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Abstract: Heavy metal contamination in wastewater is a mgloibal problem that requires effective, automated,
and sustainable treatment systems capable of {nkaboratory-scale adsorption processes to inegitig
large-scale operation. This work introduces a n&glert SystemES) that combines a Genetic Algorithi84),
Artificial Neural Networks ANN), and Monte CarloMC) analysis for the automated removal of heavy raetal
using adsorbents obtained from Low-Density Concredste. This research is significant because atisorp
systems are complex to automate due to their nesnlibehaviour and sensitivity to fluctuating opiegat
conditions. By facilitating intelligent process ¢ and optimisation, the system overcomes thenrdaawback
of adsorption technology, which is its lack of aution. Experimental datasets for’RPlCc?* and Mrf* removal
were used to train thANN, which predicts removal from inputs (pH, adsorbemdss, contact time, initial
concentration).GA then used this trainedNN to optimise these same factors. According to thesisivity
analysis, the most important control variablesea\y metal adsorption were heavy metal type, pd,aatsorbent
mass. The ANN model demonstrated strong predigtarformance R = 0.908, RMSE = 7.43 %), enabling GA
to optimise process conditions and achieve remaiffitiencies of 100 % (Pt), 87.8 % (C&), and
71.62 % (MA*) under identified optimal operating parameters.e@fional reliability measured b¥C
simulations showed Gb had a higher variability QV: Coefficient of Variation = 5.39 %) than N
(CV = 3.29 %) and PH (CV = 2.13 %), which had minimal uncertainty. Usingowses from the circular
economy, thé&S provides a framework for a digital twin of an Irstity 4.0-compliantvater treatment system that
enables translation of lab-based procedures irgtctioal applications.
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Abbreviations Descriptions

ANFIS Adaptive Neuro-Fuzzy Inference System
ANN Artificial Neural Networks

AVG Average

BP Back Propagation

CDF Cumulative Distribution Function
Cl Confidence Intervals

CNN Convolutional Neural Network
CT Contact Time

Ccv Coefficient of Variation

DSS Decision Support System

ES Expert System

GA Genetic Algorithm

IC Initial Concentration

loT Internet of Things

KPI Key Performance Indicators
LDC Low-Density Concrete

MA Mass of Adsorbent

MAD Median Absolute Deviation

MAE Mean Absolute Error

MC Monte Carlo

Mi Mutual Information

ML Machine Learning

MSE Mean Squared Error

NMI Normalised Mutual Information
PCA Principal Component Analysis
PDF Probability Density Function

R Coefficient of Determination

RF Random Forest

RMSE Root Mean Square Error

RP Removal Percentage

RSV Response Surface Methodology
D Standard Deviation

SHAP Shapley Additive Explanations
SVM Support Vector Machines

UN SDGs United Nations Sustainable Development Goals

Introduction

With continuous technological progress and societ@velopment, rapid
industrialisation and urban expansion have ledrtanarease in the release of hazardous
substances, particularly heavy metals [1, 2]. Tiesgnce of these contaminants adversely
affects the quality of soil and water, disruptsoassted ecosystems, and poses significant
risks to human health [3]. Compared with membrahemical, electrochemical, biological
[4, 5] and photocatalytic methods, adsorption [@mains the most cost-effective,
well-established, and environmentally friendly teicjue for heavy metal [7-9] removal in
wastewater treatment. Adsorption provides operatiosimplicity and high removal
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efficiency even at low metal concentrations. In tcast, membrane and electrochemical
systems, though offering greater automation, ameeigdly more complex and costlier.
The main limitation of adsorption techniques isitfienited ability to be automated, which
restricts their continuous and large-scale appticatHowever, adsorption continues to be
a practical and extensively used method for thg-k@nm removal of heavy metals [10].
Machine LearningNIL) plays a crucial role in automating adsorptiongesses for heavy
metal removal by enabling accurate prediction, mjstation, and control of operational
parameters [11]. Reducing experimental effort, @lgms such as Artificial Neural
Network (ANN) [12], Support Vector Machine&S¢{M) [13], and Random ForedRF) [14]

can simulate nonlinear interactions between vaegle.g., pH, adsorbent dose, and contact
time. The integration ofML with sensors and control systems enhances real-tim
monitoring, facilitates adaptive decision-makingnda automates adsorption-based
wastewater treatment effectively.

The automation, design, and predictive modellingadsorption processes for the
removal of heavy metals have been greatly enhamhgedecent developments ikiL.

