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ABSTRACT

In Morocco, floods occur frequently, often causing significant damage to infrastructure and the en-
vironment due to a lack of adequate protective measures. The unpredictability of these events is
attributable to climate change and the irregular nature of weather conditions. However, determining
flood susceptibility can facilitate the mitigation and prevention of risk. This study aims at mapping
flood-susceptible areas in the Bouarfa watershed using a multi-criteria decision analysis (MCDA)
approach integrated within a Geographic Information System (GIS). Seven key conditioning param-
eters were considered: altitude, slope, geology, drainage density, flow accumulation, land use/land
cover (LULC), and soil. The Analytical Hierarchy Process (AHP) was used to assign weights to these
factors. The results obtained demonstrate that 39.53% (546.24 km?) of the territory is exposed to a
very low to moderate flood risk and 60.47% (835.59 km?) to a high to very high flood risk. The mod-
el’s accuracy was validated using historical flood locations and the Area Under the Curve (AUC)
method, which yielded a value of 84.5%, indicating very good performance. This map serves as a
critical tool for decision-makers for risk mitigation and land-use planning in this arid region.

KEYWORDS

Hierarchy analytical process (ahp); flood susceptibility; multi-criteria decision making (mcdm); vul-
nerability; bouarfa watershed.

Elkheir, A. Z., Abdelhamid, M., Mohammed, L., Ali, A,

Mohammed, S., Said, E., & Mohammed, M. (2025). Advanced

Flood Risk Mapping in Bouarfa Watershed Using Integrated
BY Copyright: © 2025 by the authors. Machine Learning, GIS, and MCDM. International Journal of

Disaster Risk Management, 7(2), 1-20. Retrieved from https://

internationaljournalofdisasterriskmanagement.com/index.php/
Voll/article/view/216


https://upravljanje-rizicima.com/
https://internationaljournalofdisasterriskmanagement.com/index.php/Vol1/issue/view/16
https://prosafenet.com/
https://internationaljournalofdisasterriskmanagement.com/index.php/Vol1/article/view/216

Alioua Zahar Elkheir, Mezrhab Abdelhamid, Laaboudi Mohammed,
Achebour Ali, Sahil Mohammed, Elyagoubi Said, Melhaoui Mohammed

1. Introduction

Both rich and developing countries confront natural disasters, causing major material losses,
costly economic disruption, and severe human suffering. Among these, floods are the most prev-
alent and destructive, occurring with alarming frequency across the globe (Das, 2018; Doocy et al.,
2013). Floods are defined as the overflow of water that results in the submersion of land, leading to
the destruction of infrastructure, urban areas, and agricultural land, often with tragic loss of life and
severe economic consequences (Dewan, 2013; Merz et al., 2010). Climate is a primary factor influenc-
ing the occurrence and evolution of floods, with climate change expected to alter land use and land
cover (LULC), thereby increasing flood risk (Emerton et al., 2017).

In recent decades, remote sensing and Geographic Information Systems (GIS) have become indis-
pensable tools for mapping flood vulnerability and analyzing natural hazards (Bates, 2012; Pradhan
et al., 2009). Various geospatial techniques have been applied, which can be broadly classified into
three categories: (1) hydrological models like SWAT (Oeurng et al., 2011); (2) machine learning tech-
niques such as Artificial Neural Networks (ANN) (Kia et al., 2012) and Support Vector Machines
(SVM) (Tehrany et al., 2015); and (3) statistical methods like Weights of Evidence (WoE) and Logistic
Regression (LR) (Rahmati et al., 2016). Alongside these, Multi-Criteria Decision Making (MCDM)
methods, particularly the Analytical Hierarchy Process (AHP), have gained prominence for their
ability to integrate diverse factors and expert knowledge into a structured framework (Das, 2018;
Kazakis et al., 2015).

While numerous studies have applied these techniques globally, there remains a research gap in
their application to the specific arid and semi-arid environments of southeastern Morocco, which are
characterized by infrequent but intense rainfall events leading to destructive flash floods. Previous
flood studies in Morocco have often focused on more humid coastal or mountainous regions or have
used different methodological approaches. This study aims to fill this gap by developing a detailed
flood susceptibility map for Bouarfa watershed. The primary objective is to delineate flood-prone
areas by integrating seven critical geo-environmental factors using a combined GIS and AHP-based
MCDM methodology. The novelty of this research lies in the specific application and validation of
this integrated model in a data-scarce, arid region, providing a tailored and robust tool for region-
al-scale flood risk management and land-use planning.

The findings of this study are intended to facilitate informed decision-making, thereby minimiz-
ing potential flood-related damage and financial losses. The feasibility of this work was supported
by the availability of datasets such as ASTER-DEM, Sentinel-2 imagery, and soil and geological
maps, all processed to a 10-meter resolution.

