International Journal of Disaster Risk Management ¢ Vol. 6, No. 2 ¢ https://doi.org/10.18485/ijdrm.2024.6.2.16

Publisher: Scientific-Professional Society for Disaster Risk Management

IONAL JOURNAL OF

International Journal of Disaster mas ]

Risk Management

Journal homepage: https://internationaljournalofdisasterriskmanagement.com

Research article @

Integrating Multi-Source Geospatial Data and AHP for Flood
Susceptibility Mapping in Ain Smara, Constantine, Algeria

Nouh Rebouh'*,Faicel Tout!, Haythem Dinar’,Yacine Benzid' and Zakaria Zouak'

! Centre de Recherche en Aménagement de Territoire (CRAT), Campus Zouaghi Slimane, Route de Ain el
Bey, 25000 Constantine, Algérie; nouhrebouhl@gmail.com (N.R.); faicel.tout@crat.dz (F.T.); aythem.dinar@
crat.dz (H.D.); yacine.benzid@crat.dz (Y.B.); zakaria.zouak@crat.dz (Z.Z.)

* Correspondence: nouhrebouhl@gmail.com & nouh.rebouh@crat.dz; Tel.: (+213)670382746
Received: 2 October 2024; Revised: 25 November 2024; Accepted 2 December; Published: 25 December

ABSTRACT

Mapping flood susceptibility is essential for identifying flood-prone areas and informing flood
risk management strategies. This study applies a multi-criteria decision-making approach to assess
flood vulnerability in Ain Smara and its surrounding areas in Constantine, Algeria, which are highly
susceptible to flooding. The analysis combines the Analytical Hierarchy Process (AHP), Geograph-
ic Information System (GIS), Remote Sensing (RS), and the Google Earth Engine (GEE) platform.
Ten key flood-related criteria were selected, including the Topographic Wetness Index, Elevation,
Slope, Precipitation, Land Cover/Land Use, Normalized Difference Vegetation Index (NDVI), Dis-
tance from Rivers, Distance from Roads, Drainage Density, and Lithology, along with more than 25
sub-criteria. A pairwise comparison matrix (PCM) was used to assign relative importance to each
criterion based on its impact on flood susceptibility. The Topographic Wetness Index was identified
as the most significant criterion, while Distance from Roads was deemed the least significant. The
results reveal that approximately 4.00% of the area is classified as having high to very high flood sus-
ceptibility, particularly near the Rhumel River. Roughly 30% of the area has low to very low suscep-
tibility, and the remaining 66% is categorised as moderately susceptible to flooding. Notably, most
of the identified flood-prone zones correspond with areas that experienced flooding events in 2019,
2020, and 2021, predominantly within 1,000 meters of river courses. These findings demonstrate the
GIS-AHP technique’s effectiveness in generating reliable flood susceptibility maps, especially when
numerous criteria are considered.
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1. Introduction

Floods rank among the most destructive natural disasters, leading to extensive damage to infra-
structure, property, agricultural land, and even loss of life (Tekeli and Fouli, 2016; Das, 2020; Diakakis
et al., 2020; Choudhury et al., 2022). Algeria has endured several severe flood events across various
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provinces, including Bab El Oued in 2001, Djanet in 2005, Ghardaia in 2008, Djelfa in 2015, and mul-
tiple occurrences in Constantine from 2018 to 2023. These incidents have prompted researchers and
government agencies to improve flood prediction models by incorporating advanced information
systems, remote sensing, and the Analytical Hierarchy Process (AHP) (Tehrany et al., 2015; Terti et
al., 2015; Das, 2020; Choudhury et al., 2022, Cvetkovic and Martinovi¢, 2020). The recurrence of such
events highlights the urgent need to adopt effective risk management strategies tailored to Algeria’s
diverse topography and climatic variability.

Flood risks can escalate quickly, especially in localized areas where sudden rises in water levels
result from intense rainfall (Yang et al., 2020; Swain et al., 2020). The interplay of extreme weather
patterns, urbanization, and inadequate infrastructure often exacerbates the severity of these events,
necessitating robust predictive and preventive frameworks. Consequently, flood risk management
has become a crucial research area, with flood susceptibility maps emerging as essential tools for de-
cision-makers (Saharia et al., 2017; Pham et al., 2020; Lin et al., 2020; Papagiannaki et al., 2015, Peri¢
and Cvetkovi¢, 2019). These maps are generated using both quantitative and qualitative methods
that identify flood-prone areas by analyzing past flood events and environmental factors (Bui et al.,
2019; Das, 2020; Choudhury et al., 2022).

Flood susceptibility is influenced by a mix of physical and human factors (Pappenberger et al.,
2006; Lee et al., 2017; Chen et al., 2020). Comprehensive mapping requires assessing various factors,
including topography, rainfall, land use, proximity to rivers, and drainage density (Tehrany et al.,
2014; Swain et al., 2020). Properly identifying these elements is crucial for effective flood risk man-
agement and reducing potential damage (Wang et al., 2019b; Vafakhah et al., 2020; Swain et al., 2020;
Das, 2020; Choudhury et al., 2022). The inclusion of advanced tools, such as remote sensing and GIS,
further enhances the precision of these analyses, offering a scalable approach to assess flood risks
across varied geographic settings.

Several methods exist for flood susceptibility mapping, such as multi-criteria decision analysis,
logistic regression, and the frequency ratio method (Youssef et al., 2016; Das, 2020; Choudhury et
al,, 2022). Among these, AHP is recognized as a straightforward, adaptable method, especially when
combined with remote sensing and Geographic Information Systems (GIS) (Razavi Termeh et al.,
2018; Kanani-Sadat et al., 2019; Swa, 2020; Choudhury et al., 2022). This approach enables efficient
spatial data management and analysis, facilitating the identification of flood-prone zones (Al-Juaidi
et al., 2018; Chowdhuri et al., 2020; Shafapour Tehrany et al., 2019; Cao et al., 2020).

In Constantine, Algeria, the region’s topography, seasonal rainfall, inadequate drainage, and
presence of rivers such as Oued Rhumel and Oued Boumerzoug make it particularly vulnerable
to flooding. This study applies the AHP method to map flood-prone areas within the urban ag-
glomeration of Ain Smara and surrounding regions (Rebouh et al., 2021; Rebouh et al., 2024, Aktar
et al., 2021). By assigning weights to various flood-inducing factors, the AHP method helps prior-
itize high-risk areas, serving as an invaluable tool for urban planners and disaster management
authorities (Rahmati et al., 2016; Khosravi et al., 2016a; Sahana and Patel, 2019; Azareh et al., 2019;
Kanani-Sadat et al., 2019; Kiani et al., 2019; Bouamrane et al., 2020; Mirzaei et al., 2021; Abedi et al.,
2021; Prasad et al., 2021, Tout, 2023).

Overall, integrating AHP with GIS and remote sensing provides a robust platform for flood risk
assessment, allowing for accurate and efficient mapping of flood-prone areas (Rahmati et al., 2016;
Samanta et al., 2018; Ramesh and Igbal, 2020; Siahkamari et al., 2018, Iftikhar and Igbal, 2024). This
approach supports the development of effective flood management strategies, helping to mitigate
the impacts of future flood events in vulnerable regions like Constantine (Das, 2020; Dahri and Abi-
da, 2017; Hammami et al., 2019; Joshi and Shahapure, 2020; Das and Gupta, 2021; Malik and Pal,
2021).

