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ABSTRACT

Artificial intelligence (AI) has proven highly effective in optimizing water treatment
processes, particularly for monitoring reverse osmosis (RO) desalination plants treating
brackish surface water. These systems face complex, non-linear variations in feed water
quality, making real-time monitoring crucial to avoid performance loss and membrane foul-
ing. This study presents a machine learning (ML)-based framework to predict the water
quality index (WQI) and enable rapid decision-making by classifying water quality (WQC)
into four actionable categories: Excellent, Good, Poor, and Unsuitable. Using 11 key wa-
ter quality parameters, the model provides an efficient and reliable approach for prediction
and classification. Among tested algorithms, the multi-layer perceptron (MLP) achieved the
best WQI prediction performance, with an R? of 98.19%, a mean absolute error (MAE) of
0.0182, and a mean squared error (MSE) of 0.0043. For WQC, the XGBoost algorithm out-
performed others, reaching 99.84% accuracy. The results demonstrate the strong potential
of ML techniques to enhance water quality monitoring and management in RO desalination
plants, supporting efficient operation and timely intervention.
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1. Introduction

The strain on freshwater resources
has never been more urgent, as climate
change and population growth relentlessly
push us toward a global water crisis. The
World Health Organization (WHO) reports
that over 2.1 billion people worldwide lack
access to clean drinking water, a statistic
that’s poised to worsen [1].

Amid this looming scarcity, brack-
ish water (BW) desalination has emerged
as a viable solution, particularly in arid
and semi-arid regions. BW, which ac-
counts for approximately 1% of the Earth’s
water, offers an attractive middle ground
between freshwater (0.8%) and seawater
(96.5%) due to its lower energy consump-
tion and higher efficiency in desalination
processes [2, 3]. Despite efforts to im-
prove the economic viability of reverse os-
mosis (RO) technology, its performance is
significantly influenced by feed water qual-
ity and plant operating conditions. These
factors can cause membrane fouling, which
has a negative impact on RO performance
such as attack flow rate and pressure, pres-
sure difference across the membrane (AP),
permeate quality, membrane life and per-
meate flow rate [4]. This results in in-
creased energy consumption, more frequent
cleaning, higher operating and maintenance
costs, greater use of chemicals, and mem-
brane replacements, ultimately leading to
high water treatment costs. Consequently,
an RO plant requires a highly efficient pre-
treatment process and an advanced system
to precisely control feed quality parameters
to maintain optimal operation [5].

Enter the age of Industry 4.0 and
artificial intelligence (Al) to revolutionize
how we monitor and optimize complex sys-
tems. Machine learning (ML), a subset of
Al, has demonstrated remarkable success
in modeling nonlinear systems across var-
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ious domains, including health, sports, in-
dustry, environmental sciences, and water
treatment [7-11]. A great deal of research
has been dedicated to developing reliable
indicators for monitoring and optimizing
the performance of RO membranes with the
help of ML techniques [12, 13].

Due to its intuitive, dimensionless
nature and its ability to capture the com-
bined influence of several parameters char-
acterizing RO feedwater quality, the Water
Quality Index (WQI) has become a widely
used tool by researchers assessing surface
and groundwater quality, particularly when
categorizing individual water quality pa-
rameters proves difficult [14], [15]. Several
methods have been developed to calculate
the WQI, making it easier to assess water
quality [16, 17].

This research aims to evaluate the
quality of brackish surface water supplied
to the RO demineralization plant in Mo-
rocco, with a focus on introducing a multi-
stage prediction model leveraging ML tech-
niques. The model predicts the WQI from
critical input parameters and classifies these
values into actionable categories: Excel-
lent, Good, Poor, and Unsuitable, thereby
establishing a novel WQC system. The
ultimate goal is to enhance plant opera-
tion and maintenance by optimizing key
system performance parameters, including
feed rate, feed pressure transmembrane
pressure (AP), permeate flow rate and en-
ergy consumption.

