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 Abstract 

Recharging depleted aquifers, reducing degradation, and increasing storage 
are all possible outcomes of MAR. There are a number of factors that 
determine the efficiency of MAR, including site selection, hydrogeological 
conditions, soil and subsurface features, source water supply, contaminant 
risk, land use, and the hydraulic response of the receiving aquifer. It is possible 
that regional site selection approaches that make use of a single 
hydrogeological parameter or multi-criteria decision analysis based on expert 
opinion could be effective; however, these methods are unable to take into 
account the nonlinear interactions that occur between environmental and 
hydro-geotechnical elements. An integrated hydro-geotechnical mapping 
framework combines geographic information systems (GIS), remote sensing, 
hydrogeological characterisation, geotechnical research, machine learning 
(ML), and groundwater-quality assessment in order to identify, rank, and 
validate MAR sites. It is proposed that lithology, soil texture, hydraulic 
conductivity, infiltration capacity, aquifer thickness, depth to groundwater, 
recharge potential, slope, drainage density, lineament density, land use/cover, 
electrical conductivity, ground water quality, contamination vulnerability, 
source water quality, and infrastructure proximity all be taken into 
consideration. GIS has the ability to provide spatial information structure, 
harmonise data, spatially analyse data, map constraints, and visualise data. 
On the other hand, machine learning models such as Random Forest, Support 
Vector Machine, Gradient Boosting, Extreme Gradient Boosting, and 
Artificial Neural Networks have the capability to model non-linear 
relationships between environmental predictors and groundwater-response 
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indicators. A recent study has demonstrated that machine learning has the 
potential to enhance groundwater mapping prediction provided it is taught 
and evaluated independently. In addition to the accuracy of the models, the 
technique that has been suggested takes into account the quality of the data, 
cross-validation, uncertainty analysis, explainable machine learning, and field 
verification in order to take into account the hydrogeological plausibility and 
the uncertainty of the models. Following a transparent and open preliminary 
screening procedure, a decision framework that is based on GPS makes use of 
machine learning in order to significantly enhance spatial predictions. 
Additionally, the model takes into account the attenuation of groundwater 
contaminants, the compatibility of source water, the duration of transit, the 
storage of aquifers, the risk of clogging, and the efficiency of recovery. In order 
to select MAR sites, develop experimental recharge methods, and devise an 
adaptive groundwater management strategy, water resource planners can 
make use of hydro-geotechnical suitability maps. Those metropolitan areas 
that are experiencing groundwater contamination and depletion can benefit 
from the technique described above. 

 
1. Introduction 
Groundwater is one of the key elements of 
freshwater systems globally and is an essential 
water source for drinking and irrigation, industry 
and for supporting ecosystems in many areas. Its 
significance expands further in arid and semi-arid 
areas where surface-water supplies are significantly 
more seasonal than they are in other areas, and 
rates of demand for surface-water are outpacing 
decreases in precipitation (Glanville et al., 2023). 
Population development, urbanisation, 
agricultural and industrial activities, and climate 
variability have boosted groundwater withdrawal 
from many aquifer systems. Due to excessive 
groundwater extraction above aquifer recharge 
rates, well efficiency drops, pumping costs rise, 
and surface water systems related to the 
groundwater system are affected. Overextraction 
of coastal aquifers causes saltwater intrusion. 
MAR can recharge groundwater using a 
technique. MAR involves purposefully depositing 
water in the ground to retrieve it later, store it for 
use, improve the environment, or manage 
groundwater resources. Man-made and natural 
recharge facilities include infiltration basins, 
ponds, wells, trenches, galleries, riverbank 
filtration, check dams, etc. With proper water 
quality controls, the system can be used with 
surface water, stormwater, treated wastewater, and 