2. Study area

The study area is Bouarfa watershed, which is susceptible to flooding from the rivers that trav-
erse it. The town of Bouarfa is located in southeastern Morocco, 40 km from the country’s southern
border and 60 km from the eastern border, at an altitude of 1150 m, on the southern slopes of Jbel
Bouarfa (1850 m) and the Hezem El Ahmar relief (Fig. 1). This renders the town vulnerable to flood-
ing from the rivers that traverse it, as well as to floodwater from the chaabas, which serve to drain
rainwater and subsequently discharge it into the town.
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Figure 1. Map of the topography of Oued Bouarfa basin

The watershed under scrutiny in this study is characterised by a relatively dense hydrographic
network. The catchment area is comprised of multiple sub-watersheds of varying sizes and mor-
phologies, including Oued Chegga, Oued Chegga, and Oued Chegga aval. Oued Bouarfa consti-
tutes the primary collector, receiving numerous tributaries in the process. Furthermore, Bouarfa
catchment area is susceptible to flooding, with the potential for significant damage in the event
of torrential rainfall. The floods are attributed to natural factors, including the topographical and
hydrological characteristics of the surrounding relief, the presence of numerous wadis and chaabas
within the urban area, and the city’s highly irregular climate.

The Bouarfa basin is distinguished by a continental climate that is markedly arid, with a particu-
larly hot and dry summer season and a very cold winter. The climate is classified as quasi-Saharan,
with a marked scarcity of rainfall. As is typical of this geographical region, precipitation is generally
limited and sporadic. The average annual rainfall currently exhibits a fluctuation between 145 mm
and 190 mm (Fig. 2).
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Figure 2. Map of the average annual precipitation in Oued Bouarfa basin from 1981 to 2022
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3. Geospatial layers for flood vulnerability mapping

The selection of flood conditioning factors is a critical step in flood susceptibility mapping (FSM).
While there is no universal consensus on the number or type of factors, most studies recommend
using a comprehensive set to avoid bias (Mahmoud & Gan, 2018). For this study, seven conditioning
factors were selected based on their established influence on flood occurrence and data availability.
The two most controversial issues in FSM research are the number of flood conditioning factors and
which factors should be selected to provide flood protection (Vojtek & Vojtekova, 2019). For this
study, seven conditioning factors were selected in a manner similar to the ones used in other FSM
experiments conducted elsewhere (Elkhrachy, 2015; Kazakis et al., 2015). However, other studies
have selected four parameters (Kourgialas & Karatzas, 2011; Rahmati et al., 2016) or six factors (Sa-
manta et al., 2016). Furthermore, studies have used ten, eleven and twelve factors (Choubin et al.,
2019; Haghizadeh et al., 2017; Khosravi et al., 2016; Zhao et al., 2018). It is generally advisable, how-
ever, to include more than six factors in order to avoid a single weight dominating the others and
increasing the risk of some components being overvalued (Mahmoud & Gan, 2018).

The seven key factors were selected for this study: altitude, slope, geology, drainage density, flow
accumulation, land use/land cover (LULC) and soil. These factors were chosen for several reasons.
First, they are widely recognized in the literature as primary controls on hydrological processes in
arid and semi-arid landscapes (Das, 2018; Kazakis et al., 2015). Second, reliable data for these factors
were available for Bouarfa watershed from sources like ASTER-DEM and Sentinel-2.

Factors such as precipitation intensity were not included as a direct layer because the study focus-
es on mapping inherent susceptibility based on the watershed’s static physical characteristics, rather
than modeling a specific rainfall event. Similarly, while NDVI is useful, LULC provides a more di-
rect classification of surface types (e.g., built-up areas, bare soil) that directly influence runoff. Each
of these seven factors was reclassified into five classes using the equal-interval method in ArcGIS
and is presented in Figure 3.

3.1. Topographical slope

Slope is a key topographic factor that strongly influences surface runoff, infiltration, and wa-
ter retention. Gentle slopes tend to accumulate water, making them more susceptible to flooding,
whereas steep slopes facilitate rapid runoff (Das, 2018). As demonstrated by Das & Pardeshi (2018),
runoff velocity on steep terrain is inversely proportional to the rate of soil infiltration. Consequently,
low-lying areas are more exposed to flooding due to the stagnation of large water volumes (Li et al.,
2012; Pradhan et al., 2009).

The influence of slope on hydrological behavior is therefore a crucial determinant of flood vul-
nerability. Numerous studies have confirmed a direct correlation between slope gradient and runoff
velocity (Fernandez & Lutz, 2010; Tehrany et al., 2013; Youssef et al., 2011). The slope map (Figure
3A) was produced in the ArcGIS environment using data from the ASTER DEM.

