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INTRODUCTION

Groundwater recharge originates from mul-
tiple sources, including direct infiltration of 
precipitation, snowmelt, river seepage, and 

anthropogenic inputs such as irrigation return 
flows and artificial recharge (Döll and Flörke, 
2005; Scanlon et al., 2006). Among these, precip-
itation remains the primary contributor to aquifer 
replenishment (Jasechko and Perrone, 2021), 
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ABSTRACT
Groundwater recharge in semi-arid mountainous environments is controlled by complex climatic, geological, 
topographical and anthropogenic interactions. In the Moroccan Atlas Mountains, snowmelt plays a crucial role 
in sustaining surface and groundwater resources, which are increasingly threatened by agricultural expansion 
and climate variability. In this context, the Midelt Aquifer within the Ansegmir River Watershed (ARW) rep-
resents a strategic water resource for irrigated agriculture, particularly apple orchards that heavily depend on 
groundwater extraction. This study aims to map the groundwater recharge potential of the Midelt aquifer (241 
km²), in response to the expansion of orchards within the Oued Ansegmir watershed. The study integrates 
piezometric data, remote sensing (RS), GIS-based algorithms and machine learning (ML) approaches. Three 
modeling techniques were compared: frequency ratio (FR), Random Forest (RF) and extreme gradient boosting 
(XGBoost). The models were calibrated using 271 field measured piezometric observations used directly as the 
target variable (70:30), and 16 conditioning factors retained after a Pearson correlation and variance inflation 
factor (VIF) analyses. Performance was evaluated on an independent test set (n = 82) using ten complementary 
metrics, ROC curves, confusion matrices, radar plots, an inter-model agreement matrix, and pixel by pixel 
spatial consensus analysis. XGBoost outperformed the other two models (AUC = 0.769, F1 = 0.590, Kappa = 
0.356) and demonstrated remarkable consistency in the spatial validation, particularly in identifying areas with 
low recharge potential. Therefore, it was selected to produce the final groundwater recharge potential map. 
These results provide a scientific basis for sustainable groundwater management and the prioritization of future 
drilling activities within the ARW.

Keywords: hydrogeology, machine learning, geographic information system, remote sensing, piezometric obser-
vations, groundwater recharge potential mapping, Ansegmir River Watershed. 

Received: 2026.06.26
Accepted: 2026.07.10
Published: 2026.08.01

Ecological Engineering & Environmental Technology, 2026, 27(8), 408–430
https://doi.org/10.12912/27197050/225543
ISSN 2719–7050, License CC-BY 4.0

ECOLOGICAL ENGINEERING 
& ENVIRONMENTAL TECHNOLOGY

https://orcid.org/0009-0001-1953-354X


409

Ecological Engineering & Environmental Technology 2026, 27(8), 408–430

while the contribution of snowmelt is particu-
larly significant in mountainous regions, where 
it controls both surface water and groundwater 
dynamics (Boudhar et al., 2009; Hanich et al., 
2022). The spatial distribution and magnitude of 
groundwater recharge are strongly influenced by 
the geological setting and topographic features of 
the study area, both of which exert a strong con-
trol on infiltration pathways and recharge rates 
(Meng et al., 2024).

Indeed, the contribution of precipitation to 
groundwater recharge is generally low and spa-
tially localized. In semi-arid environments, with 
an average annual rainfall of around 560 mm, re-
charge accounts from approximately 4% to 9% of 
total precipitation. In contrast, in lacustrine areas 
receiving about 350 mm/year, this contribution 
ranges from 0.5% to 0.8% (Leduc et al., 2001).

In the semi-arid Atlas Mountains of Morocco 
specifically, snowmelt has been shown to contrib-
ute between 15% and 51% of streamflow (Hanich 
et al., 2022; Acharki et al., 2025) and between 
30% and 80% of groundwater recharge, with 
direct recharge occurring in response to winter 
precipitation and a delayed contribution observed 
during the summer melting season (Boudhar et 
al., 2009; Hanich L. et al., 2022; Marchane et al., 
2023; Acharki et al., 2025).

However, numerous semi-arid and arid basins 
subjected to human pressures are characterized 
by scarce rainfall, elevated evapotranspiration 
rates, and a significant reduction in groundwater 
recharge (Pande, 2021). This situation not only 
intensifies the challenge of meeting water de-
mands but also calls for the adoption of manage-
ment practices that safeguard groundwater sus-
tainability (El Farchouni et al., 2025).

Given that groundwater recharge potential 
(GWRP) refers to the ability of a hydrogeological 
system to facilitate water infiltration, percolation, 
and aquifer replenishment under specific envi-
ronmental and climatic conditions (Ouali et al., 
2023), its thorough understanding and quantifica-
tion are essential for the strategic management of 
the groundwater resources. 

Based on this concept, groundwater re-
charge potential mapping (GWRPM) has been 
widely used to spatially delineate zones of vary-
ing groundwater availability through the inte-
gration of geospatial and statistical methods 
(Mosaad et al., 2026). To this end, several ap-
proaches have been applied to map groundwa-
ter recharge potential, including remote sensing 

(RS) techniques (Sunmin et al., 2020; Adams 
et al., 2022; Panday et al., 2023; Purdy et al., 
2024), GIS (Varouchakis et al., 2022; Casta-
ñeda-Valbuena et al., 2023), machine learning 
(ML) and deep learning (DL) (Barzegar et al., 
2024; Ali et al., 2024), as well as combined RS 
and ML approaches (Elmotawakkil et al.; Sadiki 
and Enneya, 2024). These methods were based 
on various statistical methodologies such as fre-
quency ratio (Jayaraj et al., 2022), evidential 
belief function (Ghosh et al., 2021) and weight 
of evidence (Rane and Jayaraj, 2022). As well 
as several machine learning algorithms for the 
exploration of groundwater such as boosted re-
gression tree (Prasad et al., 2020), random forest 
(Kumar et al., 2021; Masroor et al., 2021), arti-
ficial neural network (Nalivan et al., 2021), con-
volution neural network (Namous et al., 2021) 
and support vector machine (Prasad et al., 2020; 
Kumar et al., 2021). Despite the increasing use 
of RS-GIS and ML approaches for groundwa-
ter assessment, limited studies have focused on 
groundwater recharge potential in snow influ-
enced semi-arid mountainous environments of 
Morocco, particularly under conditions of rapid 
agricultural expansion and climate variability.