seasonal flows. Thus, MAR is necessary for surface-
water, groundwater, wastewater, flood, and 
climate adaptation coordination (McCurry & 
Pyne, 2022). Although it may have the potential to 
be implemented, MAR cannot be successfully 
implemented at every location (Zurqoni et al., 
2020). While the surface characteristics of a site 
may seem to be favorable, the subsurface may be 
unfavorable, the hydraulic conductivity may be 
low, the aquifer thickness may be small, the water 
table may be shallow, the source water may be 
poor, the site may be highly vulnerable to 
contamination, or the storage capacity may be 
limited. Likewise, a seemingly permeable site may 
experience clogging, excessive mounding, 
inadequate recovery efficiency or undesirable 
groundwater-quality reactions (Stefan & Ansems, 
2018). Therefore, the multiple conditions of the 
surface, subsurface, hydrogeological, geotechnical, 
environmental, and socioeconomic must be 
understood in order to select a site for the MAR. 
Multi-criteria decision analysis (MCDA) is a widely 
used method for mapping MAR suitability that is 
performed using a GIS. Alishahi Tabriz et al. 
(2019) identified a wide range of factors which 
were used in 63 GIS-MCDA studies and found 
that there was a great variability in the ways in 
which weights were assigned, thus reflecting the 
usefulness and methodological inconsistencies of 
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traditional suitability mapping. GIS can be 
especially useful because it allows for the 
standardization, integration, analysis and creation 
of suitability maps from heterogeneous spatial 
datasets. In the past, other MAR studies have 
mapped the potential sites based on the slope, soil, 
drainage density, infiltration rate, lithology, 
groundwater depth, land use, and electrical 
conductivity. (Stefan & Ansems, 2018). 
But, in most cases, GIS-MCDA is based on pre-
defined weights and relationships. These methods 
can present complex interactions in a simplified 
manner. For instance, the impact of soil texture on 
recharge could be influenced by slope, land cover, 
antecedent moisture, aquifer depth, rainfall 
intensity and sub surface stratigraphy. 
Groundwater recharge also can be influenced by 
lineament density, dependent on lithology and 
structural connectivity. These nonlinear 
interactions provide an opportunity for machine 
learning (Elghazouly et al., 2024) . 
Machine learning has a data-driven approach that 
can learn relationships between several predictors 
and the groundwater or recharge response, as 
shown by Alishahi Tabriz et al. (2019) . Several 
algorithms have increasingly been utilized for 
groundwater potential, groundwater recharge-
potential, and groundwater-quality mapping, such 
as: Random Forest, Support Vector Machine, 
Artificial Neural Networks, Gradient Boosting 
and others. For instance, recharge-potential 
mapping studies have shown that models using 
machine learning algorithms can capture complex 
patterns and relationships among environmental 
variables, even if they are nonlinear (Moumane et 
al., 2025). Directly integrating ensemble ML into 
suitability assessment of MAR has been a recent 
development. A 2026 study in the upstream 
Awash River basin found that an ensemble model 
(combination of Random Forest, Support Vector 
Machine and XGBoost) outperforms significantly 
an AHP-based Groundwater Potential Index 
(GWPI), highlighting the potential of integrating 
expert-based GIS with data-driven learning (EL-
Omairi & El Garouani, 2023).  
The overall goal of this article is to create a 
comprehensive conceptual framework for hydro-

geotechnical mapping, based on GIS and machine 
learning, of MAR sites. The framework aims to not 
only generate a suitability map, but to combine 
physical suitability, recharge performance, 
groundwater quality, contamination risk, and 
remediation potential. We highlight the 
significance of hydro-geotechnical elements, 
validate our models, analyses uncertainty, and 
verify our findings in the field. 
 
2. Managed Aquifer Recharge and Groundwater 
Remediation 
2.1 Concept of Managed Aquifer Recharge 
MAR is a different type of natural recharge since 
it requires intentional manipulation of the 
hydrological system (El Moneam, 2023). The basic 
goal is to add water to an aquifer such that 
beneficial storage or improvement of the 
groundwater resource is accomplished. 
Depending on the project objective, MAR can: 
increase groundwater storage,  provide drought 
reserves, reduce pumping stress, improve 
groundwater quality, prevent seawater intrusion, 
reduce floodwater impacts etc. However, from the 
global synthesis of MAR initiatives by UNESCO, 
it is clear that managed recharge can contribute to 
higher groundwater storage, better water security, 
improved environmental flows, avoidance of 
seawater intrusion and natural attenuation of 
some contaminants (Chekirbane et al., 2025). 
Nevertheless, MAR cannot be seen as just a way to 
place water in the subsurface. Therefore, the two 
aspects of quantity and quality need to be taken 
into account in a successful MAR program. The 
U.S. Environmental Protection Agency recognizes 
that the improved recharging of an aquifer needs 
to be assessed for aquifer storage potential, 
transmissivity, infiltration characteristics, 
recoverability, water quality, water availability, and 
future demand. These factors are directly 
applicable to the hydro-geotechnical mapping 
(Hartog & Stuyfzand, 2017) . 
 