In this study, we gathered a dataset
containing key physicochemical parame-
ters, including silt density index (SDI), pH,
turbidity, redox potential (ORP), chlorides,
total iron, electrical conductivity (EC), al-
kalinity, calcium, and oxidizability. This
dataset was used to train various machine
learning models, such as k-Nearest Neigh-
bors (KNN), random forests (RF), and Mul-
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tilayer Perceptrons (MLP), to predict the
WQI. In parallel, the same WQI values
were used to place WQC into four cate-
gories: Excellent, Good, Poor, and Unsuit-
able. For this task, decision tree (DT), ex-
treme gradient boosting (XGB-oost), and
support vector machine (SVM) models
were applied. The performance of the pre-
dictive models was rigorously evaluated us-
ing metrics such as mean absolute error
(MAE), mean squared error (MSE), and the
coefficient of determination (R?). For clas-
sification tasks, additional evaluation crite-
ria such as accuracy, precision, recall, and
F1 score were employed. The novelty of
this study lies in the monitoring of non-
linear variations in quality parameters in
brackish surface waters feeding RO mem-
branes through the development of a robust
ML based framework capable of predicting
WQI and classifying WQC into meaningful
categories using 11 critical parameters.

2. Materials and Methods

This section provides a detailed de-
scription of the study area and the datasets
used in this research. It also outlines the
machine learning methods adopted for the
analysis and explains the evaluation crite-
ria applied to the developed models. Fig.
1 clearly illustrates the methodological pro-
cess followed throughout this study.

Fig. 1. Methodological framework for dataset
analysis and machine learning model develop-
ment.
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2.1 Study area

The demineralization plant MAROC
CENTRAL, the second of its kind in Mo-
rocco, was established in 2018. It is situated
approximately 8.21 km southeast of Kasba
Tadla in the Béni Mellal-Khénifra region,
at coordinates 32.5874°N and -6.1847°W.
It covers a total area of 129,321.99 m2.
The regional climate ranges from humid at
higher altitudes to semi-arid on the plains,
with temperatures reaching 46°C in August
and dropping to -2°C in January [18]. The
Ait Massoud dam supplies the plant, which
has variable levels of suspended solids and
high chloride concentrations that can affect
the taste of treated water. The plant em-
ploys two main treatment processes (Fig.
2):

* Conventional Pretreatment: This
includes coagulation flocculation
(using ferric chloride and anionic
polymers), settling, and filtration,
aiming to prevent the deposition of
suspended solids on the membranes
and ensure optimal filtration.

* Microfiltration and Reverse Osmo-
sis (RO) membranes: This process
removes salts and impurities such
as metals, radionuclides, bacteria,
and organic substances from brack-
ish, producing potable water.

A portion of the treated water is
blended with demineralized water to adjust
the chloride levels to the desired concen-
tration. Since chloride levels in raw wa-
ter fluctuate seasonally, the ratio of conven-
tionally treated water to RO-treated water
is adjusted accordingly to maintain optimal
chloride levels in the final product.



C. Lahlou et al. | Science & Technology Asia | Vol.30 No.4 October - December 2025

Fig. 2. Geographical location and treatment
process of the studied maroc central deminer-
alization plant.

2.2 Data Description

The data used in this study origi-
nates from 10,000 samples of 11 physico-
chemical parameters collected at the inlet
of the MAROC CENTRAL demineraliza-
tion plant. These samples, essential for as-
sessing feed water quality, were acquired
through a hybrid monitoring approach:

* Real-time measurements: were col-
lected via an industrial SCADA sys-
tem equipped with sensors connected
through the Modbus-TCP/IP proto-
col. These sensors are installed at the
membrane feed collector and contin-
uously monitor key parameters.

* Laboratory analyses: were per-
formed on parameters requiring
higher analytical precision (such as
total iron and SDI), using techniques
such as spectrophotometry and man-
ual titration, in the plant’s on-site
laboratory. Table 1 summarizes the
key measured parameters and their
operational relevance to the RO
system. Each variable plays a critical
role in predicting fouling potential,
membrane scaling, system stability,
and overall treatment performance.
The table also indicates the mea-
surement techniques used and the
practical impact of each parameter
on system efficiency and longevity.
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Table 1. Key Parameters for Reverse Osmosis
Inlet Water Quality.