The main goal of this research is to develop a comprehensive flood susceptibility map for the
Ain Smara region, Constantine, Algeria, by integrating multi-source geospatial data, such as Digital
Elevation Models (DEMs), satellite imagery, and geological maps. The study employs the Analyti-
cal Hierarchy Process (AHP) to evaluate and prioritize key factors influencing flood susceptibility,
including topography, precipitation, land use, and hydrology. The objective is to provide a scientifi-
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cally grounded, spatially explicit map that can assist local authorities and urban planners in making
informed decisions for flood risk management and disaster preparedness. Additionally, the research
aims to assess the accuracy of the flood susceptibility map through validation techniques and ex-
plore uncertainties related to the AHP methodology and model outputs. Ultimately, the study seeks
to improve flood risk assessment and offer a reliable framework for future geospatial flood suscep-
tibility mapping in similar regions.

Study Area:

The study area is located in the central part of the high Constantine plains, within the North-East-
ern region of Algeria’s Maghrebian Mountain Range. Known as the South-West Constantinois, it ex-
tends across Constantine in the northeast, Oued Athmania in the northwest, Chelghoum Laid in the
southwest, and Ain M’lila in the southeast (Chadi, 1991; Benabbas, 2006; Rebouh and Khiari, 2022).

The research area (Fig. 1) is situated in northeastern Algeria as part of the elevated Constantine
plains. It includes the entire city of Ain Smara along with its surrounding areas (Derouiche, 2008;
Rebouh and Khiari, 2022).

Among the most important data related to the study area is that it includes several prominent
mountain ranges, such as Mount Fleten, Mount Ouled Salem, Massif of Chettaba, and Mount El
Ouahch. The elevation range varies from 200 meters in low-lying areas to a maximum altitude of
1,400 meters in the mountainous regions. The slopes range from less than 10 degrees in flat areas to
between 10 and 50 degrees in most other parts, with the steepest areas exceeding 50 degrees. The
region’s lithology is characterized by a dominance of claystones, followed by conglomerates, lime-
stone, marlstone, and sandstone. Annual precipitation ranges between 300 mm and 450 mm, and the
hydrological network features two major rivers: Oued Rhumel, which crosses the study area and
drains into the Ain Smara Basin, and Oued Boumerzoug. Land use in the area includes agricultural
lands, built-up areas, fallow lands (the most extensive), rivers, and forests. The study area includes
three major cities: Constantine, El Khroub, and Ain Smara.
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Figure 1. The location of the study area (https://earthexplorer.usgs.gov)
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2. Methodology:

Data source selection

This study’s primary achievement lies in generating a comprehensive set of multi-source geo-
spatial thematic layers directly related to flood susceptibility (Khosvari et al., 2016b; Khosvari et
al., 2019; Kanani-Sadat et al., 2019; Costache et al., 2019; Chakraborty and Mukhopadhyay, 2019;
Souissi et al., 2020; Arabameri et al., 2020; Pham et al., 2020; Haque et al., 2021). Ten key factors
influencing flood susceptibility were considered: Topographic Wetness Index, Elevation, Slope, Pre-
cipitation, Land Cover/Land Use, Normalized Difference Vegetation Index (NDVI), Distance from
Rivers, Distance from Roads, Drainage Density, and Lithology. These factors were organized into a
comprehensive database, supported by a high-quality Digital Elevation Model (DEM) with a spatial
resolution of 30 x 30 m. Table 1 provides detailed data sources for these factors.

Geographic Information System (GIS) tools played a critical role in analyzing flood susceptibility.
The study utilized software such as ArcGIS to generate thematic layers from data sources, including
DEMs, satellite imagery, and geological maps. Key GIS techniques involved raster and vector anal-
ysis, spatial interpolation, and reclassification to refine flood risk zones. Layers like Topographic
Wetness Index, Elevation, and Land Use were derived from DEMs and processed with spatial anal-
ysis tools. The Analytic Hierarchy Process (AHP) was applied for factor weighting, while Principal
Component Analysis (PCA) further refined weight distribution to enhance accuracy.

Identifying key flood-conditioning factors is a crucial first step in developing an accurate flood
map (Nachappa et al., 2020; Wang et al., 2020). According to Kia et al. (2012), the selection of these
factors should account for their varying relevance over time. Extensive global studies (e.g., Tehrany
et al.,, 2014; Hong et al., 2018; Choubin et al., 2019) have identified ten critical influencing factors,
including the Topographic Wetness Index, Elevation, Slope, Precipitation, Land Cover/Land Use,
NDVI, Distance from Rivers, Distance from Roads, Drainage Density, and Lithology (Pham et al.,
2020).

The GIS-based mapping process involved collecting and preprocessing spatial data, such as topo-
graphic maps, satellite imagery, and land-use information. Data quality was ensured through clean-
ing, georeferencing, and standardization. Thematic layers were created for factors like Elevation,
Slope, Land Use, and Hydrology, and integrated into a unified GIS environment. Spatial analy-
sis techniques, including overlay analysis, buffering, and interpolation, were employed. The AHP
method was used to assign weights and calculate susceptibility scores, with results visualized as
flood susceptibility maps featuring clear symbology and legends. Validation was conducted using
historical data and field observations, with accuracy assessed through statistical measures like ROC
curves. Finally, maps were exported in user-friendly formats, ensuring practical utility for deci-
sion-makers in disaster management and urban planning.

Table.1 Data sources used in this study

Data Description Source (references)

Landsat 8 OLI Downloaded https://earthexplorer.usgs.gov
Aster GDEM (30m) Downloaded https://earthexplorer.usgs.gov
Slope angle Derived from DEM 30 m DEM 30 m
TWI Derived from DEM 30 m DEM 30 m
Elevation Derived from DEM 30 m DEM 30 m
NDVI Image Sat LandSat Oli8 https://earthexplorer.usgs.gov
Drainage density Derived from DEM 30 m DEM 30 m
Lithology Digitized from 1:200.000 geological Geological map of Constantine

map of Constantine (vila 1980)
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Roads Extracted Google Earth
Rivers Extracted DEM 30 m
Precipitation 2019-2022 climate stations
Land cover/Land Use Derived from Landsat 8 Oli image Landsat 8 Oli image

Analytical Hierarchy Process (AHP)

The Analytical Hierarchy Process (AHP), introduced by Saaty (1980), is a powerful method for
solving multi-criteria decision-making problems by assigning relative weights to various factors to
meet a specific objective. AHP depends on subjective judgments and marginal factors, which are
transformed into scores to evaluate each criterion (Chakraborty and Mukhopadhyay, 2019). This
approach is particularly effective in risk management, as demonstrated in studies by Swain et al.
(2020), Das (2020), and Choudhury et al. (2022).

The AHP method follows several steps: building a hierarchical structure, conducting pairwise
comparisons, constructing a judgment matrix, calculating priority vectors, and validating consist-
ency through the consistency index (CI) and consistency ratio (CR) (Handfield et al., 2002). After
applying Principal Component Analysis (PCA) to the dataset, the weights were further refined and
adjusted to better reflect the variance in the data. This resulted in a more accurate distribution of
weights, ensuring that the most significant factors, such as the Topographic Wetness Index (TWI)
and Elevation, received higher weights, while factors with lesser influence, such as Distance from
Roads, were assigned lower weights. The integration of PCA enhanced the robustness and validity
of the flood susceptibility model.

These steps are essential to verify the reliability of assigned weights, ensuring consistency in
the analysis. The CR, in particular, is crucial as it assesses the coherence of the study by comparing
each pair of criteria and highlighting any inconsistencies. In our hierarchical classification study,
we checked the consistency of the weights using the random index values specified by Equation
(01) (Table 3), which serves as a validation test. This equation calculates the CR, a key mathematical
indicator that helps evaluate the robustness of the decision-making process by identifying any dis-
crepancies. (1)

1
Eqol R =x

where (CI) is the coherence index calculated and (RI) is the random coherence index using Equa-

tion (2).