3.2. Geology

The underlying geology plays a crucial role in controlling surface runoff through the permeability
of rock formations. Impermeable layers enhance runoff and increase flood risk (Bonacci et al., 2006),
whereas permeable lithological units promote infiltration and reduce the likelihood of flooding. A
strong correlation has been demonstrated between rock permeability and infiltration rate (Bonacci et
al., 2006). According to Reneau (2000), specific geological features can significantly influence runoff
dynamics and flood occurrence, a relationship also highlighted by Kazakis et al. (2015).

The geology of Bouarfa watershed is predominantly sedimentary, ranging in age from the Ju-
rassic to the Pleistocene, and composed mainly of carbonate formations with variable permeability
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(Fig. 3B). Bouarfa High Atlas is characterized by the extensive Tamlelt Plain an outcrop of the Lower
Paleozoic basement covering approximately 2000 km?2.

The Jurassic series consists mainly of alternating marl and limestone beds, which are especial-
ly prominent east of Bouarfa meridian. These strata, thick and becoming increasingly calcareous
towards the top, correspond to the Upper Bajocian and Lower Bathonian. To the east, the Jurassic
continues with detrital facies of pink sandstone containing fossilized wood, interbedded with pelitic
and reefal levels that attest to the proximity of land during deposition.

The Cretaceous series rests unconformably on the Jurassic and appears on the northern and
southern flanks of the eastern Atlas, as well as in two small synclines southeast of Tamlelt Plain. In
Bouarfa, this sequence begins with conglomerates overlain by red sandstones, followed by lime-
stone horizons and the marly Cenomanian series. The geology of the region is further marked by a
prominent ledge of Turonian limestone, typically white and occasionally flinty in texture. Finally,
the sequence is capped by a substantial detrital unit about 100 meters thick, composed of pink sand-
stones and conglomerates assigned to the Senonian period.

3.3. Flow accumulation

Flow accumulation represents the volume of upstream water flowing into each pixel, identifying
areas where surface runoff is likely to concentrate and, consequently, where flooding is more prob-
able (Kazakis et al., 2015; Lehner et al., 2006; Mahmoud & Gan, 2018). This layer (Fig. 3E), derived
from the ASTER-DEM, serves as a key conditioning factor in hydrological and flood susceptibility
modeling (FSM) studies. Conceptually, flow accumulation denotes the aggregation of a pixel’s flow
from adjacent pixels, thus delineating zones of concentrated surface runoff. In this study, after de-
termining flow directions, the flow accumulation command in the ArcGIS environment was applied
to generate the flow accumulation layer from the ASTER-DEM.

3.4. Land use and occupation (LULC)

Surface cover plays a crucial role in influencing flood probability, as impervious surfaces such
as built-up areas and bare land tend to increase runoff, whereas vegetated zones mitigate it (Benito
et al., 2010; Chapi et al., 2017; Garcia-Ruiz et al., 2013; Norman et al., 2010). The Land Use and Land
Cover (LULC) map (Fig. 3F), derived from Sentinel-2 imagery, comprises six classes: shrubland,
grassland, cropland, built-up areas, sparse or bare vegetation, and permanent water bodies (Table
1), with the area being predominantly covered by bare or sparse vegetation (87.51%).

As emphasized in previous studies, LULC constitutes a key determinant in identifying zones
with a high propensity for flooding, since surface cover and land use changes over time directly
affect runoff dynamics and flood susceptibility. In this study, the Sentinel-2 dataset was therefore
employed to generate the LULC layer, providing essential input for assessing the spatial variability
of flood risk.

Table 1. Percentage distribution of LULC classes in the Bouarfa Watershed

S. No LULC category Area in km? LULC Classes (%)
1 Bare / Sparse Vegetation 1226.09 87.51
2 Built up 0.97 0.07
3 Cropland 6.61 0.47
4 Grassland 166.55 11.89
Permanent Water Bodies 0.19 0.01
6 Shrubland 0.62 0.04
5
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Figure 3. The flood conditioning factors (a) slope, (b) geology, (E) Flow accumulation, (F) land use/cover,
(C) Drainage density (D) Elevation (G) stream order (H) Soil.
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3.5. Drainage density

Drainage density, defined as the total length of streams per unit area, is strongly correlated with
flood occurrence, as high drainage density reflects efficient and rapid runoff, thereby increasing
flood potential (Kumar et al., 2015; Giil, 2013). The drainage density map (Fig. 3C), derived from the
ASTER-DEM, was generated using the drainage network and the linear density tool in the ArcGIS
environment to quantify drainage density values. A quantile classification method was then applied
to divide the map into five distinct classes, providing a spatial representation of areas with varying
susceptibility to flooding based on the distribution of drainage density.

3.6. Altitude

Elevation is a primary factor controlling the direction, movement, and depth of floodwaters, as
low-lying areas are naturally more susceptible to inundation due to water flowing from higher to
lower elevations (Botzen et al., 2013; Dahri & Abida, 2017; Das, 2018; Stieglitz et al., 1997). The eleva-
tion map (Fig. 3D), derived from the ASTER-DEM, was classified using the ArcGIS surface analysis
tool with an equal interval scale into five classes, representing different elevation ranges, to illustrate
areas with varying susceptibility to flooding.

