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Abstract: The primary aims of this research paper involve the creation and verification of machine
learning-based quality models that utilize Integrated Irrigation Water Quality Indices (IIGWQIs)
through an integrated GIS approach. We utilize the Least-Squares Support Vector Machines
(LS-SVM) and the Pearson Correlation Fuzzy Inference-based System (PC-FIS) to establish fore-
casts for groundwater quality in the Meknassy basin. This basin serves as a representative case of
an irrigated region in a mining environment under arid climatic conditions in central Tunisia. The
evaluated factors for groundwater quality encompass the Irrigation Water Quality Index IWQIndex),
Sodium Adsorption Ratio Index (SARIndex), Soluble Sodium Percentage Index (SSPIndex), Potential
Salinity Index (PSIndex), Kelley Index (KIndex), and Residual Sodium Carbonate Index (RSCIndex).
These factors were determined based on measurements from 53 groundwater wells, which included
various physico-chemical parameters. The hydrogeochemical facies identified included Ca-Mg-SOy,
mixed Ca-Mg-CI-50;, and Na-Cl facies, revealing processes such as carbonate weathering, carbonate
dissolution, interactions between rocks and groundwater, and mixing ionic substitution. In terms of
the irrigation suitability categories, the INQIndex, SSPIndex, PSIndex, Kindex, and RSCIndex indi-
cated no limitation or minimal limitation (77.36%), secure (92.45%), favorable to excellent (66.04%),
favorable (81.13%), and average to secure (88.68%), respectively. However, only 15.09% were con-
sidered favorable, according to SARIndex. The evaluation of the predictive models revealed the
effectiveness of both the PC-FIS model and the LS-SVM model in accurately forecasting the IIGWQISs.

Keywords: sustainable water security; geochemistry; machine learning; groundwater quality
evaluation; fractured aquifer

1. Introduction

Groundwater plays a vital role as a significant water resource in a nation’s journey
towards socioeconomic advancement. In contrast, agriculture stands out as the largest
consumer of groundwater on a global scale [1-3]. Especially in areas characterized by dry
and semi-dry conditions, the accessibility of irrigation water plays a crucial role in shaping
agricultural productivity and the enlargement of cultivated areas. This, in turn, exerts
a considerable influence on the sustainability of crop productivity. Nonetheless, these
invaluable water sources face an array of challenges arising from environmental factors,
human interventions, and natural phenomena [1,4,5]. The collective impact of these factors
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leads to a decline in the chemical and physical attributes of groundwater, rendering it
inadequate for agricultural use.

However, active and disused mines generate significant discharge, rock debris, and
tailings. Within these waste materials, a sequence of intricate physical-chemical processes,
including weathering, dissolution, and oxidation, occur, along with the leaching and ero-
sion caused by groundwater and surface runoff. These processes result in the formation of
mine drainage characterized by elevated levels of sulfate and heavy metals in its miner-
alogical composition. The movement of these dissolved and drained metals has a profound
impact on the initial geochemical setting, leading to heavy metal contamination and the
degradation of groundwater and soil quality within mining regions [6,7]. Moreover, the
contamination consequences and the accumulation of heavy metals pose significant hazards
to humans and other organisms residing in close proximity to mining regions [6-9].

Groundwater chemistry investigations have found extensive application in assessing
water quality. Consequently, the presence of physicochemical components in irrigation
water can have detrimental effects on both crop productivity and soil health [5,6]. Across
various hydrogeochemical investigations, a range of water quality metrics have been com-
pared against established standards to evaluate the groundwater’s quality. However, this
method falls short of providing decision-makers with instant insights and a comprehensive
comprehension of groundwater quality, especially when multiple factors contributing
to the deterioration of water quality are identified. To address this limitation, various
computer-assisted plotting techniques like Piper, Durov, Schofield, Wilcox, and United
States Salinity Laboratory (USSL) approaches have been involved in assessing the ap-
propriateness of groundwater for agricultural watering [10-17]. Furthermore, Integrated
Irrigation Groundwater Quality Indices (IIGWQIs) are derived from water’s chemical
composition and offer an effective means of evaluating water suitability. By amalgamating
several pivotal water quality indicators into a single value, these indices are designed to
facilitate water quality management decisions for stakeholders [10,11,15,18-21]. In the
context of agriculture, these IGWQIs are typically evaluated using a range of indices and
variables [15,18,19]. Notably, the Irrigation Water Quality Index (IWQIndex), Sodium Ad-
sorption Ratio Index (SARIndex), Soluble Sodium Percentage Index (SSPIndex), Potential
Salinity Index (PSIndex), Kelley Index (KIndex), and Residual Sodium Carbonate Index
(RSCIndex) are frequently employed to classify the appropriateness of groundwater for
agricultural watering. These indicators help establish the ability of the rock formation to
absorb water [15,22-25]. Across the globe, numerous studies have leveraged Integrated
Irrigation Groundwater Quality Indices (IIGWQIs) in conjunction with GIS technology
to assess groundwater’s fitness for agricultural purposes. This approach enables the de-
lineation of quality zones for irrigation through the generation of groundwater quality
maps [18-25].

The assessment of irrigation water quality using traditional methods for agricultural
production often proves to be both costly and time-intensive. However, this challenge
can be effectively addressed by employing Machine Learning techniques to evaluate and
predict Integrated Irrigation Groundwater Quality Indices (IIGWQIs) based on physico-
chemical parameters. Examples of such techniques include the application of Least-Squares
Support Vector Machines (LS-SVM) and Pearson Correlation Fuzzy Inference-based Sys-
tems (PC-FIS). Furthermore, the development of affordable and innovative technologies
is imperative to establish sustainable, long-term strategies for managing groundwater
quality. Effectively addressing this concern is crucial for ensuring robust environmental
stewardship, particularly by anticipating variations in water quality indicators. Conse-
quently, there has been a recent surge in the adoption of deterministic models within this
domain [15-17,20,21,24,26-30].

In the realm of water quality modeling, certain characteristics often prove either
prohibitively costly to measure or entirely beyond measurement capabilities [31,32]. In
addressing water-related challenges, significant strides have been made in the advancement
and utilization of Machine Learning tools. Operating without explicit knowledge of
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the system’s physical behavior, Machine Learning depends on scrutinizing the data that
characterizes the system and skillfully emulating the intricate relationships among input
and output variables [28]. Machine Learning simulation models incorporate an array
of models, ranging from traditional statistical calculations like Auto-Regression Models
(ARMs) and Moving Average Models (MA) to more sophisticated forms of Artificial
Intelligence such as neural network prediction and support vector machine learning [31,32].
Notably, fuzzy neural network prediction models emerge as particularly potent within the
Machine Learning paradigm. Renowned for their high predictive accuracy and adaptability,
these models have found widespread application in addressing various challenges in
water management [33-35]. Their efficacy lies in accurately simulating and estimating
intricate hydrological data and nonlinear functions, proving especially effective for tasks
like forecasting river inflows [33]. Another prominent Machine Learning approach is the
support vector machine model, frequently harnessed for modeling hydrology datasets [34].
This method stands out in its ability to simplify the complexities of dynamic systems,
capture nonlinear patterns, and gather the necessary data for well-informed decision-
making with a remarkable level of accuracy [36]. The study area has witnessed a range of
investigations focusing on diverse aspects, including monitoring water levels, assessing
hydraulic parameters, evaluating health risks associated with drinking water, and tracking
changes in soil quality over time.