Amax — 1
Cl =

Eq: 02 n-1L

when (n) is the matrix’s order and (max) is the matrix’s dominant or main eigenvalue,
which is determined from the matrix. According to Saaty, the consistency ratio must have
an imprecision level of 10% or less. The foundation of this work’s theory is the comparison
of judgment with element weighting determined at random. Finally, using Equation (3),
the acquisitive weights have been combined with the various triggered classes to create a
single Flood susceptibility index.

Eq: 03 FSI = XfL,Ri+ Wi
Where (Wi) are the weights for each flood conditioning component and (Ri) are the rating classes

for each layer.

Based on natural discontinuities, the resulting flood susceptibility map was divided into five
classes (very low, low, moderate, high, and very high) to determine the class intervals.

249

International Journal of Disaster Risk Management ® Vol. 6, No. 2 ¢



Nouh Rebouh,Faicel Tout,Haythem Dinar,Yacine Benzid, Zakaria Zouak

Table.2 Fundamental scale of Saaty (1977)

Dominant values Description Explanation

1 Equal importance Two factors contribute aqually

Moderate importance of one over Experience and judgment slightly

3 or moderately favor one factor over
other
another
5 Strong or essential prevalence Experience and judgment is strongly
favor over another
An activity is strongly favor over
7 l\éircye strong or demonstrated preva- another and its dominance is showed
in practice
The evidence favoring one activity
9 Extremely high prevalence over another is of highest degree pos-
sible of an confirmation
2,4,6,8 Intermediate values Used when comprises is needed
Table.3 Random index (RI) values of Saaty & Vargas (1991)
N 1 2 3 4 5 6 7 8 9
RI 0.00 0.00 0.58 0.90 1.12 1.24 1.32 1.41 1.45

Preparation of geospatial data
- Flood Inventory Map

Developing a flood inventory map is considered a foundational step in assessing flood vulnera-
bility. Historical flood data from such maps can often be used to evaluate flood risks in other specific
locations (Khosravi et al., 2018; Swain et al., 2020; Das, 2020; Choudhury et al., 2022). Although a
flood inventory map for our study area is currently unavailable, we have identified flood-prone are-
as. Our goal, in collaboration with Algerian research institutes, is to create this essential map.

- Elevation

Elevation is considered the most significant determinant of flood susceptibility, as highlighted by
several authors in various reviews (Pham et al., 2020). Water naturally flows from higher to lower
elevations due to gravity, leading to stagnation and flooding in lower-lying areas (Nachappa et al.,
2020). In our study area, which is specified in the title, the uneven distribution of elevation causes
rapid water flow during unexpected downpours along the Oued Rhumel, Oued Boumerzoug, and
Oued Seguen, directing water toward the interior flat areas of the lowlands and resulting in danger-
ous flooding (Swain et al., 2020; Das, 2020; Choudhury et al., 2022) (Fig. 2).

- Slope

The accumulation of water at any location is closely linked to the surface slope, with the slope
directly influencing surface water runoff (Ngo et al., 2021). The strength and velocity of water move-
ment are primarily determined by the topographical slope, while the infiltration process is typically
controlled by the gradient of the terrain (Das, 2020; Choudhury et al., 2022). Areas with flat terrain
or relatively gentle slopes are generally more prone to flooding, as water tends to stagnate there.
The very steep and continuous regional slope runs along the escarpment at Djebel Felten, Massif
du Chettaba, and the southern part of the study area. However, in the northern and northeastern
regions, the slope is generally less than 10° (Fig. 3).

- Distance from drainage

Predick and Turner (2007) argue that the distance to the main river system is generally related to
the factors that cause river flooding. Areas further from the drainage system are typically less prone
to flooding (Pham et al., 2020). However, Pradhan (2009) observes that locations closer to drainage
systems are more susceptible to flooding. There is no global consensus on the exact distance from
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a drainage system that makes an area more vulnerable to flooding; what can be said is that the dis-
tance varies based on the river’s flow and how quickly it fills with water (Samanta et al., 2016). Large
rivers can flood areas several kilometers wide, while smaller channels may only flood a few meters
(Das, 2020; Choudhury et al., 2022). In particular, areas within 500 meters of the drainage line are
most vulnerable to flooding. Some experts suggest that a distance of 100 meters serves as a threshold
for flood susceptibility(Termeh et al., 2018). According to Das (2019a), the distance most likely to ex-
perience flooding is 500 meters. In our study area, we identified low-lying and flood-prone regions
near the rivers (Fig. 4).

- Drainage density

According to the majority of morphometric studies, the most significant and impactful factor in
regions at risk of river floods is drainage density (Choudhury et al., 2022). Drainage density is de-
fined as the ratio of the total length of drainage segments in a watershed to its total area (Das and
Pardeshi, 2018b). Ogden et al. (2011) explain that a high drainage density indicates two factors: a
large amount of surface runoff and a greater length of drainage channels per unit area. Areas with
a dense river system are more vulnerable to flooding due to the increased drainage density. In our
study area, we observed a significant drainage density along the rivers (Fig. 5).

- Topographic Wetness Index (TWI)

The Topographic Wetness Index (TWI), derived from topographical data, is considered one of
the most significant factors for assessing the impact of terrain features on hydrological processes,
particularly flooding (Das, 2020). As the TWI value increases, so does the likelihood of flood risk. For
this study, we created a map of the topographic wetness index, which is divided into five categories:
very low (3.4 - 6.2), low (6.3 - 7.8), medium (7.9 - 10), high (11 - 13), and very high (14 - 27) (Fig. 6).

- Normalized difference vegetation index (NDVI)

The Normalized Difference Vegetation Index (NDVI) is a key graphical indicator that represents
the spread of vegetation in a given area (Chen and Yu, 2011). In this context, vegetation cover plays
a significant role in the infiltration capacity and management of surface water. Therefore, the NDVI
can also be considered an important factor in identifying areas prone to flooding. This index is typi-
cally calculated using satellite imagery. The following equation is used to determine the NDVI:

Pnir — Pr

Where Pnir represents the reflectance in the form of infrared part and Pr represents the reflec-
tance for red.

In this study, a normalized difference vegetation index map was broken down into 5 categories (Fig.7).
- Land use/land cover (LU/LC)

Yalcin et al. (2011) argue that an area’s land use and land cover have a significant impact on
various hydrological processes, including surface runoff, infiltration, and evapotranspiration. As
such, these factors are considered essential for mapping flood susceptibility (Vignesh et al., 2021).
The land uses in the research area include agricultural land, built-up areas, fallow land, rivers, and
vegetation (Fig. 8).

- Distance from roads

The road system, which connects various locations, is a factor contributing with minimal impact
to flooding susceptibility. People often migrate closer to roads for convenience and easier access to
resources. However, during floods, roads become submerged, which disrupts connectivity between
areas in flood-prone regions. Flooding primarily affects the population living near roadways. In our
study area, the distance from highways was categorized into five groups, as shown in (Fig. 9).

- Lithology

The lithological diversity of a region has a significant impact on flooding (Svoboda, 1991). The
variation in sedimentary surface hydrology can be attributed to differences in soil types (Oikono-
midis et al., 2015). While geology does not directly affect flood vulnerability, it influences the char-
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acteristics of the river system. Generally, areas with more resistant rock types have lower drainage
densities and are less prone to flooding (Kourgialas and Karatzas, 2011). The soil types in the study
area mainly consist of clay, conglomerate, limestone, marl, and sandstone (Fig. 10).

