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Abstract
This study explores and compares the predictive capabilities of various ensemble algo-
rithms, including SVM, KNN, RF, XGBoost, ANN, DT, and LR, for assessing flood 
susceptibility (FS) in the Houz plain of the Moroccan High Atlas. The inventory map 
of past flooding was prepared using binary data from 2012 events, where “1” indicates 
a flood-prone area and “0” a non-flood-prone or extremely low area, with 762 indicating 
flood-prone areas. 15 different categorical factors were determined and selected based on 
importance and multicollinearity tests, including slope, elevation, Normalized Difference 
Vegetation Index, Terrain Ruggedness Index, Stream Power Index, Land Use and Land 
Cover, curvature plane, curvature profile, aspect, flow accumulation, Topographic Posi-
tion Index, soil type, Hydrologic Soil Group, distance from river and rainfall. Predicted 
FS maps for the Tensift watershed show that, only 10.75% of the mean surface area was 
predicted as very high risk, and 19% and 38% were estimated as low and very low risk, 
respectively. Similarly, the Haouz plain, exhibited an average surface area of 21.76% for 
very-high-risk zones, and 18.88% and 18.18% for low- and very-low-risk zones respec-
tively. The applied algorithms met validation standards, with an average area under the 
curve of 0.93 and 0.91 for the learning and validation stages, respectively. Model perfor-
mance analysis identified the XGBoost model as the best algorithm for flood zone map-
ping. This study provides effective decision-support tools for land-use planning and flood 
risk reduction, across globe at semi-arid regions.

Keywords  Flood susceptibility · GIS · Machine learning · Factor importance · Tensift 
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DT	� Decision tree
FAO	� Food and Agriculture Organisation
FR	� Frequency ratio
FS	� Flood susceptibility
GIS	� Geographic informatic system
HSG	� Hydrologic Soil Group
IDW	� Inverse distance weighted
KNN	� K-nearest neighbor
LR	� Logistic regression
LULC	� Land use and land cover
MAE	� Mean absolute error
MI	� Mutual information
ML	� Machine learning
NFR	� Normalized frequency ratio
RMSE	� Root mean square error
RF	� Random forests
SPI	� Stream power index
SVM	� Support vector machines
TOL	� Tolerance
TPI	� Topographic position index
TRI	� Topographic roughness index
TWI	� Topographic wetness index
USGS	� United States Geological Survey
VIF	� Variance inflation factor
XGBoost	� EXtreme Gradient Boosting contraction

1  Introduction

The current technological advancements are dealing hard to cope with the recovery from 
various natural disasters across the world because of their unpredictability, and the enor-
mous damages result as consequences. Among these natural occurrences, flooding stands 
out as destructive phenomenon that directly impact about 200 million people annually in 
terms of infrastructural, economic detriments, and loss of lives (Abdulrazzak et al. 2019; 
Sivakumar 2005). In the twentieth century, more than 100,000 lives were killed by floods 
and affected over 1.4 billion people in terms of infrastructure and economic destructions 
(El Alfy 2016; Han and Sharif 2021). Systematic risk reduction strategies with the integra-
tion of sophisticated scientific technology to forecast flooding scenarios in advance, that 
would incorporate all the associated parameters in particular regions related to climatic and 
geographic features are necessary to mitigate the adverse impacts of floods.

In contrary to popular beliefs, floods are more damaging in semi-arid and desert areas 
than in wetlands. The main reason for these drastic losses is the absence of a systematic 
prediction tool for runoffs in these areas because of the lack of hydrometeorological data 
and gauging of the flash floods (Aryal et al. 2020). After earthquakes, floods are the most 
frequent natural catastrophe in Morocco in terms of fatalities and injuries. The Tensift 
watershed and the Haouz plain are very vulnerable to flooding. In fact, the sub-catchment 
regions of the Tensift have witnessed disastrous floods because of torrential rains in 1995 
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and 2002, which not only caused the deaths of more than 200 people but also enormous 
material damage (Youssef et al. 2023a, b).

The Haouz plain and Tensift watershed are categorized as belonging to semi-arid zones 
on the Kopper-Geiger world climate map (Bouramtane et al. 2020), where it is exceedingly 
challenging and complex to investigate these phenomena. Due to climatic changes in rain-
fall, urbanization, and variables relating to the sub-watersheds of Ourika, R’dat, Zat, Rher-
aya, Assif El Mal, N’fis and Seksaou, the flood disaster in the Tensift watershed and the 
Haouz plain has gotten worse. Consequently, comprehensive research and investigations on 
flood susceptibility (FS) have become imperative in accurately identifying high-risk areas 
and implementing effective preventative measures (Echogdali et al. 2022).

Apart from climate-related influences, various other factors play a crucial role in deter-
mining flood dynamics, necessitating their consideration for accurate flood risk evaluation. 
Among these factors, slope characteristics directly affect hydrological processes, influenc-
ing the direction of precipitation. A higher permeability of the topsoil layer on the land 
enhances the infiltration capacity and reduces runoff (Bennani et al. 2019; Benssaou et al. 
2003). Additionally, factors such as geological formations and land use changes, such as 
transitions from forested areas to agricultural fields or from agricultural zones to urbanized 
regions, play significant roles in flood management (Kader et al. 2023). Additionally, there 
are climatic factors that affect flood risk, including precipitation rate and volume and melt-
ing (Anjos et al. 2015; Bennani et al. 2019; Soulaimani and Bouabdelli 2005).