Parameter Average Measurements

Real-Time Sensors
Manually with SDI test kit
Real-Time Sensors
Real-Time Sensors
Real-Time Sensors
Titration Method
Spectrophotometry

Temperature (°C)

Silt Density Index (SDI)

pH

Turbidity (NTU)

Redox Potential (ORP) (mV)
Chlorides (mg-L™1)

Total Iron (mg-L™1)
Electrical Conductivity (EC)
(-Sem™1)

Alkalinity (OF)

Real-Time Sensors

Titration Method

Calcium (mg- L™1) EDTA Titrimetric Method
R _ Permanganate Titration Method
-1
Oxidizability (mg-L™") (COD Equivalent)

2.3 Machine learning models for WQI
prediction

To predict WQI from physicochem-
ical parameters, we used three proven re-
gression models k-NN, RF, and MLP,
which were selected for their ability to
capture nonlinear patterns in environmental
data. Table 2 summarizes the optimal hy-
perparameters used to fine-tune each model
for maximum predictive performance.

2.3.1 K-Nearest Neighbour (k-NN)

k-NN is a simple yet effective non-
parametric model that makes predictions
based on the average output of the k most
similar training samples, as determined by
a distance metric such as Euclidean dis-
tance. This method works particularly well
when local similarities in input data corre-
late strongly with the output values. While
its performance is sensitive to the choice of
k and distance function, its interpretability
and ease of implementation make it a useful
baseline for water quality prediction tasks
[19].

2.3.2 Random Forest (RF)

RF is an ensemble learning method
that constructs a large number of decision
trees and outputs their average prediction.
This approach mitigates the variance seen in
single trees, enhancing robustness and gen-
eralization. RF handles missing data and
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Table 2. Grid Search: Tested and Optimal Hyperparameters.

Approach  Model Hyperparameters
Parameter Values Tried Best Value
n_neighbors [3,5,7,10] 5
WQI k-NN
algorithm ["auto’,’ball_tree’, ’kd_tree’, *brute’] auto
n_estimators [50, 100, 150, 200] 100
RF max_depth [None, 10, 20] None
min_samples_split  [2, 5, 10] 2
hidden layer sizes [(50,50), (100,100), (50,100,50)] (100,100)
MLP Activation [’relv’, ’tanh’, *Sigmoid’] Relu
Alpha [0.0001, 0.001, 0.01] 0.0001
Criterion [gini’, *entropy’] gini
Splitter [’best’, ’random’] random
wQC DT max_depth [None, 10, 20, 30, 40, 50] None
min_samples_split [2, 5, 10] 2
min_samples leaf [1,2,4] 1
max_depth [3,6,9] 3
n_estimator [100, 200, 300] 200
XGBoost
gamma [0,0.1,0.2] 0.1
subsample [0.8,0.9,1.0] 0.8
C [0.1, 1, 10, 100] 0.1
SVM Gamma [’scale’, *auto’, 0.001, 0.01, 0.1, 1] auto
kernel [’linear’, *poly’, ’rbf’, ’sigmoid’] linear
multicollinearity well, and has been widely 2.3.3 Multi-layer perceptron

used in hydrology and water quality model-
ing [20]. In our study, RF provided strong
baseline performance and helped assess the
importance of individual input variables.
Fig. 3 illustrates the RF prediction scheme.

regression model (MLP)

MLP is a class of feedforward arti-
ficial neural networks consisting of input,
hidden, and output layers. It is capable
of learning complex patterns and interac-
tions between variables through backprop-
agation and nonlinear activation functions.
Due to its flexibility and capacity to ap-
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Fig. 3. The random forest (RF) prediction

scheme.

proximate any continuous function, MLP
has been successfully applied in various en-
vironmental and water quality forecasting
contexts [21, 22]. We used a standard three-
layer MLP model, trained with regulariza-
tion to avoid overfitting.

By comparing these three ap-
proaches, we aim to evaluate both tradi-
tional and deep learning strategies for WQI
prediction and determine which model
best captures the nonlinear relationships
inherent in brackish water quality data.
Fig. 4 illustrates the MLP neural network
architecture.
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Fig. 4. The structure of a multi-layer perceptron
(MLP).

2.4 Machine learning models for WQC
In classifying the quality of brackish
surface water prior to reverse osmosis treat-
ment, we used three robust ML models DT,
XGBoost and SVM, which were chosen for
their effectiveness in environmental classi-

206

fication and processing of nonlinear multi-
variate data. Table 2 shows the optimal hy-
perparameters selected for each model.