2.2 MAR as a Groundwater Remediation 
Strategy 
The technologies traditionally used for 
groundwater remediation include pump-and-treat 
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systems, permeable reactive barriers, monitored 
natural attenuation, in-situ chemical treatment 
and bioremediation (Mystrioti & Papassiopi, 
2024). When well designed, MAR can supplement 
these strategies. Groundwater recharge can affect 
groundwater remediation by: 
• Reducing the concentration of some 
dissolved pollutants, 
• improved drainage of polluted areas; and 
• variations in flow patterns; and 
• natural remediation; and 
• participation in biogeochemical reactions; 
and 
• hydraulic containment; 
 

Thus, recharge suitability should incorporate a 
source-water quality component in addition to the 
physical recharge potential. EPA is particularly 
explicit that recharge-water quality and 
contaminant effects should be taken into account 
during assessing enhanced aquifer recharge 
(E.A.R.) (Meles et al., 2024).  
 
2. 3 Hydro-Geotechnical Controls on MAR 
Suitability 
The proposed framework includes both 
hydrogeological and geotechnical parameters since 
the engineering properties of the near surface 
environment are determined to control recharge 
performance. 

 
Figure 1 Conceptual Framework 

 
 
3.1 Lithology and Geological Structure 
Groundwater movement, storage capacity, 
permeability and porosity are controlled by 
lithology. Clayey formations may have limited 
vertical infiltration and sand and gravel provide 
good hydraulic conductivity. Fractured rock 
aquifers may offer good recharge potential when 
fractures are interconnected (Wendt et al., 2021) . 
Geological features like faults, fractures and 
lineaments may significantly affect groundwater 
flow. Lineament density obtained from remote 
sensing can thus be used as a good spatial 
predictor. Note, however, that lineament density 
is not necessarily a positive recharge factor as some 
faults may be barriers to recharge. As the number 
of structural controls that are used increases in 
regional MAR mapping, lithology, distance to 
faults, and fault density were among the main 
suitability criteria for the Hari River Basin (Halim 
et al., 2025). 
The textural class is related to hydraulic 
conductivity.Hydraulic conductivity is related to 
the textural class of the soil. 

Infiltration is highly influenced by soil texture. 
Coarse sandy soils can typically allow more 
infiltration than clayey soils, however high 
permeable surfaces may provide limited 
opportunities for contaminant attenuation 
(Pauwels et al., 2023). Clay layers can impede 
infiltration, but can also offer some natural 
protection from the potential for rapid 
contaminant migration. Also, hydraulic 
conductivity is very significant because it indicates 
the speed at which water passes through the 
porous medium. Insufficient conductivity can 
cause surface ponding, high mounding or low 
recharge rates on a MAR site as described by Guo 
et al. (2022). Pumping tests, slug tests, laboratory 
permeability tests, grain-size relationships, 
geophysical interpretation of data, borehole 
information; and groundwater models can be used 
to obtain hydraulic conductivity. Therefore, the 
hydraulic conductivity may differ by several orders 
of magnitude, and should ideally be expressed at a 
more localized scale than the regional scale of the 
aquifer. 
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3.2 Infiltration Capacity 
The infiltration capacity can be used to describe 
the rate of recharge-water entry into the vadose 
zone. Field infiltration tests can be direct 
measurements and can be interpolated in a GIS.  
The infiltration rate is used in conjunction with: 
soil texture, initial soil moisture, soil compaction, 
land cover, sediment concentration, groundwater 
depth, vadose-zone thickness, and recharge-water 
quality. Furthermore, high infiltration capacity 
does not necessarily mean high MAR suitability. 
However, contaminants may reach the aquifer 
before they are sufficiently reduced before 
reaching the groundwater (Yumna et al., 2024) if 
infiltration is too fast and the zone of interest is 
thin. 
 
3.3 Depth to Groundwater 
Another important parameter is the depth to 
groundwater. Additional natural attenuation and 
storage can be provided by a sufficiently thick 
unsaturated zone. The shallow groundwater table 
could cause limited groundwater storage and 
groundwater mounding (Liu & Pan, 2024). 
Groundwater-depth observations from 
monitoring wells, borehole data, geostatistical 
interpolation, and groundwater models can be 
used to generate the spatial distribution of 
groundwater depth. The available unsaturated 

