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ABSTRACT
Urban drinking-water systems increasingly face a dual challenge: trace metal contamination and disturbed mineral 
balance, yet many utilities still rely on descriptive monitoring rather than optimisation-driven management. Al-
though machine learning and multi-objective evolutionary optimisation are widely applied in environmental mod-
elling, their end-to-end integration under small-sample monitoring constraints remains under-demonstrated for ac-
tionable utility decision support. This study develops a surrogate-assisted multi-objective optimisation framework 
that transforms routine laboratory measurements into implementable management strategies for urban drinking-
water quality. Fourteen household taps across seven distribution zones in Kénitra (Morocco) were analysed for 
health-relevant trace elements and macro-minerals. Gradient-boosted tree models (XGBoost) were trained under 
leave-one-out cross-validation to quantify predictive skill under small-sample conditions. Predictive performance 
was element-dependent, with R² ≈ 0.70 for Ni, 0.53 for P, 0.29 for Cr, and 0.08 for Ag, consistent with stronger 
signal for Ni/P and attenuated learnability for near-detection and highly variable trace elements. The trained sur-
rogates were then coupled to a four-objective NSGA-III optimisation to simultaneously reduce regulatory exceed-
ance (sanitary risk), compress inter-zone disparities (homogeneity), improve Ca/Mg/Na/K mineral balance, and 
constrain intervention effort under contrasting sanitary-priority and mineral-priority profiles. The resulting Pareto 
fronts reveal a narrow compromise region in which sanitary risk and mineral imbalance are jointly suppressed with 
marginal increases in operational effort. From this region complemented by extreme non-dominated points seven 
operator-facing scenarios were derived, linking explicit reduction fractions and mineral adjustments to predicted 
system-wide outcomes (e.g., exceedance objective as low as 0.0023, inter-zone variance down to ~0.0000–0.0004, 
mineral deviation as low as 10.5075, and effort proxy as low as 2.4162, in the reported objective units). By dem-
onstrating robust optimisation under small-sample conditions typical of municipal monitoring programmes, this 
study provides a transferable modelling architecture for data-limited urban utilities and strengthens the integration 
of machine learning with environmental decision-making.
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INTRODUCTION

Urban drinking-water systems must simul-
taneously manage toxicological risks associated 
with trace metals (e.g., Ni, Cr, Ag, Zn) and op-
erational variability arising from distribution-
network hydraulics, corrosion scales, and bio-
films, all of which can compromise water qual-
ity between treatment works and the consumer’s 
tap (WHO, 2017; IARC, 2012; Broo et al., 2001; 
Makris et al., 2014). Transient low-pressure 
events and flow reversals can mobilise deposits 
and resuspend accumulated materials, while ag-
gressive corrosion-control interventions may per-
turb mineral balance and alter palatability. Con-
sequently, utilities often need to arbitrate among 
regulatory compliance, customer acceptability, 
and operational effort within constrained moni-
toring and intervention capacities (WHO, 2017; 
Makris et al., 2014).

In Morocco, hydrochemical heterogeneity 
and coastal influences have been documented in 
the Rharb–Mnasra system, alongside mixed geo-
genic and anthropogenic pressures and seasonal 
variability in trace metals and bacteriological in-
dicators (Aguedai et al., 2022; Benyoussef et al., 
2021; Hicham et al., 2022). While descriptive 
mapping and water quality index (WQI) studies 
provide useful surveillance insights, they rarely 
convert monitoring outputs into operational con-
trol strategies that explicitly quantify trade-offs 
among sanitary protection, spatial homogeneity, 
mineral balance, and intervention cost.

Despite extensive monitoring programs and a 
mature regulatory discourse, the literature seldom 
treats inter-site homogeneity as an explicit opti-
misation objective, and rigorous Pareto-front as-
sessment metrics (e.g., hypervolume, IGD, spac-
ing, coverage, ε-additive) are infrequently report-
ed beyond visual inspection (Zitzler et al., 2003; 
Emmerich and Deutz, 2018). Decision-oriented 
frameworks that jointly optimise sanitary exceed-
ance, inter-site uniformity, mineral composition, 
and operational effort while remaining reproduc-
ible and computationally lightweight for utilities 
remain scarce in the Moroccan context. In paral-
lel, recent work increasingly steers water-sector 
studies toward AI-integrated approaches, reflect-
ing a broader movement toward data-guided opti-
misation of small- to medium-scale environmen-
tal systems (Gliti et al., 2023; Gliti et al., 2024). 
More broadly, prediction–optimisation work-
flows are now well established across engineering 

domains, including imaging and energy systems 
(Abbi et al., 2025).

The aim of this study is to develop a repro-
ducible, standards-aware machine-learning and 
multi-objective optimisation framework that ad-
vances both methodological and practical decision 
support for urban drinking-water management in 
Kénitra and similar settings. We hypothesise that: 
(i) surrogate models trained on routine monitor-
ing data can predict post-treatment concentrations 
of trace metals and minerals even under small-
sample conditions; (ii) multi-objective optimisa-
tion can identify Pareto-efficient trade-offs that 
simultaneously reduce sanitary exceedances, im-
prove inter-site homogeneity, and maintain min-
eral balance within operationally feasible limits; 
(iii) such a workflow can yield actionable deci-
sion portfolios that are transparent, traceable, and 
suitable for utilities with limited computational 
resources. By establishing this framework, the 
study moves beyond descriptive monitoring and 
WQI assessments toward a decision-oriented 
platform capable of balancing compliance, equity 
across sites, mineral quality, and operational cost. 
The following sections detail the data, model de-
velopment, and optimisation methodology em-
ployed to test these hypotheses.