- Rainfall

According to Hammami et al. (2019), rainfall intensity is one of the key climate factors directly
influencing flood susceptibility. The risk of flooding increases with the amount of rainfall in a par-
ticular area (Marengo et al., 2021). A critical step in ensuring the accuracy of the flood susceptibility
study is the creation of a precipitation map for the study area. This involves calculating the total
amount of rainfall within a watershed, which is essential for determining runoff flow (Khaddari et
al., 2022). In this study, a map of the maximum annual precipitation (Fig. 11) was created based on
the highest total precipitation recorded over the year.
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3. Results and Discussion:

3.1.Results

- Flood susceptibility mapping

In this study, the values of various criteria were classified into five categories to create the flood-
prone area map. Sub-criteria under each main criterion were used to generate the flood susceptibil-
ity map. To develop the final flood zoning map, the primary maps for each flood susceptibility cri-
terion were integrated. After assessing each criterion, the significance of each was calculated using
the Analytic Hierarchy Process (AHP) (Table 4). In this process, the values of each row and column
were compared to generate a rating. The flood susceptibility map was constructed with a consist-
ency ratio (CR) value of 0.05 (0.1, validated), using the weighted total of all contributing factors.
The topographic wetness index criterion had the largest influence (13.78%), while the distance from
highways had the smallest influence (5.59%) (Table 5).

Using actual flood data and topographical information from the study area, flood susceptibili-
ty maps for 25 sub-criteria were created through the AHP reclassification approach. Susceptibility
maps based on key factors were also evaluated. The flood susceptibility map was divided into five
categories based on the criteria, with approximately 4% of the total study area classified as high to
very high flood susceptibility, located near the Oued Rhumel River. About 30% of the area was clas-
sified as very low to unlikely to flood, while the remaining 66% was considered to have moderate
flood susceptibility (Fig. 12).
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The study on flood susceptibility mapping in Ain Smara, Constantine, has some limitations, in-
cluding reliance on available spatial data with varying accuracy, and the exclusion of dynamic fac-
tors like climate change and land-use changes. The scope of the study area may also limit its appli-
cability to other regions. Additionally, the AHP method’s subjectivity in assigning weights could
influence results. Future research could incorporate real-time meteorological data, socio-economic
factors, and expand criteria to account for climate change. Integrating machine learning with AHP
could reduce subjectivity, and applying this approach to diverse regions could improve its general-
izability and accuracy.

Table.4 Pairwise comparison matrix table

Dis- Dis- . .
Eleva- Precipita- tance tance Draim L
Matrix ™WIL ~. Slope P LULC NDVI age  tholo- Weight
tion tion from from densi
. ensity gy
river road
TWI B 1 1 3 5 1 3 1 1 13,78%
Elevation 1 B 1 2 3 1 3 1 1 11,07%
Slope 1 1 BN 3 1 12 1 1 1 9,90%
Precipitation | 1 1 1 B s 2 2 3 1 1 13,45%
LULC 13 12 1/3 113 A 1 1/3 3 1 1 662%
NDVI 15 13 1 12 1 B 15 1 1 1 587%
Distance from 1 2 12 3 5 - 3 1 1 13,08%
river
Distance from )3 )3 1 1/3 1/3 1 1/3 - 1 1 559%
road
Dramsaif; den- 1 1 1 1 1 1 1 - 1 13,32%
Lithology | 1 1 1 1 1 1 1 1 1 I 732%

Table.5 Flood susceptibility criteria and sub-criteria ranges for flood susceptibility assessment

Susceptibility class

Susceptibility

Flood causative criterion  Unit Class . . Weight %
ranges and ratings class ratings
3,4-6,2 Very low 1
hic wi . 6,3-7,8 Low 2
E;V}il(;;grap ic witness index Level 79-10 e 3 13.78
11-13 High 4
14 -27 Very High 5
200 - 300 Very High 5
300 - 600 High 4
Elevation m 600 - 900 Moderate 3 11.07
900 - 1200 Low 2
1200 - 1 400 Very low 1
<10° Very High 5
10°-20° High 4
Slope Degree  20°-30° Moderate 3 9.90
30°-40° Low 2
>50° Very low 1
300 - 330 Very low 1
340 - 360 Low 2
Precipitation mm/y  370-390 Moderate 3 13.45
400 - 420 High 4
430 - 450 Very High 5
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River Very High 5
Agricglill(’;ural High 4
LU/LC Level Fallow Land Moderate 3 6.62
Buildu
.~ dp Low 2
Vegetation Very low 1
-0,4 - -0,06 Very High 5
-0,05 - 0,0006 High 4
NDVI Level 0,0007 - 0,05 Moderate 3 5.87
0,06 - 0,09 Low 2
0,1-05 Very low 1
300 Very High 5
600 High 4
Distance from river m 800 Moderate 3 13.08
1 000 Low 2
1400 Very low 1
300 Very High 5
300 - 600 High 4
Distance from road m 600 - 900 Moderate 3 5.59
900 - 1 200 Low 2
1200 - 1 800 Very low 1
0-2 Very low 1
2-4 Low 2
Drainage density m/km 4-6 Moderate 3 13.32
6-8 High 4
8-10 Very High 5
Clay Very High 5
Marl High 4
. Silt Moderate 3
Lithology Level Nintestol® b N 7.32
eglom Very low 1
erate

- Sentinel 1 Image Validation

In this study, Sentinel 1 data from before and after the 2019 floods were collected for the research
area (Fig. 13). Using modified GEE code techniques, the VV and VH (dB) backscatter values for both
pre- and post-flood conditions were evaluated. Heavy rainfall resulted in significant water accumu-
lation in the Wadis, particularly in areas such as Oued Rhumel and Oued Boumerzoug.

The flood map for 2019, based on Sentinel 1 data, was compared with the flood susceptibility map
created using the AHP method and Geographic Information System (GIS). The “Map Query” func-
tion was developed to compare areas with very high and high flood vulnerability (Fig. 14) against
actual flooded locations. The resulting map indicated that areas with very high and high flood sus-
ceptibility were also affected by significant flooding. This finding highlights the usefulness of the
susceptibility map as a flood warning system for identifying at-risk areas. However, the authenticity
of the map could be questioned, as flooding predominantly affects regions with varying lithology,
where water levels fluctuate during the rainy season.

- Flood zones near the river

A Geographic Information System (GIS) was used to analyze the location and distribution of
flood-prone areas in the research region, specifically to assess the immediate effects of river flow.
Our findings reveal that 65% of the areas identified as having extremely high or high flood suscep-
tibility are situated closer to the rivers, while the remaining 35% of flood-prone areas are located
further away (Fig. 15 and 16).
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To assess the influence of each factor on the final flood susceptibility map, the “Map Query”
method was employed. This approach helps validate and improve the applicability of the combined
AHP and GIS methods, resulting in a more accurate and reliable flood susceptibility map for the
study region.
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3.2. Discussion

Our research area includes both plains and mountainous massifs, with well-known wadis such
as Oued Rhumel, Oued Boumerzoug, and Oued Seguen. As previously established, areas near the
wadis are the most vulnerable to flooding. Floods occur during the flood seasons due to the nature
of Oued Rhumel, which necessitates frequent and rapid changes in its flow. The approach used in
this study demonstrated that criteria such as the Topographic Wetness Index, Precipitation, and
Drainage Density play a more significant role in determining flood-prone areas. In contrast, factors
like lithology, slope, river distance, and elevation have a lesser impact compared to the first three.