To assess the effectiveness of the proposed approach within the context of an arid
region, the Meknassy basin serves as a representative case study. This basin typifies an
irrigated area in a mining environment situated in the arid climate of central Tunisia, where
groundwater stands as the sole source for both irrigation and residential purposes.

This study aimed to accomplish the following primary goals: (i) characterize ground-
water chemistry, categorize groundwater types, and elucidate the geochemical influences
through the utilization of physical and geochemical elements and simulation methodolo-
gies; (ii) evaluate the appropriateness of groundwater for agricultural utilization using
diverse Integrated Irrigation Groundwater Quality Indices (IIGWQIs); and (iii) scrutinize
the efficacy of PC-FIS and LS-SVM models in accurately forecasting key IIGWQIs, including
IWQIndex, SARIndex, SSPIndex, PSIndex, KIndex, and RSCIndex.

This study presents a novel approach to forecasting key indicators of interest in
Groundwater Quality for irrigation purposes (IIGWQIs) under an arid climate case study
by employing Least-Squares Support Vector Machines (LS-SVM) and the Pearson Correla-
tion Fuzzy Inference-based System (PC-FIS) models. While previous research in similar
case studies of arid areas has explored machine-learning algorithms for groundwater qual-
ity prediction, the specific application of PC-FIS and LS-SVM to IIGWQIs is relatively
uncharted territory. Our study pioneers the use of these models in this context, showcasing
their superior predictive performance compared to traditional methods [10,11,15,18-25].
Additionally, we contribute methodological insights into the configuration and optimiza-
tion of these models for groundwater quality forecasting. This research holds practical
significance for groundwater management and environmental protection, offering decision-
makers a more accurate tool for assessing and mitigating water quality issues. We believe
that the successful application of PC-FIS and LS-SVM models to IIGWQI forecasting sets
a new benchmark for groundwater quality research and underscores the adaptability of
advanced machine learning techniques in hydrogeology.

2. Study Area

The Meknassy region, encompassing an extent of 1235 km?, serves as a representative
example of a Mediterranean arid climate region. Its location lies within the southern
central Atlas of Tunisia, known for extensive mining activities, especially phosphate
and gypsum extraction [37]. This basin constitutes an independent hydrogeological
unit [27,37] and is underpinned by a diverse array of geological formations. The char-
acterization of the Meknassy basin’s geology (Figure 1) is compiled by studying pub-
lished geological maps and conducting firsthand observations on-site. This representation
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showcases prominent outcroppings of fractured carbonates. Among these formations,
the Mio-Plio-Quaternary segment displays variation in its composition, with varying
granulometric compositions encompassing sandstone and gravel. Cretaceous formations
exhibit a fracturing pattern on differing scales. Notably, the recent Quaternary deposits
within the study region consist of permeable formations. The variation in the depth of the
Mio-Plio-Quaternary sand and gravel accumulations primarily stems from irregularities in
bedrock topography [27,37-42]. As one moves eastward within the study area, the depth of
the phreatic aquifer increases [27,37], but its spatial extent remains constrained due to the
surrounding elevations encompassing the hydrogeological basin. On average, the depth
of this formation measures around 65 m. The shallow aquifer’s porosity is estimated at
28% [37,38].
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Figure 1. Map of the geological settings of the Meknassy basin.

In the principal outcrop regions of the hydrogeological Meknassy basin, the fractured
formations have undergone secondary porosity development as a result of the fracturing
and jointing processes. The Albian-Cenomanian Formation primarily consists of frac-
tured carbonates, whereas the Late Turonian Formation is characterized by fractured
dolomitic limestone. The upper level exhibits an average depth of approximately 155 m,
with the lower level reaching depths of 285 m. Rainfall in the study area averages around
207 mm annually [27,37]. The boundaries of this region are defined by anticlinal folds that
originated during compressive phases in the Miocene and Pleistocene periods [39,42].

The geological composition is distinguished by the occurrence of sedimentary de-
posits from the Mio-Plio-Quaternary period that delineate the near-surface aquifer. The
fissured Cretaceous formations encompass the deep aquifer [37,38]. Within the study area,
groundwater is predominantly found within weathered segments of rocks along joints
and fractures, as well as within outcroppings of porous materials. Notably, groundwater
movement was observed to predominantly follow an east-west direction, aligning with the
gradual decline in topography.

The hydrogeological examinations conducted in the Meknassy basin reveal a partition-
ing of the study terrain into two distinct hydrogeological entities, recognized as aquifers
with both permeable and fractured characteristics. The permeable aquifer encompasses the
sedimentary deposits of sands and gravels from the Mio-Plio-Quaternary period, which
define the shallow aquifer. Meanwhile, the fractured limestone water-bearing formation
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is formed by the fractured limestone and dolomite formations from the late Cretaceous
period. Notably, this fractured carbonate aquifer is especially notable as the primary aquifer
of significant importance in the area.

In the relatively low-level stretches of the Meknassy basin, the sedimentary deposits
of alluvial strata and Mio-Plio-Quaternary sand and gravel, which constitute the permeable
aquifer, exhibit limited thickness. Various exploratory boreholes have been used to infer
the stratigraphic cross-sections of this aquifer, as illustrated in Figure 2.

Figure 2. Cross-sections showing the subsurface characteristics of the Meknassy basin [27]: 1 Quater-
nary sands and conglomerates, 2 Miocene sands, 3 Eocene carbonates and evaporites, 4 Paleocene
clays, 5 Upper Cretaceous carbonates, 6 Lower Cretaceous carbonates, 7 Trias clays, carbonates, and
evaporites, 8 Sampling wells, and 9 Faults.

The fissured carbonate aquifer, which is the primary focus of this study, demon-
strates varying hydraulic conductivity characteristics. Notably, To the west and within the
encompassing mountainous regions, hydraulic conductivity is relatively high, surpassing
10~* m/s. However, as one moves eastward within the study area, there is a progressive
decline in hydraulic conductivity, resulting in lower values ranging from approximately
0.05to1 x 10~* m/s.

The observation wells within the study region validate the prevailing pathway of
subterranean water movement with W-E predomination. The depth of the water table
exhibits variability, ranging from 30 m to 200 m (Figure 3a). The groundwater reserves
within the fissured carbonate aquifer of the study locale display an annual utilization
rate of 3.81 mm?3 per year, accompanied by a consistent theoretical discharge of 76 L/s.
Furthermore, the collective salinity levels of the groundwater resources vary between
1.398 g/L and 4.469 g/L (Figure 3b).

The predominant direction of groundwater movement occurs from the western side
towards the eastern region, following the drainage pathways within the Meknassy basin.
The determination of the groundwater flow direction and recharge area was based on the
overall hydrodynamic characteristics of the aquifer.

The residents of the Meknassy region, comprising approximately 60,000 individuals,
grapple with contamination stemming from mining and open pit carrying activities, un-
regulated agricultural and extractive activities, and industrial processing operations [27].
Modern farming practices have significantly impacted the quality of water, primarily
because of the utilization of chemical plant nutrients and crop protectants, leading to
considerable contamination of this vital resource.
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Figure 3. Groundwater characteristics of the Meknassy basin: (a) a spatial map of the piezometric
level (2022) and (b) a map of the TDS concentration.