MATERIALS AND METHODS

Study area, water supply, and sampling 
design

Kenitra is embedded in the Gharb–Maâmora 
hydrogeological system (~6.000 km²), where 
groundwater generally drains northwest toward 
the Atlantic. Urban supply draws predominantly 
from the Maâmora aquifer (≈75%) and, second-
arily, from the Gharb aquifer (≈25%).

Within the municipal distribution network, 
seven consumer zones were selected for house-
hold-tap sampling: Moulay Bousalham, Mehdia, 
Al Wafaa, Saknia, Ancienne Médina, Centre-
Ville, and Ouled Oujih. Each zone contributed 
two treated tap-water samples during January–
February 2022 (total n = 14). The analyte panel 
comprised Ag, B, Ca, Cr, Cu, K, Mg, Na, Ni, P 
(and Zn where reported), spanning health-rel-
evant trace metals and taste/corrosion-relevant 
macro-minerals (WHO, 2017; IARC, 2012). Spa-
tial context is shown in Figure 1.
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Figure 1. Spatial context and household-tap sampling footprints across Kenitra’s distribution zones

Please send a good quality drawings by e-mail
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Sample collection and laboratory analysis

Tap samples were collected by the local water 
utility (RAK) in 125 mL sterile bottles in accor-
dance with NF EN 25667 (ISO 5667) and NF T 
90-100. Temperature was recorded in situ. Waters 
were filtered at 0.45 µm (AFNOR NF T 90-105), 
acidified to 1% HNO₃, stored at 4 °C, and anal-
ysed within one week using ICP-9000 for the tar-
get elements (Figure 2).

Supplementary Table S1 show experimental 
tap-water concentrations (mg/L) measured across 
seven distribution zones in Kénitra (n = 14; Jan–
Feb 2022). Values reported as “<DL” indicate 
concentrations below the analytical detection/

quantification threshold. This table is the primary 
source for baseline visualisations (Figures 3–5) 
and for constructing the modelling dataset used in 
the ML–NSGA-III workflow. 

Data restructuring and preprocessing

The raw laboratory export was organised as 
repeating non-uniform blocks (“Element name 
→ Unit → Average”) indexed by a numeric 
Sample ID, which is not directly suitable for 
modelling. The worksheet was converted into a 
strict samples × variables table using the follow-
ing protocol: (i) each “Unit” row was mapped 
to its preceding “Element name” header, and the 

Figure 2. Distribution-water sampling and processing workflow (Kenitra). Tap samples (125 mL, ~18 °C) were 
collected to NF EN 25667 (ISO 5667) and NF T 90-100, filtered at 0.45 µm (AFNOR NF T 90-105), acidified to 

1% HNO₃, stored at 4 °C (≤ 7 days), and analyzed on ICP-9000 for Ag, B, Ca, Cr, Cu, K, Mg, Na, Ni, P (± Zn). All 
samples originated from treated distribution networks; two replicates per site across seven sites (Jan–Feb 2022)
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Table 1. Hyperparameter ranges for XGBRegressor models

Hyperparameter Value range Description

n_estimators 300–400 Number of boosting trees

max_depth 3–4 Maximum tree depth

learning_rate 0.07–0.08 Shrinkage per tree

subsample 0.90 Row subsampling

colsample_bytree 0.80 Feature subsampling

random_state 42 Reproducibility seed

subsequent “Average” row was read as numeric 
values associated with the nearest Sample ID; 
(ii) unit strings (mg/L, µg/L) were harmonised 
and concentrations were expressed in mg L⁻¹ 
(µg L⁻¹ converted accordingly); (iii) numeric 
coercion was enforced and non-parsable cells 
were retained as NA; (iv) duplicated element la-
bels were consolidated; (v) given the balanced 
design and high completeness, no imputation 
was performed; and (vi) implausible entries 
were flagged using robust median/MAD checks 
and unit verification (Helsel, 2020), without re-
moving samples solely based on statistical flags. 
Each sample ID was mapped to one of the seven 
zones (two samples per zone). The full experi-
mental tap-water concentrations (per-sample re-
sults) are provided in Table S1, and Figures 3–5.

Feature set and site encoding

To represent spatial/infrastructure heterogene-
ity without imposing artificial ordinality, the cat-
egorical zone variable (“Site”) was encoded using 
one-hot vectors (seven dummy variables), allow-
ing the models to learn zone-specific offsets and 
interactions (James et al., 2021). The predictor set 
consisted of all available measured analytes plus 
the one-hot Site factor; targets were selected at-risk 
elements e∈{Ni,Cr,Ag,Zn,P} where available.

