adaptability to environmental
conditions and management preferences. Such a particular approach can lead to the pro-
duction of more comprehensive flood risk maps that are not only based on diverse data
but also incorporate uncertainties and associated risks into the decision-making process.
These tools and approaches are of particular importance in improving crisis management,
reducing the vulnerability of high-risk areas, and moving towards sustainable development
in the face of extreme events.
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Given the importance of the subject, numerous studies have been conducted in recent
years that clearly demonstrate the significant advancements of machine learning models in
predicting and mapping flood risk. These studies have well-documented the capability,
accuracy, and adaptability of these models in identifying and mapping flood risk [8,19-31].
In the lower Niger River basin (Nigeria), machine learning models using environmental,
climatic, and topographic factors achieved effective flood risk mapping. The XGBoost
model showed the highest accuracy (91%) and identified river confluence areas as high-risk
zones [32]. In another research conducted in the Lanyang Plain (Taiwan), a hybrid RE-SOM
model improved flood risk mapping accuracy and enhanced the detection of high and very
high-risk areas by up to 30% compared with conventional methods [33]. Based on a novel
study, in the Armbagh region (India), a machine learning framework achieved over 80%
accuracy in flood risk mapping. SHAP and Boruta analyses identified elevation, rainfall,
and distance from rivers as key factors, with 17-18% of the area exposed to high flood
risk [34].

In subsequent research conducted in the Ajichay River basin (northwestern Iran),
different neural network models were evaluated for flood susceptibility mapping. The
results showed that elevation was the most influential factor, and the MLP model with
a sigmoid function achieved the best performance with 92.1% AUC accuracy [35]. In a
related study conducted in the central-west coast of India, hybrid machine learning models
integrating Adabag with different algorithms improved flood susceptibility mapping.
The Adabag—Rotation Forest model achieved the highest accuracy (94%), outperforming
individual models [36].

In an alternative study, in Kermanshah city (Iran), machine learning models were
applied for urban flood risk mapping under limited data conditions. The RF model showed
the best performance (AUC-ROC = 99.5%), with distance from channels, land use, and
Curve Number identified as the most influential factors [37]. According to the new study
conducted in the Abarkuh region (Iran), a hybrid approach integrating machine learning
models and ANP-DEMATEL was developed for flood risk assessment. The SVM model
achieved the best performance, identifying precipitation, vegetation cover, and stream
density as key influencing factors, with 75% of the area classified as high or very high
risk [38]. In a study through the Kalvan watershed (Iran), decision tree-based machine
learning models were applied for flood susceptibility mapping. The ERT model achieved
the best performance (AUC = 0.82), identifying elevation, slope, precipitation, and distance
from rivers as key controlling factors [39]. In another investigation carried out in the
arid Xinjiang region (China), the RF algorithm was applied for storm flood risk mapping
and achieved an accuracy of 83.48%. The results showed that mountainous areas, river
downstream plains, and lake surroundings were more flood-prone, with hazard intensity,
population density, road density, distance from rivers, and precipitation as key factors [40].
While machine learning models are effective at identifying complex relationships between
flood-influencing variables, they often operate on local scales using training data and
offer limited direct control over the decision-making process. In contrast, multi-criteria
decision-making (MCDA) approaches, such as the Ordered Weighted Averaging (OWA)
method, enable a well-considered and flexible evaluation of flood risk across broader
spatial analysis levels. OWA, by employing ordered weights and a parametric structure,
allows decision-makers to simulate various decision-making approaches within different
scenarios, ranging from very pessimistic to very optimistic. This enables an examination of
the model’s sensitivity to changes in preferences or uncertainty conditions, making OWA a
potent tool for scalable and scenario-based analyses in environmental risk management,
such as flood mitigation.
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In a recent research study conducted in the Dadou River basin (China) for flood risk
zonation, three multi-criteria analysis methods such as AHP, TOPSIS, and OWA (with
o = 1) were employed within a GIS framework. The results indicated that the areas of
Luding, Yuexi, and their surroundings exhibit the highest risk levels. The flood risk distri-
bution patterns were similar across all three methods, and validation with historical flood
occurrence data confirmed the high accuracy and reliability of the generated maps [41].
In a related deep study conducted in Mazandaran Province, Iran, flood risk maps were
prepared using OWA-based GIS analysis with two types of weighting: subjective and com-
bined subjective-objective. The results showed that under fully pessimistic and optimistic
strategies, the percentage of flood-prone areas in the “very high” risk class was 14.65% and
100%, respectively. The assessment ratio was consistent at 4.47 and 1.2 for both weighting
types [42]. In a subsequent research, flood risk maps were prepared using GIS and the
AHP and OWA methods. Nine effective parameters, including elevation, slope, curvature,
precipitation, and others, were weighted according to their importance. The results indi-
cated that the area is divided into five zones with risks of very low (13.16%), low (19.16%),
medium (23.07%), high (30.31%), and very high (14.30%). The largest area corresponds to
the high-risk zones. The OWA method’s performance was well demonstrated in this study
for generating flood risk maps with more precise delineation of vulnerable areas, providing
a suitable basis for management decisions [43].

Based on a new investigation, flood potential was analyzed using the Ordered
Weighted Average (OWA) model. In this research, eight criteria were selected as input
factors. After initial preprocessing using ArcGIS (10.8.2) software and specialized tools
such as the OWA model with three-tier weights including ANDness, ORness, and Trade-
off, modeling was executed. Based on this, flood potential maps for the study area were
generated. The results highlighted the effective role of the OWA model in analyzing and de-
termining different levels of flood risk on a spatial scale [44]. The conducted investigations
indicate that in flood risk and zonation assessments, determining the degree of influence
of various factors plays a crucial role in the accuracy and reliability of the results. This
determination can be achieved using two main categories of methods: subjective methods,
which are based on expert opinions and human experience and are often applicable when
insufficient data is available, and objective methods, which are based on real data and
mathematical and statistical models, such as dependence analyses, weighting, and machine
learning algorithms. The significance of these methods in flood risk mapping stems from
their ability to identify and prioritize factors influencing flood occurrence and intensity,
such as topography, land use, precipitation, etc., which directly relates to the accuracy of
zonation and management decisions. An intelligent combination of subjective and objective
methods can enhance the reliability of risk maps and improve the management of flood
prevention and damage reduction, which is one of the main objectives of this research.

The aim of this study is to develop a comprehensive comparative framework for flood
susceptibility mapping by integrating a scenario-based multi-criteria decision-making
approach and a data-driven machine learning model. Unlike previous studies that mainly
focused on comparing conventional GIS-based multi-criteria techniques with machine
learning algorithms, this research introduces a novel scenario-based OWA-BWM frame-
work that incorporates different decision-maker risk preferences (from very optimistic
to very pessimistic conditions) into flood susceptibility assessment. This capability en-
ables the evaluation of how variations in risk attitudes influence susceptibility patterns
and provides a more flexible decision-support framework for flood risk management.
In parallel, the Random Forest (RF) algorithm is applied as a data-driven approach to
capture complex nonlinear relationships between flood occurrence and environmental
conditioning factors using historical flood observations. The novelty of this study lies in
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the systematic comparison of expert-driven and data-driven modeling approaches under
the same spatial framework, providing new insights into the advantages, limitations, and
uncertainty associated with each method. Moreover, to the best of our knowledge, such
an integrated scenario-based OWA-BWM and RF comparison has not previously been
conducted in the Great Karun watershed. The findings of this study can support more
reliable flood susceptibility assessment and assist decision-makers in developing effective
flood risk reduction and management strategies. The main research question of this study
is whether a data-driven machine learning approach (Random Forest) can outperform
a human judgment-based multi-criteria decision-making method (OWA-BWM) in terms
of accuracy, robustness, and generalization capability in flood susceptibility mapping at
the watershed scale. Accordingly, the main hypothesis of this study is that the Random
Forest model, due to its ability to learn complex nonlinear patterns from observational data,
provides higher predictive accuracy and better generalization performance compared to
the OWA-BWM model, which relies on subjective weighting and scenario-based human
decision preferences.