2.5 Decision Tree (DT)

Decision trees are simple, inter-
pretable classification models that split
data based on input features, forming a
flowchart-like structure. They are well
suited for short-term predictions and fast
computations but can be prone to overfit-
ting. While useful individually, decision
trees typically perform better when com-
bined in ensemble methods like random
forests or boosting frameworks [23].

2.5.1 Extreme gradient boosting
(XGBoost)

XGBoost is an advanced ensemble
method that improves performance by it-
eratively combining multiple weak learn-
ers (typically decision trees). It includes
regularization techniques that help prevent
overfitting and is known for its scalability
and accuracy in structured data classifica-
tion tasks [24].

2.5.2 Support
(SVM)

SVMs are powerful classifiers that
identify the optimal hyperplane separating
classes with the maximum margin. They
are especially effective in high-dimensional
spaces. For non-linearly separable prob-
lems, SVMs can employ kernel functions
(e.g., radial basis function, polynomial) to
map data into higher-dimensional feature
spaces where linear separation becomes
feasible [25].

Vector Machines

2.6 Data preparation and exploration
Data preparation begins with a thor-
ough exploration of the collected water
quality parameters. This step is crucial
for understand-ding the general character-
istics of the datasets and identifying poten-
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tial issues such as missing or outlier values.
Several preprocessing techniques were em-
ployed in this study to ensure the reliabil-
ity and quality of the data before applying
ML models. These techniques include de-
scriptive statistical analysis, data cleaning,
normalization, and transformation.

2.6.1 Statistical analysis

Descriptive statistical analysis pro-
vides a detailed overview of the water qual-
ity parameters, identifying trends, detect-
ing outliers, and assessing the overall dis-
tribution of the dataset. This analysis is
crucial for understanding the data’s charac-
teristics and ensuring its adequacy for ML
applications. Table 3 presents the statisti-
cal computations conducted on the dataset
attributes, including key metrics such as
mean, minimum, maxi-mum and standard
deviation. These metrics illustrate the pa-
rameters’ distribution and variability, estab-
lishing a robust foundation for further pre-
processing and analytical steps.

Table 3. Statistical characteristics of data used.

Parameter Max Mean Min Std
EC 3350 3060 1270 345.12
Chlorides 1100 93590 565.60 112.98
Turbidity 0.44 0.20 0.10 0.04
Temperature 29.00 20.07 9.00 5.18
pH 7.95 7.28 6.92 0.58
Alkalinity 23.00 18.90 13.3 3.03
Oxidability 2.84 1.87 0.78 0.40
Calcium 100.00 79.66 51.00 12.95
Total Iron 0.05 0.01 0.00 0.01
ORP 625.00 248 136.30 54.68
SDI 5.50 3.19 1.57 0.95
WQI 140.16 81.11 45.13 14.57

2.6.2 Data transformation and nor-
malization

Data transformation was performed
to ensure compatibility and comparability
across parameters with different units of
measurement. Normalization was particu-
larly important to scale the values into a
consistent range. The normalization tech-
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nique used transforms data values into a
range between 0.1 and 0.9 using the follow-
ing equation:

9-0.1
Xnew = 0.1+ (X _xmin) X &
Xmax — Xmin
Q.1

This approach ensures that all parameters,
such as turbidity (measured in NTU) and
conductivity (measured in pS/cm), are stan-
dardized, thereby improving the accuracy
and performance of machine learning algo-
rithms.

2.6.3 WQI calculation and class
classification

The primary goal of this analysis is
to compute the WQI, a composite indica-
tor that integrates several physicochemi-
cal parameters. Each parameter contributes
uniquely to the overall evaluation for rapid
decision-making on the need for interven-
tion by classifying feed water into four dis-
tinct categories: Excellent, Good, Poor and
Unsuitable, thus forming the WQC. This
classification provides actionable insights
into water quality entering the reverse os-
mosis systems.