3.7. The nature of the soil

Soil type significantly influences flooding through its permeability, as sandy soils with high per-
meability facilitate infiltration, while clayey soils with low permeability promote surface runoff
(Ibrahim-Bathis & Ahmed, 2016). In the study area, two main soil types are present: calcimagnesic
soils and poorly developed erosion soils, with lithosols exhibiting greater mass compared to yermo-
sols (Fig. 3H). The variation in soil type and texture directly affects the capacity of water to infiltrate
the ground, making soil characteristics a critical factor in flood occurrence and the effective manage-
ment of water resources.

4. Methodological approach

The methodology for this study is illustrated in Figure 4. It involves three main stages: (1) data collection
and preparation, (2) application of the AHP model to determine factor weights, and (3) generation and valida-
tion of the flood susceptibility map.

4.1. Analytical Hierarchy Process (AHP)

The AHP, developed by Saaty (1977), is a widely used MCDM technique for assigning weights
to criteria based on their relative importance. The process involves creating a pairwise comparison
matrix where each factor is compared against every other factor using a scale from 1 (equal impor-
tance) to 9 (extreme importance). In this study, the pairwise comparison was based on a compre-
hensive literature review and expert judgment regarding the influence of each factor on flooding in
arid environments. The consistency of these judgments is verified by calculating the Consistency
Ratio (CR). A CR value of less than 0.10 indicates that the judgments are consistent and the derived
weights are reliable.

4.2. Weight of factors

The MCDA method is a valuable tool for evaluating geospatial datasets, as it enables the deter-
mination of their respective influences (Adiat et al., 2012). In this study, AHP was identified as the
most suitable MCDA approach through a comparative analysis of alternative methods (see Figure
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4). As Malczeski (2006) asserts, the relative weights of conditioning components can be established
in one of four ways.

a) The following section will provide a detailed overview of the most commonly used ranking
methods. Each criterion is then assigned a ranking in accordance with the priorities established
by the decision-maker. In order to accomplish this, it is necessary to compare each criterion
with all the others.

b) With regard to the methods of scoring, these processes entail the estimation of weights through
the utilization of a designated scale.

c) Pairwise comparison approaches: These techniques entail conducting direct trade-off analyses
between different alternatives and performing pairwise comparisons with the objective of cre-
ating a ratio matrix.

d) Analyze trade-off techniques. These are based on direct comparisons of trade-offs between
pairs of options.

Elevation

Slope

i Flow
accumulation -

Drainage
density
Data | A susceptibility
P Shfinel-2 == Landuse
L Soil map Soil

Result

: Validation
| Geological [ Geology Consistency
map

Figure 4. The flow diagram employed to perform flood susceptibility mapping in the ArcGIS environment.

The choice of the three-way comparison method for this study was motivated by its numerous
advantages, including the provision of a structured framework for group discussions and the facili-
tation of the identification of areas of agreement and disagreement by decision-making teams when
determining the weighting of criteria. The following steps constitute the AHP method: Saaty and
Vargas (2012) propose a methodology for the enhancement of decision-making processes. The meth-
odology involves the following steps:(a) The problem is decomposed into a series of constituent
components (b) These components are then prioritized (c) Each component is assigned a numerical
value according to its importance (d) A comparison matrix is created (e) The weight of each compo-
nent is calculated using the normalized eigenvector. The present procedure facilitates the compar-
ison of disparate components. The results obtained were assigned according to their proportional
weight and influence (Table 2). The significance of the criterion in the overall calculation increases
in proportion to the magnitude of the weight (Malczewski, 2006). Within the three-way comparison
matrix, the rows correspond to the inverse score of each factor and the relationship between that fac-
tor and the other factors (see Table 3). Subsequently, the following formula is employed to construct
a pair-wise comparison matrix, with normalized diagonal factors set at a value of 1.
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Table 2. The fundamental scale of absolute numbers as modified after (Saaty, 1980)

Intensity of

I Definition Explanation
mportance
1 Equally significant The goal is equally benefited by the two activities.
2 Weak or slight The scores of transition
3 Moderately more significant One activity is marginally preferred over another
based on experience and judgment.
4 Moderate plus The scores of transition
5 Strongly more significant One activity is greatly preferred over another by
experience and judgment.
6 Strong plus The scores of transition
- Very strong more significant A particularly strong preference for one activity
over another is evident in practice.
8 Very, very strong more significant The scores of transition
The strongest potential order of affirmation can be
9 Extremely more significant found in the evidence favoring one activity over

another.