2. Materials and Methods
2.1. Case Study: Great Karun Basin

The Great Karun Basin, as one of the significant sub-basins of the Persian Gulf and
Sea of Oman watershed, covers an area of approximately 66,675 km? and comprises
10 distinct sub-basins. The Karun River, with its unique characteristics as the longest, most
voluminous, and largest river in Iran, plays a fundamental role in supplying the region’s
hydroelectric power. Topographically, about 74% of this basin consists of mountainous
and high-altitude areas, while 25% comprises plains and low-lying lands. This basin
encompasses numerous provinces, including Khuzestan, Lorestan, Chaharmahal and
Bakhtiari, Kohgiluyeh and Boyer-Ahmad, Markazi, and Isfahan. The extensive climatic
diversity across these provinces, ranging from arid to temperate and snowy climates,
has resulted in considerable fluctuations in hydro-climatic indicators. Nevertheless, the
impacts of human activities, particularly dam construction, have led to changes in the
basin’s hydrological regime and have reduced its adaptability to natural hazards. These
complexities have cemented the key position of the Karun Great Basin in the country’s
strategic planning. Figure 1 illustrates the geographical coordinates of this region.

2.2. Datasets

In this research, in order to investigate the risk of flooding in the study area, spatial
data were classified into four main categories, including climatic data, hydrological data,
data related to land cover and properties, and topographic data. The spatial resolution of
all layers was considered to be 300 m. To ensure spatial consistency among all conditioning
factors, the raster datasets were standardized to a spatial resolution of 300 m using the
resampling procedure in ArcGIS. The original high-resolution raster layers were resampled
using the Nearest Neighbor method to preserve the original spatial characteristics of the
input data.

To generate spatial maps, distance-based methods and reclassification of the digital
elevation model were first used to create geomorphological maps. Other spatial layers,
including hydrological information, land cover, topographic features, and indices related
to water flow and accumulation, were also calculated and processed. For the machine
learning model modeling stage, all layers were standardized to enable direct comparison.
To extract the flooded areas layer, which occurred globally between the years 2000 and
2018, the Global Flood Database was used and extracted for the study area. The Global
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Flood Database includes maps of the extent and temporal distribution of flood events that
occurred from 2000 to 2018 [45].
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Figure 1. The study area for the current research.

To update and improve the flood inventory dataset, an additional flood extent extrac-
tion process was performed using the Normalized Difference Water Index (NDWI) change
detection approach in the Google Earth Engine (GEE) platform. Sentinel-3 OLCI images
were analyzed before and after the March 2019 flood event to identify newly inundated
areas. The NDWI difference between pre-flood and post-flood conditions was calculated,
and areas showing significant increases in surface water response (NDWI > 0.1) were classi-
fied as newly flooded regions. Consequently, the historical flood inventory was updated
from 2000 to 2018 to 20002019, providing a more comprehensive target dataset for flood
susceptibility modeling. The information obtained from this dataset was classified into
two classes: flooded areas and non-flooded /permanent areas. Table 1 shares information
concerning the dataset used in the current study.

Table 1. The main data used in this research.

Data Source (accessed on 28 April 2026)
Precipitation https:/ /www.irimo.ir/eng/index.php
Temperature https:/ /www.irimo.ir/eng/index.php

Evapotranspiration https:/ /www.irimo.ir/eng/index.php

Snow Cover

https://developers.google.com/earth-engine/datasets/catalog/NASA _
FLDAS_NOAHO01_C_GL_M_V001

Rivers

https:/ /www.moe.gov.ir/?lang=en-us

Vegetation Cover (NDVI)

https:/ /developers.google.com/earth-engine/datasets/catalog/
LANDSAT_COMPOSITES_C02_T1_L2_32DAY_NDVI

Land Cover

https:/ /developers.google.com/earth-engine /datasets/catalog/KNTU_
LiDARLab_IranLandCover_V1

Soil Class

http:/ /www.swri.ir/en-US/DouranPortal /1/page/Home
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Table 1. Cont.

Data

Source (accessed on 28 April 2026)

Geology Class

https://gsi.ir/en

Digital Elevation Model (DEM)

https:/ /developers.google.com/earth-engine/datasets/catalog/JAXA_
ALOS_AW3D30_V3_2

https:/ /developers.google.com/earth-engine/datasets/catalog/

Flooded Areas GLOBAL_FLOOD_DB_MODIS_EVENTS_V1
Flooded Point www.kwpa.ir, www.wrm.ir
(Validation) -Kwpa.r, . .

Opverall, the flood inventory used in this study covers the period 2000-2019, ensuring
a long-term representation of observed flood events. To maintain temporal consistency, all
dynamic environmental predictor variables were computed as multi-year averages over
the same period using the Google Earth Engine (GEE) platform.

2.3. Effective Criteria on Flooding

The criteria used in this research were divided into four categories: Hydroclimate,
Hydrologic, Earth Cover, and Topography to cover all possible factors on the flood suscep-
tibility of the study area. The four categories and their criteria are explained below.

Climate: Climatic conditions are among the fundamental factors controlling flood sus-
ceptibility due to their direct influence on the hydrological cycle. In this study, rainfall, air
temperature, evapotranspiration, and snow cover were selected to characterize the climatic
setting of the study area. Rainfall provides the primary source of water input, whereas
temperature regulates snowmelt and evaporation processes. Evapotranspiration governs
moisture loss from the land surface, and snow cover acts as a temporary water reservoir
whose melting can substantially increase runoff. Considering these variables together
enables a more comprehensive representation of climatic variability and its influence on
flood susceptibility, thereby improving the robustness of the susceptibility assessment.

Hydrological: Hydrological characteristics play a decisive role in controlling the
movement, concentration, and storage of surface water within a watershed. To capture
these processes, five hydrological indicators were incorporated into the analysis: distance to
rivers, distance to dams, drainage density, stream power index (SPI), and flow accumulation.
These variables collectively describe the connectivity of the drainage network, the potential
energy of flowing water, and the capacity of the landscape to collect and convey runoff.
Their combined evaluation provides valuable insight into the spatial variability of flood
susceptibility and supports the identification of locations where runoff is more likely to
accumulate and generate flooding.

Earth Cover: Land surface characteristics strongly influence the partitioning of rainfall
into infiltration, storage, and surface runoff. To represent these effects, four surface-related
variables were incorporated into the analysis: soil type, geological formation, vegetation cover,
and land cover. These factors determine the physical properties of the terrain, regulate water
infiltration and retention, and modify runoff generation under different environmental condi-
tions. Their combined contribution provides a realistic representation of surface conditions
and improves the identification of areas with varying levels of flood susceptibility.

Topography: Terrain configuration is a primary factor governing the direction, ve-
locity, and concentration of overland flow. In this study, topographic conditions were
characterized using elevation, slope, the topographic wetness index (TWI), curvature, and
the sediment transport index (STI). These variables describe the geometric properties of the
landscape and its ability to accumulate, retain, or route water across the watershed. By cap-
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turing variations in terrain morphology, they provide essential information for identifying
flood-prone locations and enhancing the accuracy of flood susceptibility assessment.

Figure 2, highlights the normalized criteria, standardized according to the magnitude
and direction of their influence on flood susceptibility. Figure 3 shows the land cover,
soil properties, and geology class of the Great Karun basin. Due to the vastness of this
watershed, the high diversity in its earth cover causes the basin’s behavior in different
areas to vary in terms of water infiltration or its conversion to runoff, exhibiting different
behaviors in various regions.
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Figure 2. Map of continuous criteria influencing flood susceptibility.
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Figure 3. Map of the Earth cover criteria Influencing flood susceptibility.