In order to discover important factors that havdampact on adsorption, such as synthesis
and ambient conditions, Liang et al. [15] applMt to Schwertmannite, a sea urchin-like
adsorbent, using @ model trained on 814 data groups with 27 attributeng et al. [16]
optimised pyrolysis settings using only biomass position data by using a hybridL
framework that combines relationships between bgsnaproduction, biochar, and
application to predict biochar characteristics addorption behaviour. In order to improve
soil remediation techniques, Wang et al. [17] uaedhriety ofML models, most notably
XGBoost, to pinpoint important soil characteristibat affect heavy metal adsorption, such
as pH, reactive oxides, and organic matter. Innglai vein, Yaseen and Alhalimi [18]
combined ensembl®IL techniques including XGBoost, LightGBM, and Adabbdo
forecast the adsorption efficiency of biochar-bakedvy metal, emphasising the crucial
roles of pH and metal-to-biochar ratios.

The adsorption capacity of geopolymers was predidig Han et al. [19] using
an Extra Trees model, which ranked feature impeddrased on parameters including pH,
dose, and curing time. In order to simulate bioctw@ption efficiency, Hassan et al. [20]
used a combination of linear, nonlinear, and deegrning methods, such &\N,
Convolutional Neural NetworkGNN), and CatBoost. They also used Shapley Additive
Explanations $HAP) analysis for automated performance evaluation dedture
interpretation. Tank et al. [21] created amine-rfiedi mesoporous silica, applied ML
algorithms usingHAP-based feature dependency analysis, and creatadkdng regressor
to improve adsorption performance prediction.

To forecast the ion exchange resin adsorption ¢gpfac heavy metals, Xu et al. [22]
created a library of resin adsorption data by canigi LightGBM modelling with
attributes gained from molecular simulations. Waaal. [23] used regressioNL, and
deep learning models to study heavy metal adsortito microplasticsRF produced the
best prediction and identified environmental fastas the main adsorption determinants.
Overall, these studies show hoMIL may revolutionise adsorbent synthesis, feature
selection, and system automation, enabling the Idemeent of intelligent and flexible
adsorption-based decontamination systems.

The intricacy of waste-derived materials, whoseetmgjeneous and mixed surfaces
make adsorption modelling and automation diffic[24], has not been addressed in
previous studies that have appliddL to a variety of adsorbents. By combining
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metaheuristic algorithms witML models, an Expert Syste&S) framework is created in
this study to bridge this gap. This results in &atdecision Support Syster$S) that
allows for automated control, prediction, and iligeht optimisation of heavy metal
adsorption using waste-based adsorbents.

According to the identified research gap, the presstudy aims to develop
a comprehensive dataset from experimental adsorgiocesses of heavy metals using
Low-Density ConcretelLDC) [25] as the adsorbent. AL model based on th&NN is
then constructed to predict the Adsorption Perfarcea Subsequently, GA optimisation is
performed using the trained ANN to identify optingerating conditions. The model's
uncertainty is evaluated through Monte CaMC) analysis, and finally, its performance is
validated under a simulated water treatment plaith wynthetic data in the range of
experimental conditions to assess the overallieffity of the developeBS.

Materials and methods

The research program starts with gathering experahedata on heavy metal
adsorption utilising adsorbents produced from awoetibn and demolition waste (LDC), as
shown in Figure 1. Significant parameters are floend by statistical analysis. Adsorption
performance is predicted by thdL stage ANN), and then important variables are
optimised by using the meta-heuris@A. Model uncertainty is then assessed us#@Q
analysis. Lastly, all phases are integrated fooraated adsorption process prediction,
optimisation, and control using the bui$.

=l EXxperimental data preparation

=] Statistical data analysis and initial modelling

Machine learning modelling as predictor of adsanpti
performance

=1 Decision-making system implementation by metah&aosis

== Uncertainty analysis by Monte Carlo technique

mad  EXpert system design

Fig. 1. The research roadmap of the present study
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Experimental stepsand dataset preparation

This study prepares the dataset based on the sfu@heibi et al. [25]. Experimental
data on the adsorption of Pb Cd*, and MA" ions [26] (designated as 1-3) onto
LDC adsorbent are included in the dataset. All expemis were conducted in
single-contaminant reactors. Parameters includijgp (2-5), (2) Mass of Adsorbent
(MA) (1.33-10) g/L, (3) Contact TimeCT) (1-120) min, (4) Initial Concentration@) of
heavy metals (5-200) mg/L, and (5) Removal Pergenf@P) as the response are the five
factors that control the system. One factor atnzetiexperiments were planned around
a baseline (pH = 3MA = 6.67 g/L,CT = 30 min,IC = 10 mg/L). Additionally, to assess the
adsorption rate and equilibrium behaviour, kinetialysis was performed by adjusti@g
at constantC = 5 mg/L andVMA = 6.67 g/L. To ascertain the effects of the patense each
metal system was evaluated in these controlledingstt The dataset consists of
66 adsorption test results, corresponding to 66roscwith five input variables and one
output variable. Consistency of dataset and noalingdsorption behaviour provides
a strong basis for statistical modellinglL prediction, kinetic evaluation, and optimisation
using metaheuristic and uncertainty analyses ife8ihat will be outlined below.