In light of this research, we have employed 
several ML algorithms, such as random forest 
(RF), XGBoost (XGB) and frequency ratio (FR), 
to map the groundwater recharge potential zones, 
using measured piezometric observations, in the 
Midelt Aquifer region within the Ansegmir River 
watershed (ARW). 

The ARW, set within a semi-arid continental 
climatic context, represents a first order water re-
source for the upper Moulouya basin; it feeds a 
network of 16 Saguia water intakes spanning over 
300 km, and plays a pivotal role in local, regional, 
and national socio-economic development. In-
deed, the ARW contributes more than 62,000 tons 
per year to the total apple production of Midelt 
province, which reached 370,000 tons in 2020 
(Ouahi L., 2024).

The climatic conditions are particularly suit-
ed to apple tree cultivation, which represents the 
dominant agricultural activity in the ARW. How-
ever, apple orchards are highly water demanding 
crops, requiring from approximately 500 mm 
to 720 mm of water per growing season under 
semi-arid conditions in Morocco (El Jaouhari et 
al., 2018).To meet the water demands of apple 
orchard cultivation, farmers commonly rely on 
groundwater resources (Fuente-Saiz et al., 2024).
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As a result, the Midelt aquifer faces signifi-
cant challenges: climate change may progres-
sively reduce groundwater recharge, while over-
exploitation through intensive agricultural pump-
ing may cause a decline in piezometric levels and 
destabilize the hydrological cycle.

This assessment constitutes a prerequisite for 
evaluating groundwater recharge potential, estab-
lishing water budgets, developing hydrological 
and hydrogeological models, assessing ground-
water quality, and implementing artificial recharge 
schemes through Managed Aquifer Recharge 
(MAR) approaches (El Farchouni et al., 2025).

Indeed, the present study, based on measured 
piezometric depth data, remote sensing (RS), GIS-
based algorithms, and machine learning (ML) ap-
proaches, aims to map the groundwater recharge 
potential of the Midelt aquifer in response to or-
chard expansion within the ARW, particularly fol-
lowing the implementation of the Green Morocco 
Plan and the Generation Green Plan. 

To achieve the specific objectives of this 
study, several factors considered to be the main 
controls influencing groundwater recharge poten-
tial were selected (Moumane et al., (2024); Agli et 
al., 2024), including hydroclimatic, topographic, 
geological, land use and vegetation factors, which 
were implemented and evaluated using three ML 
algorithms (RF, XGB and FR).The main contri-
butions of this study are summarized as follows: 
	• To present, to the best of our knowledge, the 

first groundwater recharge potential map of the 
Oued Ansegmir Watershed (Upper Moulouya, 
Morocco) developed using directly measured 
piezometric observations from 271 drilling as 
the target variable;

	• To integrate field measurements, in situ ob-
servations, remote sensing, GIS, and machine 

learning for groundwater recharge potential 
assessment in a snow influenced semi-arid 
mountain aquifer dominated by intensive ap-
ple orchards;

	• To introduce a several levels of validation 
framework combining ten complementary 
performance metrics, inter-model agreement 
analysis based on Cohen’s kappa coefficient, 
and pixel by pixel spatial validation using the 
spatial agreement score (SAS). 

The resulting maps provide a decision support 
framework for sustainable groundwater manage-
ment and future managed aquifer recharge plan-
ning in semi-arid watersheds of Morocco. 

MATERIALS AND METHODS

Study area

Considered part of the Upper Moulouya Basin, 
the Oued Ansegmir Watershed (1060 km²) [Rahoui 
et al., 2024] constitutes the western extremity of 
the Meseta Oranaise. This watershed extends be-
tween the High Atlas to the south and the Middle 
Atlas to the north and northeast (Figure 1).

The climate of the ARW is characterized by 
low rainfall inputs with 396 mm/year, which is 
poorly distributed both in time and space (Ra-
houi et al., 2024). This distribution is subject to 
considerable intra and inter-annual variability, 
which can trigger intense storm events in the 
study area, particularly in the summer. Snow-
fall generally occurs above 1.500 m and per-
sists only above 2.000 m on mountain peaks 
(Addou et al., 2023).

Over time, the geological evolution of the 
Ansegmir river watershed (Rahoui et al., 2024) 

Figure 1. Location of the Midelt Aquifer within the Ansegmir River Watershed



411

Ecological Engineering & Environmental Technology 2026, 27(8), 408–430

led to the development of an aquifer known as 
the Midelt Aquifer (241.41 km²). This shallow, 
unconfined aquifer is primarily hosted within 
Miocene, Pliocene, and Quaternary formations, 
including conglomerates, alluvial deposits, and 
lacustrine limestones. (Ikhmerdi et al., 2018).

Data

In addition to the 271 piezometric measure-
ments collected from boreholes during field in-
vestigations, piezometric depth data for the 2015-
2020 period were obtained from the Moulouya 
Basin Agency of Midelt (Figure 2). 