2.4. Methodology

The schematic of the current research methodology based on the different steps is
shown in Figure 4. In the first step, the factors affecting flooding (Table 1) in the study
area were identified. This stage involved selecting the indicators and criteria that have the
greatest impact on the occurrence and probability of floods, based on climatic, topographic,
hydrological, and land cover characteristics. In the second step, using spatial analyses in a
GIS environment, the information layers and spatial maps related to each of the effective
factors were prepared. These layers were used as input data for two decision-making
models: OWA and the RF machine learning model. In the final step, the accuracy of the
models and their resulting outputs across different flood risk classes (from very low to
very high potential) were comparatively evaluated. This evaluation was conducted with
the aim of determining each model’s capability in accurately predicting flood-prone areas.
Finally, based on the obtained results, the model with the highest accuracy and efficiency
was selected as the best method or scenario for flood risk prediction in the region.
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Figure 4. Flowchart of the current research methodology based on the different steps.

2.5. Best-Worst Method (BWM)

In the current study, the Best-Worst Method (BWM) was employed to determine
the weights of the influencing criteria. This method, originally introduced by [46,47], was
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considered one of the most efficient multi-criteria decision-making approaches, significantly
enhancing the accuracy and consistency of judgments by reducing the number of required
pairwise comparisons. Within the BWM framework, the decision-maker first identified
the “best” and “worst” criteria based on their relative importance. Subsequently, the
comparisons between the best criterion and all other criteria, as well as the comparisons
between all criteria and the worst criterion, were conducted. This structured procedure
ensured that the decision-maker’s preference system was captured clearly and used as
the analytical foundation for subsequent calculations. To derive the final weights of the
criteria, a linear optimization model was then solved, with the objective of minimizing
inconsistency in the provided judgments. The outcome was a set of weights that not
only demonstrated the highest possible level of consistency but also provided an accurate
representation of the decision-maker’s preferences. Features such as reduced reliance on
subjective assessments, high interpretability, robustness of results, and strong performance
in complex evaluation settings make BWM a scientifically sound and reliable method
for assessing and weighting flood-related criteria in this research. These advantages are
particularly important in studies dealing with uncertainty and diverse environmental
indicators, as they substantially enhance the precision and credibility of the final analysis.

In this study, expert judgments were collected from a panel of 20 academic experts
and experienced practitioners with specialized knowledge in hydrology, water resources
engineering, river engineering, remote sensing, and geomorphology. The experts were
selected based on their academic background, publication records in reputable international
journals, and their familiarity with the hydrological and environmental characteristics of
the Great Karun watershed. To ensure the reliability of the Best-Worst Method (BWM)
pairwise comparisons, the consistency of expert judgments was evaluated using the stan-
dard consistency ratio (CR) approach. The calculated CR values were found to be less
than 0.10, indicating an acceptable level of consistency and logical coherence among expert
judgments. Therefore, all expert opinions were considered reliable and were used in the
final weight derivation process for the OWA-based flood susceptibility modeling.

2.6. Ordered Weighted Averaging (OWA)

The Ordered Weighted Averaging (OWA) operator was originally proposed by [48]
as a flexible aggregation technique that provides a parametric framework for combin-
ing multiple criteria under different decision-making strategies. It was introduced as
a flexible parametric aggregation framework for combining multiple criteria. For a
given set of n criteria, the OWA operator is defined as a function F : [" — I, which is
accompanied by a set of ordered weights in the form of V = [v1,vy,...,0v,]. such that
v € [0,1) forj=1,2, ..., nand 27:1 vj = 1. Now, if a set of standardized values for
the criteria is available as: A; = [a1,ay,...,a,4) fori =1,2,...,m, where ajj € [0,1] repre-
sents the value of the j-th criterion at the i-th position, then the OWA operator is defined
as follows:

a>0

OWA,(a;1,ai2, - - < lip) = 217‘1:1 ViZij M

Before implementing the OWA-based GIS-MCDA framework, all evaluation criteria
must be expressed on a common measurement scale to ensure meaningful comparison and
aggregation. Since the selected criteria differ in their units and value ranges, a standardiza-
tion step was performed prior to the analysis. In this study, each criterion was normalized
using its corresponding minimum and maximum values, thereby transforming the original
data into dimensionless and comparable scores. Depending on the relationship between a
criterion and flood susceptibility, two normalization strategies were adopted. Criteria with
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a positive influence, where larger values indicate greater susceptibility, were treated as
benefit criteria, whereas variables with an inverse relationship were considered cost criteria.
Accordingly, Equations (2) and (3) were used to standardize the benefit- and cost-type
criteria, respectively, before the OWA analysis. If a higher value is better (Maximize):

Sij— S
aij = gmax _ Smin (2)

] ]

If a lower value is better (Minimize):
SMax — S
ajj = W 3)
] ]

The OWA operator in Equation (1) focuses solely on the order weights, overlooking
the fact that in many GIS-based spatial decision-making problems, it is necessary to define
a separate weight for each criterion. To address this limitation, Ref. [49] proposed a method
where attribute weights can also be incorporated into the calculation of order weights. This
is achieved by modifying the structure of the OWA operator, with the goal of generating
order weights that consider both the order of importance of criterion values and the
overall importance of each criterion. In this approach, the main criterion weights are first
incorporated into the calculation process, and then, using a specific formula (Equation (4)),
the final order weights are obtained in proportion to the spatial location and the decision-

Zg:l ! ' 5;} 11 '
V. = — 4
] (Z?_l up ) <Zln_1 Uy @)

In this method, u; refers to the ordered weight of the j criterion, which is derived from

making risk level.

its initial weight w; based on the sorted values of the criteria Z;;. The weight w; for each
criterion is determined by the decision-maker and indicates the relative importance of that
criterion. These weights reflect the values and preferences of the decision-maker and have a
constant value for the j criterion across all spatial locations. In contrast, the ordered weights
u; are calculated specifically for each spatial location (i) and are assigned to the sorted
values of the criteria at that location, regardless of which criterion that value belongs to.

In other words, the highest criterion value at a location receives weight 11, the second
highest receives weight 1, and so on. In GIS-based multi-criteria evaluations, criterion
weights are usually defined such that their sum equals 1: Z}Ll w; = 1. Similarly, since u; is
just the sorted version of the same weights, their sum will also be equal to 1: 2;1:1 uj =1
Therefore, Equation (5) can be written as follows:

vi=(Sm) - (Sm) (5)

Given a set of criterion weights w; and ordered weights v;, the OWA operator can be
defined as follows:

OWA; = i((z{_l ul)“ - (25 u1>a>Zi]- 6)

The value of « is related to the degree of ORness (or risk-taking propensity) [50]. The
ORness value ranges from 0 to 1. This value indicates how much an OWA operator’s
aggregation behavior resembles that of a logical OR operator.

1
= — >
ORness i1 a>0 7)
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2.7. Machine Learning Model

Random Forest: The RF model is one of the advanced and widely used models in
the field of supervised machine learning. By leveraging a collection of decision trees, it
possesses a high capability in classifying and predicting complex and non-linear data. This
model, by creating a number of independent decision trees through random sampling
of data and features, and then aggregating their results as an average or majority vote,
provides stable, accurate, and overfitting-resistant performance [51]. In the field of flood
susceptibility mapping, the RF, by integrating spatial, hydrological, and climatic data, is
capable of discovering hidden patterns in the relationships among variables and generating
high-accuracy spatial susceptibility maps [52]. These characteristics have transformed the
RF into an efficient tool for risk management, regional planning, and mitigating flood-
induced damage.

From a computational perspective, RF operates based on the ensemble learning princi-
ple, where the final prediction is obtained from the collective behavior of multiple decision
trees rather than a single classifier. During the training process, bootstrap sampling and ran-
dom feature selection are applied to generate diverse tree structures, which improve model
stability and reduce sensitivity to noise and overfitting. This mechanism is particularly
advantageous for flood susceptibility assessment because environmental datasets often
involve complex interactions, multicollinearity, and nonlinear relationships among condi-
tioning factors. Furthermore, RF can estimate the contribution of individual predictors by
analyzing the reduction in impurity produced by each variable during the tree construction
process. Therefore, the model provides not only accurate classification of flood-prone areas
but also a better understanding of the relative influence of hydro-environmental drivers
controlling flood occurrence.