Statistical analysis

The statistical analysis in this study was methalticdivided into four phases.
The first step was data pre-processing for fourampeters (pH,MA, CT, IC) as
standardising input variables using z-score nowatibn, detecting outliers using the
Median Absolute DeviationMAD) [27] approach. Second, the distribution of théadaas
summarised by computing descriptive statistical rit®tas mean, standard deviation,
quartiles, skewness, and kurtosis. Third, normdligetual Information §I) [28] analysis
was used to quantify inter-variable interdependehastly, Principal Component Analysis
(PCA) [29] was used to visualise patterns and reduneedsionality. MATLAB R2019b
was used to carry out all calculations and visatitigs.

ANN-GA model structure

Figure 2 demonstrates the model structure for ptiedi the removal percentageR)
of three heavy metal ions BANN and maximising th&Ps by GA.

Input parameters for creating t&N include Metal type, pHMA, CT, andIC to
predict theRP of PK*, Cc*, and Mif* ions. Two hidden layers, each with 10 and
12 neurons, were used with the improved LevenbeaggMardt training algorithm, or
"trainlm" [30]. To guarantee strong generalisatitim;e dataset was split at random into
70 % for training, 15 % for validation, and 15 % festing. The output neuron’s activation
function was set to linear, and the hidden laydos'tangent-sigmoid [30]. Iterative
backpropagation was used to adjust the model paeasnantil the Mean Squared Error
(MSE) was less than 1 - T01In this model, the cost function minimises the dretween
ANN-predicted removal and the 100 % target, allomBg to adjust input factors to
maximise adsorption efficiency for each metal ion.

After developing theANN, a GA [31] was applied to maximiseP by optimising the
input variables within their physical ranges. Thairted ANN was used as a surrogate
model during the optimisation proce&A had a population of 100, a crossover rate of 0.8,
50 generations, and 10 elites. In this study, naraivas implemented using the default
Gaussian mutation operator, which perturbs eaclsidecvariable by adding zero-mean



52 M. Gheibi, Z. Hajiahmadi, K. Jaromin-GlgM. Eftekhari, K. Behzadian, MCernik and S. Wactawek

normally distributed noise, with variance contrdlidy the scale, shrink, and initial
population range parameters to preserve diversity avoid premature convergence [32].
The integratedANN-GA framework [33] autonomously identified optimal opkéng
conditions, ensuring low error and high predicti@ecuracy across all metal systems.
Stochastic uncertainty quantification over #RN-GA optimised adsorption response is
carried outvia the MC approach [34]MC simulations (2000 iterations per ion) randomly
perturb these ideal parameters within £5 % to mlevprobabilistic response distributions
once theANN has been trained and tkEA has identified the best process conditions for
each metal ion (Ph Cc&*, and MA"). In the MC analysis, metal type, defined as
a categorical variable (1 = Pb2 = CG", 3 = Mrf"), is fixed within eactMC run and is
determined separately in an outer loop, not tre@gd stochastic variable. Statistical
descriptors, including meaV{G), standard deviatiorSD), Coefficient of Variation CV),
and (95-99) % Confidence Interval8l}, are produced by recalculating the predidRed
using the trainedANN model in each iteration. By combiningdC-driven uncertainty
propagation, GA-based deterministic optimisation, ar&NN predictive mapping, the
framework allows for the assessment of model rotasst and sensitivity to experimental
modificationsvia visual dashboards such B®F (Probability Density Function)CDF
(Cumulative Distribution Function), and box ploiote that all the declared computations
were coded and run in MATLAB 2019b.

UNCEMaINtY 1S ¢ _____....oceeveeeeesseeess s eneees MC model
desirable? controller
3
Input variables v
- v
Metal type ANN model 8
= 70%15%-15% g
P ‘ 2 =
RP O >
MA o b
cT pr! =
°11 %
IC : ()
?

Fig. 2. The structure oANN-GA model in the present study, ConditioANN: Two hidden layers
(10, 12 neurons); trainlm algorithm; tansig-hiddénear-output:MSE < 1.10% split training:
70 % - testing: 15 % - validation: 15 % aB#: Pop 100; crossover 0.8; 50 generations; 10 glites
maximisedRP — 100 %via optimised inputs
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Expert system structure

An ESfor intelligent control of metal ion removal in adustrial water treatment plant
is formed by the implemented MATLAB R2019b softwar€o anticipate RP, it
incorporates a feed-forwar®iNN trained on past process data, including Metal ,tyé
MA, CT, andIC. To attain maximunRP for Pi¥*, C&*, and M, these parameters are
refined byGA optimisation. To simulate actual water treatméanpconditions, the system
creates 200 synthetic sensor-based test datadgtsa]®wing for online prediction and
adaptive learning.