Surrogate modelling (purpose, specification, 
validation)

 The machine-learning component is 
used as a surrogate to approximate the map-
ping between measured water-quality de-
scriptors (including Site) and concentrations 
of selected at-risk elements, enabling rap-
id evaluation within the optimisation loop. 
For each target element, an independent XGBoost 
regressor (XGBRegressor) was trained because 
gradient-boosted trees capture non-linearities 

and feature interactions, tolerate heterogeneous 
predictors, and remain robust under modest 
sample sizes typical of monitoring campaigns 
(Chen and Guestrin, 2016). Hyperparameters 
were restricted to compact values to reduce 
over-parameterisation under small-sample con-
ditions: n_estimators=300–400,max_depth=3–4, 
learning_rate=0.07–0.08, subsample=0.9, col-
sample_bytree=0.8, with a fixed random seed. 
Given n=14, leave-one-out cross-validation 
(LOOCV) was used to estimate out-of-sample 
performance. Predictive skill was reported using  
on held-out predictions; RMSE was also reported 
to provide error scale in concentration units. After 
validation, each target model was refit on the full 
dataset using fixed hyperparameters for determin-
istic surrogate use during multi-objective optimi-
zation (Table 1).

Domain of applicability (no extrapolation)

The workflow is constrained to the empiri-
cal domain represented by the monitoring cam-
paign. Optimisation is evaluated on the moni-
tored zones/samples and bounded intervention 
variables; no extrapolation is claimed to unob-
served zones, substantially different networks, 
or concentration regimes outside the observed 
range without new data.

Decision variables and intervention 
parameterisation

We encode interventions by two continuous 
classes:
1.	For each e∈{Ni, Cr, Ag, Zn, P}, a fractional 

reduction re = [0,0.8] scales the predicted 
concentration,

	 𝐶𝐶𝑒𝑒′  = (1 - 𝑟𝑟𝑒𝑒) 𝐶̂𝐶𝑒𝑒 (1) 
 
𝐶𝐶𝑚𝑚′  = (1 +𝛥𝛥𝑚𝑚) 𝐶𝐶𝑚𝑚 (2) 
 
X = (𝒓𝒓𝑵𝑵𝑵𝑵,𝒓𝒓𝑪𝑪𝑪𝑪,𝒓𝒓𝑨𝑨𝑨𝑨,𝒓𝒓𝒁𝒁𝒁𝒁,𝒓𝒓𝑷𝑷,𝚫𝚫𝐂𝐂𝐂𝐂,𝚫𝚫𝐌𝐌𝐌𝐌,𝚫𝚫𝐍𝐍𝐍𝐍,𝚫𝚫𝐊𝐊) 
 

𝑓𝑓1(x) = ∑ ∑ max⁡(0,𝑖𝑖𝑒𝑒∈E 𝐶𝐶𝑒𝑒,𝑖𝑖′  - 𝐿𝐿e⁡), 
𝐸𝐸 =⁡{Ni, Cr, Ag, Zn, P} 

(3) 
 
 
𝑓𝑓2(x) = ∑ 𝑉𝑉𝑉𝑉𝑉𝑉𝑠𝑠(µ𝑠𝑠,𝑒𝑒′𝑒𝑒∈E ), µ𝑠𝑠,𝑒𝑒′ = ⁡ 1𝑛𝑛𝑠𝑠 ∑ 𝐶𝐶𝑒𝑒,𝑖𝑖′𝑖𝑖∈s (4) 
 
 

𝑓𝑓3(x) =∑ 1
𝑛𝑛∑ (𝐶𝐶𝑚𝑚,𝑖𝑖

′ − 𝑇𝑇𝑚𝑚)
2

𝑖𝑖𝑚𝑚∈M , 
M ={Ca, Mg, Na, K} 

 
(5) 
 
𝑓𝑓4(x) = ∑ 𝜔𝜔𝑒𝑒|𝑟𝑟𝑒𝑒|𝑒𝑒∈E  + ∑ 𝜔𝜔𝑚𝑚|𝛥𝛥𝑚𝑚|𝑚𝑚∈M  (6) 
 
 
1.  

	 (1)

where:	 re = 0.8 representing an 80 % decrease 
relative to the modelled baseline.
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2.	For each essential mineral m ∈ {Ca, Mg, 
Na,K}, a relative adjustment ∆m ∈ [−0.2,0.2] 
modifies the measured level

	

𝐶𝐶𝑒𝑒′  = (1 - 𝑟𝑟𝑒𝑒) 𝐶̂𝐶𝑒𝑒 (1) 
 
𝐶𝐶𝑚𝑚′  = (1 +𝛥𝛥𝑚𝑚) 𝐶𝐶𝑚𝑚 (2) 
 
X = (𝒓𝒓𝑵𝑵𝑵𝑵,𝒓𝒓𝑪𝑪𝑪𝑪,𝒓𝒓𝑨𝑨𝑨𝑨,𝒓𝒓𝒁𝒁𝒁𝒁,𝒓𝒓𝑷𝑷,𝚫𝚫𝐂𝐂𝐂𝐂,𝚫𝚫𝐌𝐌𝐌𝐌,𝚫𝚫𝐍𝐍𝐍𝐍,𝚫𝚫𝐊𝐊) 
 

𝑓𝑓1(x) = ∑ ∑ max⁡(0,𝑖𝑖𝑒𝑒∈E 𝐶𝐶𝑒𝑒,𝑖𝑖′  - 𝐿𝐿e⁡), 
𝐸𝐸 =⁡{Ni, Cr, Ag, Zn, P} 

(3) 
 