Recent advances in ML algorithms have been combined with GIS and remote sensing 
methods, greatly enhancing the mapping of flood risk and spatial variability. The com-
monly used ML techniques for predicting flood risk are the ANN—Artificial Neural Net-
work (Dahri et al. 2022), SVM—Support Vector Machine (Choubin et al. 2019a, b), RF—
Random Forests (Billah et al. 2023), LR—logistic Regression (Ali et al. 2020), adaptive 
neuro-fuzzy inference systems (Ahmadlou et al. 2019), and long-term memory (Apaydin 
et al. 2020; Dazzi et al. 2021). In order to predict the spatial and temporal variation of flood 
risk by relating runoff to precipitation and which require field observation data, several 
studies on the likelihood of flood occurrence have been conducted using various models 
and techniques, such as rainfall runoff like GSSHA (Kirker and Toran 2023), MIKE DHI 
(Beden and Ulke Keskin 2021), HEC-HMS (El Alfy 2016), and SWAT (Tan et al. 2020). 
The regions vulnerable to flooding in this model are divided into two categories (1) not 
floodable (2) floodable: on the basis of historical and geo-environmental data (Benkirane 
et al. 2020), which do not consider the field observation data. To forecast floods by incor-
porating all three data types including the field observation data, further models based on 
GIS and remote sensing have been developed (Costache et al. 2022; Mosavi et al. 2018).

Despite the publication of considerable studies, the use of machine learning (ML) tech-
niques to analyze floods in the Tensift watershed and Haouz plain has lacked the required 
attention. These methodologies must be incorporated to map and forecast FS in the loca-
tions, and it is an utmost important to identify the best feasible model that is suitable for 
the study area in terms of relevance and serviceability. To resolve this identified research 
gap, this study was designed based on the following primary objectives: were firstly to 
evaluate the ability of the SVM, KNN, RF, XGBoost, ANN, DT, and LR methods to pre-
dict flood susceptibility areas, secondly to study the role that each flood conditioning factor 
plays in the development of flood susceptibility maps, Thirdly to create flood susceptibility 
maps using an ensemble modelling strategy for each model and finally to identify the areas 
at risk of flooding in the Haouz plain and the Tensift catchment.)

The novelty of this study lies in the comprehensive evaluation of the multiple advanced 
algorithms on flood prediction, offering a diverse toolkit for tackling this complex issue. 



	 Natural Hazards

1 3

Unlike the published research sources available within this field in scientific literature, this 
research is structured on a systematic comparison of various ensembled algorithms, includ-
ing RF, SVM, k-nearest neighbor (KNN), and eXtreme Gradient Boosting contraction 
(XGBoost). This study is first-of-its-kind to the North African region, providing a compre-
hensive FS assessment crucial for risk management in the study region.

This research study offers a sophisticated methodology for scientific community to 
assess floods that integrates a Multifactor analysis approach by integrating various influ-
ential factors, such as slope, elevation, vegetation index, terrain ruggedness, land use and 
land cover. By analyzing the binary data from past flooding events, the study skillfully pro-
duced a FS map that delineates risk levels across the landscape. This research is especially 
significant since it can provide extremely precise flood prediction models, which are use-
ful for reducing the likelihood of future floods and lessening their negative effects. These 
findings hold valuable implications for flood management and risk reduction strategies and 
offers insights for policymakers, enabling informed decisions for land use planning and 
disaster preparedness. This research’s outcome furnishes decision-support tools crucial for 
informed land-use planning and mitigation efforts.

2 � Material and methods

2.1 � Study area

The Tensift watershed, located in the central part of Morocco near Marrakech, has an area 
of 20,000 km2 (Fig. 1). It is made up of two separate hydrological zones with opposing ten-
dencies. The southern slopes of the Atlas Mountains, which stand above 4000 m in height, 
get significant precipitation and snowfall, amounting to up to 600 mm every year. These 
mountains provide an important source of water for the large Haouz plain downstream, 
which is semi-arid with an annual precipitation of 250 mm. Particularly, irrigation opera-
tions benefit a substantial area of this plain, notably the 2000 km2 irrigated Haouz plain.

Geologically, there are three primary geological formations that make up the watershed 
of the High Atlas near Marrakech (Duclaux 2005): (1) The Permo-Triassic is the dominat-
ing formation in the east. It frequently coexists with Precambrian and Ordovician schistose 

Fig. 1   Study area of the Tensift watershed and the Haouz plain [Source – Study authors]
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rocks; (2) Precambrian eruptive and metamorphic rocks may be found in the central region, 
which is home to the highest peaks of the Atlas; and (3) primary and secondary limestone 
formations can be found in the western region. Since most of these geological formations 
have limited permeability, continuous surface runoff and, eventually, the development of 
considerable runoff after heavy rains, are encouraged.