The synthetic online sensor dataset was generathihwhe experimentally validated
operating domain by defining the input vecxor [m,pHMA,CT,IC], where the metal type
me{1,2,3} was treated as a fixed categorical variabled continuous parameters were
sampled from bounded uniform distributiorgJ(X_minXmax). S€NSOr uncertainty was
emulatedvia multiplicative noisexr~/ = xi(1+¢), with & ~ U (-0.02,0.02) followed by
range projection. SubsequentMC analysis perturbed th&NN-GA optimised parameters
within +5 % over multiple realisations to quantifyocess-level uncertainty around the
optimal operating point. The 2 % simulated senswettainty represents a controlled and
reliable measurement regime, while the 386 perturbation encompasses broader process
and operational variability; thus, the smaller sgn®ise is intentionally nested within the
larger MC uncertainty to reflect the hierarchical naturenodasurement and operational
uncertainties.

The ES assesses operational dependability and model trodsss using visual
dashboards (response surfaces, Key Performanceatods:KPIs, and process flow) and
performance indicators (Coefficient of DeterminatiB?, Root Mean Square ErrdRMSE,
and Mean Absolute ErroMAE). While further work concentrates dS performance
validation under dynamic water treatment scenattus,structure permits interfacing with
sensors for autonomous optimisation.

Results and discussion

At the first stage, the specification of the datas®l available experimental results of
PE*, Cd*, and Mri* adsorption onto the surfaceldbC is analysed. A thorough summary
of the features of the input dataset, inter-vagaddpendencies, and their overall variance
structure relative to theP is given in Figure 3.

The dataset was deemed complete, since there wengissing values in any of the
response parameters (removal percentage) or irgratmeters (Metal type, pHA, CT,
and IC). This validated the data’s reliability for subseqt statistical analysis and
modelling. Figure 3a shows the Normalised Mutu&imation NMI) matrix between the
input variables. The off-diagon&IMI values remain below 0.12, indicating that eachuinp
delivers significantly independent information aoonfirming weak correlations among
variables. A slight correlatior=(0.12) is observed betwe@T andIC in the adsorption test
results. However, the categorical variable metaétgxhibits negligible mutual information
with all continuous variables, confirming minima&dundancy. Moreover, as metal type is
a categorical variable, its low correlation withntiouous parameters is expected and does
not imply a lack of influence on removal efficiencyherefore, the inclusion of all
predictors in the modelling framework is justifiednd the risk of multicollinearity is
substantially reduced. Boxplots, which are a vadiabol for visualising central tendency,
dispersion, and the existence of high-leverage rebtens, are used to display the input
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variable distributions in Figure 3b. The pH var@llas a clear left skew (skew = —2.81,
kurtosis = 9.9, median = 5), with a few low extreraues. TheMA variable exhibits

a moderately left-skewed distribution (skew = —].k8rtosis = 5.84), with most values
clustered around 6.67 g/L and a limited numberighfleverage observations, indicating
general consistency with occasional deviatio@3. displays a broad and right-skewed
distribution (skew = 2.08, kurtosis = 6.41), spagnifrom 10 to 120 min, with

26 high-value influential observation€ demonstrates the most pronounced non-Gaussian
behaviour, with an extreme right skew (skew = 3K8tosis = 13.63), a dominant median
of 10 mg/L, and nine high-leverage observationsta®00 mg/L, reflecting irregular
concentration spikes.
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Fig. 3. Exploratory data analysis of input variabkes per: a) normalised mutual information matrix
according to weak inter-variable dependencies, dplots as per skewed and heavy-tailed
distributions with multiple high-leverage obsereats, c) Scatter matrix based on weak linear
relationships among inputs, and BLA score plot PC1 = 23.8 %,PC2 = 22.1 %) as per
nonlinear variance patterns colouredR#¥/

The scatter matrix of input variables is shown ilgufe 3c, enabling a visual
examination of pairwise correlations. Consisterthwie lowNMI values (see Fig. 3a), the
scatter plots exhibit diffuse and weakly structuggatterns, confirming the absence of
significant linear correlations. WhIlET and IC histograms along the diagonal indicate
heavy-tailed distributions, Metal type and pH platsrtical and horizontal bands are the
result of their discrete or limited numeric levélfie absence of clear patterns indicates that
potential correlations between these charactesistind RP are likely nonlinear and
influenced by complex interactions rather than $&ntipear dependencies.