Prior to 1990, groundwater was primarily sourced from springs and shallow wells
with free-flowing access, catering to extensive irrigation demands. Subsequently, there
has been a continuous escalation in groundwater utilization, leading to a reduction in
groundwater levels and requiring the drilling of deeper wells. The declining aquifer
in the Meknassy basin has emphasized an urgent requirement for proficient control of
groundwater withdrawal, as emphasized by various studies [27,37,38]. Additionally, a
notable challenge in achieving management of groundwater resources lies in the scarcity of
hydrogeological data essential for estimating groundwater flow patterns and anticipating
the consequences of groundwater abstraction [27,37].

Hence, the Meknassy basin necessitates consistent surveillance and evaluation of
irrigation water quality owing to its proximity to several phosphate mines and gypsum
open pits. This imperative arises from the need to comprehend the potential ramifications
of swift water level declines, geological makeup, and human interventions on irrigation
water quality. Such insights are pivotal due to their subsequent impact on both soil quality
and crop yield. Ultimately, the goal is to formulate well-informed suggestions for the
responsible management of water resources in the Meknassy basin, guided by the principles
embodied in Integrated Irrigation Groundwater Quality Indices {IGWQIs) [15,18,19].
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3. Compilation of a Hydrogeochemical Dataset
3.1. Groundwater Sampling, Gathering, and Analytical Assessment

The water sampling was procured in July 2022 from a total of 53 production wells
(53 samples were collected), ranging in depths from 30 m to 200 m, thereby penetrating
the fractured carbonate aquifer. On-site measurements encompassed parameters including
temperature, TDS, pH, and electrical conductivity (EIC). EIC and pH were monitored
using a portable multimeter. After filtration, each sample was carefully gathered using
polyethylene containers for the purpose of examination of chemical constituents, specifi-
cally Ca%*, Mg?*, Na*, K*, C1~, HCO3~, and SO42~. Spectrophotometry was employed
for the analysis of S0,4%~ and Cl—, while K*, Ca*, and Na* were quantified using a flame
spectrophotometer. The method based on complexometric titration was utilized for the
assessment of Mg?*, while CO32~ and HCO3~ were quantified through a titrimetric ap-
proach. To ensure accuracy, the Charge-Balance Error (CBE), limited to 5%, was employed
as per Equation (1) to validate the accuracy of the analysis for ion concentrations calculated
in meq/L.
Y Cations — Y_ Anions
Y Cations + ) Anions
Quality control measures were implemented to establish the reliability of the examina-

tion methods, including thorough calibration of equipment and meticulous assessment of
the precision of each analyzed sample.

CBE = 100 (1)

3.2. The Indexing Method for Integrated Irrigation Groundwater Quality (IIGWQIs)

An exhaustive analysis of groundwater quality in relation to irrigation systems was
conducted using the Integrated Irrigation Groundwater Quality Indices (IIGWQIs) ap-
proach. This process involves assessing groundwater quality for irrigation through the
utilization of either individual hydrogeochemical indices or a combination of several in-
dices, all facilitated by IIGWQIs [43,44]. While evaluating groundwater suitability for
agricultural watering using specific criteria holds significance, amalgamated indexes offer
more comprehensive insights of great importance to those making decisions. Assessing
the suitability of groundwater for agricultural watering encompassed six distinct hazard
categories, namely: (1) Irrigation Water Quality Index IWQIndex), (2) Sodium Adsorption
Ratio Index (SARIndex), (3) Soluble Sodium Percentage Index (SSPIndex), (4) Potential
Salinity Index (PSIndex), (5) Kelley Index (KIndex), and (6) Residual Sodium Carbonate
Index (RSCIndex).

3.2.1. Irrigation Water Quality Index IWQIndex)

It is a unitless measure falling within the range of 0 to 100 and is determined de-
rived from a collection of criteria that encompass Electrical Conductivity (EIC), Sodium
Adsorption Ratio Index (SARIndex), as well as the concentrations of Na*, Cl~, and
HCO3%~ [6,31,32]. The calculation is outlined in Equations (2) and (3) as follows:

IWQIndex =Y . GWQ;PW; (mg/L) 2)

The Groundwater Quality Index (GWQ);) serves as a quantifiable measure of ground-
water quality, grounded in tolerance thresholds, while PWi represents the predefined
weighting assigned to the individual parameters (Table 1).

[(xy - Vlow) X GWQirg}

GWQi = GWQmax - ( %
rg

) ®)
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Table 1. The high and low boundaries of the parameters employed in the assessment of quality
(GWQy) [43]-

GWQ; EIC (us/cm) SARIndex Na Cl HCO3
EIC < 200 or SARIndex > 2 or Na<2or HCO3 <1or
0-35 EIC > 3000 SARIndex > 12 SARIndex > 9 Cl<lorCl=10 HCO3 > 8.5
35-60 1500 < EIC < 3000 6 <SAR< 12 6<Na<9 7<Cl<10 45 <HCO3 < 8.5
60-85 750 < EIC < 1500 3<SAR<6 3<Na<6b 4<Cl<7 1.5 <HCO3 <4.5
85-100 200 < EIC <750 2 <SAR<3 2<Na<3 1<Cl<4 1 <HCO3<15

Herein, Vy, signifies the recorded values of the parameters, V},,, denotes the reference
value for the lower bounds of the categories, GWQi,, corresponds to the intervals of the
categories, and Vy, encompasses the ranges of the categories encompassing the specific
parameter.

Ultimately, PWi is computed according to the subsequent Equation (4):

L ByPy
Ly=1 L1 EyPry

PW; 4)

In this context, E represents the inherent recording of element y, while P stands as the
predominant constraint for parameter x influenced by factor y. Here, x denotes the count of
chosen physical and geochemical elements (1 < x < 1), and j signifies the count of chosen
variables (1 <y < z. xy) [43,44].

3.2.2. Sodium Adsorption Ratio Index (SARIndex)

Within the context of irrigating groundwater, the Sodium Adsorption Ratio Index
(SARIndex) pertains to the capacity of the soil structure to liberate Ca?* and Mg?* ions
while absorbing Na* ions at ion exchange sites. This phenomenon disperses soil particles,
diminishing their infiltration capacity. Elevated saline water can potentially enhance
soil structure by expediting infiltration; however, this can amplify water stress for plants.
Consequently, if irrigation water boasts high salinity, plants and crops must exert additional
energy to draw moisture out of the soil, leading to a dehydration pressure scenario.

The computation of the SARIndex is executed based on the subsequent Equation (5):

SARIndex = | — N} 100 (meq/L) 5)
- (Ca?+ +Mg2+) q
2

3.2.3. Soluble Sodium Percentage Index (SSPIndex)

The assessment of salinity using the Soluble Sodium Percentage Index (SSPIndex)
involves an analysis of the differences between the amounts of Na?* and the proportions of
Ca?* and Mg?*. Elevated Na* levels relative to calcium and Mg?* can lead to the presence
of detrimental agents, contributing to leaf deterioration and the demise of plant tissues.