In addition, this area has a varied and unpredictable hydrological behavior that is influ-
enced by its geomorphological and climate factors. It gives rise to long-lasting storms that 
frequently result in significant damage, such as the inundations that occurred in Ourika on 
August 17, 1995, and October 28, 1999, which resulted in 200 fatalities, the destruction of 
142 buildings, and the inundation of more than 300 ha of agricultural land. These events 
were reported by the Tensift Basin Hydraulic Agency (ABHT).

2.2 � Predictors and conditioning factors of flooding

Based on the research area and data available, the flood-conditioning parameters, includ-
ing topography, elevation, slope, aspect, lithology, land use, precipitation, and habitation, 
were taken into consideration. The four categories of these flood conditioning elements 
are hydrology, geography, environment, and ethnography. In this study, the following fac-
tors were taken into account from the Digital Elevation Model (DEM) at a resolution of 
30 m, downloaded from Were downloaded from the website of United States Geological 
Survey (USGS); slope, aspect, elevation, flow accumulation, topographic position index 
(TPI), topographic roughness index (TRI), stream power index (SPI), plane curvature, top-
ographic wetness index (TWI), profile curvature, distance to river, for precipitation, this 
factor is calculated by interpolating data from 9 climate stations supplied by ABHT using 
IDW method, for land use and land cover (LULC) is extracted by supervised classifica-
tion using the Maximum Likelihood method from a Sentinel 2A satellite scene supplied by 
Scihub Copernicus, the soil type factor was developed using the database provided by the 
FAO, the Hydrologic Soil Group (HSG) factor was developed using data from EARTH-
DATA, illustrated by Fig. 2 and Table 1.

Precipitation is an important climatic factor that impacts the likelihood of floods. As 
a result, it is critical to underline that the annual mean rainfall acts as a core component 
in most flood vulnerability studies. Hydrometeorological aspect has been proven as an 
indispensable flood predictor due to its substantial relationship with soil moisture changes 
(Ighile et  al. 2022; Verma et  al. 2022). The aspect grid values were used to construct a 
single flat region as well as the ninth north, northeast, east, southeast, southwest, west, 
and northwest divisions. The TPI which makes it possible to identify one of these most 
recent cells, considers the height of the surrounding cells (Jenness, 2000). The following 
classes have been defined for the TPI card in this study: (− 198)–( − 123); (− 123)–( − 40); 
(− 40)–( − 10); (− 10)–40; 40–140; and 140–247.

SPI is another morphometric parameter that will be utilized for flood forecasting. Ero-
sive force and transport capacity are included while calculating the water values. The SPI 
maps have been divided into the following categories based on professional opinion: < 1; 
1–2; 2–6; 6–8 and 8–15.

Similarly, slope is a major morphometric feature that has a significant impact on flood-
ing (Ganie et al. 2022). It is well known that an area with a steep slope that causes sig-
nificant surface runoff is more prone to flooding than a flat area. The slope was separated 
into the following ranges: 0–5; 5–12; 12–22; 22–33; and 33–71 to create the slope map. 
Due to the permeability of the rock, the soil types primarily control the amount of water 
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Fig. 2   The fifteen flood factors developed for the study area a plan curvature, b precipitation, c Aspect, d: 
Flow accumulation, e TPI, f SPI, g TRI, h Slope, i Soil type, j Elevation, k Distance from river, l HSG, m 
Profile-curvature, n LULC, o TWI, and p inventory of flooded and non-flooded areas). [Source – Study 
authors]
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penetration, which in turn affects the flooding occurrence (Tariq et al. 2022). Eight classes 
were discovered in this research region: (Bk10-2b; Bk11-1b; HI35-2a; I-L-Re-2c; Jc13-2a; 
Re5-b Xk10-2a and Xk4-2a). Because flooding is more common in low-lying areas, eleva-
tion is a second critical morphometric component in determining flood vulnerability. The 
elevation map for the case study was created using the following seven elevation classes: 
11 m, 11–20 m, 20–40 m, 40–1000 m, 1000–1500 m, 1500–2000 m, and 2000–4000 m. 
The flood control parameter known as the hydrologic soil group has a big influence on how 
much water infiltration occurs.

Soil texture has a direct impact on infiltration due to its influence on hydraulic conduc-
tivity. There are six main hydrological soil types in the Tensift watershed: B, C, D, B/D, 
C/D and D/D. The direction of the slope in the vertical plane influences the curvature of 
the soil profile. Positive numbers indicate that surface runoff is decreasing, while negative 
values suggest that surface runoff is increasing. Three classes were used to create the pro-
file curvature map: − 15 to − 0.1, − 0.1 to 0.1, and 0.1 to 16. LULC, a factor in flood fore-
casting, has a considerable impact on processes involving surface runoff and water storage. 
There are seven main types of land use in the Tensift watershed: water bodies, forest areas, 
flooded areas, vegetation, crops, built-up areas, bare lands, and rangeland. The slope angle 
and catchment area measurements are used to calculate the TWI. This metric highlights the 
role that geography plays in the phenomena of water accumulation. The classes described 
below were developed using the natural breaks approach to produce the topographic mois-
ture index map: 1–4; 4–8; 8–12; 12–18 and > 18.