The application of the weighted arithmetic mean technique (see Table 4 and equation (2)) results
in the standardization of the results of the pairwise comparisons, thereby creating the standard pair-
wise comparison matrix. The largest characteristic root can be expressed as follows:

Aw = Amaxw.

(2)

Table 3. Comparison matrix and the relative score of each factor

4 5 6 7
3.00 4.00 5.00 6.00
3.00 4.00 5.00 6.00
2.00 3.00 4.00 5.00
4 0.33 0.33 0.50 1 2.00 3.00 4.00
5 0.25 0.25 0.33 0.50 1 2.00 3.00
6 0.20 0.20 0.25 0.33 0.50 1 2.00
7 0.17 0.17 0.20 0.25 0.33 0.50 1
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Table 4. Normalized and the weight values in the standardized pairwise comparison matrix.

NO

Parameter

Weights as-

signed Priority (%)

Elevation

0.287 27.8%

Slope

0.287 27.8%

Drainage Density

0.176 17.6%

LULC

0.114 11.4%

Rank

Soil

0.073 7.3%

Geology

0.048 4.8%

N (O |G QDN |-

Flow accumulation

0.033 3.3%

Table 5. Sub-criteria for each parameter and weightings applied.

S. No

Parameters

Range of values

Ranks

Elevation

1086-1194
1195-1267
1268-1367
1368-1508
1509-1740

Slopes

0-8.06

8.06 - 19.71
19.71 - 37.63
.65 - 63.62
63.62 - 228.51

Drainage density

20.85 180.75
1390 -29.85
11.34-19.90
3.78-11.34
0-3.78

Flow accumula-
tion

905.439-1690.179
436.596-905.492
172.966-436.595
42.471-172.965
0-42.416

LULC

Tree Cover

Permanent Water Bodies
Bare/Sparse Vegetation
Built up

Cropland

Grassland

Geology

Sedimentary rocks (Senonian Cretace)
Sedimentary rocks (Lower Jurassic)
Sedimentary rocks (Middle Jurassic)
Sedimentary rocks (Lacustrine Mocene)
Sedimentary rocks (Continental Pleistocene)

= OO — WN RO WONRIOTER WON RO WON RO WD -

Soil type

Lithosols
Yermosols

N == W
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In order to ascertain the optimal set of weights, it is necessary to calculate the principal vector of
the pairwise comparison matrix (see Eq. 3). The following steps can be taken to obtain the closest
approximation to this conclusion (Leake & Malczewski, 2000).

In order to calculate the mean of the values in each column of the comparison matrix, the values
in each column must be added together.

- The normalized pair-wise comparison matrix is derived by dividing each element of the matrix
by the sum of its columns. Then, the average of the entries in each row of the matrix obtained
after calculation is determined.

- The subsequent step involves dividing the total normalized scores for each row by the total
number of criteria to create the matrix.

These means are employed to estimate the relative weight of the relevant criteria. In this context, the
weights are regarded as the mean of all potential methods of criteria comparison (see Table 5). According to
Saaty (1980), the relationship signifies the consistency of the AHP technique.

cl

CR= w1 (3)

Amax-n

Whereas : CI=  n-t (4)

Maximum likelihood estimation (MLE) is a statistical technique that is used to calculate the prin-
cipal eigenmode of a given matrix. The total number of matrix components is denoted by n, the
coherence ratio is represented by CR, the coherence index is denoted by CI, and the random index
is denoted by RI. The number of factors in the comparison matrix is used to construct the coherence
ratio, which is based on the RI values (Saaty, 1977, 1980). The pairwise comparison matrix is con-
sidered sufficiently accurate when the CR value is less than 0.10. As Saaty (1977) noted, if this value
exceeds 0.10, the matrix is deemed inconsistent and necessitates recalibration. The consistency coef-
ficient of 0.018 in our present study indicates a satisfactory level of consistency (see Table 3).

4.3. Flood Susceptibility Index (FSI)

The Flood Susceptibility Index (FSI) was calculated using the Weighted Linear Combination
(WLC) method within the ArcGIS environment. This method consists of multiplying the weight
of each factor by the rank of its corresponding class and summing the results for each pixel, as ex-
pressed by the following equation

FSI= Zi=y(wi X 71) (5)

Here, W, represents the weight assigned to each parameter, while rir_iri corresponds to the pa-
rameter rating at each location; =1,2,...,ni=1, 2, ...,n=1,2,...,n, where nnn indicates the total number
of parameters considered.

In the final stage of the analysis, all flood-conditioning factors were integrated, and their respec-
tive weights were applied to generate the Flood Susceptibility Index (FSI) map (Figure 1). The aggre-
gated results produced a comprehensive flood susceptibility map, which was subsequently reclassi-
fied into five distinct categories: very low, low, moderate, high, and very high susceptibility zones.