The computation of the SARIndex is performed according to the subsequent Equation (6):

Nat

SSPIndex = (Ca + Mg™ £ Na¥) x 100 (meq/L) (6)

3.2.4. Potential Salinity Index (PSIndex)

Key factors for evaluating groundwater appropriateness for irrigation, as determined
by the potential salinity index, include the amount of Cl~ elements and fifty percent of
the SO42~ content. The Potential Salinity Index (PSIndex) is typically categorized into two
groups: suspicious if it surpasses three (>5), favorable (3-5), and excellent (<3) for the
intention of irrigating crops.
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The PSIndex is determined through the subsequent Equation (7):

2

PSIndex = CI~ + (SC;‘* ) (meq/L) @)

3.2.5. Kelley Index (KIndex)

The calculation of the Kelley Index (KIndex) is executed to assess the appropriateness
of groundwater for the purpose of watering crops, revealing an excessive presence of Na*
within the groundwater composition.

The KIndex computation follows the formulation outlined in Equation (8):

Na*
Klndex - W(meq/L) (8)

3.2.6. Residual Sodium Carbonate Index (RSCIndex)

It is frequently employed to ascertain the suitability of irrigation water by comparing
elevated levels of CO32~ and HCO; ™~ concentrations in correlation with Ca%* and Mg2+ ele-
ments. The precipitation of alkali metals, particularly Ca?* and Mg?*, can adversely impact
the quality of groundwater used for agricultural watering purposes. Such precipitations,
manifesting as carbonate minerals, can elevate the concentration of sodium ions (Na*)
and consequently escalate SARIndex values. High values of Residual Sodium Carbonate
(RSCIndex) may detrimentally affect soil physical attributes, contributing to the disinte-
gration of organic matter. This, in turn, can lead to the emergence of discolored marks
on the ground once it becomes dry. The Residual Sodium Carbonate Index (RSCIndex)
is computed to anticipate the likelihood of Ca?* and Mg?* precipitating at the granules
comprising the soil cover, along with the subsequent extraction of the solvent from the land.
Notably, elevated RSCIndex levels within groundwater exhibit traits commonly associated
with dry and semi-dry regions, resulting in soil characteristics becoming saline and sodic.

The RSCIndex computation is conducted according to the formulation outlined in
Equation (9) [43,44]:

RSCIndex = (HCO5 +CO3 ) — (Ca** + Mg?") (meq/L) )

4. Machine Learning Simulation Models
4.1. Least-Squares Support Vector Machines (LS-SVM) Model

The well-established Machine Learning technique known as Least-Squares Support
Vector Machines (LS-SVM) operates on the principles of mathematical learning theory. This
approach proves valuable in handling extensive datasets, discerning salient features, and
executing regression analyses [45]. Given a set of datasets (x, y), the primary objective of
LS-SVM is to establish functional relationships wherein x constitutes the inlet variable and
y constitutes the outlet variable pertaining to the IGWQIs.

The regressive formulation of the LS-SVM equation is depicted in Equation (10):

flx) =A'pu(x)+b (10)

Here, the LS-SVM output, denoted as f(x), is governed by a nonlinear mapping
function represented by (x). The fine-tuning of the weighting array A and the bias factor b
is achieved through the utilization of the ensuing regularized functions (11):

minREG(A,8,6%, ) = LA2 + Alvg + L T, (6:+67)]
subject to ::y; — Atu(x;) — b < ¢ +
Au(xi) +b—y; < @+
6,9 >0

(11)
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Here, A signifies the corrective parameter for ensuring stability and the normalization
aspect || A||?. The positive slack variables §; and '; come into play. Derived from Lagrange
multipliers, the configuration of the LS-SVM model is delineated by the expression (12):

maxREG (ri,f) = Ty (rf = 1i) = A T T (ri = 17) (6, — 0 ) ¥ (ki )
subjective to :: Y, (ri—7f) =0 (12)
0<r,r<4

Vi (ri+r) < Aw
In this instance, the kernel function takes the form of ¥ (k;, k;), as well as the affirmative
Lagrange multipliers, which are symbolized as r; and r*;, respectively.
Upon achieving the target result for the optimization function, the parameters of the
LS-SVM are ultimately determined. As a result, the subsequent regressive equation is
employed to depict an inlet vector k (13).

1

flx) =Y (rf —ri) ¥(ki, ki) +b (13)

i=1

4.2. Pearson Correlation Fuzzy Inference-Based System (PC-FIS)

The Pearson correlation Fuzzy Inference-based System (PC-FIS) amalgamates the
strengths of the Fuzzy Inference System with those of Artificial Intelligence models [46].
The PC-FIS model is conceptualized through diverse inlet-outlet datasets, and the iterative
artificial learning framework is later employed to refine the conditions for membership in
the model. In this study, the connections between the IGWQIs and the characteristics of
groundwater quality are established through the PC-FIS approaches, and these associations
were structured as fuzzy frameworks in the format of if-then statements. The PC-FIS frame-
works utilized an interval properties-type FIS for intake membership equations, comprising
six equations for the nine intake parameters, while the results were characterized by analog
membership functions.

The rule architecture for the interval properties-type model within the PC-FIS is
represented as follows (14) and (15):

Ife=Eyand { = F; we have 91 =my X e+ny X+ p1 (14)

While, if e = Ey and { = F, we have @y = my X e +1y X { + p2 (15)

In the context of the PC-FIS framework, E and F represent the different scales of
magnitude of membership, while € and  signify the function of indirectly ascertaining. The
variables m, n, and p correspond to specific constraints that are adjusted during the forward
pass of the training algorithm, and ¢ denotes the result situated within the area marked
by irregularities established by the Fuzzy Inference (FIS) theory. The PC-FIS model is
composed of five layers, encompassing the membership characteristics of the fuzzy groups
E and F, denoted as AE; and AF;j, respectively [46].

4.3. Assessment of Simulation Model Performance

The predictive abilities of the LS-SVM and PC-FIS models for estimating the IIGWQIs
were assessed through the application of the subsequent statistical metrics (16)—(19):

4.3.1. NSE: Nash-Sutcliffe-Efficiency-Coefficient

2
?:1 (IGWQmi - IGWQpi)
" (IGWQyi — IGWQy)?

NSE=1—] ] (16)
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4.3.2. MAD: Mean-Absolute-Error
" NIGWQ,,; — IGWQ,;
MAD = =1 Q:’;l Qpil (17)
4.3.3. R%: Absolute-Variance-Fraction
2 " (IGWQui — IGWQy)
RF=1-—= - 5 (18)
4.3.4. RMSE: Root-Mean-Square-Error
" (IGWQ,; — IGWQ,,)?
RMSE = — ” (19)

In this context, “n” represents the total count of data observations, where IGWQ),,
denotes the measured data, IGWQ), stands for the predicted data, and IGWQ signifies the
mean values of the dataset.

In this study, Electrical Conductivity (EIC), Potassium (K*), Sodium (Na*), Calcium
(Ca?*), Magnesium (Mg?*), Chloride (C1™), Sulfate (SO4%~), and Bicarbonate (HCO; ™) were
identified as the most significant variables to predict the IGWQIs. The model structure
employed in the Machine Learning algorithms is illustrated in Figure 4.