 
𝑓𝑓2(x) = ∑ 𝑉𝑉𝑉𝑉𝑉𝑉𝑠𝑠(µ𝑠𝑠,𝑒𝑒′𝑒𝑒∈E ), µ𝑠𝑠,𝑒𝑒′ = ⁡ 1𝑛𝑛𝑠𝑠 ∑ 𝐶𝐶𝑒𝑒,𝑖𝑖′𝑖𝑖∈s (4) 
 
 

𝑓𝑓3(x) =∑ 1
𝑛𝑛∑ (𝐶𝐶𝑚𝑚,𝑖𝑖

′ − 𝑇𝑇𝑚𝑚)
2

𝑖𝑖𝑚𝑚∈M , 
M ={Ca, Mg, Na, K} 

 
(5) 
 
𝑓𝑓4(x) = ∑ 𝜔𝜔𝑒𝑒|𝑟𝑟𝑒𝑒|𝑒𝑒∈E  + ∑ 𝜔𝜔𝑚𝑚|𝛥𝛥𝑚𝑚|𝑚𝑚∈M  (6) 
 
 
1.  

	 (2)

The decision vector

𝐶𝐶𝑒𝑒′  = (1 - 𝑟𝑟𝑒𝑒) 𝐶̂𝐶𝑒𝑒 (1) 
 
𝐶𝐶𝑚𝑚′  = (1 +𝛥𝛥𝑚𝑚) 𝐶𝐶𝑚𝑚 (2) 
 
X = (𝒓𝒓𝑵𝑵𝑵𝑵,𝒓𝒓𝑪𝑪𝑪𝑪,𝒓𝒓𝑨𝑨𝑨𝑨,𝒓𝒓𝒁𝒁𝒁𝒁,𝒓𝒓𝑷𝑷,𝚫𝚫𝐂𝐂𝐂𝐂,𝚫𝚫𝐌𝐌𝐌𝐌,𝚫𝚫𝐍𝐍𝐍𝐍,𝚫𝚫𝐊𝐊) 
 

𝑓𝑓1(x) = ∑ ∑ max⁡(0,𝑖𝑖𝑒𝑒∈E 𝐶𝐶𝑒𝑒,𝑖𝑖′  - 𝐿𝐿e⁡), 
𝐸𝐸 =⁡{Ni, Cr, Ag, Zn, P} 

(3) 
 
 
𝑓𝑓2(x) = ∑ 𝑉𝑉𝑉𝑉𝑉𝑉𝑠𝑠(µ𝑠𝑠,𝑒𝑒′𝑒𝑒∈E ), µ𝑠𝑠,𝑒𝑒′ = ⁡ 1𝑛𝑛𝑠𝑠 ∑ 𝐶𝐶𝑒𝑒,𝑖𝑖′𝑖𝑖∈s (4) 
 
 

𝑓𝑓3(x) =∑ 1
𝑛𝑛∑ (𝐶𝐶𝑚𝑚,𝑖𝑖

′ − 𝑇𝑇𝑚𝑚)
2

𝑖𝑖𝑚𝑚∈M , 
M ={Ca, Mg, Na, K} 

 
(5) 
 
𝑓𝑓4(x) = ∑ 𝜔𝜔𝑒𝑒|𝑟𝑟𝑒𝑒|𝑒𝑒∈E  + ∑ 𝜔𝜔𝑚𝑚|𝛥𝛥𝑚𝑚|𝑚𝑚∈M  (6) 
 
 
1.  

Defines the search space explored by the optimizer.

Objectives and formal problem statement 	
(all minimised)

Let Le denote statutory limits (WHO, 2022):  
LNi = 0.02 L, LCr = 0.05 L​, LAg = 0.10 L, LZn = 3.0 L, 
Lp =5.0 mg L−1. Let the mineral targets be TCa = 45, 
TMg = 8, TNa = 20, TK = 0.8 mg L−1 (Cotruvo, 2017).

1)	Sanitary compliance, f1​. Total exceedance 
across all samples and elements:

	

𝐶𝐶𝑒𝑒′  = (1 - 𝑟𝑟𝑒𝑒) 𝐶̂𝐶𝑒𝑒 (1) 
 
𝐶𝐶𝑚𝑚′  = (1 +𝛥𝛥𝑚𝑚) 𝐶𝐶𝑚𝑚 (2) 
 
X = (𝒓𝒓𝑵𝑵𝑵𝑵,𝒓𝒓𝑪𝑪𝑪𝑪,𝒓𝒓𝑨𝑨𝑨𝑨,𝒓𝒓𝒁𝒁𝒁𝒁,𝒓𝒓𝑷𝑷,𝚫𝚫𝐂𝐂𝐂𝐂,𝚫𝚫𝐌𝐌𝐌𝐌,𝚫𝚫𝐍𝐍𝐍𝐍,𝚫𝚫𝐊𝐊) 
 

𝑓𝑓1(x) = ∑ ∑ max⁡(0,𝑖𝑖𝑒𝑒∈E 𝐶𝐶𝑒𝑒,𝑖𝑖′  - 𝐿𝐿e⁡), 
𝐸𝐸 =⁡{Ni, Cr, Ag, Zn, P} 

(3) 
 