2.3 � Flood Locations Inventory

For management and mitigation strategies to be effective, it is crucial to comprehend and 
analyze the flood inventory. The past flood occurrences serve as crucial input variables for 
calculating FS. The origin of the flood inventory varies by geographic region, but com-
monly include previous engineering and scientific work, the hydraulic agency, field sur-
veys, or recently developing technology. Variables that affect flood vulnerability have been 
employed as points for flood placement in several published studies including (Chapi et al. 
2017; Costache et al. 2022; Wang et al. 2018). Based on information from scholarly jour-
nals, historical data, Google Earth, and satellite image analysis, the current study created 
a flood inventory map. As a result, the flooding that occurred in the Tensift watershed and 
the Haouz plain utilized a total of 890 flood event sites (Figs. 2 and 3). These selected flood 
plain locations were considered relevant in the study area, as they shed light on the com-
plex issues associated with flooding.

2.4 � Flood factor classification analysis

In the current study, seven prediction models were used to enhance the (ML) prediction 
of flood hazards. Various statistical tests were performed on these models to discover 
strong linear connections between different components. These tests, which included 
correlation matrix (CM) analysis, variance inflation factor (VIF) (Eq.  1), tolerance 
(TOL) (Eq.  2), and mutual information (MI) (Eq.  3), aided in identifying and elimi-
nating non-significant components. VIF values larger than 10 and TOL values of 0.1, 
in particular, revealed significant multicollinearity amongst components (Miao et  al. 
2023). If two variables were significantly correlated and satisfied the multicollinearity 
criterion, the one with the higher VIF was eliminated based on the CM analysis. The MI 
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analysis revealed the significance of factors causing floods, with low MI values suggest-
ing little influence and leading to their removal.

where j is the FS influence factor, n is the subclass of FS influence factors, Tol i is the tol-
erance of j, VIF j is the variance inflation factor of j, MI (n; j) is the mutual information for 
n and j, R is the determining coefficient of the regression for the predisposition of j, on all 
other predisposition factors, H(n) is the entropy of n, and H (n/j) is the conditional entropy 
for n given the flooded area state factor j.

The optimized selection analysis of FS influencing factors and model application was 
based on the determination of the normalized frequency ratio (NFR) (Eq. 4), which has 
recently been a recommended step to unify the importance of the type of input data for 
the different factors (Mao et al. 2022; Namous et al. 2021). Consequently, the frequency 
ratio (FR) (Eq. 5) was assigned to the subclass of factors influencing the FS in the sense 
of defining the relationship between the flooded locations and the factors influencing the 

(1)VIFj =

[
1

Tolj

]

(2)Tol = 1 − R2
j

(3)MI(n, j) = H(n) − H
(
n∕j

)

Fig. 3   Inventory map and examples of floods in the Tensift watershed and the Haouz plain [Source – Study 
authors]
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FS (Masoud et al. 2022). The results were then normalized using Eq. (5). As a result, all 
the maps used were converted to an NFR between 0 for low FS, and 1 for high FS.

where n represents the subclass of factors influencing FS, FRn is the frequency ratio of n, 
NFRn is the normalized frequency ratio of n, Wn is the number of water sampling points 
located in n, Wt is the total number of water sampling points, Pn is the number of pixels in 
n, and Pt is the total number of all pixels.

The subclasses of FS influencing factors were determined by classifying maps produced 
using Jenks’ natural break technique (Sarker 2021); the exceptions are aspect, LULC, and 
lithology, which have been classified according to directional units, supervised classifica-
tion, and lithological units, respectively.

2.5 � Methodology flowchart

This research suggests the use of seven different ML models as well as GIS and remote 
sensing to monitor flooding. As our model uses a binary categorization (0: no flooding; 1: 
flooded), the location of non-flooded areas is included in the susceptibility mapping pro-
cess. The methodological strategy used to draw up the susceptibility maps for this study 
involves the following main stages, described in Fig. 4.

The construction of the initial GIS database, which includes two types of data, namely 
the historical flooded areas extracted through different and the development of different 
maps of flood conditioning factors.

The transformation of this database into numerical mode used the FR method to indi-
cate the relationships between the influencing factors and the FS. After applying multi-
collinearity analyses such as correlation matrix analysis (CM), VIFs, Tol and the mutual 
information test (MI), the factors influencing the FS according to their importance were 
selected. The second step consists of evaluating the performance and effectiveness of the 
seven algorithms applied, namely DT, ANN, LR, KNN, SVM, RF, XGBoost for training 
and test data, according to validation criteria such as specificity, sensitivity, false positive 
rate, precision, F1 score, accuracy, mean absolute error, root-mean-square error and the 
area under curve of the receiver operating characteristic (AUC-ROC). In the final stage, the 
database was divided into training and test data, with 70% and 30% of the total data sample 
being flooded and non-flooded respectively for the generation of the FS maps. External 
validation of the random sample for each site was carried out using ArcGIS 10.5.1 soft-
ware to ensure a non-objective sampling process.

2.6 � Description of the learning algorithms

In this work, seven algorithms were used to estimate flooding susceptibility: SVM, RF, K-NN, 
LR, ANN, DT, and XGBoost. Table  2 contains descriptions of the algorithms that were 

(4)NFRn =
FRn −Max(FRn)

Max(FRn) − Min(FRn)
∗ (0.99 − 0.01) + 0.01

(5)FRn =

Wn

Wt

Pn

Pt
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chosen. Furthermore, there are surveys with scientific establishments that discuss the param-
eters, classification, and functioning of these systems (Liu and Lang 2019; Sarker 2021).