Dataset Conceptualization

Physicochemical Groundwater
parameters geochemical facies

Indexation models

Computing irrigation groundwater quality indices (IIGWQIs)

IWQIndex SARIndex SSPIndex

PSIndex Kindex RSClIndex

! ! }

Artificial intelligence Simulation models

Performance evaluation
LR NSE
LS-SVM PC-FIS
iy MAD
1 | g =
Groundwater Quality Evaluation for PR RMSE

irrigation purposes

Figure 4. Flowchart of the proposed methodology for IGWQs.
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5. Results and Discussions
5.1. Groundwater Physicochemical Attributes

The following categorization of groundwater was conducted utilizing physicochemical
parameters deemed appropriate for irrigation purposes within the Meknassy basin. These
parameters are temperature (T °C), pH, electrical conductivity (EIC), TDS, potassium, K*,
Nat, Mg2+, Ca?*, Cl~,S04%~, and HCO3~, all of which exert an influence on soil quality
and agricultural productivity. The geostatistical characteristics of these physiochemical
parameters for the 53 groundwater samples are detailed in Table 2.

Table 2. The statistical attributes related to the physicochemical parameters in the analyzed ground-
water samples.

TDS T° H Ca Mg Na K HCO3 Cl SO, EIC
(mg/L) (W] P (mg/L) (mg/L) (mg/L)  (mg/L) (mg/L) (mg/L) (mg/L)  (us/cm)
Meknassy Basin (53 Samples)
Min. 1398 18.7 7.50 116.00 83.00 128.00 10.00 137.00 169.00 475.00 978.60
Max. 4469 39.8 8.30 578.00 371.00 877.00 33.00 723.00 909.00  2284.00  3128.30
Mean 2399.4 242 7.92 239.62 145.04 305.94 17.74 232.70 399.92 105843  1679.58
Standard Deviation ~ 826.92 4.36 0.19 105.91 58.32 176.30 6.24 92.40 182.27 444.70 578.84

The application of geostatistical investigation shows that the groundwater quality
parameters were assessed to determine their maximum and minimum values. The highest
recorded electrical conductivity (EIC) value reached 3128.30 pus/cm, while the maximum
total dissolved solids (TDS) value observed was 4469 mg/L. The groundwater quality across
the Meknassy basin varies between freshwater and brackish. pH levels varied between
7.50 and 8.30, falling within the permissible limits outlined by irrigation water standards.
Calcium concentrations were consistent with irrigation water criteria, varying between
116.00 and 578.00 mg /L. Around 11.32% of samples exhibited elevated Mg?* concentrations,
surpassing acceptable irrigation thresholds, while the remaining samples demonstrated a
mean concentration of 154.04 mg/L. Potassium (K*) concentrations exceeded allowable
irrigation standards across all locations, with values ranging from 10 mg/L to 33 mg/L.

The sodium concentration of the analyzed groundwater samplings displayed a range
from moderate to elevated levels, spanning between 128 and 877 mg/L. Among the anions
present, C1~ (ranging from 169 to 909 mg/L) and SO42~ (ranging from 475 to 2284 mg/L)
were the most prevalent. Fortunately, their concentrations remained within acceptable
limits for irrigation purposes. Across all water samples, HCO3~ concentrations fell within
the bounds suitable for irrigation water, with the highest recorded concentration reaching
723 mg/L.

5.2. Hydrogeochemical Facies

To classify the groundwater hydrogeochemical facies, a Piper graph was constructed
(Figure 5a). The cationic triangle representation revealed that about 61.39% of the entire
groundwater samplings exhibited dominance of sodium and potassium, about 32.42%
displayed non-dominance, and the remaining samples (6.19%) were dominant in Mg?*.
Based on the Piper diagram presentation (Figure 5a), the groundwater samples were cate-
gorized into three distinct hydrogeochemical facies. Predominantly, the Ca-Mg-SO4 facies
type (calcium magnesium sulfate facies type) with a characteristic permanent hardness
was observed in most samples. The remaining samples were attributed to the mixed
Ca-Mg-Cl-SO;4 (mixed facies type) and Na-Cl facies types (sodium chloride facies type). A
notable trend among the selected samples was the higher salinity indices (S04~ + Cl17)
compared to alkalinity (HCO;~ + CO32~), with alkalis (Na* + K*) slightly outweigh-
ing alkaline earths (Ca®* + Mg?"), thereby serving as a governing factor in shaping the
hydrogeochemistry of the Meknassy basin in this region.
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Figure 5. Groundwater hydrogeochemical facies in the Meknassy basin: (a) Piper graph and
(b) Chadha diagram.

The predominant geochemical processes governing water chemistry were further
validated through the utilization of the Chadha diagram (a modified Piper diagram),
as illustrated in Figure 5b. As depicted by the Chadha diagram, a significant portion
of the groundwater samplings are situated within the inverse ionic substitution group
(Ca-Mg-Cl1/5S0y), signifying transitional phases of water development, especially in the
north and center parts of the Meknassy basin. Conversely, the remaining samples aligned
with the Na-Cl type, suggesting that halite mineral dissolution plays a substantial role in the
groundwater chemistry. It is important to emphasize that the progression of groundwater
property and suitability for agricultural watering purposes is intricately linked to the
prevailing control mechanisms and geochemical processes. Notably, the geochemical
attributes of the examined groundwater samplings displayed minimal representation of
Ca-Mg-HCO3 as well as Na-HCOs3 groundwater types, indicating the absence of meteoric
or initial water stages within recharge areas. Furthermore, a majority of the samples
exhibited characteristics of the Na-Cl groundwater type, signifying the concluding phase
of hydrogeochemical development within drainage regions, notably pronounced for the
eastern sectors within the Meknassy basin, aligned with the direction of groundwater flow.
These outcomes provide corroboration for earlier research in the study vicinity, wherein
geochemical modeling was employed to discern the mineralogical saturation condition.

The Durov diagram offers a means to illustrate three key mechanisms: ionic substitu-
tion, mixture/dissolving, and inverse ionic substitution, as depicted in Figure 6. Predomi-
nantly, the water samples were positioned within the mixture/dissolving group, whereas
the remaining subset resided inside the ionic substitution group, thereby reinforcing the
earlier elucidation based on statistical analysis.

The application of geostatistical investigation was harnessed to demonstrate the
fundamental mechanisms controlling groundwater hydrochemistry within the study area,
employing correlations and ratios among different major ions, as depicted in Figure 7. By
investigating the connection between EIC and the Sodium /Calcium proportion, insights
into the impact of the dissolving and evaporating processes within the Meknassy basin
were garnered. The Na*/Cl™ ratio exhibited a nearly constant trendline as EIC increased, a
phenomenon attributed to NaCl dissolving. Additionally, the samples positioned above
and below the 1:1 line indicated instances of direct ionic substitution and inverse ionic
substitution, respectively (Figure 7a). To further substantiate the significance of dissolving,
direct ionic substitution, and inverse ionic substitution as pivotal characteristics influencing
the water hydrogechemistry of the Meknassy basin, a series of ion-graphs and a Chadha
plot were employed.
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Figure 6. Durov diagram showing the key mechanisms controlling groundwater geochemistry.