* Calculating the WQI The Water
Quality Index (WQI) in this study is
calculated using a weighted aggrega-
tion method, where each water qual-
ity parameter is assigned a specific
weight that reflects both its relative
impact on RO system performance
and its operational relevance. These
weights were not chosen arbitrarily.
Instead, they result from a hybrid ap-
proach based on:

— Technical  guidelines and
threshold values recommended
by membrane manufacturers
for optimal RO feedwater
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quality (e.g., DuPont FilmTec,
Hydranautics, Toray) [26-29];

Industrial feedback from op-
erational monitoring at the
MAROC CENTRAL Deminer-
alization Plant, where certain
parameters (such as SDI,
iron content, and turbidity)
were consistently correlated
with membrane fouling and
degradation;

Established literature where
similar weighting strategies
were applied in WQI compu-
tation for RO and other water
treatment systems [30, 31].

This weighting approach allows for a
composite and dimensionless indicator that
captures the combined influence of individ-
ual water quality parameters, thus facili-
tating better operational decisions and risk
management in RO desalination systems.

General WQI Formula:

WQlI = Z(Pl- x W), (2.2)
i=1

where n is the number of parameters in-
cluded in the calculation. W; is the relative
weight assigned to the ith parameter based
on its importance in RO feed water quality.
P; is the normalized value of the ith param-
eter, defined as:

X; — Xi min

9
Xi,min

p; = 2.3)

Xi,max -
with X; being the actual value of the pa-
rameter, and, X; max, Xi min the permissi-
ble minimum and maximum values, respec-
tively.

Table 4 summarizes the final weights
used for each parameter, as well as the per-
missible values recommended by RO sys-
tem manufacturers.
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Table 4. Weights and permissible limits for pa-
rameters used to calculate WQIL.

Parameter Weight (%) Permissible Values

for Feed Water RO
(per Manufacturer)
Temperature 122 9-30°C
(dimensioning value)
Turbidity 16.2 <1 NTU
EC 4.0 3700 p-Scm$™{-1})
(dimensioning value)
pH 4.0 6.5-7.5
Alkalinity 12.2 <100 mg/L (as CaCO3)
Oxidizability 16.2 <2 mg/L Oz
Calcium 12.2 <70 mg/L (as Ca%*)
Chlorides 4.0 <1200 mg/L
(dimensioning value)
Total Iron 20.3 <0.05 mg/L
ORP 12.2 <260 mV
SDI 24.3 <5

» Water Quality Classification (WQC)

The WQC is an essential post pro-
cessing step derived from the WQI to cate-
gorize water quality into actionable classes.
These categories facilitate rapid decision-
making in reverse osmosis (RO) operations,
guiding interventions such as membrane
cleaning, pressure adjustments, or flow reg-
ulation.

In this study, the WQC was divided
into four predefined categories based on
WQI values, in alignment with established
water quality standards, according to func-
tion (2.12).

Excellent if WQI < 60,
_ ] Good if 60 < WQI < 80,
woc = Poor if 80 < WQI < 100,
Unsuitable if WQI > 100.
2.4)

Initially, the class distribution was
imbalanced, which posed challenges for
classifying performance. To overcome this,
we applied data augmentation and resam-
pling strategies to balance the number of
samples across all WQC categories. This
adjustment aimed to enhance model reli-
ability, minimize classification bias, and
improve the accuracy for underrepresented
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classes. Fig. 5 presents the updated and bal-
anced distribution of water samples across
the four WQC categories following aug-
mentation.

5000

4000

w
<3
S
=3

2000

Number of Samples

1000

Good Poor Unsuitable

WQC Category

Excellent

Fig. 5. Updated distribution of water samples
across WQC categories.

This classification framework is es-
sential for operational monitoring of RO
system performance indicators, including
feed rate, feed pressure, transmembrane
pressure (AP), permeate flow rate, and en-
ergy consumption. As shown in Fig. 6,
there is a clear relationship between WQC
levels and key RO performance metrics.

2.7 Model training and evaluation

The process of training and evaluat-
ing of the ML models implies the use of a
certain methodology to make the models as

(bar) vs Wac

Fig. 6. Relationship between RO System
Performance and Water Quality Classification

(WQO).