 
𝑓𝑓2(x) = ∑ 𝑉𝑉𝑉𝑉𝑉𝑉𝑠𝑠(µ𝑠𝑠,𝑒𝑒′𝑒𝑒∈E ), µ𝑠𝑠,𝑒𝑒′ = ⁡ 1𝑛𝑛𝑠𝑠 ∑ 𝐶𝐶𝑒𝑒,𝑖𝑖′𝑖𝑖∈s (4) 
 
 

𝑓𝑓3(x) =∑ 1
𝑛𝑛∑ (𝐶𝐶𝑚𝑚,𝑖𝑖

′ − 𝑇𝑇𝑚𝑚)
2

𝑖𝑖𝑚𝑚∈M , 
M ={Ca, Mg, Na, K} 

 
(5) 
 
𝑓𝑓4(x) = ∑ 𝜔𝜔𝑒𝑒|𝑟𝑟𝑒𝑒|𝑒𝑒∈E  + ∑ 𝜔𝜔𝑚𝑚|𝛥𝛥𝑚𝑚|𝑚𝑚∈M  (6) 
 
 
1.  

	 (3)

2)	Spatial homogeneity, f1. Variance across sites of 
site-mean concentrations (operational equity):

	

𝐶𝐶𝑒𝑒′  = (1 - 𝑟𝑟𝑒𝑒) 𝐶̂𝐶𝑒𝑒 (1) 
 
𝐶𝐶𝑚𝑚′  = (1 +𝛥𝛥𝑚𝑚) 𝐶𝐶𝑚𝑚 (2) 
 
X = (𝒓𝒓𝑵𝑵𝑵𝑵,𝒓𝒓𝑪𝑪𝑪𝑪,𝒓𝒓𝑨𝑨𝑨𝑨,𝒓𝒓𝒁𝒁𝒁𝒁,𝒓𝒓𝑷𝑷,𝚫𝚫𝐂𝐂𝐂𝐂,𝚫𝚫𝐌𝐌𝐌𝐌,𝚫𝚫𝐍𝐍𝐍𝐍,𝚫𝚫𝐊𝐊) 
 

𝑓𝑓1(x) = ∑ ∑ max⁡(0,𝑖𝑖𝑒𝑒∈E 𝐶𝐶𝑒𝑒,𝑖𝑖′  - 𝐿𝐿e⁡), 
𝐸𝐸 =⁡{Ni, Cr, Ag, Zn, P} 

(3) 
 
 
𝑓𝑓2(x) = ∑ 𝑉𝑉𝑉𝑉𝑉𝑉𝑠𝑠(µ𝑠𝑠,𝑒𝑒′𝑒𝑒∈E ), µ𝑠𝑠,𝑒𝑒′ = ⁡ 1𝑛𝑛𝑠𝑠 ∑ 𝐶𝐶𝑒𝑒,𝑖𝑖′𝑖𝑖∈s (4) 
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3)	Mineral balance, f3. Sum of RMSE terms rela-
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2017):
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4)	Treatment-effort proxy, f4. A convex surrogate 
for operational/economic burden:
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with element-specific weights {ωe, ωm} taken 
from the approved methodological note.

To avoid scale dominance, objective vec-
tors were min/max normalized within each 
generation prior to survival selection. We 
solved two policy-relevant scenarios: Run-
A (Sanitary Priority) softly emphasizes f1 and 
Run-B (Mineral Priority) softly emphasizes f3. 
This ML-NSGA-III pipeline is thus directly 
aligned with the management problem – select-
ing implementable combinations xthat balance 
compliance, spatial equity, taste/corrosion con-
siderations, and effort.

NSGA-III configuration and workflow

We used NSGA-III with Das–Dennis refer-
ence directions (Deb and Jain, 2014; Das and Den-
nis, 1998), as implemented in pymoo (Blank and 
Deb, 2020). Configuration – population ≈ 165, 250 
generations, simulated binary crossover (ηc = 15), 
polynomial mutation (ηm = 20), duplicate elimina-
tion enabled, and seed = 42. Two policy profiles 
were analysed – Run-A (sanitary priority) and 
Run-B (mineral priority). Outputs included Pareto-
optimal decision vectors and objective values in 
raw and normalised units, along with diagnostic 
plots; scripts are provided as Supplementary code.

RESULTS

Baseline patterns across distribution zones

Baseline measurements (n = 14 household taps 
across seven distribution zones; two samples per 
zone) indicate measurable inter-zone heteroge-
neity despite sampling treated distribution water 
throughout the same municipal system. Figure 
3 summarizes standardized contrasts (z-scores) 
across analytes and zones, showing structured spa-
tial patterns for several macro-minerals (notably 
Ca, Mg, and Na), while some trace metals appear 
at low or near-detection levels in multiple zones.