The analogue associations between sodium and calcium highlight a subtle equilib-
rium between these two ions, and a notable proportion of the groundwater sampling
closely aligns with the 1:1 line graph, possibly due to a shared origin, like NaCl dissolving
(Figure 7b). The effects of NaCl dissolving, especially within the non-saturated area, are
a distinctive feature of dry and partially dry regions. Water samples positioned below
the 1:1 line graph could suggest an augmentation in C1~ levels originating from an extra
origin of Cl1~ ions or a potential reduction in sodium levels because of Na* removal from
the groundwater. Excessive use of groundwater for irrigation crops and improper waste
disposal are both considered human-related actions that could potentially contribute to the
elevated levels of chloride. In certain samples, the Na*/Cl™~ ratio exceeded 1, suggesting a
direct ion exchange process. The correlation between Na* + K* and Ca?* + Mg?* (depicted
in Figure 7c) demonstrated that a substantial portion of water samples aligned closely
with the 1:1 line, implying mineralogical dissolving, while a smaller number of samples
deviated higher than the line due to inverse ionic substitution phenomena. The prevalence
of Ca?* and Mg?* over Na* and K* in most groundwater samples signifies that the ionic
substitution operation and carbonate dissolution led to the replacement of sodium and
potassium ions with calcium and magnesium ions (Table 3). A few groundwater samples
exceeded the 1:1 line, showing the presence of inverse ionic substitution. This observation
was drawn from a linear graph (depicted in Figure 7d) depicting the cumulative sum of
calcium and magnesium ions facing the total of bicarbonates and sulfate ions. The crossing
of the 1:1 line was attributed to the breakdown of carbonates (CaCO3 and CaMg(CO3),).
The relative augmentation of Ca?* + Mg?* ions in comparison to SO42~ + HCO; ™ ions was
a result of carbonate weathering.
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Figure 7. Correlations and ratios among different major ions: (a) Na/Cl and EIC; (b) Na and CI;
(c) Ca + Mg and Na + K; (d) Ca + Mg and SO, + HCO;3; (e) Ca + Mg and HCO3; (f) Na/Cl and Cl.
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Table 3. Correlation matrix of chemical elements in groundwater from the fractured aquifer of the

Meknassy basin.
TDS T° pH EIC Ca Mg Na K HCO3; Cl SO4
TDS 1
T° 0.28 1
pH —0.03 —-0.63 1
EIC 0.99 0.21 0.02 1
Ca 0.78 069 —-030 0.7 1
Mg 053 —0.15 0.28 0.5 0.28 1
Na 0.83 0.08 0.00 0.9 0.48 0.16 1
K 0.60 0.09 0.04 0.6 0.42 0.27 0.57 1
HCO3 0.17 —049 0.30 0.2 —0.16 0.44 0.1 0.14 1
Cl 0.75 —0.16 0.26 0.8 0.32 0.57 0.77 0.41 0.29 1
SOy 0.92 052 -019 09 0.89 0.4 0.68 053 —0.07 046 1

The Ca?* + Mg?* to HCO; ™ ratio offers insight into the origin of Ca?* and Mg?*
within the samplings (as depicted in Figure 7e). A substantial majority of the groundwater
samplings exhibited a notably higher Ca?* + Mg?*/HCO3 ™ ratio, indicative of carbonate
and silicate mineral weathering contributing to the presence of Ca** + Mg?*. Thus, the
elevated levels of Ca?* and Mg?* cannot be solely attributed to carbonate dissolution
(calcite and dolomite), suggesting the involvement of diverse hydrogeochemical processes.
The Ca?* + Mg?* /HCO; ™ ratio holds significance in identifying the meteoric nature and
fresh groundwater recharge. A ratio below 1 signifies meteoric water and the presence
of groundwater recharge. Within the Meknassy basin, the majority (92%) of the samples
exceeded a value of 1, implying minimal meteoric processes and groundwater recharge.

The correlation from Na*/Cl™ to Cl~ (as shown in Figure 7f) exposes a reverse
relationship, indicating that the argillaceous materials within the aquifer contain the argil
substitute Na*, liberated during salt disintegration, with Ca?* and Mg?* (Table 3).

5.3. Integrated Irrigation Groundwater Quality Indices (IIGWQIs) for Agricultural Implication

Given the intricate interplay of farming methods, soil attributes, and the quality of
groundwater, a range of indices have been applied within this research endeavor to evaluate
the appropriateness of groundwater for the purpose of irrigating crops. The employed
indices encompass the Irrigation Water Quality Index (IWQIndex), Kelley Index (KIndex),
Sodium Adsorption Ratio Index (SARIndex), Soluble Sodium Percentage Index (SSPIndex),
Potential Salinity Index (PSIndex), and Residual Sodium Carbonate Index (RSCIndex).
Through these methodologies, the potential for soil salinization is elucidated, shedding
light on the adverse impact of watering on soil and plant well-being. Employing statistical
analyses, the data derived from the IIGWQIs underwent rigorous evaluation to assess the
appropriateness of groundwater for agricultural use (Tables 4 and 5).

Table 4. The statistical properties of various IGWQISs.

IWQIndex SARIndex SSPIndex PSIndex KIndex RSCIndex
Min. 29.73 0.19 3.87 ~0.78 0.11 ~9.89
Max. 99.62 8.37 66.46 12.18 2.05 2.68
Mean 80.46 3.12 48.61 3.48 1.10 232
Standard 22.90 2.05 10.47 3.21 0.48 2.52

Deviation
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Table 5. Categorization of the IIGWQIs groups for irrigation use.

Number of Percentage of

IIGWQIs Class Water Category Samples Samples (%)
0-40 Extreme limitation 8 15.09
40-55 Severe limitation 3 5.66
IWQIndex 55-70 Moderate limitation 1 1.89
70-85 Minimal limitation 6 11.32
85-100 No limitation 35 66.04
>26 Unfavorable 29 54.72
18-26 Suspicious 16 30.19
SRUSS 10-18 Favorable 8 15.09
<10 Excellent 0 0.00
>60 Insecure 4 7.55
SSPindex <60 Secure 49 92.45
>5 Suspicious 18 33.96
PSIndex 3-5 Favorable 24 45.28
<3 Excellent 11 20.76
KInd >1 Unfavorable 10 18.87
ndex <1 Favorable 43 81.13
>2.5 Insecure 6 11.32
RSCIndex 1.25-2.5 Average 37 69.81
<1.25 Secure 10 18.87

5.3.1. IWQIndex: Irrigation Water Quality Index

The range of IWQIndex values fell between 29.73 and 99.62, averaging 80.46
(as depicted in Table 4). Analyzing the INQIndex values in the context of the Meknassy
basin, a significant portion of the samples (about 66.04%) were categorized within the
“no limitation” class, suitable for crops with salt tolerance. Approximately 13.21% of the
groundwater sampling lay within the spectrum of “minimal to moderate limitation”, while
roughly 20.75% were categorized as experiencing “severe to extreme limitation” for irri-
gation purposes. This latter category can be employed for irrigating crops that exhibit
moderate to severe sensitivity to salt, especially when cultivated within unconsolidated
soil devoid of compressed strata (as outlined in Table 5).

The comprehensive IIGWQIs geospatial maps (depicted in Figure 8a) serve as a valu-
able tool in assessing the appropriateness of groundwater for agricultural watering, offering
insights into the adequacy of groundwater based on physical and chemical parameters.
Analyzing the INQIndex values, it becomes evident that the water quality experiences a
decline in the northern and eastern sectors of the Meknassy region, primarily attributed to
anthropogenic activities and geological influences.