In this study, the RF model was optimized through careful tuning of key hyperpa-
rameters. The number of decision trees (n_estimators) was set to 250 to ensure a strong
and stable ensemble performance. The maximum depth of each tree (max_depth) was
restricted to 10 to control model complexity and reduce the risk of overfitting. In addi-
tion, the minimum number of samples required at each leaf node (min_samples_leaf) was
set to 2 to maintain an appropriate balance between model generalization and spatial
detail preservation.

To ensure a reliable model development and evaluation process, the dataset was
divided into training and testing subsets using a random partitioning strategy, where 70%
of the samples were allocated for model training, and 30% were reserved for independent
testing and performance evaluation. The hyperparameters of the RF model were optimized
using the Info-Optimizer algorithm [53] to determine the most suitable model configuration
and improve predictive performance. The optimization process aimed to identify the
optimal combination of RF parameters by minimizing prediction errors and enhancing the
model’s ability to generalize beyond the training data. The final RF structure was selected
based on the optimized hyperparameter values, including the number of trees, maximum
tree depth, and minimum samples required at leaf nodes. This approach reduced the risk
of overfitting and provided a more robust framework for flood susceptibility prediction.

It should be noted that all computations and modeling procedures were performed
using Python (3.10.8) in the Google Colab environment.

2.8. Model Performance Assessment

After generating flood susceptibility maps based on the outputs of different models,
the study area was classified into five flood susceptibility classes: very low susceptibility
(0-0.2), low susceptibility (0.2-0.4), moderate susceptibility (0.4-0.6), high susceptibility
(0.6-0.8), and very high susceptibility (0.8-1.0). Model performance was evaluated using a
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spatial validation approach based on the confusion matrix framework. First, the spatial
extent of each susceptibility class was calculated as a proportion of the total study area.
Then, observed flood locations (validation data) were overlaid on the susceptibility map to
derive a confusion matrix, from which standard accuracy metrics were computed. For each
class, Producer’s Accuracy (PA) was defined [54] as:

TP;
PAj = —— L — 8
' TP; + FN; ®)
where
e TP;: number (or area) of correctly classified flood pixels within class iii
e  FN;: number (or area) of observed flood pixels that were not classified in class iii
The area proportion of each class was calculated as:
Area;
P )
Areatotal

To further evaluate the ability of the model to concentrate flood occurrences in higher
susceptibility zones, a Prediction Rate (PR) was defined as:

PA;
Aj

PR; = (10)

A higher Prediction Rate in high and very high susceptibility classes indicates a better
capability of the model to correctly identify flood-prone areas relative to their spatial extent.

In classification tasks, Random Forest (RF) model predictions can be categorized into
four possible outcomes: true positive (TP), true negative (TN), false positive (FP), and false
negative (FN). In imbalanced datasets, where the number of samples belonging to one
class is considerably higher than the other classes, conventional performance metrics may
provide misleading interpretations of model effectiveness. Therefore, the Area Under the
Receiver Operating Characteristic Curve (AUC-ROC) was employed as a reliable evaluation
metric to assess the discrimination capability of the RF model.

The AUC quantifies the ability of the model to distinguish between positive and
negative classes by evaluating the trade-off between the true positive rate (sensitivity) and
false positive rate across different classification thresholds. Unlike accuracy-based metrics,
AUC is less sensitive to class imbalance and provides a more comprehensive assessment of
model performance. The AUC value ranges from 0 to 1, where values closer to 1 indicate
excellent predictive capability, while values around 0.5 suggest that the model performs
no better than random classification. In this study, the ROC curve was generated using
the predicted probabilities of the RF model and observed flood occurrence data, and the
AUC value was calculated using the trapezoidal integration method implemented in the
Scikit-learn library.

Additionally, in this study, the Global Flood Database (GFD) dataset was carefully
evaluated and compared with local observational data to ensure that the generated flood
susceptibility maps were consistent with observed flood events, thereby enhancing the
scientific validity and reliability of the results.

3. Results

A precise analysis of the indicators and variables influencing its occurrence and
spread is of particular importance in understanding flood behavior at local and regional
scales. To this end, in the current research, to provide accurate inputs for decision-making
and machine learning models, a set of criterion maps was generated based on elevation

https:/ /doi.org/10.3390 /hydrology13070185


https://doi.org/10.3390/hydrology13070185

Hydrology 2026, 13, 185

15 of 32

data and its derivatives, climatic data, and hydrological indicators. These maps are a
reflection of the spatial complexities of the basin, and their interpretation can provide
valuable information regarding flow paths, areas prone to inundation, and critical zones
from a flood susceptibility perspective. Figure 3 displays four geographical maps, each
representing a category of factors influencing flood occurrence in a specific watershed.
These factors are divided into four main groups: hydro-climatic, hydrological, topographic,
and land cover. Each map utilizes a color spectrum (primarily from green to red) to
show the spatial variations in each criterion and, with the aid of a spatial scale and north
orientation, provides a more precise data analysis capability. This type of multi-criteria
classification is considered an efficient method for analyzing flood vulnerability at the
basin scale.

Figure 5a, representing hydro-climatic factors, displays variables such as precipitation,
temperature, evapotranspiration, and snow cover. Red areas indicate high levels of these
variables, which can signify intense rainfall or a high runoff generation potential. These
factors are particularly prominent in the northern and central highlands of the region,
suggesting that these areas are more susceptible to flooding due to heavy and concentrated
precipitation. Hydro-climatic analysis is considered the first step in understanding the
potential of rainfall leading to floods.

Figure 5b pertains to hydrological criteria, which include factors such as drainage
density, distance from the river, distance from dams, the river stress index, and cumulative
flow. The pattern observed in this map exhibits a relatively more homogeneous texture
compared to the first map; however, areas with reddish tones are still visible in certain parts
of the downstream basin, which may indicate reduced infiltration capacity or increased
surface runoff. This analysis helps determine how and at what rate rainfall flows and
accumulates across the basin.

Figure 5c relates to land cover and has been produced considering criteria such as
surface cover, soil class, geological class, and vegetation cover. In this map, the influence of
various surface cover types such as forests, rangelands, agricultural lands, and built-up
areas on the hydrological behavior of the basin is examined. Areas shown in red indicate
poor cover or land uses with low permeability and high runoff generation (such as urban
areas or compacted agricultural lands). In contrast, green areas typically have dense
vegetation that effectively reduces runoff. Land cover analysis is essential for assessing
land-use changes and managing land use to reduce flood risks.

Figure 5d represents the topographic characteristics of the watershed, including slope,
elevation, the topographic wetness index, curvature, and the river sediment transport index.
Areas shown in red generally indicate steep slopes or high elevations, which have a greater
potential for rapid runoff concentration and the formation of flood flows. Topography
not only influences the direction and velocity of water flow but also plays a key role in
identifying areas prone to erosion, landslides, and surface runoff concentration. Therefore,
precise analysis of topographic indices is essential for designing flood-warning systems
and runoff-control structures.

The combination of four categories of flood-influencing factors, including hydro-
climatic, hydrological, topographic, and land-cover criteria and indices, provides a system-
atic, coherent, and multidimensional framework for spatial analysis of flood susceptibility.
Since flooding is a complex phenomenon resulting from the interaction of natural and
human factors across variable spatial and temporal scales, the simultaneous use of these
four groups of information enables a more comprehensive assessment of flood dynam-
ics at the watershed level. These factors not only affect the hydrological behavior of the
basin independently, but their spatial combination can also identify flood-prone areas with
higher accuracy.
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Figure 5. Criteria Integrating Flood susceptibility; Hydro-Climate (a), Hydrologic (b), Earth Cover (c),
and Topography (d).