2.7 � Validation techniques

The results of the proposed technique were validated for the seven models generated from var-
ious performance measures including specificity, precision, sensitivity, and accuracy. If there 
is a geographical connection between the measured floodable and non-floodable regions and 
the anticipated floodable areas, the performance indices are deemed significant, according to 
the outcomes of (Costache 2019a; Costache and Bui 2020).

The following parameters TP (true positives), TN (true negatives), FP (false positives) and 
FN (false negatives) were used to find Specificity, Sensitivity, Accuracy, Precision, recall and 
F1 score (Eqs. 6–10). The analysis also used another popular measure known as the receiver 
operating characteristic (ROC) curve. The most used ROC curve analyzes the area under the 
curve to determine the accuracy of prediction models (AUC) illustrated by Eq. 11. FS map-
ping has also used root mean square error (RMSE) and mean absolute error (MAE) as of 
Eqs. 12 and 13. Both types of indices have been used in several previous research studies.

(6)Specifity =
TN

FP + TN

Fig. 4   Outline of the methodological workflow adopted in this study
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where P and N are the total number of pixels with and without torrential events respec-
tively, TP represent the true positive and TN represent the true negative.

where n is the total number of samples in the learning or testing phase, X predicted is the 
projected value from the FS model, and X actual is the observed value.

3 � Results

3.1 � Multicollinearity and factor selection

In Fig. 5, the correlation matrix (CM) represents Pearson’s association analysis between 
fifteen influencing variables that are briefly elaborated in Fig. 2. As the results show, the 
highest positive correlation value (0.75) was found between elevation and slope, and a 
strong linear correlation between the following factors: TWI and SPI, rainfall and slope, 
SPI and Profile curvature, TRI and distance to river, TRI, and elevation.

The results of the tolerance and VIF applied to check the multicollinearity of the feed 
influence factors in this study show a Tol value between 0.12 and 0.97 for TWI and HSG, 
respectively, as well as a maximum VIF value of 8.02 for TWI and a minimum value of 
1.02 for HSG (Fig. 6). In accordance with the Tol and VIF requirements among the fifteen 
factors used in this study, TWI and SPI were removed in the following analysis. Next, the 
MI of the other thirteen factors (Fig.  7) shows positive values ranging from 0.382 (dis-
tance to river) to 0.013 (HSG). Consequently, distance from the river is ranked as the most 
important factor, followed by elevation (MI = 0.245), Accumulation flow (MI = 0.183) and 
slope (MI = 0.159).

(7)Sensitivity =
TP

FN + TP

(8)Accuracy =
TN + TP

FP + TP + FN + TN

(9)Precision =
TP

FP + TP

(10)F1score =
2

1

Pr
+

1

Recal

Recall =
TP

TP + FN

(11)AUC =
(
∑

TP +
∑

TN)

(P + N)

(12)RMSE =

√
1

n

∑n

i=1
(Xpredicted − Xactual)

2

(13)MAE =

√
1

n

∑n

i=1

|||
Xpredicted − Xactual

|||
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Fig. 5   Multicollinearity analysis of conditioning factors using the correlation matrix

Fig. 6   Multicollinearity analysis of conditioning factors by variance inflation factor (VIF) and tolerance 
(TOL)
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3.2 � Flood susceptibility maps

The FS development of the FS model was based on the application of the seven algo-
rithms. The results were presented as a probability prediction ranging from 0 to 1, cor-
responding to the lowest and highest FS values respectively. Subsequently, the generated 
maps were then classified into the following five different zones using Jenks’ natural 
break classification: very low, low, moderate, high, and very high.

Initial visual analysis of the seven maps produced by the SVM (Fig. 8a), RF (Fig. 8b), 
LR (Fig. 8c), KNN (Fig. 8d), DT (Fig. 8e), ANN (Fig. 8f) and XGBoost (Fig. 8g) mod-
els shows that very high FS values are concentrated in the downstream part of the Ten-
sift watershed, particularly in the lowland area (Haouz), and are slightly localized in the 
western part and in the Jbilet. On the other hand, very low FS values are found in the 
upstream part of the High Atlas chain.

The spatial distribution of the degree of sensitivity to flooding is quite remarkable 
in the very strong and very weak degrees especially in the Haouz plain, all the models 
used show a very weak sensitivity and the same differing degrees of sensitivity in the 
high altitudes of the High Atlas and the Ourika area except for the XGBoost model 
which also shows a weak sensitivity in the Jebilet area.