The flooded areas in our study are typically characterized by their proximity to the wadis and
very low slopes, similar to the findings of (Hitouri et al., 2024; Khaddari et al., 2023) and (Jemai et
al., 2024), who obtained similar results. AHP is a method that calculates the weight of each criterion,
relying on expert judgment worked on this study and the previous studies of (Das, 2020; Dahri and
Abida, 2017; Hammami et al., 2019; Joshi and Shahapure, 2020; Das and Gupta, 2021; Malik and Pal,
2021) in the initial stages of allocating weights to the criteria, which can introduce some uncertainty
(Swain et al., 2020). The key factors influencing the AHP approach in local and regional flood suscep-
tibility studies include the Topographic Wetness Index, elevation, slope, precipitation, land cover/
land use, vegetation index (normalized difference), distance from the river, distance from the road,
drainage density, and lithology.

To improve flood susceptibility mapping, modern techniques such as Bayesian Naive Alternating
Decision Tree (AD Tree) (Swain et al., 2020), Random Forest (RF) (Das, 2020; Choudhury et al., 2022),
and the frequency ratio and vector support model (Khaddari et al., 2022) can be employed.

In this study, the flood susceptibility map was validated using data extracted from Sentinel 1,
showing a positive correlation between the 2019 flood zones and areas identified as very high and
high susceptibility in the AHP-GIS map.

The study’s strengths lie in its comprehensive methodology, combining AHP and GIS to assess
flood susceptibility, allowing for the integration of multiple factors like the Topographic Wetness
Index, Precipitation, and Drainage Density (Choudhury et al., 2022; Cvetkovic and Martinovi¢, 2020;
Peri¢ and Cvetkovi¢, 2019). This approach is effective for the region’s specific flood risks. By focusing
on local geographic features, such as proximity to wadis and low-slope areas, the study provides
highly relevant and actionable insights (Prasad et al., 2021; Iftikhar and Igbal, 2024; Das, 2020; Dahri
and Abida, 2017; Hammami et al., 2019; Joshi and Shahapure, 2020; Das and Gupta, 2021; Malik and
Pal, 2021). The validation using Sentinel 1 data further strengthens the study’s credibility, showing a
positive correlation with actual flood zones. Additionally, the mention of advanced techniques like
Random Forest and Bayesian Naive Alternating Decision Tree indicates the potential for improving
the model’s predictive accuracy in future work.

However, the study also has notable weaknesses. The reliance on expert judgment for weight-
ing criteria introduces subjectivity, which could compromise the consistency and reproducibility
of results (Hammami et al., 2019; Joshi and Shahapure, 2020; Das and Gupta, 2021; Malik and Pal,
2021). There is limited transparency regarding how these weights were determined, leaving the
methodology open to questions (Choudhury et al., 2022; Cvetkovic and Martinovi¢, 2020; Peri¢ and
Cvetkovi¢, 2019). The study also overlooks the temporal dimension of flood risk, failing to account
for how factors like climate change or seasonal variations may influence flood patterns. While the
findings are valuable for the specific region studied, their applicability to other areas with different
geographical or climatic conditions is uncertain(Prasad et al., 2021; Iftikhar and Igbal, 2024; Das and
Gupta, 2021; Malik and Pal, 2021). Finally, while the study mentions advanced models, it does not
provide a detailed comparison or evaluation of these techniques, which could offer opportunities for
further refinement of flood susceptibility mapping.

The ROC and AUC curve is one of the most widely accepted performance assessment techniques
for validating the AHP model. The AUC curve represents the combination of susceptibility and
specificity, with the area under the curve (AUC) serving as a measure of model performance. AUC is
a valuable tool for assessing the accuracy of flood modeling. Its value ranges from 0 to 1, with higher
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values indicating better model quality. A lower AUC value suggests insufficient adaptation of the
model (Aleksova et al., 2024; Milevski et al., 2024.

In our study, the AUC value was 0.71, indicating a very good model. This result reflects
the model’s excellent ability to distinguish between the flood-prone and non-flood-prone
areas within the data used to develop it. The AUC value also shows that the AHP model
has been effectively modified to identify the flood susceptibility zone (Fig. 17).

4. Conclusions

Geologists, urban technology managers, and land developers must understand the importance
of identifying flood-prone areas to effectively manage flood risks. This was achieved through the
use of the AHP method, which helped develop a flood susceptibility map for Ain Smara and its
surrounding urban agglomeration, considering ten influential factors. Expert estimates were used
to determine the weights of these factors, and the most influential criteria for determining flood sus-
ceptibility were found to be the Topographic Wetness Index (TWI) (13.78%), precipitation (13.45%),
drainage density (13.32%), and distance from the river (13.08%). In contrast, the least influential fac-
tors were distance from the road (5.59%), NDVI (5.87%), and land use/land cover (LU/LC) (6.62%).

This study’s methodology, integrating multi-source geospatial data and the Analytical Hierarchy
Process (AHP), offers several advantages. It provides a comprehensive and accurate flood suscepti-
bility map by combining diverse datasets, utilizes GIS tools for detailed spatial analysis, and ensures
a transparent weighting process through AHP. These methods enhance flood risk management by
generating reliable maps for decision-makers. However, limitations include reliance on data qual-
ity and availability, potential subjectivity in AHP factor weighting, and the use of a 30x30 m DEM
resolution, which may not capture fine-scale variations. Additionally, the model simplifies complex
flood processes and may not fully account for dynamic environmental changes.

These flood influence criteria were combined to create a susceptibility map, which was then di-
vided into five categories to describe the severity of flood vulnerability. According to the map, 1.13%,
2.87%, 66.00%, 28.35%, and 1.65% of the study area were classified as very high, high, medium, low,
and very low flood susceptibility zones, respectively. The northern, northwest, and central regions
of the study area were identified as being highly sensitive to unexpected floods, while the southern
and eastern regions were classified as low or very low-susceptibility areas. This flood susceptibility
map is considered an early warning system for flood-prone areas.

The accuracy of the model was verified using AUC curves, which showed a high accuracy (AUC
=0.71), confirming that the applied model is highly reliable. Given its consistent ability to accurately
predict flood locations, this method is recommended for broader application in flood risk assess-
ments and practical implications in the field of water management sectors.

Author Contributions: The research required the use of different tools in order to analyze the data, find
and verify the results, and it required cooperation in many stages between the researchers, but some of them
contributed to specific aspects in particular, Nouh Rebouh, the author of the research idea and its director, did
the bibliographic research and determined the research methodology and is the owner of the results related
to Google Earth Engine, Faicel Tout contributed to the analysis and interpretation of the different results and
helped in the preparation of maps, an aspect in which Yacine Benzid and Dinar Haythem also contributed, in
addition to verifying the results and following up the research. Zakaria Zouak also contributed to this, espe-
cially in field investigations, translation, and finalizing the text of the article.

Funding: There was no funding for this research

Conflicts of Interest: “The authors declare no conflict of interest.”

258

International Journal of Disaster Risk Management ¢ Vol. 6, No. 2 e



Integrating Multi-Source Geospatial Data and AHP for
Flood Susceptibility Mapping in Ain Smara, Constantine, Algeria

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

Abedji, R., Costache, R., Shafizadeh-Moghadam, H., Pham, Q.B. (2021). Flash-flood susceptibility
mapping based on XGBoost, random forest and boosted regression trees. Geocarto Int 1-18

Akay, H. (2021). Flood hazards susceptibility mapping using statistical, fuzzy logic, and MCDM
methods. Soft Comput 1-22

Aktar, M. A., Shohani, K., Hasan, M. N., & Hasan, M. K. (2021). Flood vulnerability assessment
by flood vulnerability index (FVI) method: a study on Sirajganj Sadar Upazila. International
Journal of Disaster Risk Management, 3(1), 1-14.

Aleksova, B., Milevski, I., Dragicevi¢, S., & Luki¢, T. (2024). GIS-based integrated multi-hazard
vulnerability assessment in Makedonska Kamenica municipality, North Macedonia. Atmos-
phere, 15(7), 774.