In terms of hydrological analysis, understanding flood behavior in different parts of
the watershed, including upstream, midstream, and downstream, has particular impor-
tance. Upstream areas typically have steep slopes, high rainfall, and natural vegetation
cover, which, although they generate rapid runoff, can also exhibit high storage and infil-
tration capacity. In contrast, midstream areas often act as pathways for surface flows and,
as transitional zones, are more affected by the combined conditions of upstream regions
and their own land-use characteristics. The downstream part of the basin, which usually
includes low-slope plains with concentrated settlements and agricultural lands, has the
highest vulnerability to runoff accumulation and overflow; according to land-cover and
hydrological maps, these areas generally have low permeability, dense structural devel-
opment, and short distances to waterways, which intensify flood risk. Continuing this
analytical approach, the present study will examine flood-susceptibility mapping under five
probable scenarios that range from highly optimistic to highly pessimistic. These scenarios
represent a spectrum of environmental and managerial conditions that may occur in the
future of the basin. In the optimistic scenarios, relatively stable and favorable conditions are
assumed for the watershed, while in the moderate and pessimistic scenarios, the intensity
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of threatening factors gradually increases and potential hazards rise. In each scenario, the
spatial pattern of flood susceptibility in the upstream, midstream, and downstream sections
will be analyzed to reveal differences in watershed behavior under varying conditions. This
scenario-based analysis provides a foundation for better understanding possible futures
and making informed decisions in flood-risk management.

Figure 6 shows the results of flood susceptibility zoning based on using the RF model
and OWA operator with the ORness index across five different scenarios (0 = completely
pessimistic, 25 = pessimistic, 50 = realistic, 75 = optimistic, and 100 = completely optimistic).
Each scenario represents decision-making behavior with varying degrees of risk aversion,
from completely pessimistic to completely optimistic. Analysis of the maps indicates that
as the ORness value decreases, the data combination becomes more conservative, empha-
sizing the worst possible conditions. Consequently, in the completely pessimistic scenario
(ORness = 0), a wide area of the region, particularly the south and southwest, falls into
the high to very high-risk categories. The reason could be the influence of parameters
such as low slope, proximity to rivers, and impermeable soil textures. This magnifica-
tion is intentionally implemented to cover all high-risk areas and to reduce the risk of
the analysis.

As ORness increases towards the mid and higher values (25, 50, and 75), the extent and
distribution of high-risk areas decrease, and the risk becomes confined to more specific and
realistic areas such as main river paths and low-lying regions. The ORness = 50 scenario,
which represents a balanced behavior between optimism and pessimism, offers a realistic
view of the risk status and is considered the reference scenario for subsequent analyses.
In the completely optimistic scenario (ORness = 100), most of the area is categorized
as low-risk, with only limited areas exhibiting specific geographical features, such as
proximity to main rivers, remaining in the medium to high-risk classes. Comparing these
scenarios with the results of the RF machine learning model shows that RF also identifies
the southern parts of the basin and the floodplains as areas with persistent high risk, which
highlights a relative consistency with the results of the intermediate and pessimistic OWA
scenarios. However, unlike the pessimistic scenarios that encompass a wide range of areas,
the RF model identifies the risk in a more concentrated and targeted manner, avoiding
overestimation of high-risk areas. Furthermore, compared to the completely optimistic
scenario, the RF model tends to predict a higher and more conservative risk, which is due
to the model’s ability to utilize actual data and assign weights to influential variables. The
spatial sensitivity analysis and the overlap matrix between the RF results and the OWA
scenarios indicate that the highest spatial correspondence is related to the ORness = 50
scenario, where approximately 70% of the high-risk areas are common in both models,
while the completely optimistic scenario has only about 30% overlap. This suggests that
ORness = 50 is a suitable representative for a realistic and balanced analysis that can serve
as a basis for decision-making in flood risk management planning. Another important
point is the persistence of high-risk areas across all scenarios and the RF model; specifically,
the southern sections and floodplains, which are exposed to medium to high risk even
under the most optimistic conditions. This spatial risk persistence underscores the necessity
of focusing and prioritizing engineering measures such as the construction of flood control
structures, improvement of drainage systems, and land-use management in these areas.

In summary, the combination of scenario-based analysis using the OWA model with
the data-driven output of the RF model provides a comprehensive perspective on the
extent and distribution of flood risk and the impact of different decision-making behaviors
when faced with uncertainty. This multi-scenario approach allows for flexible planning
and resource optimization for flood risk management in the region. In other words,
compared to classical models, this approach offers greater flexibility in responding to
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Figure 6. Flood susceptibility prospectively maps for the selected values of ORness and RF model.

3.1. Comparative Analysis of RF Model Performance and OWA Scenarios with Different ORness
Levels Based on Prediction Rate Index

According to the OWA model in the completely pessimistic scenario (ORness = 0),
where all weights are assigned to the lowest values, the highest prediction rate is observed
in the “Very Low” class (2.8%). As the risk class increases, the prediction rate continuously
decreases, reaching 0.3% and 0.6% in the “Medium” and “High” classes, respectively, and
only 1.4% in the “Very High” class. This indicates that this scenario is more effective in
identifying low-risk areas but performs poorly in detecting high-risk areas. With a slight
increase in ORness in the pessimistic scenario (ORness = 25), a noticeable change in the
prediction rate is seen in the higher classes, with the “Very High” rate increasing from 1.4%
to 2.2%. Consequently, while maintaining accuracy in the lower tiers, areas with a high
probability of flooding are better identified, and performance in the “Low” and “Medium”
classes is more balanced. This scenario is significant from the perspective of balancing
conservatism and realism.

In the logical or neutral scenario (ORness = 50), weights are distributed evenly, and
a clear increase in the prediction rate for higher probability classes is observed. The rate
for the “Very High” class reaches 3.5%, the highest value among the scenarios. This

https://doi.org/10.3390/hydrology13070185


https://doi.org/10.3390/hydrology13070185

Hydrology 2026, 13, 185

19 of 32

scenario provides a balance point between risk coverage and reducing decision-making
risk, as the increase in rates in the higher classes does not come with a sharp decline
in the lower classes. In the optimistic scenario (ORness = 75), the tendency to focus on
higher criterion values increases, and the prediction rate in the “High” class reaches 1.8%.
However, in the “Very High” class, it is only 1.9%, which is lower than the corresponding
value in the neutral scenario. The sharp decrease in rates for the “Very Low” and “Low”
classes (0.2% and 0.4%, respectively) indicates that the model has lower discriminative
power in the initial tiers and primarily focuses on higher-risk areas, although not with
sufficient accuracy.

In the completely optimistic scenario (ORness = 100), the highest prediction rate in
the “Very High” class is 2.2%, which is lower than the corresponding value in the neutral
scenario (3.5%). This suggests that increasing ORness does not necessarily guarantee
improved identification of high-risk areas. Furthermore, the rates for the “Very Low” and
“Low” classes decrease to the lowest possible level (0.2%). Overall, this scenario carries a
high risk in decision-making as its focus is on ranges that may not align with actual risks.

3.2. Analysis of Random Forest Model Performance Compared to OWA Scenarios

The RF machine learning model (Figure 7) demonstrates remarkable performance
across all classes, especially in the upper-risk tiers. The prediction rate in the “Very High”
class reaches 16.02%, a figure that is not only significantly higher than all OWA scenarios but
also indicates the model’s strong ability to understand the relationships and complexities
among criteria, as well as its precise focus on high-risk areas with minimal spatial waste.
Furthermore, the prediction rates in the “High” (7.56%) and “Medium” (4.67%) classes are
also at a high level, signifying the model’s balance and high accuracy in differentiating
sensitive areas. Conversely, in the “Very Low” and “Low” classes, the prediction rate
is very low (0.09% and 0.68%, respectively), suggesting that the model does not tend to
predict low-risk areas as critical. This is a desirable characteristic in risk and disaster
management, as it reduces false alarms and enhances decision-making accuracy during
crisis management.

Therefore, the results indicate that as ORness increases in the OWA method, the
model moves towards greater optimism in selecting critical areas, but this optimism is
consistently associated with a decrease in the actual prediction rate in the upper tiers.
In contrast, the RF model, relying on data-driven learning power and non-linearity, has
identified the spatial distribution of flood risk with significantly higher accuracy than the
OWA method. Consequently, if the objective is to focus on accurately predicting high-risk
flood areas with the least occupied area, RF is recognized as the best option in terms of
prediction performance. However, if the decision-making approach is based on subjective
preferences and uncertainty assessment strategies, the OWA scenario with ORness = 50
(logical) provides the greatest balance between conservatism and prediction accuracy.
Figure 5 displays the values and comparisons based on the prediction rate.