A total of 23 groundwater recharge condi-
tioning factors were selected for groundwater 
recharge potential mapping, using measured pi-
ezometric observations, in the Midelt aquifer 
within the Oued Ansegmir watershed (ARW). 
Table 1 presents the conditioning factors, their 
corresponding Google Earth Engine (GEE) data 
sources, temporal filters, compositing, and the 
main GEE/QGIS processing steps.

All GEE derived layers were generated 
for the period, from 2015-01-01 to 2020-04-
13, corresponding to the period of measured 
piezometric observations. MODIS products 

were converted to physical units by apply-
ing the appropriate scale factors (LST* 0.02; 
from Kelvin to °C, and ET*0.1), while Land-
sat 8 Collection 2 Level 2 surface reflectance 
bands were rescaled using a multiplicative 
factor of 0.0000275 and an additive offset of 
-0.2. Landsat images were masked for clouds 
and cloud shadows using the QA_PIXEL band 
and composited using the median reducer. All 
raster datasets were subsequently resampled to 
a common spatial resolution of 30 m and pro-
jected to the UTM Zone 30N coordinate system 
(EPSG:32630). Topographic derivatives, slope, 
aspect, curvature, topographic wetness index 
(TWI), and drainage density, were generated 
in QGIS 3.40.11 from the SRTM 1 Arc-Second 
DEM (USGS/SRTMGL1_003). In addition, in-
verse distance weighting (IDW) interpolation 
of precipitation data and Euclidean distance to 
waterways were computed in QGIS. 

Methodological approach 

The methodological approach adopted in 
this study was developed by building on previ-
ous groundwater studies conducted in Morocco, 
particularly those employing machine learning 
techniques (Table 2).

The proposed methodology integrates in 
situ field measurements (piezometric observa-
tions), remote sensing, GIS processing, ma-
chine learning, and spatial validation within a 
single workflow. Indeed, in the proposed re-
search, the training and testing datasets were 
divided at a ratio of 70:30 for the development 
and validation of the ML model (Mosaad et al., 
2026). The methodology consists of the follow-
ing steps: The first step involves the acquisition 
of piezometric depth data with the correspond-
ing spatial datasets collected in situ. The sec-
ond step consists of preparing the various fac-
tors influencing groundwater. The third step is 
the generation of the training point matrix. The 
fourth step includes training and testing the 
used model. The fifth step involves validating 
and comparing the models used. Finally, the 
last step consists of mapping of the groundwa-
ter recharge potential using the selected algo-
rithms (Figure 3). 

All analyses were performed in the Python 
environment (Python 3.12.13) using the follow-
ing packages: XGBoost 3.3.0, scikit-learn 1.6.1, 
pandas 2.2.2, NumPy 2.0.2, and SHAP 0.52.0.Figure 2. Drilling locations in the Midelt Aquifer
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Table 1. Data sources, formula and processing methods (GEE/QGIS workflow), and outputs of the conditioning 
factors used for groundwater recharge potential mapping, using measured piezometric observations, in the Midelt 
Aquifer region within the ARW

𝑇𝑇𝑇𝑇𝑇𝑇 = ln⁡( 𝐴𝐴𝐴𝐴
tan𝛽𝛽)

β

𝐷𝐷𝐷𝐷 =⁡
∑𝐿𝐿
𝐴𝐴

ΣL:

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =⁡𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 + 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = ⁡𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑅𝑅𝑅𝑅𝑅𝑅
𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 𝑁𝑁𝑁𝑁𝑁𝑁 − 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺
𝑁𝑁𝑁𝑁𝑁𝑁 + 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = (𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑅𝑅𝑅𝑅𝑅𝑅)(1 + 𝐿𝐿)
𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅 + 𝐿𝐿

𝐵𝐵𝐵𝐵 =
(𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝑅𝑅𝑅𝑅𝑅𝑅) − (𝑁𝑁𝑁𝑁𝑁𝑁 + 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵)
(𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝑅𝑅𝑅𝑅𝑅𝑅) + (𝑁𝑁𝑁𝑁𝑁𝑁 + 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵)

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 −𝑁𝑁𝑁𝑁𝑁𝑁
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 +𝑁𝑁𝑁𝑁𝑁𝑁

 

RESULTS 

Data collection

Unlike most groundwater recharge potential 
studies that rely on expert defined or inventory 

based labels (Karimi et al., 2021). This study 
uses field measured piezometric depths from 
271 boreholes as the target variable. The Em-
pirical Bayesian Kriging (EBK) method was 
then applied to estimate the spatial distribution 
of groundwater levels across the Midelt aquifer 



413

Ecological Engineering & Environmental Technology 2026, 27(8), 408–430

Table 2. Comparison of the present study with previous Moroccan studies

Study Data Models Validation Novelty

Namous et 
al. (2021)

Twenty-four 
groundwater 

influencing factors;
374 groundwater 

springs inventoried

Random Forest, logistic 
regression, decision tree and 

artificial neural networks

Curve (ROC) method 
and compound factor 

(CF) method

Groundwater 
potentiality mapping in 
mountainous aquifers, 
Essaouira, Morocco

Ouali et al. 
(2023)

Twenty three GWP 
influencing factors 

and 884 binary data

Multilayer perceptron, k-nearest 
neighbor, decision tree, and 

support vector machine algorithms, 
voting, random forest, adaptive 

boosting, gradient boosting, 
extreme gradient boosting and the 

deep learning neural network

Average area
Groundwater potential 
mapping in an oasis 

area, Morocco

Marchane et 
al. (2023)

Fracture networks; 
Hercynian orogeny Box-counting method Fractal dimension (FD)

Potentiality of 
groundwater recharge 

in the region of Smaâla, 
Morocco

Elmotawakkil 
et Al. (2024)

GWP influencing 
factors

Gradient boosting regression, 
support vector regression, Random 

Forest and decision tree

R2, Mean Absolute 
Error and Root Mean 

Squared Error

Predicting groundwater 
level, Rabat-Kénitra 

region, Morocco.