storage should be accounted for as a function of 
season as it varies with the year. 
The thickness of the aquifer and the amount of 
storage available in the aquifer. Another 
important factor to consider when evaluating a 
site's potential for groundwater storage is the 
aquifer's thickness. A highly permeable, extremely 
thin aquifer might not be the best strategic storage 
aquifer because it could store less groundwater 
than a thicker, moderately permeable aquifer. 
Aquifer extent, groundwater fluctuation, 
transmissivity, specific yield, storage coefficient, 
and saturation thickness are among the essential 
indicators. To simplify the expression, potential 
groundwater storage can be written as 
Vs=A×b×SyV_s = A \times b \times S_y, where 
AA is the recharge area, bb is the saturated 
thickness of the aquifer, and SyS_y is the specific 
yield. Reasons why the practical or recoverable 
storage might not live up to the theoretical 
potential include factors like operational 
constraints, groundwater-flow conditions, 
pumping, recharge efficiency, hydraulic 
connection, and regional hydrogeological 
heterogeneity (Raji & Abdulkadir, 2022). 
 
4. GIS-Based Hydro-Geotechnical Mapping 
GIS can give the spatial context in which various 
data sets can be combined. At least the following 
layers should be part of a conceptual GIS database 
for MAR site assessment: 

 
Table 1 MAR (Layers) 

Category Variables 
Topography Elevation, slope, curvature 
Soil permeability, hydraulic conductivity 
Geology Lithology, geological formations, faults, fractures 
Hydrology Drainage density, stream proximity, catchment characteristics 
Hydrogeology Groundwater depth, aquifer thickness, transmissivity, storage 

 
First each layer needs to be converted into a single 
spatial reference system and spatial resolution. 
This is because the input variables are in different 
units and ranges (Zhang et al., 2019). Slope, for 
instance, can be given in degrees; hydraulic 
conductivity in m/day; electrical conductivity in 
μS/cm and groundwater depth in m. The 

following parameters must be scaled to the same 
order of magnitude for a suitability model. 
Each criterion can be placed on the same scale 
from 0 to 1 and then a conventional standardized 
suitability score can be calculated. If the factors are 
correlated and the higher the score the more 
suitable, then the standardized score will be equal 
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to Si=Xi−Xmin/Xmax−Xmin. The standardized 
scores are then combined together using a 
Weighted Linear Combination (WLC) approach 
to calculate the overall MAR Suitability Index 
(MARSI), MARSI= Σ wiSi, where MARSI is the 
overall suitability index, wi is the weight assigned 
to criterion i, Si is the standardized suitability 
score of criteria i, and n is the number of criteria. 
The weight should be assigned in such a way that 
their sum is one (∑w=1), meaning that the final 
MARSI will be on the same scale of suitability 
(Ferrer-Ferrando et al., 2025). The GIS-MCDA 
approach has been employed extensively in the 
selection of MAR's sites, with variations in criteria 
and weighting techniques found in the literature 
(Imig et al., 2022). 
 
5. Restrictions of traditional GIS-MCDA 
Although GIS-MCDA is relatively simple to 
implement, transparent, and accessible, there are 
some drawbacks. First, weights are often 
determined by experts. While it is important to 
have expert knowledge, experts may give different 
importance to the same parameter. Second, the 
assumption of a relationship between a parameter 
and recharge suitability is often linear or 
monotonic. This is a simplified form of 
hydrogeological system that is rarely seen in 
nature. Third, there can be double counting of 
variables associated with correlations. Slope and 

drainage density, for instance, may have some 
correlation, while drainage and runoff may be 
partially correlated with land cover as well. The 
underlying data may be uncertain, and this 
uncertainty may not be represented in the final 
suitability map. Fifth, a suitability map cannot be 
used to determine actual recharge performance. A 
site could be very suitable but not work well due 
to unrecognized subsurface heterogeneity. These 
restrictions further promote the use of machine 
learning with GIS. 
 
5.1 MAR Site Assessment Machine Learning 
Machine learning can learn complex predictor-
outcome correlations. Measured infiltration rate, 
recharge rate, groundwater-level reaction, 
groundwater potential, aquifer transmissivity, 
groundwater-quality response, successful vs 
unsuccessful infiltration sites, or groundwater 
mounding can be used for MAR evaluation. 
Random Forest (RF), Support Vector Machine 
(SVM), Gradient Boosting Machine (GBM), 
XGBoost, ANN, and Logistic Regression are 
popular techniques. Recently, groundwater 
research employing machine-learning has grown 
rapidly. A recent comprehensive evaluation of 
over 200 groundwater-quality studies shown that 
ML is frequently utilised for parameter prediction 
in complicated groundwater systems, making data-
driven approach acceptable (Haggerty et al., 2023). 