The first two Principal ComponentB¢1 andPC2) account for 23.8 % and 22.1 % of
the total variance, respectively, according to B@A score plot displayed in Figure 3d.
Together,PC1 and PC2 explain about 45.9 % of the total variance, inti@athat nearly
half of the dataset variability is representedha two-dimensionalPCA space, while the
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remaining variance is distributed across higher moments. This further confirms the
inherent complexity of the adsorption dataset. @tmmbination of discrete (Metal type, pH)
and continuous MA, CT, IC) variables results in a cross-shaped pattern é store
distribution. It is implied thaRP variation results from a number of interrelateengénts
rather than a dominant linear trend becauseRecolour gradient does not correspond
linearly with either component.

In general, Figure 3 shows that the dataset issstatly complete, with skewed and
heavy-tailed distributions and low correlation amagredictors. The nonlinear structure
indicates that advanced methods suciMasand GA or their integrations are suitable for
predicting RP and supporting automated optimisatifoihe adsorption process.

In accordance with Zhao et al. [36], who highlightdhat heavy metal adsorption
systems display multivariate yet weakly coupledlima@rities prior to interaction effects
predominating, enabling ML models to isolate gousgnparameters, the weak mutual
information among input variables suggests minia@linearity. Therefore, under these
conditions, the application of ML models is essarfoir addressing this type of problem, as
adopted in this study.

Figure 4 presents th&NN-GA results, covering model diagnostics, optimisation
outcomes, and prediction performance. With dispersinly rising at the highest removal
levels, Figure 4a demonstrates a close parity tveetual and predictdRP for all three
metals R = 0.908,RMSE = 7.43 %,MAE = 5.04 %). As shown in Figure 4g, rapid error
reduction occurs within approximately 5-8 epochsd dhe stable test curve indicates
minimal overfitting and good generalisation. Coteit with the heavy-tailed inputs
previously noted, the residuals in Figure 4h exhibismall mean bias (mean = 0.49),
approximately homoscedastic variance, and are liatgeited within +2c (c = 7.47), with
a few pronounced deviations observed at RBhvalues (> 50 %).
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Fig. 4. ANN-GA outcomes for ion removal based on: a) actual redipted RP values, A settings
and optimal value suggestions for all input paramse{pH, MA, CT, andIC), ¢) maximum
performance ofRP per ion, d) cost function values per ion, e) @gence to best cost by
50 generations, f) sensitivity analysis of inputri@ales, g) learning curves as per stable
generalisation, h) residuals values, and i) Peazsarelation matrix of input/output parameters
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The GA optimisation is reported in Figures 4b-e. Over g&nherations, theGA
gradually reduces the best objective function ifistance, PH: Fig. 4e), keeping the best
and mean costs apart and preventing protractels, stetich shows ongoing exploitation
with some population variety. In Figure 4b, high pthear the top bound),
MA = (8.26-10) g/L, specifidC = (46.2-86.2) mg/L, and metal-specifi€T (high for
PE*/Co™ and lower for MA") are the clustered optimal operating points. Asvshin
Figures 4c and 4d, Mhreaches a maximum removal of 71.6 % and exhihishighest
optimisation cost function value (805.19), compawith PH*, which achieves 100 %
removal with zero cost, and Epwhich attains 87.8 % removal with a cost of 188.8

These results indicate that Mrrequires process intensification or an expandaiyjde
space, as it is inherently more difficult to remaurader the studied conditions. The results
of the optimisation for critical parameters RP are demonstrated in Table 1.

Table 1
The results oANN-GA model optimisation based on experimental inpua dat
Metal ion 1C[mg/L] pH [-] MA[g/L] CT [min] RP [%]
PL” 46.2 4.8 8.26 109 100
Cco”’ 86.2 5 9.99 120 87.8
Mn** 82.9 5 10 73 71.62

The interpretation of the model results in Figuééand 4i is the same. According to
the normalised sensitivity analysis, metal type my@e as the dominant control variable
(1.000), followed by pH (0.528) with a strong sedary influence, whileMA (0.018),CT
(= 0), andIC (0.004) exhibit very limited direct sensitivity. dveover, Figure 4i presents
the Pearson correlation matrix, showing the refetiips betweeRP and the other heavy
metal adsorption variables. Most notabRR exhibits a strong negative correlation with
metal type (-0.63), indicating that as the metpetylefined number increases (fronfFb
Mn?"), RP values tend to decrease substantially. Conver&Blydemonstrates a moderate
positive correlation with pH (0.54), suggestingtthigher pH levels are associated with
elevatedRP values. AdditionallyRP shows a weak to moderate positive relationship wit
MA (0.32), whileCT displays only a minimal correlation (0.18). Ti& parameter appears
nearly independent oRP, with a correlation coefficient of —0.02. Togethdhese
diagnostics are used to support AN as a reliable surrogate model f8A-based search,
and a practical strategy is suggested in which phtrol is prioritised MA is adjusted as
a secondary lever, ari€ll andIC are treated as lower-order constraints.