Moumane et 
al. (2024)

Key factors 
influencing recharge

Weighted linear
combination AUC/ROC

Mapping groundwater 
recharge potential 

zones, Kenitra, Morocco

El Farchouni 
et al. (2025) Six recharge factors Analytical hierarchy process and 

stable isotopes
Stable isotopes (δ18O 

and δ2H)

Mapping groundwater 
recharge potential 

zones, Tensift basin, 
Morocco

The present 
study

Twenty three 
influencing indices 

and measured 
piezometric depths 
from 271 boreholes

Random forest,
XGBoost, and frequency ratio

Ten complementary 
metrics, Cohen’s kappa 
coefficient and Spatial 

Agreement Score

Groundwater recharge 
potential mapping in the 

ARW, Morocco

Figure 3. Flowchart of the methodology
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within the Oued Ansegmir watershed (Figure 
4), providing an observation driven ground 
truth for ML models development.

Preparing of influencing factors

The potentiality of groundwater is directly 
related to climatic factors (Bera, 2020). Notably, 
precipitation (P), evapotranspiration (ET), land 
surface temperature (LST) in the Midelt Aquifer 
region within the ARW (Figure 5). 

The soil type factor can be considered a ma-
jor influencing factor (Mukhopadhyay, 2020). 

The recharge of the Midelt Aquifer, through 
rainfall infiltration, depends on the properties of 
the different soil types, mainly CLAY and SAND 
(Figure 6). Fracture density (FD) is considered 
one of the most important lithologic and geolog-
ic factors influencing groundwater recharge and 
flow (Mukesh et al., 2023) (Figure 7).

The groundwater potential is closely related 
to topographic and morphometric factors (Biswas 
et al., 2020). The recharge of the Midelt Aquifer 
depends on the elevation (DEM), terrain slope 
(SLOPE), slope orientation (Aspect), surface 
curvature (Curvature) and topographic wetness 
index (TWI) (Figure 8).

In this research, the hydrological factors are 
represented by drainage density (DD), distance to 
waterways (DW), and the modified normalized 
difference water index (MNDWI) (Pinto et al., 
2017) (Figure 9). The vegetation factors are rep-
resented by the normalized difference vegetation 
index (NDVI), Green normalized difference veg-
etation index (GNDVI), soil adjusted vegetation 
index (SAVI), and normalized difference fraction 
index (NDFI) (Prasad et al., 2020) (Figure 10).

The recharge of the Midelt Aquifer also de-
pends on land use, mainly represented by land 
use/land cover (LULC), bare soil index (BSI), 
built-up areas (BU), and the normalized differ-
ence built-up index (NDBI) (Biswas et al., 2020) 
(Figure 11).

Generation of the training point matrix

To generate the point matrix, the values 
of the factors controlling the groundwater re-
charge potential of the Midelt Aquifer within 

Figure 4. Groundwater depth map (m) (Piezo)

Figure 5. Climatic factors: (A) precipitation map (mm/year) (P), (B) evapotranspiration (mm/year) (ET),
and (C) land surface temperature (°C) (LST)
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the ARW were extracted at each sampling point. 
A total of 271 piezometric samples were used to 
extract the values of 23 groundwater recharge 
conditioning factors. The resulting database 
was organized into a point matrix and subse-
quently used for statistical analysis and model 
development.

Based on the Pearson correlation matrix cal-
culated using 23 explanatory variables to assess 
multicollinearity. A threshold of r ≥ 0.8 (Dormann 
et al., 2013) was used to identify pairs of highly 
collinear variables; in each pair, the variable that 

was least physically relevant or most redundant 
was subsequently excluded from the analyses.

In fact, the Pearson correlation matrix re-
veals several pairs of variables with perfect or 
near perfect correlations, indicating redundancy 
in the data. For the first group of variables with a 
redundancy links the spectral indices NDFI and 
NDBI (r=-1.000) due to their mathematically 
opposite formulations.

A second group of variables with strong cor-
relations (r ranging from 0.93 to 0.997) includes, 
on the one hand, vegetation indices, NDVI, 
SAVI, and GNDVI with r values between +0.98 
and +0.997, all of which measure the vigor of 
plant biomass, and on the other hand, bare soil 
and built up area indices, BSI, BU, and NDBI 
with r values between +0.93 and +0.99, which 
characterize bare and impervious surfaces. 
These two groups are also strongly negatively 
correlated with each other (for example, NDVI 
and BSI with r = -0.95; NDVI and BU with r = 
-0.87), reflecting the natural opposition between 
vegetation cover and bare soil. Moderate cor-
relations are also observed with the following 
variables: P and DEM (r = +0.74); MNDWI and 
NDVI (r = -0.78); and DD and DtW (r = -0.66).

It is also observed that the piezometric vari-
able (Piezo) exhibits weak linear correlations 
with all explanatory factors, with r < 0.17, which 
justifies the use of nonlinear models such as 
Random Forest (RF), XGBoost (XGB) and Fre-
quency Ratio (FR).

Based on this analysis, seven variables were 
removed to reduce multicollinearity, namely: 

Figure 6. Soil type factors: (A) clay and (B) sand

Figure 7. Geologic factor – fracture density (FD)
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CURVATURE (redundant with FD), NDFI and 
NDBI (perfectly anticorrelated), SAVI and GND-
VI (redundant with NDVI), as well as BU and 
BSI (redundant with NDVI via the vegetation-
bare soil axis) (Figure 12).