Al-Juaidi, A.E., Nassar, A.M., Al-Juaidi, O.E. (2018). Evaluation of flood susceptibility mapping
using logistic regression and GIS conditioning factors. Arab ] Geosci 11(24):1-10

Arabameri, A., Saha, S., Chen, W., Roy, J., Pradhan, B., Bui, D.T. (2020). Flash flood susceptibility
modelling using functional tree and hybrid ensemble techniques. ] Hydrol 587:125007

Azareh, A., RafieiSardooi, E., Choubin, B., Barkhori, S., Shahdadi, A., Adamowski, J., Sham-
shirband, S. (2019). Incorporating multi-criteria decision-making and fuzzy-value functions for
flood susceptibility assessment. Geocarto Int 1-21

Benabbas, C. (2006). Evolution Mio-Plio-Quaternaire des bassins continentaux de I’Algérie nord
orientale: apport de la photogéologie et analyse morpho structurale. Grands travaux d’aménage-
ment et mouvements de versant dans la région nord de Constantine (Algérie Nord-Orientale).
Doctorat d’état, Constantine, 245p.

Bouamrane, A., Derdous, O., Dahri, N., Tachi, S.E., Boutebba, K., Bouziane, M.T. (2020). A com-
parison of the analytical hierarchy process and the fuzzy logic approach for flood susceptibility
mapping in a semiarid ungauged basin (Biskra basin: Algeria). Int ] River Basin Manag 1-11

Bui, D.T., Ngo, P.T.T., Pham, T.D., Jaafari, A., Minh, N.Q., Hoa, P.V., Samui, P. (2019). A novel
hybrid approach based on a swarm intelligence optimized extreme learning machine for flash
flood susceptibility mapping. CATENA 179:184-196

Cao, Y., Jia, H., Xiong, J., Cheng, W., Li, K, Pang, Q., Yong, Z. (2020). Flashflood susceptibili-
ty assessment based on geodetector, certainty factor, and logistic regression analyses in Fujian
Province China. ISPRS Int ] Geolnf 9(12):748

Chadi, M. (1991). Géologie des monts d’Ain m'lila (Algérie orientale) (Doctoral dissertation, Uni-
versité Henri Poincaré-Nancy 1).

Chakraborty, S., Mukhopadhyay, S. (2019). Assessing flood risk using analytical hierarchy pro-
cess (AHP) and geographical information system (GIS): application in Cooch Behar district of
West Bengal India. Nat Hazards 99(1):247-274

Chen, C.Y., Yu, F.C. (2011). Morphometric analysis of debris flows and their source areas using
GIS. Geomorphology 129, 387-397.

Chen, W., Li, Y., Xue, W., Shahabi, H., Li, S., Hong, H., Ahmad, B.B. (2020). Modelling flood
susceptibility using data-driven approaches of naive Bayes tree, alternating decision tree, and
random forest methods. Sci Total Environ 701:134979

Choubin, B., Moradi, E., Golshan, M., Adamowski, J., Sajedi-Hosseini, F., Mosavi, A. (2019). An
ensemble prediction of flood susceptibility using multivariate discriminant analysis, classifica-
tion and regression trees, and support vector machines. Sci. Total Environ. 651, 2087-2096.
Choudhury, S., Basak, A., Biswas, S., Das, J. (2022). Flash flood susceptibility mapping using
GIS-based AHP method. In Spatial modelling of flood risk and flood hazards: Societal implica-
tions (pp. 119-142). Cham: Springer International Publishing.

Chowdhuri, I, Pal, S.C., Chakrabortty, R. (2020). Flood susceptibility mapping by ensemble ev-

idential belief function and binomial logistic regression model on river basin of eastern India.
Adv Space Res 65 (5):1466-1489

259

International Journal of Disaster Risk Management ® Vol. 6, No. 2 ¢



Nouh Rebouh,Faicel Tout,Haythem Dinar,Yacine Benzid, Zakaria Zouak

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Costache, R., Pham, Q.B., Sharifi, E., Linh, N.T.T., Abba, S.I., Vojtek, M., Khoi, D.N. (2019). Flash-
flood susceptibility assessment using multi-criteria decision-making and machine learning sup-
ported by remote sensing and gis techniques. Remote Sens 12(1):106

Cvetkovic, V. M., & Martinovi¢, J. (2020). Innovative solutions for flood risk management. Inter-
national Journal of Disaster Risk Management, 2(2), 71-100.

Dahri, N., Abida, H. (2017). Monte Carlo simulation-aided analytical hierarchy process (AHP) for
flood susceptibility mapping in Gabes Basin (south-eastern Tunisia). Environ Earth Sci 76(7):302

Das, S. (2020). Flood susceptibility mapping of the Western Ghat coastal belt using multi-source
geospatial data and analytical hierarchy process (AHP). Remote Sensing Applications: Society
and Environment, 20, 100379.

Das, S. (2019a). Geospatial mapping of flood susceptibility and hydro-geomorphic response to
the floods in Ulhas basin, India. Rem. Sens. Appl. Soc. Environ. 14, 60-74.

Das, S. (2020). Landscape Variables in the Indian (Peninsular) Catchments: Insights into Hy-
dro-Geomorphic Evolution. https://doi.org/10.31223/0sf.io/hbsq2.

Das, S, Gupta, A. (2021). Multi-criteria decision-based geospatial mapping of flood suscepti-
bility and temporal hydro-geomorphic changes in the Subarnarekha basin, India. Geosci Front
12(5):101206

Das, S., Pardeshi, S.D. (2018b). Integration of different influencing factors in GIS to delineate
groundwater potential areas using IF and FR techniques: a study of Pravara basin, Maharashtra,
India. Appl. Water Sci. 8 (7), 197.

Derouiche, A. (2008). Contribution de la géophysique et de la photo interprétation a I'étude de
l'instabilité de terrains dans la région de Constantine, These de magister, Univ de Constantine
140p,.

Falah, F., Rahmati, O., Rostami, M., Ahmadisharaf, E., Daliakopoulos, I.N., Pourghasemi, H.R.
(2019). Artificial neural networks for flood susceptibility mapping in data-scarce urban areas. In:
Spatial modelling in GIS and R for earth and environmental sciences, pp 323—- 336. Elsevier
Hammami, S., Zouhri, L., Souissi, D., Souei, A., Zghibi, A., Marzougui, A., Dlala, M. (2019). Ap-
plication of the GIS based multi-criteria decision analysis and analytical hierarchy process (AHP)
in the flood susceptibility mapping (Tunisia). Arab ] Geosci 12(21):1-16

Handfield, R., Walton, S.V., Sroufe, R., Melnyk, S.A. 2002. Applying environmental criteria to
supplier assessment: a study in the application of the analytical hierarchy process, 141, 70-87.
Haque, M.N,, Siddika, S., Sresto, M.A., Saroar, M.M., Shabab, K.R. (2021). Geo-spatial analysis
forflashflood susceptibility mapping in the North-East Haor (Wetland) Region in Bangladesh.
Earth Syst Environ 1-20

Hitouri, S., Mohajane, M., Lahsaini, M., Ali, S. A., Setargie, T. A., Tripathi, G., ... & Varasano, A.
(2024). Flood susceptibility mapping using SAR data and machine learning algorithms in a small
watershed in northwestern Morocco. Remote Sensing, 16(5), 858.