For the Haouz plain, the SVM model shows 23% of very weak sensitivity surfaces 
in the Majjat and Ait Ourir area and 20% of very strong sensitivity surfaces located in 
the centre of the area, the RF model shows 11% of very weak sensitivity surfaces scat-
tered in several areas in the Mjjat and Takarkoust and 20% of very strong sensitivity 
surfaces generally in the Laataouia area, the LR model shows 14% of very low sensi-
tivity surfaces in the middle altitudes of certain areas of Mjjat, Takarkoust, Ait Ourir 
and Lataouia and 19% of very high sensitivity surfaces located slightly in the centre 
of the area, the KNN model shows 11% of very low sensitivity surfaces and 18% of 
very high sensitivity surfaces, with the same geospatial distribution of the RF model, 
the DT model shows 13% of very weak sensitivity surface located in the region of Ait 
Ourir, Mejjat and 23% of very strong sensitivity surface observed over a large region of 
Laataouia and the urban area of Marrakech, the ANN model shows 33% of very weak 
sensitivity surface over a large area of Majjat, Takarkoust and Ait ourir and 23% of very 
strong sensitivity surfaces generally observed in Marrakech and Ourika and finally the 
XGBoost model, which shows 23% of very low sensitivity surfaces over large areas of 
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Fig. 7   Flash flood conditioning factors in relation to predictive strength for all models
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Majjat and the surrounding Laataouia region and 30% of very high sensitivity surfaces 
concentrated in Ourika, Laataouia and Marrakech.

In the Tensift watershed, most areas are predicted to have very low (39.89%) and 
low (23.97%) FS, and the remaining areas are associated with moderate (15.72%), high 
(13.86%) and very high (10.75%) FS values provided by Fig. 9. In the Haouz plain zone, 

Fig. 8   FS maps Tensift watershed predicted by the SVM, RF, LR, KNN, DT, ANN and XGBoost models 
[Source Study authors]
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on the other hand, there is an increase in the areas associated with high (22.14%) and very 
high (21.76%) FS values while the remaining areas show moderate (19.02%), low (18.88%) 
and very low (18.18%) percentages (Fig. 10).

Overall, Fig. 9 illustrates that the low and very low FS classes are predominant in the 
Tensift watershed, encompassing more than 59.85% of the total surface area. Conversely, 
Fig. 10 demonstrates that the high and very high FS classes dominate the Haouz plain, cov-
ering over 43.91% of the total surface area.

3.3 � Performance of the seven ML models used

The results of this study were constructed using seven ML models to predict FS, namely 
SVM, RF, KNN, DT, ANN, LR and XGBoost, and evaluated the effectiveness of the train-
ing (70%) and test (30%) data used, and the performance indicators. Precision, Sensitivity, 
specificity, (FPR) false positive rate, accuracy, recall, F1 score, MAE, RMSE and AUC-
ROC. The results of the training and validation phases were recorded as shown in Tables 3, 
4, and Fig. 11.

In this research, for the training data set, the XGBoost model shows excellent perfor-
mance, presented by scores (Precision = 0.95), (Sensitivity = 0.97), (Specificity = 0.95), 
(Accuracy = 0.97), (Recall = 0.96), (F1 score = 0.95), (FPR = 0.05), (MAE = 0.04) and 
AUC-ROC (values = 96.21%). The other six models RF, KNN, LR, SVM, DT, and 
ANN show high performance, indicated by Sensitivity, Specificity, Precision, Accuracy, 
AUC-ROC and F1 score values above 0.88 and negligible FPR and MAE scores. For the 
test data set, all models applied show high to very high performance. Sensitivity values 

0.00 10.00 20.00 30.00 40.00 50.00

XGBoost

RF

KNN

LR

SVM

DT

ANN

% of area

XGBoost RF KNN LR SVM DT ANN
Very Low 50.82 35.88 33.88 34.75 37.92 40.60 45.38
Low 18.01 22.42 20.42 19.88 15.58 19.42 23.97
Moderate 10.16 18.45 20.45 15.28 18.43 15.59 11.71
High 9.66 13.94 15.94 16.33 14.69 12.06 13.15
Very High 11.35 9.31 9.31 13.76 13.37 12.32 5.79

Fig. 9   Percentage of FS area in the Tensift watershed of the models used
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ranged from a minimum of 0.90 to a maximum of 0.98 for DT and ANN respectively, 
parameter values for Precision, Accuracy, F1-score, FPR, MAE varied between 0.78 and 
0.93, 0.88 and 0.94, 0.87 and 0.92, 0.07 and 0.22, 0.06 and 0.12 respectively, maximum 
AUC-ROC values were all marked for the XGBoost model (0.9378), and minimum val-
ues were all marked for the ANN model (0.8756).

0.00 5.00 10.00 15.00 20.00 25.00 30.00 35.00

XGBoost

RF

KNN

LR
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DT
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% of area

XGBoost RF KNN LR SVM DT ANN
Very Low 22.93 10.83 10.83 13.84 22.40 13.17 33.28
Low 13.87 21.58 21.58 23.19 20.38 17.85 13.71
Moderate 10.61 20.70 22.70 19.16 18.56 27.61 13.81
High 22.86 27.10 27.10 24.73 19.05 18.24 15.97
Very High 29.74 19.79 17.79 19.07 19.61 23.14 23.23