To confirm the absence of residual multi-
collinearity after removing redundant variables 
using Pearson’s correlation, variance inflation 
factors (VIFs) (Dormann et al., 2013; O’Brien, 
2007) were calculated for the 16 selected 

explanatory variables (n = 271). All VIFs are less 
than 5 (NDVI: 4.14; DEM: 3.79; MNDWI: 3.55; 
the others are less than 3). (Figure 13).

All 16 explanatory variables have variance 
inflation factors (VIF) below 5, confirming the 
absence of residual multicollinearity.

In this study, the variable (Piezo) represent-
ing the piezometric depth was converted into 
a binary target variable: 1 = high recharge po-
tential (<20 m) and 0 = low recharge potential 

Figure 8. Topographic and morphometric factors: (A) elevation (m) (DEM), (B) SLOPE (%),
(C) slope orientation (ASPECT), (D) CURVATURE and (E) topographic wetness index (TWI)

Figure 9. Hydrological factors: (A) drainage density (km/km2) (DD), (B) distance to waterways (m) (DtW)
and (C) modified normalized difference water index (MNDWI)
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Figure 10. Vegetation factors: (A) normalized difference vegetation index (NDVI),
(B) green normalized difference vegetation index (GNDVI), (C) soil adjusted vegetation index (SAVI)

and (D) normalized difference fraction index (NDFI) 

Figure 11. Land use factors: (A) land use/land cover (LULC), (B) bare soil index (BSI), (C) land use (LU), 
(D) built-up areas (BU) and (E) normalized difference built-up index (NDBI)
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(≥20 m), given that 20 m is the median of the 
271 measured depths, as this formulation al-
lows for the use of standard threshold-based 
performance metrics, such as the area under 
the ROC curve (AUC), which has become 
the benchmark for comparing machine learn-
ing models in groundwater recharge potential 
mapping (Naghibi et al., 2017; Arabameri et 
al., 2019). 

Training and testing the used model

The dataset (n=271) was randomly divided 
(random_state=42) into a training subset (70%, 
n=190) and a test subset (30%, n=82), using 
stratified sampling to preserve class propor-
tions. The hyperparameters of the RF, XGB and 
FR classifiers were optimized using grid search 
combined with 10 fold stratified cross validation 

Figure 12. Pearson correlation matrix (lower triangle) for 16 factors controlling the groundwater
recharge potential of the Midelt Aquifer 

Figure 13. Variance inflation factor (VIF) plot for multicollinearity analysis of 16 factors controlling
the groundwater recharge potential of the Midelt Aquifer
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on the training subset, using the area under the 
ROC curve (AUC) as the objective metric. The 
optimized models were then evaluated on the in-
dependent test subset, which had been set aside 
throughout the optimization procedure (Naghibi et 
al., 2017).

Frequency ratio

The frequency ratio (FR) is a simple and 
transparent bivariate statistical method that quan-
tifies the relationship between each conditioning 
factor and groundwater recharge potential. Ow-
ing to its interpretability and widespread applica-
tion in groundwater potential mapping, it serves 
as an appropriate baseline model for comparison. 
The FR model estimates the contribution of each 
conditioning factor by comparing the percentage 
of points to the percentage of pixels (Das et al., 
2019) (Figure 14): 

	 𝐹𝐹𝐹𝐹 = % 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
% 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 𝐸𝐸𝐸𝐸𝐹𝐹𝐹𝐹 + 𝑃𝑃𝐹𝐹𝐹𝐹 + 𝐿𝐿𝐿𝐿𝐿𝐿𝐹𝐹𝐹𝐹  +𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐹𝐹𝐹𝐹 + 
+𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹 +  𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 + 𝐷𝐷𝐷𝐷𝐷𝐷𝐹𝐹𝐹𝐹 + 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹 + 
+𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇𝑇𝑇𝐹𝐹𝐹𝐹+ 𝐷𝐷𝐷𝐷𝐹𝐹𝐹𝐹 + 𝐷𝐷𝐷𝐷𝐷𝐷𝐹𝐹𝐹𝐹  + 

+ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐹𝐹𝐹𝐹 +  𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝐹𝐹𝐹𝐹  + 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐹𝐹𝐹𝐹 + 𝐿𝐿𝐿𝐿𝐹𝐹𝐹𝐹 

	 (1)

By summing the frequency ratio values, us-
ing the matrix calculation function, for each fac-
tor influencing groundwater recharge potential 
(GWRP), the groundwater recharge potential in-
dex (GWRPI) was derived (Kumar et al. 2023).

	

𝐹𝐹𝐹𝐹 = % 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
% 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 𝐸𝐸𝐸𝐸𝐹𝐹𝐹𝐹 + 𝑃𝑃𝐹𝐹𝐹𝐹 + 𝐿𝐿𝐿𝐿𝐿𝐿𝐹𝐹𝐹𝐹  +𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐹𝐹𝐹𝐹 + 
+𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹 +  𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 + 𝐷𝐷𝐷𝐷𝐷𝐷𝐹𝐹𝐹𝐹 + 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝐹𝐹𝐹𝐹 + 
+𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇𝑇𝑇𝐹𝐹𝐹𝐹+ 𝐷𝐷𝐷𝐷𝐹𝐹𝐹𝐹 + 𝐷𝐷𝐷𝐷𝐷𝐷𝐹𝐹𝐹𝐹  + 

+ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐹𝐹𝐹𝐹 +  𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝐹𝐹𝐹𝐹  + 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐹𝐹𝐹𝐹 + 𝐿𝐿𝐿𝐿𝐹𝐹𝐹𝐹 

	(2)

The continuous map of the GWRPI index re-
veals a marked gradient across the Midelt aqui-
fer (Figure 15.B). Indeed, the ranking of variable 
contributions derived from the Frequency Ratio 
model (Figure 15.A) identifies precipitation (P), 
fracture density (FD), elevation (DEM), and 
evapotranspiration (ET) as the four dominant pre-
dictors of groundwater recharge potential in the 
Midelt aquifer. 