5.3.2. SARIndex: Sodium Adsorption Ratio Index

The USSL diagram offers a visual representation of the relationship between the
Sodium Adsorption Ratio (SARIndex) and Electrical Conductivity, as depicted in Figure 9.
Most of the collected groundwater samples predominantly occupied the regions between
C3-51 and C4-S2 (characterized by low SARIndex and medium to high salinity levels).
Among these, 43 samples were classified under the C3-51 category, signifying high salinity
and low SARIndex. Additionally, five samples from the Meknassy basin were situated
within the C4-5S2 classification, denoting elevated levels of salinity and moderate SARIndex
values. A smaller subset, comprising only two samples, fell within the C4-53 category,
indicative of high salinity and high SARIndex values. Notably, the SARIndex values for all
investigated samples remained below 10, suggesting an excellent classification for irrigation
suitability, as illustrated in Figure 8b.
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Figure 8. Comprehensive IIGWQI geospatial maps of the Meknassy basin: (a) IWQIndex,
(b) SARIndex, (c) SSPIndex, (d) PSIndex, (e) KIndex, and (f) RSCIndex.
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Figure 9. USSL diagram for irrigation purposes.
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The findings indicate that elevated salinity levels in irrigation water can have detri-
mental effects on plant growth. However, the soil infiltration capacity remains unaffected
by low to medium SARIndex values (as shown in Figure 9) and the absence of calcium-
related conditions. To effectively manage groundwater utilization for irrigation in areas
experiencing degradation, a recommended strategy is the selection of plant varieties that
demonstrate resilience to the elevated salinity of the water.

5.3.3. SSPIndex: Soluble Sodium Percentage Index

The soluble sodium percentage index (SSPIndex) exhibited a spectrum of values
spanning from 3.87 to 66.46, with an average of 48.61. The analysis of SSPIndex outcomes
indicated that most of the collected water samples, totaling 92.45%, are classified within the
secure category suitable for irrigation purposes. In contrast, a smaller subset, constituting
7.55% of the samples, fell into the unsafe category, as depicted in Figure 8c.

5.3.4. PSIndex: Potential Salinity Index

The potential salinity index (PSIndex) exhibited a diverse range, spanning from —0.78
to 12.18, with an average value of 3.48. The assessment of PSIndex values categorized
66.04% of the samples (35 samples) as belonging to the favorable to excellent range. In
contrast, the remaining subset of samples, totaling 18 samples (33.96%), were classified
within the suspicious class, as visually illustrated in Figure 8d.

5.3.5. KIndex: Kelley Index

The KIndex values exhibited a range of variability spanning from 0.11 to 2.05, with an
average value of 1.10. The analysis of KIndex outcomes delineates that a significant portion
of the groundwater samples, specifically 81.13% (comprising 43 samples), were classified as
favorable for irrigation purposes. In contrast, the remaining subset of samples (constituting
10 samples—18.87%) received a categorization of unfavorable (as shown in Table 2).

The interpretation of KIndex results is guided by a threshold of one, where each
KIndex record exceeding this threshold (KIndex > 1) signifies an elevated presence of Na*
within the groundwater. Conversely, each KIndex record below 1 (KIndex < 1) signifies the
water’s suitability for watering purposes. The distribution of unsuitable water samples is
predominantly observed in the southwestern regions of the Meknassy basin, as visually
depicted in Figure 8e.

5.3.6. RSCIndex: Residual Sodium Carbonate Index

Based on the RSCIndex records, the groundwater is categorized into three distinct
categories. Groundwater designated for watering purposes is considered acceptable when
its RSCIndex falls below 1.25 or between 1.25 and 2.5. However, water surpassing an
RSCIndex of 2.5 is deemed unsuitable. In the context of this study, 10 water samples
(18.87%) exhibited an RSCIndex value below 1.25, signifying their suitability for watering
purposes and assurance of meeting high standards of safety and quality. Meanwhile,
37 samples (69.81%) resided within the moderate class, while the rest of the samples
(6 samples—11.32%) were classified as falling below the acceptable threshold (Figure 8f).

The outcomes derived from the IGWQIs indicate a gradual decline in groundwater
quality across the expanse of the Meknassy basin, extending from its eastern to western
regions. This trend has the potential to induce sodification, impair the physical attributes
of the soil, lead to carbon-based natural substance dissociation, and promote salt accumu-
lation in the soil. In the context of effective groundwater resource management within
the western sector of the Meknassy basin, the optimal approach involves the application
of calcium-based fertilizers to counteract potential sodification effects. Additionally, cul-
tivating plant varieties with higher salt tolerance can prove beneficial in mitigating the
impact of increased salinity. Furthermore, groundwater sourced from the western area of
the Meknassy basin can be suitably utilized for irrigating crops characterized by medium
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to elevated susceptibility to salinity, particularly for unconsolidated soil without densely
packed strata.

Assessment of land assets and categorization of soil reveals a distribution of soils
categorized as adequate, subpar, and extremely deficient based on considerations of
salinity, alkalinity, and soil texture. These classifications align with findings from prior
studies [37,38], reinforcing the identified characteristics of the soil.

5.4. Models’ Simulation
5.4.1. LS-SVM Model

Python was utilized for coding both the LS-SVM and PC-FIS models. For IGWQI
prediction, Pytorch-SciPy packages and algorithms were implemented. In order to achieve
precise forecasting capabilities concerning the LS-SVM simulation framework, the opti-
mized shuffled complex evolution algorithm (SCE-UA) was employed via SpotPy (Statisti-
cal Parameter Optimization Tool for Python). After choosing the most effective LS-SVM
simulation framework during the learning phase, calculations were made for the expected
values of the identified IGWQIs (Figure 10), followed by a comparative analysis of the
projected/inspected values. The effectiveness of the model outcomes was displayed within
Table 6, incorporating metrics such as NSE, MAD, R?, and MRSE. During the IWQIndex
training sequences, the performance metrics were as follows: NSE = 0.96, MAD = 0.59,
R? = 0.96, and RMSE = 1.50; whereas in the testing sequences, they were NSE = 0.68,
MAD = 8.43, R? = 0.75, and RMSE = 12.38. Notably, a discernible decline in performance is
evident when transitioning to the testing phase. Specifically, the LS-SVM model tended to
overestimate the predicted IWQIndex values during testing. Turning to the SARIndex, the
model’s performance measures for the training sequences were NSE = 0.98, MAD = 0.23,
R? = 0.92, and RMSE = 0.50, whereas for the testing sequences, they were NSE = 0.18,
MAD = 1.43, R? = 0.35, and RMSE = 2.16. Generally, the LS-SVM model demonstrated
diminished performance during the testing period across all indices.
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Figure 10. Map of the proposed IIGWS in the Meknassy basin according to the LS-SVM model.
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Table 6. Simulation models’ performance criteria for predicting IIGWQIs.