209

accurate and effective as possible. The data
set is split into three parts: The first part is
the training set, which contains 70% of the
data, the validation set contains 15% of the
data and the test set also contains 15% of
the data. The training subset is used to train
the ML models from which the models are
able to learn the patterns and relationships
that are present in the data. The validation
subset is used in the hyperparameter tuning
and to check the performance of the model
in the training process thus helping to pre-
vent overfitting. The testing subset is data
that was not used during training at all and
is used for the testing of the models’ ability
to generalize. The evaluation phase is very
important in order to determine how well
the trained models perform. For WQI pre-
diction tasks, the performance of the trained
models is evaluated using root mean square
error (RMSE), mean absolute error (MAE)
and coefficient of determination (R?). With
respect to WQC classification, the perfor-
mance of the models is evaluated using met-
rics like accuracy, precision, recall and F1-
score thus providing a rich characterization
of the classification performance. In this
way, the most effective and reliable of the
algorithms are selected for the subsequent
studies and applications. Table 5 presents
the equations for the evaluation metrics em-
ployed in this study.

Table 5. Mathematical formulations of evalua-
tion metrics for model performance assessment.

APPROACH METRIC EQUATION
WQl MAE & I8 yreeti = ypreail(2.5)
MSE & 3N (yreeti = Ypreai)2(2.6)
- N2
R2 1- Zi:l]syri’ﬁlli))‘prieczi') @7
221 Oreeti=y)
wQC Accuracy TP PENTTN 28)
Recall 7pirn (29
Precision PP (2-10)
F1 score w(z'”)

Recall+Precision
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2.8 Data distribution and correlation
analysis

Following the preprocessing phase,
the dataset was analyzed to assess its dis-
tribution and ensure readiness for model
training and testing. Understanding the dis-
tribution of features is critical for detect-
ing potential imbalances or skewness that
could affect the performance of machine
learning models. Histograms were created
for each water quality parameter, as illus-
trated in Fig 8. The analysis revealed a di-
verse range of distributions across the pa-
rameters. For instance, Conductivity and
Chlorides demonstrated a right-skewed dis-
tribution, indicating that higher values are
more frequent in the dataset. On the other
hand, pH exhibited a near-normal distri-
bution, which aligns with expected natural
variability. Certain parameters, such as SDI
and Turbidity, displayed uniform distribu-
tions, suggesting a relatively even spread of
values across their respective ranges

These insights provided a deeper un-
derstanding of the data and guided subse-
quent steps in the modeling process, such
as feature scaling or normalization, to ad-
dress potential biases. The identification of
skewed features also informs the selection
of machine learning models and loss func-
tions that can handle non-normal distribu-
tions effectively.

The correlation matrix depicted in
Fig. 8, provides a comprehensive view of
the relation-ships among various physico-
chemical parameters. Using Pearson’s cor-
relation coefficient, we quantified the linear
dependencies between pairs of variables.
The coefficients, ranging from -1 to 1, re-
flect the strength and direction of these re-
lationships, where values closer to 1 or -1
indicate strong positive or negative corre-
lations, respectively, and values near zero
denote weak or no linear correlation. The
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Fig. 7. Distribution histograms of water quality
parameters.
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Fig. 8. Heatmap representation of the correla-
tion matrix for water quality parameters.

heatmap’s color gradient enhances the in-
terpretability of these relationships, with
shades of red highlighting positive correla-
tions and blue representing negative ones.
Such visualizations are invaluable for iden-
tifying key interdependencies and guiding
feature selection in predictive modeling ef-
forts.

3. Results and Discussion

3.1 Results for regression algorithms
Table 6 summarizes the predictive

performance of the RF, KNN, and MLP

models for WQI estimation during the train-

ing, testing, and validation phases. The
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results demonstrate that the MLP model
outperformed the RF and KNN models
across all metrics, achieving superior ac-
curacy with the lowest MAE and MSE,
as well as the highest R? values. Specifi-
cally, the MLP model recorded MAE val-
ues of 0.0182, 0.0278, and 0.0265 for the
training, testing, and validation datasets, re-
spectively, with corresponding R? values of
0.9819, 0.9796, and 0.9806.

These results highlight the MLP’s ex-
ceptional ability to capture the complex
relation-ships inherent in the data.