In contrast, the ASPECT and TWI variables 
have the lowest contributions. The remaining 
factors, however, have a moderate influence 

Figure 14. Frequency ratio values per class and per explanatory factor (n = 16 variables)
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on the spatial distribution of recharge within 
the FR model.

Random forest

Random forest (RF) was selected because it 
can effectively capture complex non-linear rela-
tionships, and interactions among groundwater 
recharge potential conditioning factors. Its bag-
ging based ensemble strategy improves model ro-
bustness by reducing variance and limiting over-
fitting. While its ability to handle heterogeneous 
predictor variables without feature scaling makes 
it well suited to the diverse environmental datas-
ets used in this study.

The final prediction is obtained by aggre-
gating the predictions of all individual trees 
through majority voting (Singh et al., 2023). 
Following hyperparameter optimization, the RF 
model was configured with n_estimators: 100, 
max_depth: None, max_features: ‘sqrt’, and 
min_samples_split: 2.

The probability distribution (Figure 16) has a 
quasi Gaussian shape, centered around 0.40 and 
extending broadly across the entire interval [0, 

0.9], which indicates good probabilistic calibra-
tion of the random forest model. The predicted 
mean probability is slightly below the decision 
threshold of 0.5; We note that 67.0% of the study 
area is classified as having low potential (Class 
0, water table > 20 m) and 33.0% as having high 
potential (Class 1, water table < 20 m), which in-
dicates a moderate overall recharge potential at 
the scale of the Midelt aquifer (Figure 17).

The ranking of variables by importance 
derived from the random forest model (Figure 
18.A) indicates that elevation (DEM), precipita-
tion (P), fracture density (FD), and evapotrans-
piration (ET) are the most influential predictors 
of groundwater recharge potential in the Midelt 
aquifer. In contrast, land use (LULC) and land 
cover (LU) have the lowest importance values. 
Variables related to soil texture, particularly clay 
and sand content, as well as soil surface tem-
perature (LST), also contribute significantly to 
the model. As for the other factors, they make a 
moderate contribution to the spatial prediction 
of groundwater recharge potential.

Figure 15. (A) Variable contribution and (B) continuous groundwater recharge potential index (GWRPI)
derived from the Frequency Ratio model

Figure 16. Distribution of predicted probabilities using the RF model: (A) probability histogram and
(B) spatial distribution of classes
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The SHAP analysis of the random forest 
model (Figure 18.B) confirms the feature impor-
tance ranking; elevation (DEM), fracture density 
(FD), precipitation (P), and evapotranspiration 
(ET) are identified as the most influential predic-
tors, whereas LU, LULC, drainage density (DD), 
slope (SLOPE), and slope aspect (ASPECT) con-
tribute the least to the model predictions. Beyond 
ranking, the SHAP summary plot reveals both the 
magnitude and direction of each contribution of 
features to groundwater recharge potential. Posi-
tive SHAP values increase the predicted recharge 
potential, whereas negative SHAP values reduce 
it. The color scale represents feature values, with 
red indicating high values and blue indicating low 

values, showing that the influence of each feature 
varies according to its value. 

Overall, the SHAP results suggest that el-
evation, fracture density, precipitation, and 
evapotranspiration are the main contributors to 
the RF model predictions of groundwater re-
charge potential.

Extreme gradient boosting

Extreme gradient boosting (XGBoost) is 
a boosting based ensemble learning algorithm 
that sequentially improves predictive perfor-
mance by correcting the errors of previously 
generated trees. Its built in regularization 
mechanisms and efficient tree optimization en-
hance model generalization and make it well 
suited for tabular geospatial datasets and mod-
erate sample sizes. At each boosting iteration, 
a new decision tree is constructed to minimize 
the residual errors of the existing ensemble us-
ing gradient descent optimization. The final 
prediction is obtained by combining the contri-
butions of all trees in the ensemble (Chen and 
Guestrin, 2016). Following hyperparameter op-
timization, the XGBoost model was configured 
with n_estimators = 100, max_depth = 5, learn-
ing_rate = 0.01, subsample = 1.0, gamma: 0.1, 
and colsample_bytree = 0.8.

The probability distribution is bimodal (Fig-
ure 19), with a first peak around 0.28–0.32 and 
a second, more pronounced peak around 0.44–
0.48, as well as a tail extending toward higher 
probabilities (up to 0.72). The predicted aver-
age probability is below the decision threshold 
of 0.5; We find that 72.2% of the study area is 
classified as having low potential (Class 0, water 

Figure 17. Binary classification map generated
using the RF model

Figure 18. Groundwater recharge potential factors importance using the RF model:
(A) feature importance ranking and (B) SHAP summary plot (Beeswarm)
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table > 20 m) and 27.8% as having high poten-
tial (Class 1, water table < 20 m), indicating a 
moderate to low overall recharge potential at the 
scale of the Midelt aquifer (Figure 20).

The ranking of variables by importance, 
based on the XGBoost model (Figure 21.A), in-
dicates that evapotranspiration (ET), precipita-
tion (P), elevation (DEM), flow direction (FD), 
and clay content (CLAY) are the most influen-
tial predictors of groundwater recharge poten-
tial in the Midelt aquifer. Conversely, LU, slope 
aspect (ASPECT), and LULC have the lowest 
importance values. As for the other factors, they 
make a moderate contribution to the spatial pre-
diction of groundwater recharge potential in the 
Midelt aquifer. 

The SHAP analysis of the XGBoost model 
(Figure 21.B) confirms the feature importance 
ranking; P, DEM, CLAY, ET and FD represent the 
most influential predictors, while LU, ASPECT, 
and LULC contribute the least. 