IIGWQI  Simulation Performance Criteria
Indexes Models NSE MAD R2 RMSE
LS-SVM 0.96 0.59 0.96 1.50
IWQIndex - prg 0.97 1.83 0.98 2,51
LS-SVM 0.89 0.23 0.92 0.50
SARIndex  pc prg 0.93 0.14 0.94 0.37
SSPInd LS-SVM 0.15 7.01 0.67 9.12
Training ndex PC-FIS 0.68 4.00 0.69 5.70
sequences PSInd LS-SVM 0.95 0.23 0.97 0.51
nadex PC-FIS 0.97 0.02 0.98 0.23
Kind LS-SVM 0.24 0.14 0.49 0.37
ndex PC-FIS 0.42 0.08 0.47 0.29
LS-SVM 0.97 0.00 0.98 0.15
RSCIndex  pc_prg 0.94 0.20 0.95 0.45
LS-SVM 0.68 8.43 0.75 12.38
IWQIndex PC-FIS 0.94 3.04 0.96 4.47
LS-SVM 0.18 1.43 0.35 2.16
SARIndex  pc prg 0.92 0.20 0.93 0.39
SSPInd LS-SVM —0.02 8.85 0.52 10.92
Testing naex pC-FIS 0.61 449 0.67 5.89
sequences PSInd LS-SVM 0.57 1.33 0.71 1.86
nadex PC-FIS 0.98 0.03 0.99 0.05
Kind LS-SVM —0.07 0.26 0.48 0.33
ndex PC-FIS 0.66 0.08 0.68 0.16
LS-SVM —0.18 1.88 0.60 2.56
RSCIndex  pc_prg 0.96 0.17 0.97 0.27

5.4.2. PC-FIS Model

Once the optimal model was identified through PC-FIS training, the anticipated
estimates for the Integrated Irrigation Groundwater Quality Indices (IIGWQIs) were cal-
culated (Figure 11). A comparative analysis of the forecasted values for INQIndex and
SARIndex, both within the learning and validation sequences, against the current dataset
demonstrated a strong alignment between the two curves. While some values deviated
significantly from the recorded data, the general trends of the projected/inspected data
sets intimately resembled each other. A remarkable R? value (0.98) underscored the impec-
cable consensus among the projected/inspected INQIndex values. The developed PC-FIS
simulation framework exhibited exceptional suitability regarding the IIGWQIs for the
learning and validation phases (NSE records in Table 6), all exceeding 0.90. Notably, Table 6
illustrates the superiority of the PC-FIS model regarding precision across all indicators, sur-
passing the effectiveness of the LS-SVM simulation framework. Throughout the transition
from learning to validation phases, the PC-FIS model’s performance metrics (MAD, R?, and
RMSE) experienced only marginal fluctuations. A more pronounced distinction becomes
apparent when comparing the predicted/observed IIGWQIs in the learning and validation
sequences, in addition to the correlative diagrams. The temporal groups’ diagrams revealed
the PC-FIS simulation framework’s proficiency in discerning the fluctuating patterns within
the observed IIGWQI data.
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Figure 11. Map of the proposed IIGWS in the Meknassy basin according to the PC-FIS model.

An integral goal of the current research was to evaluate the appropriateness of ground-
water for farming purposes through diverse Integrated Irrigation Groundwater Quality
Indices (IIGWQIs). Traditionally, the computation of these indices relies on classical mathe-
matical formulas, a process known to be time-intensive, particularly due to the extensive
data volume and numerous steps involved in reaching the final outcomes. In response, we
introduced the PC-FIS and LS-SVM models, which efficiently handle substantial datasets of
nonlinear systems. These models swiftly and accurately discern patterns, make forecasts for
IIGWQIs with a commendable level of precision and efficiency, streamline processes, and
derive results through simulations. Furthermore, simulation models serve as valuable tools
for foreseeing outcomes in scenarios where practical experimentation might be unfeasible
or impractical.

The findings substantiate the effectiveness of employing the PC-FIS and LS-SVM
models in evaluating and managing groundwater quality for irrigation across the Meknassy
basin. Ultimately, the integration of IGWQIs, along with the application of PC-FIS and
LS-SVM, demonstrated itself as a valuable and pragmatic approach for discerning and
projecting the quality of groundwater for watering, particularly within dry and semi-dry
environments.

5.4.3. The Relevance of Theory and Practice

The possible effects regarding the suggested approach are contingent upon the extent
of the investigation and the accessibility of data sets. There is room for its expansion to
encompass a broader regional context, thereby providing strategic insights to decision-
makers and stakeholders. However, it remains imperative to possess a comprehensive
understanding of the pivotal hydrogeological conditions in order to uphold relevance and
precision in the outcomes.

The suggested preliminary assessment process can offer substantial advantages to
decision-makers and stakeholders by considerably streamlining the time and resources typ-
ically allocated to conventional, intricate strategies. By tailoring management approaches
to address the specific scenarios highlighted by the study, the derived results stand to gain
enhanced value. Ultimately, both the natural environment and the socioeconomic fabric of
the region could experience long-term benefits from such an approach.
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6. Conclusions

This study employed a combination of physicochemical parameters, Integrated Irriga-
tion Groundwater Quality Indices (IIGWQIs), and Geographic Information System (GIS)
facilities for the delineation of geochemical types of groundwater as well as the governing
procedures. The primary aim was to evaluate the appropriateness of the Meknassy basin’s
groundwater basin regarding agricultural purposes. The collection of physicochemical
data encompassed measurements from 53 groundwater wells. The hydrogeochemical
facies identified included Ca-Mg-50,, mixed Ca-Mg-Cl-SOy4, and Na-Cl facies, revealing
processes such as carbonate weathering, carbonate dissolution, interactions between rocks
and groundwater, and mixing ionic substitution.

For instance, IWQIndex, SSPIndex, PSIndex, KIndex, and RSCIndex classifications
demonstrated that a majority of collected groundwater samples exhibited suitability for
watering purposes with minimal limitations (77.36%), deemed secure (92.45%), rated as
favorable to excellent (66.04%), categorized as favorable (81.13%), and indicated average
to secure quality (88.68%). However, only 15.09% were rated as favorable, according to
SARIndex.

To simulate IIGWQIs, two predictive models were created according to the gathered
physical and chemical factors. The proposed evaluation of the simulation models re-
vealed their capability to accurately predict IWQIndex during both the training sequences
(R2 = 0.96, 0.97) and testing sequences (R2 = 0.68, 0.94), indicating their potential for
IIGWQI prediction. Consequently, the synergistic integration of physicochemical parame-
ters, IGWQIs, GIS, and Machine Learning models offers a robust approach for efficient
groundwater utilization in irrigation.

This research aimed to transcend the limitations of conventional methods by em-
ploying PC-FIS and LS-SVM models to predict groundwater quality for the purpose of
watering within the scope of substantial salt contamination. The initial outcomes of this
endeavor provide valuable insights pertaining to the effective and precise administration of
groundwater reserves within the Meknassy area, serving as a foundation for water resource
risk mitigation strategies. The methodology proposed herein holds potential for further
refinement to enhance accuracy under diverse conditions, empowering decision-makers to
employ a combination of technologies for groundwater quality administration and strategic
organization.

At the bottom, integrating IIGWQIs, Machine Learning, and GIS methodologies
offers an alternative approach to data analysis, yielding prompt results with reduced time
investment while achieving satisfactory outcomes in the realm of groundwater quality
management.
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