 
Figure 2 GIS–MCDA to Machine Learning 

 
 
5.2 Random Forest 
Random Forest (RF) is a model that is very 
appealing for MAR mapping because it can model 
nonlinear relationships, accommodate a large 
number of predictors, model interactions, account 
for different variable scales, estimate variable 
importance, and can be used for heterogeneous 
datasets (Salman et al., 2024). A Random Foest 
model builds several decision trees from a 

bootstrapped sample and a random subset of the 
features. Generally, the final estimate is made 
based on the collective trees. In addition, variables 
related to groundwater and its environs, which can 
also be viewed as spatial variables, represented as 
X= {Slope, Soil, Lithology, K, Dgw, Rainfall, 
LULC, Lineament, EC…} can be used for Aquifer 
Recharge (MAR) application and predictive 
models.Moreover, spatial variables can be used to 
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model Aquifer Recharge (MAR), such as Slope, 
Soil, Lithology, K, Dgw, Rainfall, LULC, 
Lineament, EC… where KK denotes hydraulic 
conductivity and Dgw denotes groundwater 
depth. The combination of these variables define 
the physical, hydrological, geological and water-
quality conditions that affect the performance of 
MAR. The model can then be used to estimate the 
probability of MAR suitability, P (MAR suitability) 
or in order to foretell the ongoing result, such as 
the rate of recharge. Compared to older, more 
simplistic approaches that relied on a single 
criteria to determine appropriateness, this new 
method makes it possible to more efficiently link 
complicated relationships among multiple factors. 
 
5.3 SVM For Support 
Support vector machines (SVMs) shine when the 
connection between the predictors and the target 
variables is not monotonic. By mapping the 
feature space, kernel functions make it possible to 
use complex decision boundaries. Using support 
vector machines (SVMs) to conduct groundwater 
recharge-potential mapping (GWRPM) has the 
potential to be especially useful when dealing with 
small data sets that contain high-dimensional 
environmental predictors (Wagle & Harikrishnan, 
2021). 
 
5.4 XGBoost with Gradient Boosting 
Decision trees were used by gradient boosting 
models to correct errors made by earlier trees. 
Thanks to XGBoost, gradient boosting is a breeze. 
Overfitting can ruin these models' predictive 
abilities, so they'll need some tweaks. Spatial cross 
validation and separate test datasets can be used to 
assess them. Evidence from a recent study 
demonstrating the value of an ensemble of 
groundwater potential models (including AHP, 
RF, SVM, and XGBoost) is significant approach in 
MAR assessment. The ensemble MAR probability 
model was reported to achieve a higher ROC-
AUC value of 0.913 and PR-AUC value of 0.946 
for the Awash River study than the lower 
performance of their AHP-derived groundwater 
potential index (Wulan Sari & Prabowo, 2025).  
 

5.5  Proposed Integrated GIS–ML Framework 
Integrated GIS–ML Framework consists of eight 
stages:  
(1) data acquisition 
(2) hydro-geotechnical characterization with 
borehole logging 
(3) GIS preprocessing,  
(4) constraint mapping  
(5) GIS-MCDA screening  
(6) machine-learning prediction  
(7) validation of the model;  
(8) final suitability mapping and field checking  
 
Potential workflow: 
Input layers → Feature engineering → Training 
→ Cross-validation → Model tuning → 
Independent testing → Prediction map 
 
5.6 Groundwater Quality and Remediation 
Potential Integration 
Groundwater quality and contamination risks are 
directly incorporated into the suitability 
assessment for Managed Aquifer Recharge (MAR) 
is a significant improvement over traditional 
groundwater recharge mapping (Zhang et al., 
2019). The MAR suitability model should take 
into account the quality of the recharge source 
water and receiving aquifer, potential for site 
contamination, and site environmental and 
engineering constraints, in addition to the 
quantity of water that can be recharged. Overall 
MAR suitability can be stated as a function of 
MARoverall = f (Qs, Qa, R, S, C, E), that is, the 
overall suitability of a MAR depends on source-
water quality (Qs), aquifer receiving water quality 
(Qa), recharge capacity (R), available storage 
capacity (S), contamination risk (C), and 
environmental and engineering constraints (E). 
Parameters such as electrical conductivity, total 
dissolved solids (TDS), pH, nitrate, ammonium, 
iron, manganese, arsenic, fluoride, chloride, 
sulfate, microbial indicators, and selected organic 
contaminants can be important parameters for 
assessing groundwater quality (Haggerty et al., 
2023) The use of these parameters enables the 
evaluation to reveal, in addition to the areas of 
high physical recharge potential, those areas in 
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which recharge can have a positive effect on 
improving the condition of groundwater, or those 
areas in which recharge can cause a mobilization 
of contaminants and deterioration of aquifer 
conditions. The integrated approach is in line with 
recent U.S. Environmental Protection Agency 
(EPA) research which calls for both volume of 
groundwater replenishment and potential effects 
on receiving aquifers (Imig et al., 2022). 
 