These results provide additional insight 
into the XGBoost model and its application to 
groundwater recharge potential mapping in the 
Midelt aquifer.

DISCUSSION

ML models validation and comparison 

To perform a comparative validation and 
evaluate the predictive performance of the three 
algorithms used for groundwater recharge poten-
tial mapping, using measured piezometric obser-
vations, in the Midelt aquifer (Random Forest, 
XGBoost, and frequency ratio), model perfor-
mance was assessed using an independent test 
dataset (n=82). The evaluation was carried out 
through ROC curves, confusion matrices, radar 
charts, multi-metric bar plots, and a validation 
heatmap; Ten model validation metrics were 
computed, namely: Area under the ROC curve 
(AUC), accuracy, balanced accuracy, sensitivity, 
specificity, true skill statistic (TSS), precision, 
F1-score, Cohen’s kappa coefficient, and Mat-
thews correlation coefficient (MCC). Inter-mod-
el agreement was further assessed using pair-
wise Cohen’s Kappa coefficients between model 
predictions and pixel-by-pixel spatial agreement 
among the generated groundwater recharge po-
tential maps. Finally, the best-performing model 
was identified based on a composite perfor-
mance score and was subsequently selected to 

Figure 19. Distribution of predicted probabilities using the XGB model: (A) probability histogram and
(B) spatial distribution of classes

Figure 20. Binary classification map generated
using the XGB model
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produce the final groundwater recharge potential 
map of the Midelt aquifer.

The comparative ROC curves and confusion 
matrices on the test set (Figure 22) reveal that 
XGBoost achieves the highest discriminative 
power with an AUC of 0.769, followed by Ran-
dom Forest (AUC = 0.752), while the Frequency 
Ratio model lags behind (AUC = 0.649).

XGBoost correctly classified 39 of the 47 low 
recharge samples (true negatives) and 18 of the 35 
high recharge samples (true positives), achieving 
a Cohen’s kappa of 0.356. Random Forest classi-
fied 36 true negatives and 20 true positives, with 
a Cohen’s Kappa of 0.342, reflecting a slightly 
higher recall for the minority class. The frequen-
cy ratio model, with only 29 true negatives and 
17 true positives, with a Cohen’s kappa of 0.103, 
confirms its weaker classification skill compared 
with the XGB and RF algorithms.

To evaluate these models, ten performance 
metrics computed for each model (Figure 23). 
XGBoost outperforms the other two models on 
the majority of indicators; AUC (0.769), accu-
racy (0.695), balanced accuracy (0.672), speci-
ficity (0.830), TSS (0.344), precision (0.692), 
Kappa (0.356) and MCC (0.366). Random 
Forest, however, achieves the highest sensitiv-
ity (0.571) and F1-score (0.606), indicating a 
more balanced detection of recharge favourable 
zones but with a lower precision. The frequency 
ratio model ranks third across all metrics, with 
particularly low TSS, Kappa and MCC values 
(all = 0.103).

According to the box plot of the scores 
(Figure 24), the Random Forest model gives 
the clearest class separation; median scores of 
0.370 vs. 0.550 for low and high recharge and 
a spread of 0.180. While the XGBoost model 

Figure 21. Groundwater recharge potential factors importance using the XGBoost model:
(A) feature importance ranking and (B) SHAP summary plot (Beeswarm)

Figure 22. Discrimination power and classification accuracy: (A) comparative ROC curves and
(B) confusion matrices of the three retained models on the independent test set (n = 82)
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Figure 23. (A) Bar chart and (B) extended validation heatmap of ten (10) performance metrics computed
on the independent test set (n = 82)

Figure 24. Boxplot of predicted scores per observed class

Figure 25. (A) Radar chart and (B) pairwise Cohen’s Kappa matrix between model predictions
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gives median scores of 0.346 versus 0.515 for 
low and high recharge and a spread of 0.169. 
In contrast, the FR model shows a significantly 
smaller deviation of only 0.086 and gives me-
dian scores of 0.340 compared to 0.426 for low 
and high recharge. This reflects the limited abil-
ity of bivariate methods to capture multivariate 
nonlinear interactions between the 16 condi-
tioning factors.

The radar polygons (Figure 25. A) of RF and 
XGBoost virtually overlap and extend toward the 
outer rings of the chart, while the FR polygon is 
significantly smaller, especially along the Kappa 
and MCC axes. In contrast, the pairwise Cohen’s 
Kappa matrix between model predictions (Figure 
25.B) reveals substantial agreement between RF 
and XGBoost models (Kappa = 0.759), confirm-
ing that the two ensemble algorithms produce 
highly consistent classifications. In comparison, 
the FR model shows moderate agreement with 
both machine learning models (Kappa = 0.393 
with RF and 0.459 with XGB).

The spatial distribution of the five classes 
of recharge potential over the 241.41 km² of the 
Midelt aquifer at the ARW (Table 3) reveals no-
table differences among the models. The XG-
Boost model assigns 54.1% (130.6 km2) of the 
study area to the ‘Moderate’ recharge potential 
class, while allocating only 0.6 km² to the ‘Very 
Low’ class and no area to the ‘Very High’ class. 
In contrast, the Random Forest model produces 
a more differentiated distribution, with 18.6 km², 
36.8 km², and 2.0 km² classified as ‘Very low’, 
‘High’, and ‘Very High’ recharge potential class, 
respectively. The Frequency Ratio map, gen-
erated through quantile-based reclassification, 
partitions the study area equally among the five 
classes, with approximately 48.3 km² per class by 
construction (Figure 26).

To validate the spatial distribution presented 
above, a spatial validation was performed by over-
laying the 82 independent test points (30% holdout 
dataset) on the groundwater recharge potential maps 
produced by the three models selected (Figure 27).