Hong, H., Panahi, M., Shirzadi, A., Ma, T,, Liu, J., Zhu, A.X., Chen, W., Kougias, ., Kazakis, N.
(2018). Flood susceptibility assessment in Hengfeng area coupling adaptive neuro-fuzzy infer-
ence system with genetic algorithm and differential evolution. Sci. Total Environ. 621, 1124-1141.
Iftikhar, A., & Igbal, J. (2024). Changes in Lulc and Drainage Network Patterns the Cause of Ur-
ban Flooding in Karachi City. International Journal of Disaster Risk Management, 6(1), 91-102.
Jemai, S., Belkendil, A., Kallel, A., & Ayadi, I. (2024). Assessment of flood risk using Hierarchical
Analysis Process method and Remote Sensing systems through arid catchment in southeastern
Tunisia. Journal of Arid Environments, 222, 105150.

Joshi, M.M., Shahapure, S.S. (2020). Flood susceptibility mapping for part of Bhima River basin
using a twodimensional HEC-RAS model. In: Techno-societal 2018, pp 595-605. Springer, Cham
Kanani-Sadat, Y., Arabsheibani, R., Karimipour, F., Nasseri, M. (2019). A new approach toflood
susceptibility assessment in data-scarce and ungauged regions based on GIS-based hybrid mul-
ti-criteria decision-making method. ] Hydrol 572:17-31

260

International Journal of Disaster Risk Management ¢ Vol. 6, No. 2 e



38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Integrating Multi-Source Geospatial Data and AHP for
Flood Susceptibility Mapping in Ain Smara, Constantine, Algeria

Khaddari, A., Bouziani, M., Moussa, K., Sammar, C., Chakiri, S., Hadi, H.E,, Jari, A., Titafi, A.
(2022). Evaluation of Precipitation Spatial Interpolation Techniques using GIS for Better Preven-
tion of Extreme Events: Case of the Assaka Watershed (Southern Morocco). Eco. Env. & Cons,
28, 1-10.

Khaddari, A., Jari, A., Chakiri, S., El1 Hadi, H., Labriki, A., Hajaj, S., ... & Abioui, M. (2023). A com-
parative analysis of analytical hierarchy process and fuzzy logic modeling in flood susceptibility
mapping in the Assaka Watershed, Morocco. Journal of Ecological Engineering, 24(8), 62-83.

Khosravi, K., Pham, B.T., Chapi, K., Shirzadi, A., Shahabi, H., Revhaug, 1., Bui, D.T. (2018). A
comparative assessment of decision trees algorithms for flashflood susceptibility modeling at
Haraz watershed, northern Iran. Sci Total Environ 627:744-755

Khosravi, K., Pourghasemi, H.R., Chapi, K., Bahri, M. (2016b). Flashflood susceptibility analysis
and its mapping using different bivariate models in Iran: a comparison between Shannon’s en-
tropy, statistical index, and weighting factor models. Environ Monit Assess 188 (12):1-21

Khosravi, K., Shahabi, H., Pham, B.T., Adamowski, J., Shirzadi, A., Pradhan, B., Prakash, 1. (2019).
A comparative assessment of flood susceptibility modeling using multi-criteria decision-making
analysis and machine learning methods. ] Hydrol 573:311-323

Kia, M.B., Pirasteh, S., Pradhan, B.,, Mahmud, A.R., Sulaiman, W.N.A., Moradi, A. (2012). An
artificial neural network model for flood simulation using GIS: Johor River Basin Malaysia. En-
viron. Earth Sci. 67 (1), 251-264

Kiani, M., Bagheri, M., Ebrahimi, A., Alimohammadlou, M. (2019). A model for prioritising out-
sourceable activities in universities through an integrated fuzzyMCDM method. Int ] Constr
Manag 1-17

Kourgialas, N.N., Karatzas, G. (2011). Flood management and a GIS modelling method to as-
sess flood-hazard areas—a case study. Hydrological Sciences Journal-Journal des Sciences Hy-
drologiques 56(2):212-225

Lee, S., Kim, J.C,, Jung, H.S., Lee, M.]., Lee, S. (2017). Spatial prediction of flood susceptibility
using random-forest and boosted-tree models in Seoul metropolitan city, Korea. Geomat Nat
Hazards Risk 8(2):1185-1203

Lin, K., Chen, H., Xu, C.Y,, Yan, P., Lan, T., Liu, Z., Dong, C. (2020). Assessment of flash flood
risk based on improved analytic hierarchy process method and integrated maximum likelihood
clustering algorithm. ] Hydrol 584:124696

Malik, S., Pal, S.C. (2021). Potential flood frequency analysis and susceptibility mapping using
CMIP5 of MIROC5 and HEC-RAS model: a case study of lower Dwarkeswar River, Eastern In-
dia, S.N. App Sci 3 (1):1-22

Marengo, J.A., Camarinha, P.I., Alves, L.M., Diniz, F., Betts, R.A. (2021). Extreme rainfall and hy-
drogeo-meteorological disaster risk in 1.5, 2.0, and 4.0° C global warming scenarios: an analysis
for Brazil. Frontiers in Climate, 3, 610433.

Milevski, L., Aleksova, B., Luki¢, T., Dragicevi¢, S., & Valjarevi¢, A. (2024). Multi-hazard mode-
ling of erosion and landslide susceptibility at the national scale in the example of North Macedo-
nia. Open Geosciences, 16(1), 20220718

Mirzaei, S., Vafakhah, M., Pradhan, B., Alavi, S.J. (2021). Flood susceptibility assessment using
extreme gradient boosting (EGB) Iran. Earth Sci Inform 14(1):51- 67

Nachappa, T.G., Piralilou, S.T., Gholamnia, K., Ghorbanzadeh, O., Rahmati, O., Blaschke, T.
(2020). Flood susceptibility mapping with machine learning, multicriteria decision analysis and
ensemble using Dempster Shafer theory. ] Hydrol 125275

Ngo, P.T.T., Pham, T.D., Nhu, V.H,, Le, T.T., Tran, D.A., Phan, D.C., Bui, D.T. (2021). A novel
hybrid quantumPSO and credal decision tree ensemble for tropical cyclone induced flash flood
susceptibility mapping with geospatial data. ] Hydrol 596:125682

Ogden, F.L., Raj Pradhan, N., Downer, C.W., Zahner, J.A. (2011). Relative importance of impervi-
ous area, drainage density, width function, and subsurface storm drainage on flood runoff from
an urbanized catchment. Water Resour. Res. 47 (12).

261

International Journal of Disaster Risk Management ® Vol. 6, No. 2 ¢



Nouh Rebouh,Faicel Tout,Haythem Dinar,Yacine Benzid, Zakaria Zouak

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

Oikonomidis, D., Dimogianni, S., Kazakis, N., Voudouris, K. (2015). A GIS/ remote sensing based
methodology for groundwater potentiality assessment in Tirnavos area, Greece. Journal of Hy-
drology 525: 197-208

Papagiannaki, K., Lagouvardos, K., Kotroni, V., Bezes, A. (2015). Flash flood occurrence and re-
lation to the rainfall hazard in a highly urbanized area. Nat Hazard 15(8):1859-1871

Pappenberger, F., Matgen, P., Beven, K.J., Henry, ].B., Pfister. L. (2006). Influence of uncertain
boundary conditions and model structure onflood inundation predictions. Adv Water Resour
29(10):1430-1449

Peri¢, J., & Cvetkovi¢, V. M. (2019). Demographic, socio-economic and phycological perspective
of risk perception from disasters caused by floods: case study Belgrade. International Journal of
Disaster Risk Management, 1(2), 31-45.

Pham. B,T., Avand, M., Janizadeh, S., Phong, T.V., Al-Ansari, N., Ho, L.S., Prakash, I. (2020). GIS-
based hybrid computational approaches for flashflood susceptibility assessment. Water 12(3):683

Pradhan, B. (2009). Flood susceptible mapping and risk area delineation using logistic regres-
sion, GIS and remote sensing. J. Spatial Hydrol. 9, 1-18.