5.7 Contamination Vulnerability Mapping 
Prior to managed aquifer recharge (MAR), 
groundwater vulnerability to contamination 
should be evaluated, and a high level of recharge 
vulnerability may also indicate a high vulnerability 
to groundwater contamination (Elzain et al. 2021). 
Aquifer depth to groundwater, aquifer media, 
recharge rate, soil properties, topography, vadose-
zone properties, hydraulic conductivity, land use, 
and the location of potential contaminant sources 
are some of the factors that can be incorporated 
into an appropriate vulnerability assessment. The 
conventional DRASTIC model is a good first 
approximation to groundwater vulnerability and 
machine-learning (ML) can increase spatial 
prediction where there is adequate groundwater-
quality data available. For instance, nitrate 
concentrations can be measured from monitoring 
wells, and used as a dependent variable, whereas 
land use, intensity of fertilizer application, 
groundwater depth, soil texture, rainfall and 
hydraulic conductivity can be used as predictive 
variables. A trained ML model can then produce 
spatial nitrate-risk surface which can be used to 
mark areas as different risks of nitrate 
contamination. This information can be 
integrated into the MAR suitability framework to 
distinguish high recharge potential with low 
contamination vulnerability from high recharge 
potential/high contamination vulnerability. High 
recharge potential and low contamination 
vulnerability can then be considered as favorable 
locations for implementing MAR and areas 
identified as high risk can be avoided or treated 
with extra precautions before undertaking 
recharge activities (Satyam & Patra, 2024). 
 

5.8 Water-Source Compatibility 
The suitability of a MAR site is not compatible 
without having access to a reliable source of 
recharge water. These recharge water sources 
include seasonal rivers, stormwater, treated 
municipal wastewater, properly treated industrial 
effluent, irrigation return flow, reservoir releases 
and excess flood water, and harvested rainfall. The 
spatial and temporal availability of these sources 
needs to be assessed, as water availability may 
fluctuate significantly from one season to the next, 
and from one year to the next. Example: There can 
be very favorable hydrogeological conditions for 
recharge, but no reliable source of water and long-
term operation of MAR is not possible. On the 
other hand, a site near a plentiful seasonal river 
might have adequate recharge water, but the 
aquifer properties might be inappropriate, or 
infiltration might be restricted or other physical 
limitations. Thus, the concept of MAR feasibility 
should be considered as a product of site 
suitability, water availability and water quality and 
can be expressed as MAR feasibility = Site 
suitability × Water availability × Water quality. A 
more relevant insight into the theoretical potential 
for recharge, practical feasibility, and sustainable 
operational feasibility of MAR is provided by 
combining the three (Ebrahim et al., 2024). 
Additionally, this combination lowers the 
inclination to assume that physically favorable 
conditions are operational feasibility. 
 