Table 3. Surface distribution of the five recharge potential classes (km² and percentage) for each model 		
on the Midelt aquifer

Parameter
FR RF XGB

S (km2) % S (km2) % S (km2) %

Very Low 48.28 20.0 18.61 7.7 0.57 0.2

Low 48.28 20.0 90.08 37.4 94.96 39.3

Moderate 48.28 20.0 93.74 38.9 130.64 54.1

High 48.28 20.0 36.76 15.2 15.24 6.3

Very High 48.28 20.0 2.23 0.8 0.00 0.0

TOTAL 241.41 100.0 241.41 100.0 241.41 100.0

Figure 26. Surface distribution by recharge potential class and model
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Each test point was classified into one of 
four prediction categories, namely: true nega-
tives (TN), representing observed and predicted 
low recharge; true positives (TP) representing 
high and predicted high recharge; false negatives 
(FN) corresponding to observed high recharge 
incorrectly predicted as low recharge; and false 
positives (FP) corresponding to observed low 
recharge incorrectly predicted as high recharge. 
The spatial agreement score (SAS), defined as the 
proportion of correctly classified points (TN + 
TP)/n, provides an explicit geographical comple-
ment to the confusion matrix based performance 
metrics presented above.

The spatial validation highlighted a no-
table characteristic of the map produced by 
XGBoost; The highest spatial agreement score 
(SAS=69.5%) with the strongest specificity for 
the low recharge class, 39 true negatives out of 
47 and only 8 false positives, while still cor-
rectly identifying a substantial proportion of 
high groundwater recharge potential areas, 18 
true positives out of 35. The Random Forest 
model achieved the highest detection rate for 
the high recharge class, 20 true positives out 
of 35, but at the expense of 11 false positives, 
which lowered its specificity with spatial agree-
ment score (SAS=68.3). The Frequency Ratio 
model, through its reclassification by equal area 
quantiles, identified 17 true positives out of 35 

but produced the largest number of false posi-
tives (18) and the lowest spatial agreement score 
(SAS = 56.1%) (Table 4). 

Best model selection and groundwater 
recharge potential mapping

Based on both the spatial distribution of the 
predicted recharge potential and a composite per-
formance score integrating AUC, F1 score, Co-
hen’s Kappa and MCC, the XGBoost model was 
identified as the best performing model and was 
selected to generate the final groundwater recharge 
potential map of the Midelt aquifer (Figure 28).

The selected XGBoost map highlights 
two main groups of favorable recharge zones, 
located primarily in the central part and the 
Northwestern parts of the Midelt aquifer within 
ARW, whereas the Southern and Southwestern 
margins are dominated by low and very low re-
charge potential classes.

This spatial prediction is consistent with the 
hydrogeological context of the region (Rahoui et 
Al., 2024), where groundwater recharge is pri-
marily controlled, according to the XGB model, 
by climatic factors (ET and P), the topographic 
factor (DEM), geological and lithological factors 
(FD), the hydrological factor (DtW) and pedolog-
ical factors (Clay and Sand), which act as prefer-
ential infiltration zones. 

Figure 27. Groundwater recharge potential maps produced by the three models selected: (A) RF map,
(B) XGB map and (C) FR map

Table 4. Summary of the spatial agreemen of the RF, XGB and FR models

Model TN TP FN FP SAS (%)

RF 36 20 15 11 68.3

XGB 39 18 17 8 69.5
FR 29 17 18 18 56.1
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CONCLUSIONS

To map the groundwater recharge potential of 
the Midelt aquifer (241 km²), in response to the 
expansion of orchards within the Oued Ansegmir 
watershed, This study integrated piezometric 
data, remote sensing (RS), GIS-based algorithms 
and ML approaches. Three modeling techniques 
were compared: FR, RF and XGBoost; using 271 
measured piezometric observations divided into 
training (70%) and testing (30%) datasets and 23 
initial conditioning factors.

Following the acquisition of piezometric data 
and preparation of potential recharge condition-
ing factors, a training matrix was generated for 
the calibration and validation of the three models. 
After multicollinearity analysis using the Pear-
son correlation matrix and the variance inflation 

factor (VIF), 16 conditioning factors were re-
tained for modeling.

The performances of the FR, XGB and RF 
models were evaluated using ten validation met-
rics, namely: area under the ROC curve (AUC), 
accuracy, balanced accuracy, sensitivity, specific-
ity, true skill statistic (TSS), precision, F1-score, 
Cohen’s kappa coefficient, and Matthews correla-
tion coefficient (MCC); In addition, spatial vali-
dation was performed by overlaying the 82 inde-
pendent test points on the groundwater recharge 
potential maps produced by the three models.

Among the evaluated algorithms, XGBoost 
demonstrated the best predictive performance 
and was selected to generate the final groundwa-
ter recharge potential map of the Midelt aquifer 
at the ARW. The XGB model achieved an AUC 
of 0.769, an F1 of 0.590, and a Cohen’s kappa 

Figure 28. Final groundwater recharge potential map of the Midelt aquifer derived from
the best-performing model (XGBoost)
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of 0.356. The resulting map highlights that low 
recharge areas, mainly located in the southern and 
southwestern margins of the aquifer, were identi-
fied with perfect specificity (47 true negatives out 
of 47 and no false positive). Conversely, high re-
charge areas, predominantly in the central and in 
the northwestern part of aquifer, were identified 
with caution (8 true positives out of 35).

These results provide a scientific basis, 
grounded in field measured data, for the sustain-
able management of groundwater resources and 
for the prioritizing future drilling investments in 
the downstream part of the Oued Ansegmir wa-
tershed. Further investigations integrating geo-
physical field surveys are recommended to refine 
the transitional zones identified by the XGBoost 
model and to improve the delineation of ground-
water recharge potential.
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