The RF model in flood susceptibility zoning demonstrates a remarkable and superior
performance compared to the OWA-based scenarios and method, achieving an AUC
criterion of 0.984 (Figure 8). This high AUC accuracy suggests the high capability of
the RF model in correctly distinguishing areas with high flood risk from low-risk areas.
In comparison, the OWA method, which includes a degree of subjective judgment in
weighting the factors affecting floods, could not achieve the same level of accuracy and
reliability as the RF model in identifying and classifying high-risk areas. Therefore, the RF
model, as a data-driven method, highlights a more powerful tool for accurate flood risk
assessment and zoning in this study.
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Figure 7. Prediction Rate (PR) for different flood probability classes.
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Figure 8. AUC Curve of RF model.

To assess whether the observed differences in model performance are statistically
significant, a non-parametric Wilcoxon signed-rank test was conducted at a 95% confidence
level ( = 0.05). The test was applied to the spatial prediction results of the Random Forest
(RF) and OWA-based models using the same independent validation dataset. The results
indicate that the difference between the RF model and all OWA scenarios is statistically
significant (p < 0.05), confirming that the superior performance of the RF model is not due
to random variation. In addition, bootstrap resampling (1000 iterations) further supported
the robustness of these findings, showing consistently higher AUC values for the RF model
across repeated samples.

https:/ /doi.org/10.3390/hydrology13070185


https://doi.org/10.3390/hydrology13070185

Hydrology 2026, 13, 185

21 of 32

3.3. Quantitative and Comparative Analysis of Flood Risk Classes Based on OWA and RF Models

Figure 9 reveals the percentage of the study area belonging to each of the five flood
probability classes, from very low to very high, for different scenarios of the OWA model
and the RF model. This distribution of classes illustrates how each model or scenario
responds to data and uncertainty in determining flood risk levels on a spatial scale. By
analyzing this data closely, one can evaluate the behavioral and performance differences in
each scenario and model. Based on the OWA model in the completely pessimistic scenario
(ORness = 0), nearly half of the area (49.6%) falls into the “Very Low” class, which is the
largest proportion among all scenarios. This outcome stems from the complete focus on
the minimum values in the decision-making criteria, such that any area where at least one
characteristic is within the safe range is generally classified as low-risk. Consequently, the
northern and northeastern parts of the basin—with moderate to high slopes and permeable
soils—are placed in the lower risk classes, while the low-lying plains of the southwest and
areas adjacent to rivers remain in the “High” and “Very High” classes, indicating the strong
effect of dominant features such as low elevation and poor drainage. With a slight increase
in ORness in the pessimistic scenario (ORness = 25), the proportion of the “Very Low” class
decreases to 18.2%, and the “Low” class increases to 33.5%, leading to a more balanced risk
distribution. In this case, areas with a combination of opposing characteristics, such as high
slope but close proximity to the river, are placed in the “Medium” or higher classes, and
parts of the central and western basin appear to be at greater risk, signifying the model’s
transition from extreme conservatism to a more balanced assessment.

The logical or neutral scenario (ORness = 50) shows the most balanced distribution,
with the largest area proportion in the “Medium” class (22.9%). Approximately 43.1% of the
area is located in the “High” and “Very High” classes, primarily comprising downstream
plains, areas near major networks, and impermeable soils. This combination indicates that
the model, without exaggeration, identifies areas of high cumulative risk while keeping
areas with mixed conditions at a medium level, which is suitable for optimal resource
allocation and resilient infrastructure design. In the optimistic scenario (ORness = 75),
approximately 76% of the area falls into the “High” (46.4%) and “Very High” (29.2%) classes,
reflecting the strong influence of parameters with high values. Even the presence of a single
critical variable moves a cell into the high-risk category. Areas such as the southern plains,
the edges of major rivers, and regions with impermeable soil and low slopes are more
prominent than before. This scenario is applicable to emergency situations and resilience
analysis of infrastructure. In the completely optimistic scenario (ORness = 100), over half
of the area (52.4%) is classified as “Very High” because the model exclusively weights the
maximum values, classifying areas with one critical criterion as high-risk zones regardless
of other safe characteristics. Large parts of the southern and southeastern basin, even areas
with resilient features, are placed in the high class. This indicates that although this scenario
is theoretically optimistic, in practice, it can exaggerate potential risks and requires careful
interpretation and use.

The comparative assessment of the RF model with different OWA scenarios reveals
significant differences in how flood risk is evaluated and spatially distributed. Based on the
results, the largest area proportion in the RF model corresponds to the “Medium” risk class
(35.5%), indicating the model’s tendency to identify areas with a mid-level, realistic risk.
This characteristic contrasts with some OWA scenarios, such as ORness = 0 or ORness = 100,
which have resulted in heavily conservative or optimistic distributions, respectively. In
terms of high-risk classes (the sum of “High” and “Very High” classes), the RF model, with
a share of 47.85%, shows a relative similarity to the ORness = 50 and ORness = 75 scenarios.
However, its distribution is far more structured and lacks exaggeration in identifying
high-risk areas. In OWA scenarios with lower ORness values (such as 0 and 25), the
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proportion of high-risk classes is lower, and the model tends towards underestimating the
risk. Conversely, in high ORness scenarios, particularly ORness = 100, a very large portion
of the area (over 80%) falls into the “High” and “Very High” classes, indicating a potential
overestimation of risk and high sensitivity to extreme values of spatial parameters.
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Figure 9. Percentage of the study area assigned to each flood probability class—Class area (%).

Overall, the results suggest that the ORness = 50 scenario of the OWA model exhibits
the most statistical and conceptual alignment with the RF model. This scenario has man-
aged to strike a balance between optimism and pessimism, providing a relatively balanced
risk distribution across the area. Therefore, it can be considered a benchmark scenario in
OWA-based analyses. In contrast, the RF model, with its data-driven performance and
reliance on statistical experience, is a suitable option for situations where accurate historical
information and reliable environmental data are available, and decision-making requires
reality-based analyses devoid of subjective assumptions. In general, the comparison be-
tween these two approaches, OWA and RF, indicates that their combined use can provide a
comprehensive and powerful approach to flood risk management. The OWA model, with
its scenario-based analysis capability, is a suitable tool for analyzing uncertainty and evalu-
ating decision sensitivity, while the RF model can offer accurate and operational predictions
by identifying hidden patterns within the data. This analytical integration is particularly
valuable for strategic decision-making in regional planning, resource management, and the
design of flood-resilient structures.

Analysis of risk maps and the percentage distribution of their classes across different
models is a key tool for understanding the variations in flood assessment at a regional
level. In this study, the OWA approach was utilized with five distinct ORness levels,
ranging from completely pessimistic to completely optimistic, alongside the RF model for
comparative analysis and validation. The various OWA scenarios facilitate the examination
of different decision-making strategies under uncertainty, while the RF model, with its
data-driven approach, offers precise predictive capabilities based on trained data. The
following presents a comprehensive analysis of flood risk class distribution within each
of these scenarios. Figure 10 visually depicts the percentage distribution of actual flood
occurrence locations across the different flood probability risk classes.
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Figure 10. Percentages of actual flood occurrence locations within each flood probability class.

For the completely pessimistic scenario (ORness = 0), which indicates the highest
degree of caution in decision-making, approximately 17.9% of the area falls into the “Very
Low” risk class. This high percentage is due to the weighting being focused on the minimum
input values of the criteria; therefore, even if only one of the influential criteria is in a safe
condition, that area is considered low-risk. The northeastern parts of the basin, which
have favorable elevation and permeability conditions, are mainly assigned to lower risk
classes, while the southern and southwestern areas, with low-lying terrain and high surface
runoff density, remain in the “High” and “Very High” classes. The pessimistic scenario
(ORness = 25), with a slight increase in the “Very Low” class share to 18.1% and a relative
growth in the “Low” class, indicates a decreased focus solely on minimum values and
greater attention to intermediate values; such that areas with contradictory features, like
steep slopes but proximity to a river, are placed in higher classes. This distribution signifies
a transition from strict decision-making to a more balanced approach, and parts of the
basin’s center, previously in lower classes, are now seen in the middle tiers.