Fig. 10   Percentage of FS surface in the Haouz plain of the models used

Table 3   Performance of the four models using training data

Performance Indicators Models

XGBoost RF KNN LR SVM DT ANN

Training data
Precision 0.95 0.92 0.88 0.88 0.86 0.92 0.84
Sensitivity 0.97 0.96 0.96 0.95 0.94 0.95 0.98
Specificity 0.95 0.92 0.92 0.88 0.86 0.90 0.84
False positive rate (FPR) 0.05 0.08 0.08 0.12 0.14 0.10 0.16
Accuracy 0.97 0.94 0.94 0.92 0.91 0.93 0.91
recall 0.96 0.93 0.88 0.92 0.90 0.90 0.97
F1 score 0.95 0.93 0.92 0.90 0.88 0.92 0.90
MAE 0.04 0.06 0.06 0.08 0.09 0.07 0.09
RMSE 0.19 0.23 0.24 0.28 0.31 0.26 0.30
AUC-ROC 96.21 94.48 94.31 91.96 90.69 93.38 91.01
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Nonetheless, XGBoost outperforms the other four models in terms of accuracy, 
mostly because to its integration of all base learners’ prediction outcomes, which boosts 
the model’s recognition rate and generalization capacity. To address missing values on 
various nodes, distinct techniques will be applied while determining and storing the best 
course of action. In the meanwhile, XGBoost increases the learning rate by adding a 
regular term to the objective function and supporting custom loss functions, which pre-
vent overfitting and simplify the learning model. Therefore, the XGBoost model eventu-
ally produces better simulation results, and the flood susceptibility mapping approach 
based on XGBoost is effective and workable.

In addition to the sensitivity and specificity criteria, statistical evaluations were con-
ducted to make the comparison using RMSE, as shown in Tables 3 and 4. The overall 
RMSE ranking is shown in Fig. 12. The RMSE values for XGBoost indicate an optimal 
match with the observed and generated values; thus, the expected susceptibility prob-
ability has been achieved.

Table 4   Performance of the four models using testing data

Performance Indicators Models

XGBoost RF KNN LR SVM DT ANN

Testing data
Precision 0.93 0.93 0.89 0.90 0.91 0.91 0.78
Sensitivity 0.94 0.94 0.94 0.94 0.93 0.90 0.98
False positive rate (FPR) 0.07 0.07 0.14 0.10 0.09 0.09 0.22
Specificity 0.93 0.93 0.86 0.90 0.91 0.91 0.78
Accuracy 0.94 0.94 0.91 0.92 0.92 0.91 0.88
recall 0.92 0.91 0.93 0.91 0.89 0.86 0.98
F1 score 0.92 0.92 0.91 0.91 0.90 0.88 0.87
MAE 0.06 0.06 0.09 0.08 0.08 0.08 0.12
RMSE 0.25 0.25 0.31 0.28 0.28 0.31 0.38
AUC-ROC 93.78 93.71 90.53 92.29 92.02 90.67 87.56

Fig. 11   ROC curve analysis of different flooding models using a training data, b validation data
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3.4 � Prioritization of the seven models used

The performance of each model in this study suggests that the XGBoost and RF mod-
els had the greatest accuracy in predicting FS for both the training and test datasets. For 
the training dataset, they are followed by LR, SVM, DT, KNN, and ANN. The following 
algorithms were ranked for the test dataset: KNN, DT, LR, ANN, and SVM mentioned by 
Fig. 13.

4 � Discussion

In a semi-arid flood-prone area such as the Tensift catchment and the Haouz plain, it is 
important to categorize and develop FS maps for success and failure rates that ensure flood 
risk planning and management. In most research and studies, test data sets have been used 
to construct the reliability performance of flood models. According to (Janizadeh et  al. 
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Fig. 12   The performance of different flooding models using RMSE values

Fig. 13   Prioritization of models in the training and testing phases
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2021; Sestras et al. 2023), the spatial prediction of flood risk areas has been attributed to 
the probability of different thematic flood risk maps. In addition, research and studies have 
investigated the impact of influential geo-environmental factors and the benefits of sev-
eral ML algorithms in the mapping of FS in different regions of the world affected by this 
phenomenon.

The use of the ensemble modelling technique, which combines the seven models to pro-
vide more accurate forecasts than each of them in isolation, has increased the accuracy of 
the results. As a result, the ensemble models gained in importance and were able to antici-
pate future events more accurately than the individual models.

The importance of the variables affecting vulnerability to flooding, the effectiveness and 
periodicity of the models used, and the reliability of the technique chosen, are discussed in 
this section.

4.1 � Factors influencing susceptibility to flooding

After the preparation of the inventory maps through field surveys, the collection of data 
from the processing of satellite scenes, and the analysis of the ABHT historical flood data-
base, the first step in the spatial prediction of FS was the preparation of the set of influenc-
ing factors. Of the fifteen factors prepared, TWI and SPI were eliminated because of their 
collinearity with other factors, which limits the performance of the prediction. Further-
more, according to MI, the most important factor is the distance to the river, which is not 
consistent with the results of (Meliho et al. 2022), applied in the Ourika catchment which 
is a totally manganous area. But they are consistent with the results of (Al-Areeq et  al. 
2022), applied in a mixed area between low and high altitude, followed by elevation. The 
least important factor in our study is the HSG. In addition, Flow accumulation, Slope, TPI, 
TRI, Rainfall, LULC, Curvature Plane, Curvature Profile, Aspect, and soil type had a con-
siderable impact on FS, respectively.