Prasad, P., Loveson, V.J., Das, B., Kotha, M. (2021). Novel ensemble machine learning models
inflood susceptibility mapping. Geocarto Int 1-23

Predick, K.I., Turner, M.G. (2007). Landscape configuration and flood frequency influence inva-
sive shrubs in floodplain forests of the Wisconsin River (USA). J. Ecol. 96 (1), 91-102.

Rahmati, O., Pourghasemi, H.R., Zeinivand, H. (2016). Flood susceptibility mapping using
frequency ratio and weights-of-evidence models in the Golastan Province Iran. Geocarto Int
31(1):42-70

Ramesh, V., Igbal, S.S. (2020). Urbanflood susceptibility zonation mapping using evidential be-
lief function, frequency ratio and fuzzy gamma operator models in GIS: a case study of Greater
Mumbai, Maharashtra, India. Geocarto Int 1-26

RazaviTermeh, S.V., Pourghasemi, H.R., Alidadganfard, F. (2018). Flood inundation susceptibil-
ity mapping using analytical hierarchy process (AHP) and TOPSIS decision-making methods
and weight of evidence statistical model (case study: jahrom township, fars province). ] Water-
shed Manag Res 9(17):67-81

Rebouh, N., Khiari, A. (2022). La Cinématique et I'organisation des structures géologiques dans
le Constantinois.

Rebouh, N., Oudni, A., Khiari, A., & Ozgﬁr, N. (2024). Mapping of Landslide Susceptibility Us-
ing Analytical Hierarchy Process (AHP) in the Ain Smara and its Surrounding Areas, Algeria
(Northeastern of Algeria). Studies in Science of Science | ISSN: 1003-2053, 42(8), 1-15.

Rebouh, N., Oudni, A., Khiari, A., Benabbas, C., Ozgﬁr, N. (2021). Hydrothermal alteration
mapping and structural features in the Ain Smara basin, Constantine (Northeastern Algeria):
contribution of Landsat OLI8 data. AJGS, 14, 1-19.

Saaty, T.L. (1977). A scaling method for priorities in hierarchical structures.Journal of Mathemat-
ical Psychology15:59-62

Saaty, T.L. (1980). A scaling method for priorities in hierarchical structures.Journal of Mathemat-
ical Psychology15: 234-281

Sahana, M., Patel, P.P. (2019). A comparison of frequency ratio and fuzzy logic models for flood
susceptibility assessment of the lower Kosi River Basin in India. Environ Earth Sci 78(10):1-27
Saharia, M., Kirstetter, P.E., Vergara, H., Gourley, J.J., Hong, Y., Giroud, M. (2017). Mapping-
flashflood severity in the United States. ] Hydrometeorol 18(2):397-411

Samanta, R.K., Bhunia, G.S., Shit P.K., Pourghasemi, H.R. (2018). Flood susceptibility mapping
using geospatial frequency ratio technique: a case study of Subarnarekha River Basin India.
Model Earth Syst Environ 4 (1):395-408

Samanta S., Koloa C., Kumar Pal D., Palsamanta B. (2016), Flood risk analysis in lower part of
Markham river based on multi-criteria decision approach (MCDA). Hydrology 29. https://doi.
org/10.3390/hydrology3030029.

262

International Journal of Disaster Risk Management ¢ Vol. 6, No. 2 e



75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

Integrating Multi-Source Geospatial Data and AHP for
Flood Susceptibility Mapping in Ain Smara, Constantine, Algeria

ShafapourTehrany, M., Kumar, L., NeamahJebur, M., Shabani, F. (2019). Evaluating the appli-
cation of the statistical index method inflood susceptibility mapping and its comparison with
frequency ratio and logistic regression methods. Geomat Nat Hazards Risk 10(1):79-101

Siahkamari, S., Haghizadeh, A., Zeinivand, H., Tahmasebipour, N., Rahmati, O. (2018). Spatial

prediction of flood-susceptible areas using frequency ratio and maximum entropy models. Ge-
ocarto Int 33(9):927-941

Souissi, D., Zouhri, L., Hammami, S., Msaddek, M.H., Zghibi, A., Dlala, M. (2020). GIS-based
MCDM-AHP modeling for flood susceptibility mapping of arid areas, south-eastern Tunisia.
Geocarto Int 35(9):991-1017

Svoboda, A. (1991). Changes in flood regime by use of the modified curve number method. Hy-
drol Sci ] 36(5):461-470

Swain, K.C,, Singha, C., Nayak, L. (2020). Flood susceptibility mapping through the GIS-AHP
technique using the cloud. ISPRS International Journal of Geo-Information, 9(12), 720.

Tehrany, M.S., Pradhan, B., Jebur, M.N. (2014). Flood susceptibility mapping using a novel en-
semble weights-of-evidence and support vector machine models in GIS. ] Hydrol 512:332-343
Tehrany, M.S., Pradhan, B., Jebur, M.N. (2014). Flood susceptibility mapping using a novel en-
semble weights-of-evidence and support vector machine models in GIS. J. Hydrol. 512, 332-343.

Tekeli, A.E., Fouli, H. (2016). Evaluation of TRMM satellite-based precipitation indexes for flood
forecasting over Riyadh City, Saudi Arabia. ] Hydrol 541:471-479

Termeh, S. V. R, Kornejady, A., Pourghasemi, H. R., & Keesstra, S. (2018). Flood susceptibility
mapping using novel ensembles of adaptive neuro-fuzzy inference system and metaheuristic
algorithms. Science of the Total Environment, 615, 438-451.

Terti, G., Ruin, I., Anquetin, S., Gourley, ].J. (2015). Dynamic vulnerability factors for impact-based
flash flood prediction. Nat Hazards 79(3):1481-1497

Tout, F. (2023). Flood policy in Algeria. International Journal of Disaster Risk Management, 5(1),
27-39.

Vafakhah, M., Mohammad Hasani Loor, S., Pourghasemi, H., Katebikord, A. (2020). Comparing
the performance of random forest and adaptive neuro-fuzzy inference system data mining mod-
els for flood susceptibility mapping Arab ] Geosci 13:1-16

Vignesh, K.S., Ananda kumar, I., Ranjan, R., Borah, D. (2021). Flood vulnerability assessment us-
ing an integrated approach of multi-criteria decision-making model and geospatial techniques.
Model Earth Syst Environ 7 (2):767-781

Vila, JM. (1980). La chaine alpine de I’Algérie orientale et des confins algéro-tunisiens. These de
Doctorat-es-sciences, Université Pierre et Marie curie.

Wang, Y., Hong, H., Chen, W., Li, S., Pamucar, D., Gigovi¢, L., Duan, H. (2019a). A hybrid GIS
multi-criteria decisionmaking method for flood susceptibility mapping at Shangyou China. Re-
mote Sens 11(1):62

Yalcin, A., Reis, S., Cagdasoglu, A., Yomralioglu, T. (2011). A GIS-based comparative study of
frequency ratio, analytical hierarchical process, bivariate statistics and logistic regression meth-
ods for landslide susceptibility mapping in Trabzon, NE Turkey. Catena 85, 274-287.

Yang, Q., Guan, M., Peng, Y., Chen, H. (2020). Numerical investigation of flashflood dynamics
due to cascading failures of natural landslide dams. Eng Geol 276:105765

Youssef, A., Pradhan, B., Sefry, S. (2016). Flashflood susceptibility assessment in Jeddah city

(Kingdom of Saudi Arabia) using bivariate and multivariate statistical models. Environ Earth
Sci 75:1-16

263

International Journal of Disaster Risk Management ® Vol. 6, No. 2 ¢