Mineral composition relative to the palatabil-
ity/corrosion-oriented targets used in the optimisa-
tion objective f3​ is shown in Figure 4. Across zones, 
deviations from the Ca/Mg/Na/K targets suggest 
that mineral balance is not uniformly achieved 
under the observed operating state. Figure 5 posi-
tions trace-metal concentrations (Ni, Cr, Ag, P; Zn 
where reported) against guideline values, provid-
ing a baseline view of compliance headroom and 
any localized risk signal prior to optimisation. To-
gether, Figures 3–5 establish that the management 
problem extends beyond pointwise compliance 
to include spatial uniformity and mineral-balance 
control at the distribution level.

Surrogate model performance under small-
sample validation

Predictive performance was assessed us-
ing leave-one-out cross-validation (LOOCV) 
to quantify generalisation under a small-sample 
monitoring regime. Performance varied across 
target elements (Table 2). Nickel exhibited the 
strongest explained variance (LOOCV R2 ≈ 0.70), 
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Figure 3. Exploratory heat-map: per-site z-scores by analyte

Figure 4. Minerals vs palatability/corrosion targets by site (Ca, Mg, Na, K)

Table 2. Cross-validated (LOO) R2 by target element

Target element LOOCV (R2) Note

Ni 0.70 Highest predictive skill

P 0.53 Moderate predictive skill

Cr 0.29 Limited predictive skill

Ag 0.08 Weak predictive skill

Zn — Modelled only when reported; otherwise excluded
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Figure 5. Trace metals vs guideline values by site (Ni, Cr, Ag, P; Zn where reported)

Figure 6. Linking the decision vector to the four-objective optimisation space 
(ML + NSGA-III workflow for Kenitra)

followed by phosphorus (R2
 ≈ 0.53). Chromium 

showed limited predictive strength (R2
 ≈ 0.29), 

and silver performance was weak (R2 ≈ 0.08), 
consistent with lower learnability under trace-
level variability and near-detection behavior 
in routine monitoring. Zinc was modelled only 

when reported; otherwise it was not included as 
a surrogate target. After validation, each target-
specific model was refit on the full dataset with 
fixed hyperparameters to provide deterministic 
surrogate predictions for the optimisation stage 
within the observed operating domain.
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Pareto fronts and decision-relevant trade-offs

Front geometry under contrasting priority profiles

Both optimisation profiles produced dense 
non-dominated solution sets spanning the admissi-
ble region in the four-objective space (f1,f2,f3,f4)
(f_1, f_2, f_3, f_4)(f1​,f2​,f3​,f4​). Figure 8 provides a 

two-panel visualisation that enables direct compar-
ison between the sanitary-priority profile (Run-A) 
and the mineral-priority profile (Run-B). In Run-
A, solutions populate a low-exceedance region 
with consistently low inter-site variance, while 
mineral deviation and effort vary along the front. 
In Run-B, solutions shift toward lower mineral 

Figure 7. ML + NSGA-III worklow for portabme-water optimisation (Kénitra)
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Figure 8. (a–b). 2-D bubble fronts (Run-A: x = f1, y =  f2, colour = f3, size = f4; 
Run-B: x = f3, y = f2, colour = f1, size = f4)

Figure 9. 3D Normalized 3D Pareto fronts (Run-A sanitary-priority vs Run-B mineral-priority)

Figure 10. Parallel-coordinates view of decision vectors(re, ∆m) and raw objectives(f1…f4)​ 
(top non-dominated 40 per run)
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deviation while maintaining similarly low inter-
site variance; in this region, tighter mineral control 
may coincide with modest relaxation in sanitary 
exceedance unless additional effort is accepted.

The normalized 3D front visualisation (Fig-
ure 9) confirms that the compromise structure is 
stable in multi-dimensional objective space rather 
than a projection artifact. Across both runs, inter-
site variance (f2) remains uniformly small, while 
the sanitary–mineral trade-off (between f1 1​ and 
f3) defines the dominant compromise corridor.

Decision-objective relationships and diagnostic 
views

Parallel-coordinates analysis (Figure 10) links 
intervention levers (re, ∆m) to objective outcomes. 

Across the non-dominated sets, sanitary improve-
ments (lower f1​) are primarily associated with 
stronger reductions in Ni and Cr (rNi, rCr), while 
lower mineral deviation (f3) is mainly driven by 
moderate mineral adjustments, particularly ∆Mg 
and ∆Na. The effort proxy f4 ​increases mono-
tonically with the overall magnitude of decision 
changes, consistent with its definition. The sum-
marized parallel view (Figure 11) highlights sys-
tematic differences between profiles, with Run-A 
relying more strongly on risk-element reductions 
and Run-B relying more strongly on mineral tun-
ing, while both preserve low inter-site variance.

Correlation analysis (Figure 12) corrobo-
rates these patterns at the ensemble level, show-
ing directionally consistent associations between 

Figure 11. Parallel-coordinates summary of decision variables and raw objectives (Run-A vs Run-B)

Figure 12. Correlation matrix (decisions re, ∆m and objectives f1–f4)
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key levers and their corresponding objectives. 
Finally, the 2D density in the sanitary–mineral 
plane (Figure 13) identifies a high-density “knee” 
region in which substantial improvements are 
achieved before penalties in competing objectives 
rise sharply. This region provides a principled an-
chor for selecting balanced operator presets.