The ANN-GA hybrid approach has demonstrated strong predictymbilities across
various adsorption systems. Fan et al. [37] ackieRe= 0.99 for C4" removal using
Reduced Graphene Oxide-Supported Nanoscale Zeenwabn (nZV1/rGO) composites,
while Halder et al. [38] reporte@ = 0.991 for Ct" adsorption optimisation, and Mandal et
al. [39] obtained?? = 0.975 for A8" removal. The current study® = 0.908, while slightly
lower, is attributable to the inherent variabiligf waste-derived adsorbent$XC)
compared to engineered materials, and single-nietilh experiments. Importantly, the
current study extends beyond prediction accuracintegrateGA optimisation andMC
uncertainty quantification, providing operationabustness metricC{/ values) absent in
prior ANN-only approaches. The identification of pH as daminvariable aligns with
Mandal et al. [39] findings, confirming the relitityi of the sensitivity analysis despite the
moderateR’ value.
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GA convergence across metals is compared in Figwe Far PB* (Fig. 5a), the
best-cost value decreases rapidly from =16 less than I8 (= 99.3 % reduction in the
cost function relative to the initiaGA baseline) with a reduction of best-mean gap.
Moreover, for C8" (Fig. 5b), the best-cost decreases nearly expiatigritom ~ more than
2 - 16 to 148.89 £ 94.3 % improvement), indicating the stable coneeng. Finally, for
Mn%* (Fig. 5c), the best cost remains high (805.19)pitesa 47.5 % improvement,
indicating a more difficult optimisation landscape.
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Fig. 5. GA convergence by metal: a) ®bb) Cd" and c) MA". GA conditions: population size: 100, 50
generations, elite count: 10, crossover fractiol®00 fitness based on squared deviation of
removal percentage from 100 %
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For each Metal type at different specif®€ and IC, Figure 6 plots theANN-GA
response surfaces oRP against pH andMA. As MA approaches approximately
(6.67-10) g/L,RP increases markedly, with improvements near thestoaeidity boundary
(pH = 5) further enhanced by pH effects. At hilylA and pH, PB" shows near-complete
removal across a broad region (Fig. 6a). Moreo@ef! exhibits a similar trend but with
different pHMA interaction effects (Fig. 6b). Besides, Muisplays a smoother response
and a lower removal plateau of about 70 % (Fig., 6ajlicating lower adsorption
efficiency. PB* has a lower hydration energy and acts as a dofteis acid, which favours
strong inner-sphere complexation with alkalibBC surface sites and permits incipient
precipitation as Pb(OHpasic carbonates at high pH [25]. This superiority
mechanistically feasible. These findings align wititose of Macena et al. [40], who
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determined that variations in adsorption affinitgang heavy metals are affected mainly by
ionic softness, hydration state, and the extentarhplexation with surface functional
groups.

The ANN-GA framework’s model-based outputs for single factadRP, are shown in
Figures 7a-d. The effects of pMMA, CT, andIC on RP collectively reveal a consistent
adsorption hierarchy among the metal ions. IncregppH enhanceBP for P and Cé",
leading to high removal efficiencies at the uppdrrpnge, whereas Mhexhibits a weaker
and more gradual response, with moderate removiaiegicy at higher pH. In parallel,
increasingMA strongly promote®RP for all metals, with PB and C&* showing a sharp
rise, while Mri* requires higheMA values to achieve comparable performance. Protbnge
CT has a limited additional effect, rapidly drivingg® and CG&* toward early saturation,
whereas Mfi" remains partially kinetically constrained. Conwdys increasingC reduces
RP due to active site saturation, with this inhibjteffect being most pronounced for fn
because of its weaker surface affinity. From trendpoint of control systems, the main
variables that should be changed (high loop gaie)pdd andMA. Then,CT should be
adjusted for each metal (longer for ®)o The outcomes illustrated in Figure 7d indicate
thatIC has the lowest influence &P according to thé\NN-GA model, exhibits an inverse
relationship withRP, and, due to its fluctuations, should be spedlfiazontrolled for C*
at the optimal values reported in Table 1.
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Fig. 7. ANN-GA response curves for BbCd*, Mn?* as per: a) pHs. RP, b) MA vs. RP; ¢) CT vs. RP;
d) IC vs. RP, GA conditions: population size: 100, 50 generatiaige count: 10, crossover
fraction: 0.80, fitness based on squared deviatioremoval percentage from 100 %. Note: In
each plot, the remaining factors are fixed at thptimal values as listed in Table 1