5. Results and discussion

5.1. Flood Susceptibility Map

The final flood susceptibility map (Fig. 5) illustrates the spatial variability of flood risk across
Bouarfa watershed. The analysis reveals that a large portion of the basin is highly exposed to flood-
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ing, with 21.01% (290.36 km?) of the total area exhibiting very high susceptibility and 39.46% (545.23
km?) classified as highly susceptible. In contrast, the areas of very low, low, and moderate suscep-
tibility represent 10.35%, 12.18%, and 17.00% of the watershed, respectively (Table 6). These results
emphasize that more than half of the study area (around 60%) is under significant flood risk, high-
lighting the critical importance of implementing effective flood management strategies.
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Figure 5. Flood susceptibility map of the study area based on AHP

Table 3. Distribution of flood susceptibility classes in the Bouarfa watershed

Susceptibility Class Area (km?) Area (%)
Very Low 143.03 10.35
Low 168.32 12.18
Moderate 234.89 17.00
High 545.23 39.46
Very High 290.36 21.01
Total 1381.83 100

As shown in Figure 5, the flood vulnerability analysis further confirms this trend, indicating that
36.05% (498.1 km?) of the basin faces very high flood risk, 56.09% (775.14 km?) falls under moderate
risk, and only 7.86% (108.59 km?) is considered low risk. The highest susceptibility is concentrated
in the central and downstream portions of the watershed, particularly in areas characterized by low
elevation, gentle slopes (0-5°), and endoreic drainage patterns. These conditions promote water ac-
cumulation and reduce runoff velocity, leading to a higher likelihood of surface flooding. Moreover,
these flood-prone areas often coincide with Quaternary alluvial deposits that, although permeable,
can become saturated during heavy rainfall events. The high drainage density and pronounced flow
accumulation in the valley bottoms further exacerbate flood hazards.
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In contrast, the regions exhibiting low susceptibility are primarily located in the northern and
southern highlands of the watershed, where steep slopes and higher elevations encourage rapid wa-
ter drainage, minimizing flood potential. The city of Bouarfa, situated within a high-susceptibility
zone, remains particularly vulnerable, emphasizing the urgent need for adaptive urban planning
and flood mitigation measures to safeguard infrastructure and populations in at-risk areas.

5.2. Validation of the flood susceptibility map

To evaluate the reliability of the flood susceptibility map, the Receiver Operating Characteristic
(ROC) curve and the Area Under the Curve (AUC) method were applied. This approach is widely
acknowledged as a robust and objective means of assessing the predictive performance of spatial
models.
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Figure 6. The validation of the Flood Susceptibility Model computed as an AUC.

For validation, 30 historical flood locations were identified through field surveys and historical
records to serve as the “positive” dataset, while an equal number of non-flood points were randomly
generated in areas known to be safe from inundation. The AUC value quantifies the model’s ability
to correctly distinguish between flood-prone and non-flooded zones. In this study, the obtained
AUC value was 0.845 (84.5%), as shown in Figure 6. According to standard classification, an AUC
value ranging between 0.8 and 0.9 indicates “very good” predictive performance.

This high level of accuracy confirms that the AHP-based model and the selected conditioning
factors are effective and reliable tools for predicting flood susceptibility in the Bouarfa watershed.
The correspondence between the mapped flood susceptibility zones and actual flood occurrences
further demonstrates the efficiency and accuracy of the AHP approach in identifying vulnerable
areas. Field investigations were carried out to locate flood-prone sites, determine the causes of past
flooding, and assess the condition of hydraulic structures and developments along the watercourses
(wadis and tributaries).

The findings revealed that flooding in the city of Bouarfa primarily results from the overflow of
key watercourses during heavy rainfall events. Among these, Oued Bouarfa originating in the reliefs
of Jbel Bouarfa and Hezem El Ahmar and crossing the eastern part of the city is the most significant,
followed by Oued Chegga, which flows from the Bni Guil hills through the western sector. The
northern part of the city, including the Ennakhil housing estate and Hay Jbel district, is also affected
by several chadbas (small tributary channels). Despite previous flood protection interventions, the
diagnostic field visit confirmed that certain areas remain vulnerable, underlining the need to evalu-
ate the effectiveness of existing measures.

Furthermore, the AUC analysis (Kayastha et al., 2013) substantiates the performance of the AHP
model, as the calculated 84.5% response rate reflects a high level of accuracy in simulating flood
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susceptibility. The cumulative percentage of flood-prone areas plotted in Figure 6 demonstrates the
strong correlation between predicted and observed flood locations, confirming the reliability of the
adopted methodology for flood risk assessment and management in Bouarfa watershed.

