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ARTICLE INFO ABSTRACT

Editor: Michael Short Disinfection by-products, including trihalomethanes and haloacetic acids, pose persistent risks to human health
and aquatic ecosystems, particularly in small-scale water treatment plants characterized by limited automation
and incomplete monitoring records. This study proposes a hybrid model that integrates extreme gradient
enhancement with seasonal trend decomposition, allowing incomplete time series to be partitioned into trend
and seasonal components, thereby improving prediction stability and improving interpretability of variable
influence. The main contribution is a method that explicitly addresses seasonal variability and data scarcity
while preserving predictive accuracy under infrastructure constraints, achieving R> > 0.90 and RMSE values
between 0.15 and 0.30. The model was validated in a real decentralized system, where it exhibited high
performance even with data missing up to 30%, producing monthly reductions of approximately 450 g of
trihalomethanes and 800 g of haloacetic acids, along with lower chlorine and fluoride consumption. By
integrating technical, environmental, and economic dimensions, including measurable financial returns with
a positive annual ROI and a short payback period, the approach provides a replicable solution for dosing
control in data-limited contexts, aligned with the Sustainable Development Goal 6 of the United Nations and
the advancement of responsible digital strategies in the water sector.
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1. Introduction risks and underscoring the need for solutions that improve dosing
precision while minimizing health and environmental impacts [4].
Small and medium-sized water treatment plants (WTPs) face per- These challenges are even more pronounced in developing coun-

sistent challenges in maintaining safe drinking water standards. A tries, which play a pivotal role in achieving the Sustainable Develop-

major concern is the formation of disinfection by-products (DBPs),
such as trihalomethanes (THMSs) and haloacetic acids (HAAs), which
are recognized as emerging contaminants due to their chronic toxicity
and frequent occurrence in surface waters [1,2]. Exposure to these
compounds has been associated with cancer and adverse reproductive
outcomes, particularly in populations served by resource-limited sys-
tems [3]. Although the U.S. Environmental Protection Agency (EPA)
and the World Health Organization (WHO) have established maxi-
mum contaminant levels of 80 pgl.™! for THM and 60 pgL~! for HAA,
exceedances are frequently reported in facilities lacking advanced mon-
itoring and control, exacerbating both chemical and microbiological

ment Goal (SDG) 6, Clean Water and Sanitation [5-8]. Many WTPs
in these regions still operate with outdated technologies, limited au-
tomation, and shortages of skilled personnel [9], leading to reduced
efficiency and higher environmental and operational costs. Digital
solutions such as artificial intelligence (AI) and the Internet of Things
(IoT) have emerged as promising alternatives to improve process op-
timization, although their adoption remains restricted by institutional
and regulatory barriers [10-12].

Developing solutions tailored to the operational realities of small-
scale WTPs is therefore a strategic step toward enhancing water security
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and sustainability [13]. In such facilities, limited automation often
leads to disinfection failures, resulting in disease outbreaks, elevated
DBP concentrations, and even the spread of antimicrobial resistance
genes [6,7,14-17]. These vulnerabilities are further compounded by op-
erational inefficiencies, and some plants report annual losses exceeding
US$25,000.00 [18].

In response to these operational challenges, various artificial intelli-
gence techniques — such as artificial neural networks (ANN), random
forests (RF), and support vector machines (SVM) — have been applied
to predict water quality variables and support WTP operations [19—
22]. These approaches show promise in process optimization, reducing
chemical waste and reducing energy consumption [10,20,23]. How-
ever, most studies remain limited to isolated predictions and do not
explicitly address seasonality or real-time data gaps, which represent
critical constraints in small-scale WTPs within developing regions [24].

Recent studies have extended the use of AI beyond conventional
WTP operations, applying it to electrochemical processes and intelli-
gent monitoring systems [25,26], while deep learning approaches have
also emerged as promising tools for urban water management [27].
Despite these advances, adoption in decentralized treatment plants
remains limited by irregular datasets, limited instrumentation, and the
absence of integration into real-time operational workflows [19-22].
As a result, many efforts continue to rely on offline data or narrowly
focus on single-parameter predictions.