Shortlisting implementable operator-facing 
scenarios

To translate dense Pareto sets into operation-
ally implementable options, a shortlist was con-
structed by combining (i) extreme non-dominated 
points corresponding to minimum sanitary ex-
ceedance (min f1), minimum inter-site variance 
(min f2), minimum mineral deviation (min f3), and 
minimum effort (min f4), and (ii) additional bal-
anced compromise points selected from the knee 

region. Table 3 reports the shortlisted strategies 
with their decision vectors and objective values, 
providing an audit-ready basis for operator selec-
tion. For communication and training, the shortlist 
is summarized as a set of operator-facing strategy 
archetypes in objective space (Figure 14), while 
Table 3 remains the numerical reference.

DISCUSSION

Practical implications for operators in Kénitra

The optimisation outputs translate into two 
operational regimes that can be implemented as 
priority-dependent presets. First, when regula-
tory compliance is the overriding constraint (e.g., 
audit periods or after transient hydraulic distur-
bances), operators should select solutions from the 

Figure 13. 2-D density in (f1, f3)  showing the compromise knee

Table 3. Shortlisted optimization strategies for Kénitra: trade-offs in sanitary, homogeneity, mineral, and cost space

ID Profile Selection rNi rCr rAg rP ΔCa ΔMg ΔNa ΔK
f1 

(exceed.)
f2 (site 
var.)

f3
(mineral) f4(cost) Composite 

score

14 Sanitary-
priority

Extreme 
sanitary 
(min f1)

0.7997 0.6751 0.0129 0.0845 0.0090 -0.0024 -0.0184 0.0259 0.0023 0.0004 10.5306 4.6003 0.5457

62 Mineral-
priority

Extreme 
mineral 
(min f3)

0.7969 0.6496 0.0098 0.5922 0.0114 -0.0544 -0.0239 0.0278 0.0043 0.0001 10.5075 5.3168 0.5217

1 Sanitary-
priority

Max 
homogeneity 

(min f2)
0.7994 0.7824 0.0040 0.7995 0.0098 -0.0672 -0.0281 0.0261 0.0025 0.0000 10.5102 6.0333 0.5243

52 Sanitary-
priority

Minimal cost 
(min f4)

0.1619 0.5864 0.0018 0.0820 0.0138 -0.0211 -0.0223 0.0323 0.9333 0.0004 10.5185 2.4162 0.7064

61 Mineral-
priority

Balanced 
compromise 0.7951 0.7515 0.0061 0.7998 0.0119 -0.0393 -0.0226 0.0165 0.0057 0.0000 10.5096 5.9054 0.5233

2 Sanitary-
priority

Balanced 
compromise 0.7957 0.6835 0.0018 0.5913 0.0070 -0.0691 -0.0308 0.0261 0.0052 0.0001 10.5156 5.4102 0.5234

5 Sanitary-
priority

Balanced 
compromise 0.7955 0.6284 0.0033 0.4292 0.0138 -0.0364 -0.0201 0.0112 0.0078 0.0002 10.5144 4.9718 0.5261



188

Ecological Engineering & Environmental Technology 2026, 27(4), 176–190

sanitary-priority profile that minimise the exceed-
ance objective f1​ (Table 3; Figure 8a). These set-
tings typically rely on stronger reductions in Ni and 
Cr (rNi, rCr) while maintaining very low inter-zone 
variance f2. The expected trade-offs are a moderate 
increase in the effort proxy f4 and, in some cases, 
a small deterioration in mineral-balance deviation 
f3, which is consistent with evidence that aggres-
sive control actions can perturb buffering condi-
tions and corrosion equilibria within distribution 
systems (Liu et al., 2013; Makris et al., 2014).

Second, when palatability, scaling and corro-
sion control are the dominant drivers under stable 
sanitary conditions, the mineral-priority profile 
provides solutions with markedly lower mineral 
deviation f3 at still-low f2, primarily via targeted 
adjustments in Mg and Na (∆Mg, ∆Na) (Table 3; 
Figure 8b). In this regime, modest relaxation in f1 
may occur unless additional risk-element reduc-
tions are accepted (and f4 allowed to rise), reflect-
ing the operational reality that mineral condition-
ing and sanitary barriers must be jointly managed 
rather than optimised in isolation (WHO, 2017; 
WHO, 2022). Baseline summaries used to mo-
tivate these regimes (Figures 3–5) are computed 
directly from the cleaned samples × analytes ma-
trix provided in Supplementary Data S1

Between these two poles, both profiles con-
sistently identify a compromise corridor in 
which sanitary exceedance and mineral deviation 
are jointly suppressed at moderate effort while 

preserving low inter-zone variance (Figures 9 and 
13). This corridor provides defensible default op-
erating points for routine conditions, and the sev-
en-row shortlist (Table 3) offers a ready-to-pilot 
portfolio spanning the extremes and the most ef-
ficient compromises (Figure 14).

Why inter-site variance f2 remains persistently 
low

Two complementary mechanisms explain the 
systematically low values of f2 across both pri-
ority profiles. First, the intervention levers are 
system-wide (uniform re and ∆m across zones), 
so multiplicative reductions and additive mineral 
shifts act coherently on all samples, compressing 
between-site dispersion by construction. Second, 
many distribution-system responses (e.g., condi-
tioning effects mediated by biofilms, disinfectant 
residual behaviour, and pipe-scale interactions) 
can exhibit network-level coherence when in-
terventions are applied uniformly, which further 
suppresses inter-zone disparities even when abso-
lute concentrations shift (Liu et al., 2013; Makris 
et al., 2014). This interpretation also clarifies a 
practical limitation: if operators require targeted 
equity control under strongly heterogeneous hy-
draulics or localised sources, future extensions 
should introduce site-specific levers rather than 
only global adjustments.