Huang et al. [41] explained that precipitation,face complexation, and ion exchange
within the C-S—-H and ettringite phases are neceskar heavy metal stabilisation in
waste-based matrices, and B& optimisation results followingANN prediction in this
study are in good agreement with their findings®*Cand Mrf* showed lesser fixation
because they were present in more soluble formsh sis MnSQ@ 2H,0, but PB*
demonstrated the highest stability through the lbgweent of insoluble hydroxide and
phosphate precipitates (Pb(QHPk(POy),). Stronger adsorption and precipitation under
alkaline conditions are confirmed by the observelddependent enhancement in removal,
which is in line with Huang'’s [41] solidification @hanisms.
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Figure 8 quantifies the reliability of the optin@gberating rules under input variability
and complements the precediAbIN-GA results.MC uncertainty analysis of th&NN-GA
model is reported in all panels.
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in the three metals adsorption otBC, and f)PDFs to set control margind/C Conditions:
2000 runs, +5 % perturbation of pMA, CT, IC, ANN-basedRP uncertainty

0 110

After 2000 MC cycles at GA-recommended settingsg.(FBa), uncertainty
guantification reveals metal-specific variabilitatferns. By absolute standard deviation,
PE* (SD = 2.1 %) shows the lowest variability, follavby Mrf* (SD = 2.3 %) and Cb
(SD = 4.5 %). In the probability density histogramn?®* exhibits the tallest peak due to its
untruncated distribution around 70 %, while?Rbdistribution near the physical 100 %
limit appears broader due to edge effects, and Gigplays the widest spread centered at
84.2 %.

Boxplots of theViC-predictedRP values are shown in Figure 8b.?Pbonfirms modest
dispersion and consistent performance with a nairagrquartile range and few deviant
values. C&" shows significant variability under uncertaintythva large interquartile range
and several low-value outliers. Knexhibits a modest spread, much narrower thafi Co
but bigger than P¥, indicating regulated but not insignificant vaila. Further,
Figure 8c compares thelC meanRP values with their corresponding 95 @. PE*
achieves a meaRP of 99.6 %, with a 95 %l of [94.51 %, 102.31 %], confirming
near-complete and highly reliable removal?Qeaches a med®P of 84.2 %, with a wider
95 %Cl of [71.87 %, 87.94 %], indicating reduced robusséMrf* exhibits a meaRP of
70.00 %, bounded by a narrower 95 b of [63.37 %, 71.62 %], reflecting moderate
stability around its optimal value.

The CDFs of RP are shown in Figure 8d. The steep slope of tifé €DF indicates
a high probability of achievin@P values close to the optimum with minimal unceitiain
Besides, the more gradual slope observed féf @dlects greater variability and a higher
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likelihood of deviation from ideal performance. TMn?* CDF lies between these two
extremes, indicating moderate robustness andepvséi Moreover, each metal o€ is
shown in Figure 8e. The most reliable predictioRIi", which shows the least fluctuation
(CV = 2.13 %). The moderately stable system undehasiic perturbations is Mh which
exhibits moderate variabilityQV = 3.29 %), but C8 surpasses the 5 % robustness barrier
(CV = 5.39 %) based on the study of Gonzélez-Fernaatlak [42]. ThePDFs of RP are
shown in Figure 8f, with shaded areas denotingd®Hhé&6 confidence intervals and dashed
lines denoting theMC mean. Strong dependability and narrow control mnargare
confirmed by the crisp, high-density peak that'Rtisplays. Because of its flatter and
wider density profile, C8 needs more cautious operational management. Oage, Mrf*
exhibits intermediate behaviour, with reasonableeutainty boundaries and a moderately
concentrated density.

To assess parameter sensitivity in micellar-entndgafiltration, Lin et al.’s [43]
MC-ANN model employed 1000 stochastic iterations. It edil over 99 % metal rejection
and identified pH and surfactant ratio as the daiiig parameters with the least amount
of model uncertainty. Similarly, to evaluate resilce and regulate variability, the current
ANN-GA-MC paradigm combines evolutionary optimisation withrolgbilistic
MC simulations.

The MATLAB-based system illustrates hodL, optimisation, and sensor-based
analytics are integrated under the Industry 4.@Ggigm in the simulated operation of the
ES within an industrial water treatment plant. TE®turns static adsorption modelling into
a dynamic decision-support environment that caglligently govern processes, as seen in
Figure 9 as the online dashboard output. The aedRBgfor PIF¥*, Co’™*, and Mif* ions is
continuously forecasted on the real-time contradht@ard, which is shown in the upper
panel. Across 200 synthetic test scenarios witiedaoperational conditions, Pbexhibits
the highest average RP (69.4 %), followed by"*Q@3 %) and MA" (47 %), while
GA-optimised conditions achieve maximum removald@® % (PB"), 87.8 % (C6", and
71.6 % (M.