5.9 Model training and validation 
If the observations are unreliable, then there is no 
way to rely on machine learning to make 
predictions. Ideally training data should be 
representative of appropriate and inappropriate 
conditions. A typical dataset may contain: 70% 
training data, 15% validation data; and 15% 
independent testing data.  Random splitting, 
however, may not be appropriate for spatial data 
since observations that are near each other can be 
highly correlated. Therefore, if adequate data are 
available, it is better to use spatial cross-validation. 
The following can be used to assess the 
performance of the classification: 
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A thorough set of prediction-specific measures is 
needed to evaluate model performance. 
Performance in classification is measured using 
Accuracy (TP+TN)/(TP+TN+FP+FN), Precision 
(TP/TP+FP), Recall (TP/TP+FN), and F1-score 
(2(Precision×Recall)/(Precision+Recall). The 
Precision-Recall AUC is better for imbalanced 
MAR datasets than the ROC-AUC, which assesses 
a classifier's ability to discriminate positive and 
negative cases across thresholds. To forecast 
continuous recharging, typical regression metrics 
include the Root Mean Square Error (RMSE = √[ 
(1/n) ∑(yi - Ϸi)² ]) and Coefficient of 
Determination (R² = 1 - [ ∑(yi - Ϸi)² / ∑(yi - ɳ)² 
Because no single metric can determine the best 
model, the final decision must also guarantee that 
the method is spatially stable, hydrogeologically 
sound, and reliable in real-world field settings. 
Complex algorithms can be "black boxes" for ML 
environmental mapping. Decision makers must 
understand why a site is suitable. Explainable AI 
can fix this (Zhao et al., 2023). Feature significance 
analysis helps identify key features in random 
forest or XGBoost.  SHAP can also be used to 
determine if values of a predictor are driving 
predicted suitability higher or lower. For instance, 
a model may show that hydraulic conductivity is 
most significant, groundwater depth is second 
most significant, soil permeability is third most 
significant, lineament density is fourth most 
significant and slope is fifth most significant. As a 
result, the results are comparable with knowledge 
of hydrogeology. The more extreme the 
relationship that the model implies, such as a 
strong association between a very low hydraulic 
conductivity and a very high recharge, the more 
the result should be examined, and not simply 
taken at face value.Maps of suitability will always 
have a level of uncertainty inherent in their 
development because they are derived from 
environmental, hydrogeological, and socio-
economic data which may be incomplete or 
inaccurately known, or vary between locations. 
There are a number of uncertainty issues that 
could affect the results presented in this report, 
including the following: measurement errors, 
limited number of borehole observations, 

interpolation error, uncertainty of the hydraulic 
conductivities, uncertainty of recharge rates, 
temporal variation of groundwater levels, source 
water availability during the seasons, ML model 
uncertainty, classification errors, and uncertainty 
of the weights assigned to the individual suitability 
criteria. To assess the robustness of the final 
suitability map, each parameter and criterion 
weight can be varied in a specified range and a 
sensitivity analysis performed. For instance, in an 
input parameter, it can be written as Si∗=Si(1±δ), 
where the unknown range is assumed to be ±δ. 
The areas which consistently fall into one of the 
highly suitable categories can be categorized in 
stable high priority MAR zones, while areas that 
fall into a very different category should be 
classified as uncertain and should be prioritized 
for further field investigation. Recent studies on 
groundwater recharge mapping have been focused 
on the need for robust spatial stability when input 
uncertainty is present, highlighting the added 
value of delineating robust ground water recharge 
suitability zones from uncertain or transitional 
zones (Prataviera et al., 2022).  
GIS and machine-learning (ML) approaches need 
to work together for groundwater-flow modeling 
to be a tool for groundwater-flow planning for 
MAR, not a replacement. Once priority sites have 
been determined, groundwater-level changes, 
recharge mounding, flow directions, contaminant 
transport, well interference, recovery efficiency, 
boundary effects, and long-term aquifer storage 
can be simulated with a numerical model like 
MODFLOW. Hence, the integrated GIS–ML–
groundwater-model workflow can implement a 
multi-layer approach to site selection and 
operational planning of MAR, establishing a more 
reliable operational planning that takes into 
account spatial screening, data-driven prediction, 
and physically-based simulation. 
GIS screening → ML prediction → field 
validation → groundwater modeling → pilot 
MAR → operational optimization. 
Spatial multi-criteria analysis and mathematical 
groundwater modelling have been shown to rank 
MAR sites (Abbas et al., 2024). 
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Figure 3: Decision-Support Chain 
 

 
 
5.10 Proposed MAR Suitability Classification 
A useful classification system divides sites into five categories: 

Class Interpretation Recommended Action 
Very High hydro-geotechnical & water-quality conditions Immediate field verification 
High limited constraints Detailed feasibility study 
Moderate Some important uncertainties Additional investigation 
Low environmental & technical constraints Generally, 
Unsuitable environmental, Major physical, regulatory constraints Exclude 