Figure 14. Seven operator-facing strategies in objective space
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Robustness and recommended sensitivity 
analyses

Indicator-based diagnostics support the in-
terpretation that differences between Run-A and 
Run-B reflect genuine priority trade-offs rather 
than optimisation artefacts. Comparable hypervol-
ume and IGD values, alongside moderate spacing 
behaviour, indicate similar convergence and cov-
erage of the non-dominated sets in normalised 
objective space (Zitzler et al., 2003; Emmerich 
and Deutz, 2018). For operational adoption and 
reviewer-level robustness, the following sensitiv-
ity analyses are recommended:
a)	multi-seed repeats of NSGA-III to quantify 

front stability, reporting the distribution of HV/
IGD/spacing across seeds;

b)	bootstrap envelopes of indicators computed on 
resampled non-dominated sets to communicate 
uncertainty in coverage and spread;

c)	preference robustness tests (perturbing weights 
and reference directions) to verify that short-
listed strategies remain competitive under real-
istic shifts in value judgments; and

d)	decision-space diversity checks to ensure the 
shortlist spans implementation-diverse lever 
combinations so that practical constraints (e.g., 
reagent availability) do not eliminate all top 
candidates.

Positioning within the Moroccan hydro-
environmental literature

The identified compromise corridor and the 
dual-regime interpretation are consistent with the 
hydrochemical complexity reported in Moroccan 
systems. Coastal salinisation and marine influence 
have been documented in the Rharb–Mnasra sys-
tem, complicating mineral management and spa-
tial uniformity (Aguedai et al., 2022). Other Mo-
roccan case studies report seasonal co-occurrence 
of metallic and bacteriological indicators (El Ham-
mioui et al., 2022; Hicham et al., 2022), and mixed 
geogenic–anthropogenic contributions to metals 
in surface waters (Ferdaous et al., 2015). Against 
this backdrop, the present study advances beyond 
descriptive WQI/GIS-style surveillance by deliv-
ering a prescriptive optimisation workflow that re-
turns implementable decision vectors with explicit, 
quantifiable trade-offs among sanitary exceedance 
(f1), homogeneity (f2), mineral balance (f3), and ef-
fort (f4). It also complements distribution-system 
literature on episodic quality deterioration driven 

by hydraulics, scales, and biofilms (Liu et al., 
2013; Makris et al., 2014) by mapping the fron-
tier of achievable states under controllable levers, 
thereby providing a transferable decision-support 
structure for data-limited utilities.

CONCLUSIONS

This study demonstrates that routine munici-
pal monitoring can be converted from descriptive 
reporting into an optimisation-driven decision 
workflow for urban drinking-water management 
under data-limited conditions. The proposed ML + 
many-objective framework successfully generated 
policy-relevant portfolios that make trade-offs ex-
plicit between sanitary exceedance, inter-site uni-
formity, mineral balance, and intervention effort 
for the Kénitra distribution network. In this sense, 
the study objective was achieved: the workflow 
produces implementable operator-facing scenarios 
rather than a single nominal “best” setting.

From a scientific standpoint, the main contri-
bution is the explicit integration of spatial homo-
geneity and mineral-balance control as optimisa-
tion objectives alongside regulatory compliance, 
within a lightweight surrogate-assisted architec-
ture suitable for small monitoring datasets. The 
results reveal a consistent compromise corridor 
where both sanitary risk and mineral imbalance 
can be jointly reduced at moderate effort, and they 
translate this corridor into a concise set of action-
able intervention profiles with predictable sys-
tem-wide outcomes. The surrogate stage showed 
heterogeneous predictive reliability across ele-
ments: performance was strongest for the most 
structured targets in this dataset (notably Ni and 
P), whereas near-detection variability and small-
sample constraints attenuated accuracy for some 
metals (e.g., Cr and Ag). This limitation does not 
invalidate the optimisation within the observed 
operating domain, but it motivates targeted data 
enrichment for the weakest targets. Future work 
should (i) extend monitoring across seasons and 
operational states to strengthen surrogate stabil-
ity, (ii) introduce site-specific levers to better 
reflect network heterogeneity, (iii) replace the 
current effort proxy with a monetised cost model 
aligned with utility budgets, and (iv) report un-
certainty envelopes (multi-seed optimisation and 
resampling-based indicator stability) to support 
risk-aware adoption. Overall, the framework fills 
the gap between monitoring and decision support 
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by providing a reproducible pathway from mea-
surements to implementable, priority-dependent 
operating choices.

Data availability. The dataset used to gener-
ate Figures 3–5 (raw laboratory export and the 
cleaned samples × analytes matrix; n = 14 house-
hold taps across seven distribution zones) is pro-
vided with this revision as Supplementary Data 
S1 (Excel). A formatted snapshot of the cleaned 
dataset is also included in the manuscript (Table 
S1) to facilitate reading and reuse.
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