The simulation’s varied operational variabilityvalidated by the pH and sorbent mass
distributions obtained from 200 synthetic sensaelha test datasets. Time and
concentration are secondary under optimised regimieitee pH and sorbent mass dominate
process sensitivity, as seen by the ideal paranhet@map. The capacity of the system to
generalise predictions under industrial noise amckettainty is demonstrated by tA&N
training and validation curve®{ = 0.993), which show consistent convergence witteli
overfitting. In this study,R* = 0.908 represents thANN performance on training,
validation, and testing, whilé¥ = 0.993 is obtained within th&S using simulated
sensor-based data (just training and validatiome ®bserved differencel® ~ 0.085)
reflects the exclusion of unseen test data anddhelting evaluation under more stable,
operator-controlled conditions. This difference sloet imply a change in model structure,
but rather the performance of the same ANN wheeszesl using training and validation
data only.

From a smart operational perspective, #® integrates predictive analytics with
autonomous optimisation loops. THBA iteratively refines operational setpoints to
maximise the RP of B Cd**, and Mri*, with ANN outputs continuously integrated into
the GA-based control logic. These results indi¢hte the system can adaptively regulate
treatment parameters, maintaining process effigielespite fluctuating influent quality.
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Fig. 9. Industrial water treatment control centastiboard of the develop&s as per sensor-based data
processing ANN-GA predictive modelling, parameter optimisation, antklligent monitoring
within an Industry 4.0 operational framework

Figure 10 presents the online dashboard outpustititing the optimisation outcomes
of the ES through 3D response surface plots and contour nfiapsach metal ion.
The surfaces visualise the nonlinear interplay betwpH andMA on RP, illustrating that
performance enhancement is primarily achieved witiie high-pH, highA domain.
The overlaid optimal points indicate the systenudity to autonomously discover the most
efficient zones for operation.
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Fig. 10. Digital twin dashboard according ADIN-GA-based optimisation analysis, response surfaces,
and optimal operational zones for’RiCc?*, and Mrf* adsorption in industrial level analysis
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Using anANN, RF, Radial Basis Function kernel, and Adaptive Nelauazy Inference
System ANFIS), Pathania et al. [44] created an onlilebased wastewater monitoring
system that predicts pollutant adsorption in reabt However, their approach focused on
prediction without optimisation. Wilson et al. [45reated a real-time biosorption
monitoring system from an automation standpointcbynbining anANN model with an
electronic tongue and a flow-injection potentioritefetup to assess transient signals from
ion-selective sensors. This setup made it possiblielentify several metals at once and
partially automate the monitoring procedure. In esrdo facilitate optimisation and
decision-making inside an Industry 4.0, the cursgotly combine®\NN, GA, andMC to
advance automation.

By coupling ANN-GA predictive modelling withtMC-based uncertainty analysis, the
developedES not only predicts and optimises removal efficiesdor PB", C&*, and Mit*
but also quantifies operational robustness undalistie variations. The current approach
changes adsorption modelling from a static optitiosaor data-driven prediction tool into
a decision-support system capable of real-time gg®aontrol. This advancement aligns
with the emerging concept of Virtual Laboratorid$], enabling digital experimentation,
model validation, and process optimisation in sated environments. Consequently, it
establishes a scalable digital twin framework faestainable water treatment systems. This
could make it easier to connect with Internet ofngs (oT)-based sensing and real-time
industrial automation in the future.

Conclusion

In this study, theANN-GA framework predicted optimal removal efficienciésl60 %
for PK**, 87.8 % for C8", and 71.62 % for M, with predictive accuracy d® = 0.908
and RMSE = 7.43 %.MC analysis confirmed high operational robustness R
(CV = 2.13 %) and Mf (CV = 3.29 %), while C® showed higher variability
(CV = 5.39 %). By combining automation, uncertaintalgsis, and process sustainability,
the ES offers managerial decision assistance beyond teshoptimisation, facilitating
data-driven resource management and operationiiieneg in water treatment systems.
By transforming construction and demolition wast®ihigh-value functional adsorbents,
the framework reduces reliance on virgin materigdsforces circular resource utilisation,
and contributes to UN SDGs 6 (Clean Water), 9 (#dulnnovation), and 12 (Responsible
Consumption). In order to support sustainable m®ceutomation and informed policy
development for environmental protection, the mdthogy converts static experimental
insights into an eco-efficient digital twin framerko To improve sustainability, scalability,
and circular economy integration in industrial wateeatment, future research might
expand theES to dynamic multi-metal and real wastewater condidi incorporate
loT-based real-time monitoring, and investigaterid/brganic wasté-DC composites.
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