5.3. Discussion and Implications

The flood susceptibility analysis conducted in Bouarfa watershed using the AHP method reveals
significant results that warrant in-depth discussion regarding hydrological risk management issues
in semi-arid regions of Morocco and the Maghreb. Methodological consistency constitutes a fun-
damental prerequisite for the reliability of any multi-criteria analysis. In our study, the obtained
consistency ratio (CR) of 0.018 is well below the critical threshold of 0.10 established by Saaty (1977,
1980), attesting to the robustness of the weighting of conditioning factors. This value reflects a logical
and rigorous hierarchization of criteria, strengthening the scientific validity of our approach. Similar
results have been reported by Chihi et al. (2025) in the Jeffara basin in Tunisia, where a consistency
ratio of 0.01 was obtained, demonstrating the reproducibility of this method in semi-arid environ-
ments of the Maghreb (Chihi et al., 2025).

Validation using the ROC curve and the AUC value of 0.845 (84.5%) confirms the “very good”
performance of the model according to international classification standards. This performance is
comparable to that obtained by Elhadi et al. (2025) in the city of Souk-Ahras in Algeria, where a
hybrid AHP-XGBoost model achieved an AUC of 84.5% (Elhadi et al., 2025). However, it remains
inferior to the performances of hybrid machine learning models recently developed in similar con-
texts. For example, El Haou et al. (2025) obtained an AUC of 92.98% with an RF-SVM model in the
semi-arid city of Beni Mellal in Morocco (El Haou et al., 2025), while Bammou et al. (2024) reached
an average AUC of 0.93 with the XGBoost algorithm in the Haouz plain of the Moroccan High (Bam-
mou et al., 2024).

Nevertheless, the AHP method presents considerable advantages in data-limited contexts, char-
acteristic of semi-arid regions. As highlighted by Chihi et al. (2025), knowledge-driven approaches
integrating geological expertise and local knowledge prove particularly relevant in environments
where historical flood data are scarce or incomplete. The transparency and interpretability of AHP
also facilitate its appropriation by local decision-makers, unlike the “black boxes” that constitute
certain machine learning algorithms. This aspect is crucial for the effective implementation of flood
risk management policies in developing countries where technical capacities may be limited.

The spatial distribution of flood susceptibility classes in Bouarfa watershed reveals that more
than 60% of the study area (60.47%) is classified under high to very high susceptibility, with 39.46%
and 21.01% respectively. These proportions are consistent with observations made in other semi-ar-
id basins of North Africa. Kasri et al. (2023) demonstrated similar vulnerability patterns in Souss
watershed in Morocco, where multicriteria analysis in a GIS environment identified significant
flood-prone areas concentrated in low-lying zones with high drainage density (Kasri et al., 2023).
The convergence of these results across different Maghreb watersheds suggests common hydro-ge-
omorphological characteristics that predispose semi-arid regions to flash flooding.

The concentration of very high susceptibility zones in the central and downstream portions of
the watershed, particularly around the city of Bouarfa, highlights the interaction between natural
factors and anthropogenic pressures. The low elevation, gentle slopes (0-5°), and endoreic drainage
patterns create conditions favorable to water accumulation, while rapid urbanization exacerbates
vulnerability by increasing impervious surfaces and modifying natural drainage networks. This
urban flood problematic has been extensively documented in similar North African contexts. El
Haou et al. (2025) emphasized that rapid urbanization in Beni Mellal, combined with mountainous
terrain accelerating water flow, significantly amplifies flood risks in semi-arid urban environments.
Similarly, Elhadi et al. (2025) identified high urbanization rates as a major contributing factor to flash
floods in Souk-Ahras, Algeria.

Field investigations conducted in this study revealed that flooding in Bouarfa city primarily re-
sults from the overflow of key watercourses, notably Oued Bouarfa and Oued Chegga, during in-
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tense rainfall events. This finding aligns with the fluvial flood dynamics observed in other Moroccan
cities. El Baida et al. (2024) developed a real-time urban flood depth mapping model for the flood-
prone city of Zaio in Morocco, demonstrating that flood dynamics influenced by outer watersheds
require sophisticated prediction approaches capable of accounting for both pluvial and fluvial com-
ponents (El Baida et al., 2024). The persistence of vulnerable areas despite previous flood protection
interventions in Bouarfa underscores the necessity of comprehensive approaches integrating both
structural and non-structural measures.

The implications of our results extend beyond immediate flood risk identification. The suscepti-
bility map provides a strategic tool for regional planning and land-use management, particularly in
the context of climate change. Climate projections for North Africa indicate an intensification of ex-
treme precipitation events in semi-arid regions, which could significantly increase flood frequency
and magnitude. El Baida et al. (2025) quantified this concern by employing modified Intensity-Dura-
tion-Frequency curves adjusted for the RCP8.5 climate scenario in their assessment of nature-based
solutions for flood mitigation in Zaio, Morocco (El Baida et al., 2025). Their findings demonstrate
that proactive adaptation strategies, including detention ponds, riparian reforestation, and green in-
frastructure, can achieve substantial flood discharge reductions (28.95% for fluvial floods and 44.7%
for pluvial floods) while contributing to water resource preservation in water-scarce regions.