The results indicate that the most important locations at a distance from the river, par-
ticularly those of Tensift and Ourika along the Haouz plain at low altitude, were highly 
susceptible to flooding with a high density. The results obtained indicate that high suscep-
tibility is associated with elevation, slope, TPI and TRI along the roads and sub-watersheds 
of Tensift, the sub-watersheds of Ourika, Zat and Rheraya. This assessment is confirmed 
by our results. The results and actions of the flood predictors also demonstrate that frequent 
flooding is expected due to the morphology of the Tensift catchment. In the Kingdom of 
Morocco, a great deal of research has been carried out to map regions and areas vulnerable 
to flooding to take targeted measures to reduce the incidence of these risks in the future. 
Information on the characteristics and impacts of floods is important for administrations 
and decision-makers to help them formulate policies, as well as flood management strate-
gies, such as the construction of flood-resistant structures to improve emergency response 
plans in the event of flooding.

4.2 � Performance of the models and effectiveness of the methodology

The 70/30% as of Fig. 4 split was used in this study for the choice of training and validation 
datasets shows high performance. The seven algorithms applied in this study have a high to 
very high efficiency for the prediction of the FS after the evaluation of the models, despite 
a slight weakness of the ANN which shows a (AUC-ROC = 87.56% in the test stage), is 
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which has been reported by previous studies in the same theme (Mia et al. 2023; Towfiqul 
Islam et al. 2021; Youssef et al. 2023a, b).

According to the results, the XGBoost model obtained excellent results in both phases, 
as it is the case in other studies as well. Methodology adopted in this research, and the 
results are consistent with recent research studies of Parvin et  al. (2022), Seydi et  al. 
(2022), which have highlighted the high and rapid efficiency of ML-DL, RS and GIS in 
geo-spatial prediction in semi-arid and arid areas characterized by irregular and dangerous 
flood periods. It is based on a set of geo-environmental factors.

The XGBoost algorithm predicts the FS map effectively, making it a viable alternative 
for flood risk management in both the Tensift catchment and the Haouz plain. It can spe-
cifically help in detecting and classifying regions at high risk of flooding, allowing for the 
establishment of a monitoring system.

The effective result of this method reflected by the targeted choice of maximum avail-
able spatial data of the study area, also to the set of input data, as well as to the applica-
tion and validation of the algorithm and finally by an extensive field survey, the historical 
database of the ABHT and satellite scenes of the inventory, the application and evaluation 
of seven models applied based on the same set of data and parameterized allowed a more 
logical prioritization of models. Optimizing the performance of the seven models is an 
essential objective that can be achieved in two significant ways. The first approach consists 
of enriching all these models by subjecting them to intensive training with a considerable 
mass of observed data. The second approach relies on the power of the synergy generated 
by combining these models.

5 � Conclusion

This research examined some ML models RF, SVM, KNN, DT, ANN, LR, and XGBoost 
to map and predict FS in the Tensift watershed and Haouz plain. To this end, mutual infor-
mation (MI) analysis was used for factor selection and classification. Of these, distance 
to river and elevation factors were identified as the main factors influencing FS, while 
TWI and SPI were eliminated from the analysis based on the multicollinearity test and the 
importance of MI. In addition, the performance measures (Precision, Sensitivity, specific-
ity, FPR, accuracy, recall, F1 score, MAE, RMSE and AUC-ROC) were tested simulta-
neously with the model evaluation to validate the FS maps. The results for the FS pre-
diction training and validation tests showed that all the models applied met the validation 
standards. The results of the analysis of the priorities of the models for the prediction of 
flood risk phenomena demonstrated the superiority of the XGBoost model (AUC-ROC 
training = 96.21%, AUC-ROC test = 93.78%) and, consequently, the effectiveness of the FS 
map as predicted by this model. The approach followed in this research has generated an 
essential ML-RS-GIS-based tool for flood vulnerability mapping, designed to implement 
prevention and protection plans in a semi-arid context.

It is inevitable to mention certain limitations encountered throughout this research 
study. The research uses binary flood data from 2012 to create the inventory map of past 
flooding. This data is from single year, which might not capture the full spectrum of flood-
ing patterns. Future studies should consider using longer time series data to better under-
stand FS, especially in regions with variable climate conditions. In terms of research con-
text, a key concern is that the FS can change over time due to factors like urbanization, 



Natural Hazards	

1 3

climate change, and land-use modifications. Addressing these limitations will enhance the 
accuracy and applicability of FS models, improving land-use planning and risk efforts.

This study and its methodology were designed and developed such a way to be more 
applicable and generalizable across globe. Outcomes of this research highlights the role of 
advanced algorithms in enhancing precision for flood risk assessments, applicable glob-
ally. Methodology and insights can influence policies and practices in regions facing simi-
lar environmental challenges. Findings on the efficacy of XGBoost compared to other ML 
models have broader applications for FS mapping in similar semi-arid regions across globe.

Future research works should extend the study with temporal data to capture changes 
in FS patterns over time. Also, the integration of dynamic factors like urbanization trends, 
socio-economic factors, real-time remote sensing data would provide a more holistic 
assessment for real-time monitoring and would provide a broader understanding regarding 
the flood impacts on communities and infrastructure. It would be more comprehensive if 
future works conducted based on comparative studies across different regions to validate 
the effectiveness of the developed algorithm in varied contexts.
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