In the logical or neutral scenario (ORness = 50), the model reaches a balance between
optimism and pessimism, and the class distribution appears more logical; the largest share
of the area falls into the “Medium” class, and the combined share of “High” and “Very
High” classes is approximately 25%. This scenario places areas with a combination of
high-risk parameters into higher classes and keeps areas with mixed characteristics in the
medium class, serving as a suitable reference scenario for realistic analyses. With increasing
optimism in the optimistic scenario (ORness = 75), the impact of high criterion values
increases, and the share of “High” and “Very High” classes reaches 40.7%; areas where even
one of the risk factors is high are quickly placed in the higher risk classes, and the southern
parts and areas around rivers have emerged with greater concentration as high-risk zones.
This approach is applicable for designing emergency policies and protective planning, but
there is also a possibility of overestimating the risk in balanced areas. In the completely
optimistic scenario (ORness = 100), over 49.6% of the region falls into the “High” and “Very
High” classes, as the weighting is solely focused on the highest value of each criterion; even
the presence of a single critical criterion leads to the area being labeled as high-risk. This
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scenario offers the broadest risk identification and is useful for maximalist analyses, but
requires caution and precise interpretation in operational policymaking.

However, in the RF model, the largest share of the region’s area falls into the “Very
Low” class (73.9%), and the combined “High” and “Very High” risk classes cover only 3.7%
of the total area. This distribution indicates that the RF model has a conservative approach,
underestimating the risk probability for most areas. Unlike the OWA scenarios with
high ORness that focus on high-risk classes, RF tends to underestimate flood occurrences.
Nevertheless, its distribution’s proximity to lower ORness scenarios, especially OWA =0
or 25, suggests that this data-driven model, by focusing on historical patterns, exhibits a
relatively conservative behavior in identifying high-risk areas.

Therefore, comparing the results from the OWA model across different scenarios with
the RF model reveals significant differences in how flood risk is assessed and displayed at a
regional scale. While the OWA scenarios allow for the analysis of sensitivity and uncertainty,
the RF model possesses the capability to identify complex patterns within the data. The
ORness = 50 scenario from the OWA model shows the greatest statistical and conceptual
similarity to the RF model and can be considered the reference scenario for scenario-based
analyses. In contrast, very low or very high ORness levels have led to underestimation
or overestimation of risk, respectively. These analyses indicate that a combined approach
utilizing judgment-based models like OWA and data-driven models like RF can provide a
comprehensive, accurate, and practical approach for flood risk management in real and
complex conditions. The simultaneous use of these models helps decision-makers benefit
from both conservative viewpoints and empirical analyses, ultimately leading to the design
of more efficient and sustainable policies and plans.

3.4. Validation of Flood Susceptibility Mapping via Observed Flooded Points

In this study, after generating the flood susceptibility maps, the resulting outputs were
validated using 150 observed flood field points (2000-2019). The validation was carried out
through a geospatial analysis approach in a GIS environment, employing spatial overlay
techniques to assess the correspondence between predicted flood-prone areas and actual
inundation locations. This method allowed for an accurate evaluation of spatial agreement
between model outputs and observed flood events (Figure 11). This dataset was accurately
documented with high spatial precision by the Khuzestan Water and Power Authority
(www.kwpa.ir). This evaluation served as a criterion for measuring the performance,
accuracy, and generalizability of the model used in identifying flood-prone areas [55].
Preliminary results indicated that the RF model employed has acceptable accuracy in
reproducing flood spatial patterns and determining high-risk areas. The conducted analysis
shows that the RF model, by classifying 73.5% of flood points in the “very high” class and
a total of 87.7% in the “high” and “very high” classes, demonstrated the best performance.
This high accuracy indicates that the RF model has a reliable capability in flood risk
classification. This finding emphasizes that the RF model possesses high sensitivity and
accuracy, particularly in the initial identification of high-risk areas, and its use for risk
management and urban development planning is trustworthy. Furthermore, data from the
GFD (Global Flood Database) also showed satisfactory accuracy and reliability for use in
flood sensitivity modeling, risk assessment, and mapping. These datasets are powerful and
perform well in representing the spatiotemporal patterns of flood frequency [56].
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Figure 11. Assessment of field flood points distribution and their correspondence with flood suscepti-
bility classes predicted RF.

4. Discussion

The findings of the current study highlight the potential of two fundamentally different
approaches: a knowledge-driven multi-criteria decision-making framework based on
expert judgment and scenario construction (OWA), and a data-driven machine learning
model (Random Forest), which together provide a multi-layered perspective on flood risk
behavior within the Great Karun basin. The pronounced differences in flood susceptibility
patterns generated by these two approaches, particularly in areas characterized by complex
hydrological conditions, indicate that the subjective nature of weighting in MCDM methods
can increase the sensitivity and variability of the results. In contrast, data-driven models,
by exploiting statistical structures and hidden nonlinear patterns in the data, produce more
stable and realistic outcomes. This clearly suggests that reliance on a single methodological
framework may provide an incomplete representation of the flood risk landscape.

The comparison of influential conditioning factors revealed a noticeable mismatch
between expert-based judgment and data-driven evidence. In the OWA approach, variables
such as distance from rivers and slope, which are traditionally considered geomorpho-
logically significant, received the highest weights. Conversely, the RF model identified
precipitation and flow accumulation as the most influential predictors of flood hazard,
reflecting its ability to capture complex interdependencies among variables. This discrep-
ancy demonstrates that subjective weighting schemes tend to emphasize more visible and
intuitively interpretable factors, whereas machine learning approaches can uncover less
apparent but highly influential drivers. This finding further highlights the importance of
integrating data-driven methods to reduce cognitive and methodological biases in flood
susceptibility assessment.

From a broader scientific perspective, these findings are consistent with a growing
body of literature comparing multi-criteria decision-making (MCDM) approaches and
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machine learning models in flood susceptibility mapping. Previous studies have generally
reported that MCDM frameworks such as AHP, WLC, and OWA offer transparent and
flexible decision-support structures; however, they are highly dependent on expert judg-
ment and weighting schemes, which may introduce subjectivity and spatial variability in
hazard zoning. In contrast, machine learning models, particularly Random Forest, have
demonstrated superior capability in capturing nonlinear and high-dimensional relation-
ships between flood conditioning factors, often leading to higher predictive accuracy and
robustness. Nevertheless, several studies have also emphasized limitations of machine
learning approaches, including reduced interpretability and sensitivity to data quality and
representativeness. In this context, the present study not only confirms these general find-
ings but also extends them by showing that model performance and dominant conditioning
factors may vary under different hydro-climatic settings within the Great Karun basin,
emphasizing the necessity of regional calibration and context-specific evaluation.

The analysis of optimistic to pessimistic scenarios within the OWA framework demon-
strated that the degree of risk tolerance and subjective weighting structure directly influence
flood risk estimation. Optimistic scenarios systematically tended to overestimate flood
risk due to reduced sensitivity to worst-case conditions, whereas pessimistic scenarios
tended to underestimate risk by emphasizing conservative aggregation behavior. The
neutral scenario exhibited the highest statistical similarity with the RF model and can
therefore be considered a balanced reference under moderate uncertainty conditions. This
behavior indicates that scenario-based approaches, while flexible and interpretable, are
highly dependent on the decision-maker’s subjective assumptions and therefore require
validation against data-driven approaches.

The Random Forest model demonstrated robust performance in flood risk classifi-
cation, achieving an AUC value of 0.984 and accurately identifying highly vulnerable
areas. Its ability to capture nonlinear relationships, model complex interactions among
variables, and resist overfitting makes it a powerful tool for flood susceptibility assessment
in highly complex hydrological environments. The clear superiority of RF over OWA
suggests that data-driven approaches not only provide higher predictive accuracy but also
greater stability under data variability. This performance highlights the strong applicability
of machine learning models for early warning systems, land-use planning, and disaster
risk management in flood-prone regions.