The identification of geological and soil characteristics as critical conditioning factors in our study
resonates with recent research emphasizing the importance of subsurface heterogeneity in flood
susceptibility modeling. Chihi et al. (2025) argued that geological and structural features should not
be merely treated as data inputs but integrated as explanatory drivers to improve spatial prediction
accuracy, particularly under data-scarce conditions. Their geology-driven knowledge approach in
the Tunisian Jeffara basin achieved an excellent AUC of 96%, validated through multi-event cloud-
based analysis using Sentinel-1 imagery. This methodological advancement suggests that future
flood susceptibility studies in semi-arid regions could benefit from enhanced integration of geo-
logical controls and geostatistical techniques to better represent subsurface processes influencing
infiltration, runoff generation, and flood propagation.

The high to very high susceptibility zones identified around Bouarfa city require immediate at-
tention from local authorities for the implementation of targeted mitigation strategies. These find-
ings can inform land-use zoning regulations to restrict new construction in the most vulnerable
areas and guide the strategic placement of flood defense structures such as retention basins, levees,
and drainage improvement works. Moreover, the development of early warning systems tailored
to high-risk communities should be prioritized. The integration of remote sensing and real-time
monitoring technologies, as demonstrated by El Baida et al. (2024) with convolutional neural net-
works achieving 99.17% computational time reduction, offers promising avenues for operational
flood forecasting systems in data-scarce environments.

Our results align with the objectives of Morocco’s National Water Plan and Water Law 36-15,
which emphasize integrated water resource management and the protection of populations and
infrastructure from water-related hazards. The flood susceptibility map provides a concrete tool for
implementing these policies at the local level, facilitating evidence-based decision-making for flood
risk reduction. Furthermore, the methodology employed in this study, combining AHP with GIS
and remote sensing, can be transferred to other semi-arid watersheds in Morocco and the Maghreb
region facing similar challenges.

Despite the robust performance of the AHP model, certain limitations should be acknowledged.
The static nature of the susceptibility map does not account for temporal variability in conditioning
factors, particularly land use changes and climate variability. Future research could explore dynam-
ic modeling approaches incorporating temporal datasets to capture evolving flood risks. Addition-
ally, while the AHP method effectively integrates expert knowledge, it remains subjective in factor
weighting. Hybrid approaches combining AHP with machine learning algorithms, as successfully
implemented by Elhadi et al. (2025) and demonstrated to outperform standalone methods, represent
a promising direction for enhancing predictive accuracy while maintaining interpretability. The in-
tegration of nature-based solutions within flood management strategies, as advocated by El Baida et
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al. (2025), should also be explored for the Bouarfa watershed, considering their dual benefits in flood
mitigation and water resource conservation in water-stressed semi-arid regions.

6. Conclusion

The flood susceptibility map was developed using the Analytic Hierarchy Process (AHP), a de-
cision-support method that combines expert judgment with quantitative analysis to ensure model
consistency. By integrating key conditioning factors such as elevation, slope, drainage density, flow
accumulation, land use/land cover (LULC), geology, and soil the study accurately identified flood-
prone areas within Bouarfa watershed. Results show that about 60.47% of the basin is exposed to
high or very high flood risk, mainly in low-lying plains and gentle slopes near Bouarfa and along
the main river channels. Among the seven analyzed factors, slope, elevation, and drainage density
were the most influential. The model achieved an AUC value of 0.845 (84.5%), confirming its strong
predictive capability. The resulting map serves as a practical tool for planners, engineers, and deci-
sion-makers to guide flood mitigation, land-use planning, and emergency response strategies.

Despite these promising results, further measures are needed to reduce flood risks in Bouarfa.
Future assessments should consider environmental vulnerability by including agricultural zones,
surface water systems, and infrastructure. Urban expansion and land-use decisions must also in-
tegrate runoff management and the protection of natural drainage paths. Developing clear criteria
for evaluating surface water quality, especially regarding sediment load, is equally important. Ad-
ditionally, public awareness and training on flood risks and safety measures before, during, and
after flood events should be strengthened, in line with Water Law 36-15. The use of high-resolution
imagery, such as QuickBird data, would enhance the precision of flood mapping and inventories.

To advance this research, future studies should apply the same methodology to other flood-prone
regions and incorporate both temporal and socio-economic dimensions. Using satellite time-series
data (e.g., Sentinel-2) would allow monitoring changes in flood susceptibility over time, while inte-
grating information on population density and infrastructure value would help transition from sus-
ceptibility mapping to comprehensive risk assessment. Including local knowledge of flood behavior
would also improve the model’s relevance and community acceptance. Overall, this study provides
a solid scientific foundation for sustainable flood management and strengthens the resilience of
Bouarfa watershed to future flooding.
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