 
5.11 Water-Stressed Urban and Semi-Arid 
Regions applications 
The framework is especially applicable to 
urbanizing areas where multiple declines are 
occurring: groundwater depletion and land-use 
change. An example of the region is Kabul, 
Afghanistan. Groundwater decline and suitability 
of MAR were identified in the past and assessed by 
GIS and MCDA. Slope, drainage density, 
infiltration rate, unsaturated-zone thickness, soil 
type and electrical conductivity were included in 
the Kabul study. The ANP assessment results were 
used to classify about 10.3% of the study area as 
very suitable, 33.1% as suitable, and seven sites 
were prioritised on land use (Bierkens & Wada, 
2019).  This case illustrates the usefulness of GIS 
based MAR planning, but it is possible that other 
data, such as: groundwater-level time series, 
borehole yield, geophysical data, aquifer 
transmissivity, urban imperviousness, 
precipitation variability, contaminant sources, 
seasonal river flow, groundwater-quality trends 
and predicted climate conditions. Furthermore, 
the outcome would be a dynamic groundwater 
decision support system, rather than a static 
suitability map. The Integrated GIS–ML 
Approach has the following advantages: The 
integrated approach proposed herein has a 
number of advantages for MAR planning, 
including the ability of ML to approximate 
nonlinear relationships, the ability of GIS-based 

mapping to approximate spatial relationships, and 
the ability to integrate heterogeneous datasets like 
satellite observations, borehole records, 
geophysical surveys, soil properties, water 
chemistry, and hydrological data. It also provides 
for better planning of groundwater remediation by 
adding contamination risk and water quality in 
addition to recharge potential. Moreover, MCDA 
offers a clear and easily-understood screening 
system, and explainable ML can pinpoint the 
significance of the major predictors. The 
framework is also flexible enough to enable ML 
models to be updated when new monitoring data 
becomes available, and can be expanded to 
facilitate the implementation of water 
management planning for climate change by the 
use of future scenarios related to rainfall 
variability, drought, land-use change and water 
demand. 
 
5.12 Limitations and Challenges 
Though there are benefits, the integrated 
approach has drawbacks. Performance of ML is 
dependent on training data quality. Water-level 
predictions from models may be poor in poorly 
monitored areas if the observations are sparse or 
are only from easily accessed areas. Secondly, 
groundwater systems are in three dimensions 
while many GIS suitability models are two 
dimensional. Thus, important vertical 
heterogeneity may be overlooked. Third, 
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correlations do not necessarily represent 
causation. An ML model can learn a statistical 
relationship with little or no physical basis. 
Fourth, historical training data may not represent 
future conditions due to changing climate and 
land use. Fifth, satellites do not provide a 
subsurface investigation. Sixth, in addition to 
being technically suitable, there are regulatory, 
social, economic and institutional issues to 
consider when implementing MAR. Last, careful 
monitoring is needed for groundwater 
remediation using MAR. The high suitability score 
is not reason enough to initiate recharge. 
 
5.13 Future Research Directions 
Research for future mapping of MAR should be 
directed towards developing integrated digital 
platforms for groundwater that incorporate 
sophisticated numerical approaches and ongoing 
hydrogeological monitoring. An important 
direction is physics-informed machine learning 
(PIML), which uses the principles of hydrogeology 
and groundwater-flow constraints to enhance the 
physical reliability of predictions made by ML 
models. A benefit of adding Spatiotemporal ML is 
the ability to consider temporal variations in 
groundwater levels, precipitation, land use, and 
water quality; and a benefit of adding explainable 
AI (XAI) is increased transparency and confidence 
for hydrogeologists and regulators.  
 
 
5.14 Conclusion 
Hydrogeotechnical mapping identifies and 
prioritises MAR possibilities based on geology, 
infiltration, groundwater depth to bedrock, 
aquifer storage, terrain, land use, water supply, 
and groundwater quality. GIS-MCDA framework 
enables transparency during preliminary 
screening, while ML techniques like Random 
Forest, SVM, Gradient Boosting, XGBoost, and 
neural networks identify complex nonlinear 
variable relationships and increase predictive 
capability. GIS-MCDA, ML, hydrogeological 
modelling, and field validation work best together. 
Groundwater quality, contamination 
vulnerability, aquifer geochemistry, and natural 

attenuation are also incorporated, further 
strengthening the MAR planning. Finally, site 
selection for MAR should be a process of 
continuous improvement with the input of new 
monitoring and field data. Data acquisition, 
Hydro-geotechnical characterization, GIS 
screening, ML prediction, Explainability, 
Uncertainty analysis, Field validation, 
Groundwater modelling, Pilot MAR, Monitoring, 
Groundwater modelling updating. This holistic 
solution can make MAR suitability mapping a 
proactive groundwater-management system. In 
water-stressed areas, including rapidly urbanizing 
and semi-arid areas, it can help restore 
groundwater resources, enhance drought 
resilience, ease stresses on over-exploited 
groundwater resources, and help achieve water 
security over the long term. 
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