Overall, the results of this study have important implications for flood risk manage-
ment. First, the integrated use of scenario-based MCDM approaches and data-driven
machine learning models can provide a more comprehensive and multidimensional un-
derstanding of flood risk dynamics, compensating for the limitations of each individual
method. Second, the application of data-driven models, particularly in heavily human-
impacted watersheds, can support more realistic, robust, and evidence-based decision-
making processes.

Beyond methodological insights, the outcomes of this study also have important
implications for sustainable watershed management, climate adaptation, and disaster risk
reduction strategies. Furthermore, the findings of this study contribute to several Sus-
tainable Development Goals (SDGs) by supporting effective disaster risk reduction [57],
sustainable watershed management, and climate-resilient planning. The proposed flood
susceptibility mapping framework contributes to SDG 11 (Sustainable Cities and Commu-
nities) by improving the identification of flood-prone areas and enhancing the resilience of
communities, infrastructure, and land-use planning against flood hazards. Moreover, the
integration of hydro-climatic variables and advanced modeling approaches supports SDG
13 (Climate Action) by providing scientific evidence for climate adaptation strategies and
risk-informed decision-making under changing environmental conditions [58]. The results
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also align with SDG 6 (Clean Water and Sanitation) by improving the understanding of
watershed hydrological responses and supporting sustainable water resources management
policies [59], including flood control planning [60], integrated watershed management,
and more efficient allocation of water-related resources. Therefore, the proposed RF-OWA
framework can serve as a decision-support tool for water managers and policymakers
to develop adaptive strategies for reducing flood impacts and improving the long-term
sustainability of water systems.

Weighting of Layers and Extraction of Effective Criteria via BWM and MDI Algorithm

Table 2 lists the weighting of layers of effective flood criteria based on the Best-Worst
method, which, due to the superior performance of the RF algorithm in flood risk zoning
across different classes, derived the weights of the criteria in the modeling process based
on the Mean Decrease in Impurity (MDI) algorithm.

Table 2. Weighting of Flood Influential Criteria and Feature Importance Based on the BWM Method
and the MDI Algorithm, respectively.

o Expert-Assigned o Expert-Assigned RF-Feature
Criteria Weight Sub-Criteria Weight Importance Via MDI
Precipitation 0.47 0.66
T 17 .52
Hydro-Climate 0.37 emp eratTlre. 0 05
Evapotranspiration 0.1 0.58
Snow Cover 0.26 0.18
Distance To Streams 0.17 1.14
Drainage Density 0.15 0.43
Hydrologic 0.29 Distance To Dams 0.12 0.68
Stream Power Index 0.23 0.29
(SPI) ’ ’
Flow Accumulation 0.33 0.75
Vegetation Cover
(NDVI) 0.33 091
Earth Cover 0.2 Land Cover 0.28 0.49
Soil Class 0.17 0.18
Geology Class 0.22 0.22
Digital Elevation

Model (DEM) 02 074
Slope 0.25 1.11

Topoeraph 0.14 Topographic Wetness
pography Index (TWI) 0.31 0.53
Curvature 0.1 0.29

Sediment Transport
Index (STI) 0.16 0.28

The MDI algorithm is an inherent feature importance assessment method in the
Random Forest framework [51,61], which quantifies the contribution of each input variable
based on its ability to reduce node impurity during the construction of decision trees.
In this approach, variables that provide greater improvement in the separation of flood
and non-flood classes receive higher importance scores. The final importance of each
criterion is calculated by averaging its contribution across all decision trees within the RF
ensemble. Therefore, MDI provides an objective, data-driven evaluation of the relative
influence of conditioning factors and helps identify the dominant variables controlling
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flood susceptibility patterns in the study area. According to the Best-Worst method and the
opinion of expert specialists, hydro-climatic, hydrological, land cover, and topographical
criteria, respectively, are of greater importance. However, based on the RF model and the
MDI algorithm, the 5 important criteria in flood zoning in the study area are: distance
from rivers, slope, vegetation cover, cumulative flow, elevation, etc., which have played a
significant role in this modeling.

5. Limitations and Future Research

Although the proposed framework demonstrates promising results in flood suscepti-
bility mapping, several limitations should be acknowledged. First, uncertainties associated
with expert-based weighting in the OWA-BWM approach remain an inherent limitation,
as subjective judgments may introduce variability in the weighting process. Second, po-
tential temporal inconsistencies among the multi-source datasets used in this study may
influence model outputs. Third, the use of medium-resolution spatial datasets may limit
the ability to capture fine-scale hydrological variability, particularly in complex terrain
conditions. Finally, although independent validation was performed, more advanced
validation strategies such as spatial cross-validation could further improve the robustness
of the results.

Future research should focus on addressing these limitations by integrating higher-
resolution datasets and downscaled hydro-climatic variables such as precipitation, evapo-
ration, land surface temperature and soil moisture [62-67], which play a key role in runoff
generation processes at the watershed scale. In addition, validation frameworks can be
strengthened through the use of sensor-based observations, particularly Internet of Things
(IoT)-enabled hydrological monitoring systems for real-time flood assessment [68-71].

Moreover, future studies should move toward hybrid and integrated modeling frame-
works that combine machine learning and deep learning techniques to improve predictive
accuracy and spatial generalization. A unified framework integrating both objective (data-
driven) and subjective (expert-based) approaches could provide a more comprehensive
decision-support system for flood risk assessment.

Finally, emerging concepts such as Digital Twin hydrological systems offer promising
opportunities for real-time monitoring, simulation, and smart flood mapping. The inte-
gration of such technologies could significantly enhance dynamic flood prediction and
support intelligent watershed management strategies.

6. Conclusions

Two different approaches to flood risk zoning, the OWA multi-criteria decision-making
model and the RF data-driven model, were investigated and compared based on a compre-
hensive and precise analysis of flood risk assessment and representation at a regional scale.
The results showed that the OWA model, with its adjustable ORness parameter, covered a
wide range of decision-making scenarios from fully pessimistic to completely optimistic.
This capability provides flexible sensitivity and uncertainty analysis. The RF model, on the
other hand, offered more realistic predictions by focusing on complex patterns in historical
data. Among the various OWA scenarios, the rational or neutral scenario (ORness = 50)
showed the greatest consistency and closest agreement to the RF model results, serving
as a suitable reference for scenario-based analyses and practical decision-making in flood
risk management. This scenario created a suitable balance between optimism and pes-
simism and presented a reasonable distribution of risk classes. In contrast, scenarios with
very low ORness tend to underestimate the risk, and scenarios with very high ORness
tend to overestimate it, both of which could lead to incorrect or inefficient decisions in
the risk management process. Finally, the findings of the current research highlighted
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the potential of simultaneous and intelligent integration of judgment-based models like
OWA and data-driven models like RF for flood risk management under complex and
uncertain conditions.

Beyond methodological comparison, the results reveal a more fundamental impli-
cation regarding the epistemic nature of flood susceptibility modelling. The observed
spatial discrepancies between OWA- and RF-derived outputs indicate that flood hazard
representation is inherently model-dependent, emerging from the interaction between
subjective weighting structures and data-driven statistical learning mechanisms. In this
sense, susceptibility mapping should be interpreted as a conditional inference problem
rather than a deterministic spatial prediction, where outputs are contingent upon the un-
derlying decision logic, parameterization scheme, and learning strategy. The RF model
captures latent multivariate dependencies through non-parametric learning, whereas
OWA explicitly embeds decision-maker preference structures into the aggregation pro-
cess, leading to structurally different risk surfaces even under identical input conditions.
Therefore, the integration of both paradigms provides a dual-perspective framework
that enhances epistemic robustness, improves uncertainty characterization, and supports
more defensible decision-making under deep uncertainty in hydrological and watershed
management systems.
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