Fig. 9 presents the time series plots
of predicted versus actual WQI values for
the three models during the training, test-
ing, and validation phases. The red dashed
line represents the actual values, while the
black line represents the predicted values.
For the MLP model, the predicted and ac-
tual values align closely, indicating a highly
precise fit. The RF model also shows good
alignment, although with minor deviations
in the testing and validation phases. The

Fig. 9. Time series plot of WQI: training, test-
ing, and validation phases.

KNN model, however, displays more pro-
nounced discrepancies, particularly during
the testing phase, consistent with its lower
accuracy metrics.

The findings underscore the potential
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of advanced machine learning models, par-
ticularly MLP, for accurate and reliable wa-
ter quality assessment in complex datasets.

Fig. 10 illustrates the regression
plots for the RF, KNN, and MLP models,
showcasing their performance in predicting
WQI during the training, testing, and vali-
dation phases. The regression plots visual-
ize the relationship between each model’s
observed WQI values (target, x-axis) and
the predicted WQI values (output, y-axis).
The diagonal dashed line (Y = T) represents
the ideal scenario where predictions per-
fectly match the observed values. The solid
red line illustrates the best-fit linear regres-
sion between the predicted and observed
values. For the MLP model, the points are
closely clustered around the dashed line, in-
dicating a strong correlation and highly ac-
curate predictions. The regression equa-
tions for the MLP model also show slopes
close to 1, further demonstrating its effi-
ciency in capturing the underlying relation-
ships in the data.

3.2 Results for classification algorithms

This section details the performance
of three ML models DT, XGBoost, and
SVM applied to the classification of WQC.
The dataset was split into three distinct sub-
sets: 70% for training, 15% for testing, and
15% for validation. The evaluation metrics
include accuracy, recall, precision, and F1-
score, which comprehensively assess each
model’s ability to classify water quality ac-
curately.

Table 7 shows the results obtained
for each model across the three phases.
The XGBoost model consistently outper-
formed the other two algorithms, achiev-
ing the highest accuracy during the training
(99.84%), testing (100%), and validation
(99.73%) phases. The DT model demon-
strated similar levels of performance, albeit
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Table 6. Model performance for predicting the WQIL.

Metric Training Testing Validation
RF KNN MLP RF KNN MLP RF KNN MLP
MAE 0.0524 0.0325 0.0182 0.0572 0.0346 0.0278 0.0564 0.0341 0.0265
MSE 0.0097 0.0058 0.0043 0.0115 0.0084 0.0049 0.0109 0.0081 0.0046
R? 09130 09617 0.9819 0.9010 0.9247 0.9796 0.9029 0.9213 0.9806
RF (Train) RF (Test) RF (Validation)
R? =0.91301 R? = 0.90097 Rz = 0.90287
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Fig. 10. Actual Values vs. Predicted Values for Regressor Models.

slightly below XGBoost. The SVM model,
while slightly less accurate, still delivered
strong results, with a validation accuracy of
99.13%.

Fig. 11 presents the confusion matri-
ces for the DT, XGBoost, and SVM mod-
els, offering a comprehensive assessment
of their classification performance across
the training, testing, and validation phases.

The x-axis represents the actual class la-
bels, while the y-axis shows the predicted
class labels. The WQC are defined as
0 (Excellent), 1 (Good), 2 (Poor), and 3
(Unsuitable). Among the models, XG-
Boost stood out with exceptional perfor-
mance, demonstrating minimal false pos-
itives and false negatives throughout all
phases. Its high accuracy, precision, and
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Table 7. Performance Metrics for DT, XGBoost, and SVM.

Model Phase Accuracy Recall Precision F1-Score
DT Training 99.84% 99.84% 99.84% 99.84%
Testing 99.93% 99.93% 99.94% 99.93%
Validation 99.67% 99.67% 99.67% 99.67%
XGBoost Training 99.84% 99.84% 99.84% 99.84%
Testing 100% 100% 100% 100%
Validation 99.73% 99.73% 99.74% 99.73%
SVM Training 99.31% 99.31% 99.31% 99.31%
Testing 99.33% 99.33% 99.33% 99.33%
Validation 99.13% 99.13% 99.14% 99.13%

Fl-scores confirm its consistency and es-
tablish it as the top-performing model. The
DT model performed similarly, delivering
competitive metrics that make it a strong
and reliable alternative. Conversely, the
SVM model, while overall robust, showed
a slightly higher frequency of false nega-
tives during the validation phase, leading to
a marginal reduction in its F1-score.

3.3 Discussion and comparative evalua-
tion

The assessment and prediction of wa-
ter quality using ML techniques are criti-
cal for the effective monitoring and man-
agement of reverse osmosis (RO) systems.
This study focused on evaluating the qual-
ity of brackish surface water feeding into
a RO demineralization plant in Morocco

To evaluate the added value of our
approach, we compared its performance
with both conventional techniques (man-
ual WQI computation and fixed-threshold
classify-cation) and results from recent
studies in the literature. This comparison,
summarized in Table 8, highlights the supe-
rior performance and practical benefits of
our proposed models. While conventional
methods are static and sensitive to human
error, our Al-based approach is adaptive,
handles nonlinearities effectively, and inte-
grates both prediction and classification in
a unified system.

Table 8. Comparative analysis between the
proposed Al-based approach and conventional
manual and literature methods for water quality
prediction and classification.

Whlle optlmlzlng key System performance Ref Method Predi-ction Accuracy R? MSE
o This study  MLP WQI 98.19% 0.0043
indicators such as feed rate, transmembrane (Proposed) ~ XGBoost ~ WQC 99.84%
Ahmed Poly. R wQl 85.07% 7.9467
pressure (AP), permeate flow rate, energy cal(32] MLP Q
consumption, and membrane longevity. Sf‘k]izfggl ANN waQI 7% 9.25
ctal,
The proposed ML framework Gadetal,  RNA wQI 99% -
[34] ANN

demonstrated a high capacity to predict the
WQI and to classify Water Quality Cate-
gories (WQC) with remarkable accuracy.
In particular, the MLP model achieved
strong predictive performance with an
MAE of 0.0182, an MSE of 0.0043, and
an R? of 98.19%, while the XGBoost
model yielded a classification accuracy
of 99.84%, supported by equally high
precision, recall, and F1-score.
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Compared to existing works, such as
those by Ahmed et al., Sakizadeh et al.,
and Gad et al., our methodology demon-
strates improved accuracy, a broader set of
input parameters, and the unique advantage
of targeting brackish surface water used in
reverse osmosis, which remains underex-
plored in the current literature. These re-
sults confirm the robustness and relevance
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Fig. 11. Confusion matrix for DT, XGBoost and SVM algorithms.

of the proposed approach for real-time mon-
itoring, operational decision-making, and
preventive maintenance in large-scale de-
salination contexts. The proposed system is
distinguished by its focus on brackish sur-
face water feeds to RO membranes, which
present unique challenges due to their com-
plex quality variations.

4. Conclusion

This research set out to evaluate the
quality of surface water feeding the RO
demineralization plant in Morocco, with a
focus on optimizing system performance
metrics such as feed rate, transmembrane
pressure (AP), permeate flow rate, energy
consumption, and membrane longevity. By
leveraging ML models, the study aimed to
enhance the predictive accuracy of the WQI
and the WQC. The findings highlight the
exceptional performance of the MLP model
for WQI prediction, achieving an MAE of
0.0182, an MSE of 0.0043, and an R? of
98.19% during the training phase.

For WQC, the XGBoost model ex-
celled, achieving a testing accuracy of
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100% and a validation accuracy of 99.84%.
The DT model followed closely with com-
parable metrics, while the SVM model, de-
spite decent performance (validation accu-
racy of 99.13%), fell short of XGBoost’s
reliability and robustness. These results
align with global research trends that un-
derscore the utility of advanced Al models
for water quality monitoring. The findings
of this study extend these insights by tailor-
ing them to Morocco’s unique environmen-
tal context and water quality challenges.
Future work should focus on inte-
grating Internet of Things (IoT) technolo-
gies and real-time monitoring systems for
continuous data collection and immedi-
ate response to water quality fluctuations,
advanced hyperparameter tuning and the
exploration of deep learning architectures
could further enhance predictive accuracy
and classification reliability. Additionally,
enriching the dataset with new explana-
tory variables and applying feature selec-
tion techniques could help identify the most
critical factors influencing WQI and WQC.
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