Many existing approaches still rely on offline datasets or address
only single parameters. For example, some studies predict chlorine
concentration using neural networks, fuzzy systems, or predictive con-
trol [28,29], whereas others focus on the classification of the Water
Quality Index (WQI) without disregarding dosing operations [30]. Flu-
oridation and multiparameter optimization are rarely incorporated [31,
32]. Although recent advances have introduced real-time sensors and
chlorine decay models [33,34], large-scale implementation remains
constrained by operational and economic barriers. In developing re-
gions, limited financial resources, scarce technical expertise, and irreg-
ular maintenance practices further impede the adoption of advanced
instrumentation, ultimately lowering long-term sustainability [35].

Moreover, data quality in small-scale WTPs is often compromised
by irregular sampling intervals, equipment downtime, and manual data
entry, resulting in incomplete datasets [36]. Recent reviews emphasize
the need for adaptable and explainable models that can maintain
predictive accuracy under such imperfections [36,37], with similar
challenges observed in building energy and HVAC systems operating
under unbalanced and non-linear conditions [38-40]. Emerging so-
lutions may involve IoT-based monitoring systems to enhance data
continuity and support real-time optimization [10], provided that these
technologies are tailored to the economic and operational constraints of
small and medium-sized WTPs [37]. Together, these challenges high-
light the urgent need for innovative frameworks that ensure reliable
process control under seasonal variability and data scarcity, an issue
that is directly addressed by the optimization model proposed in this
study.

In this context, the present study hypothesizes that a hybrid model
combining extreme gradient boosting (XGBoost) with seasonal trend
decomposition using Loess (STL) can enhance the accuracy and sustain-
ability of chlorine and fluoride dosing control in small-scale WTPs. The
rationale for this integration is that hybrid machine learning models
have consistently demonstrated superior predictive performance and
improved interpretability of environmental parameters, outperforming
isolated approaches when faced with incomplete datasets and complex
temporal patterns. This potential has been illustrated in various ap-
plications, including the integration of XGBoost with STL to forecast
rainfall [41], with LSTM to predict effluent quality [42], in hydrological
models to forecast river flow [43], and in CNN-LSTM architectures to
estimate pH and dissolved oxygen [44], collectively reinforcing their
suitability for small-scale WTPs in developing regions.
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Based on this rationale, the general objective of the present study is
to develop a hybrid model that integrates XGBoost with seasonal trend
decomposition using Loess (STL) to optimize chlorine and fluoride dos-
ing in small-scale water treatment plants, ensuring predictive accuracy
and operational sustainability under conditions of data scarcity and sea-
sonal variability typical of developing regions. The specific objectives
are: (i) to develop and validate the proposed hybrid model, ensuring
resilience to incomplete datasets and seasonal fluctuations, (ii) to com-
pare its performance with alternative artificial intelligence algorithms,
including ANN-MLP and random forest, using accuracy metrics such
as RMSE, R?, and MAE, (iii) to reduce chlorine and fluoride dosing
errors while maintaining residual concentrations within regulatory lim-
its and minimizing the formation of disinfection by-products (THMs
and HAAs), (iv) to quantify the environmental and economic benefits
of the model, including chemical savings, waste reduction, financial
returns, and payback period, and (v) to evaluate model interpretability
through feature importance analysis, thereby enhancing transparency
and supporting practical applicability in resource-limited contexts.

This study introduces a hybrid framework that integrates STL de-
composition with XGBoost to ensure accurate dosing predictions under
conditions of data scarcity and seasonal variability. Its novel contribu-
tion lies in demonstrating that STL-XGBoost can maintain high predic-
tive precision (R? > 0.90) even with more than 30% missing data, while
also providing tangible operational and environmental benefits. These
include monthly reductions of approximately 450 g of trihalomethanes
(THM) and 800 g of haloacetic acids (HAA), along with a decrease in
chlorine and fluoride consumption and measurable financial returns. By
jointly addressing technical, environmental, and economic dimensions,
the proposed solution advances long-term sustainability and provides a
replicable approach aligned with global sanitation goals. The following
sections detail its development, validation, and broader implications.

To further substantiate these contributions, this study develops a
predictive model that integrates sustainability metrics and maintains
consistent performance under incomplete data conditions, achieving a
coefficient of determination of R > 0.90. The main text presents only
the essential theoretical concepts required to understand the modeling
approach, while supplementary details are provided in Section S2 of
the Supporting Information. The manuscript is organized as follows:
Section 2 addresses the challenges of disinfection and the role of Al,
Section 3 describes the proposed model, Section 4 presents case studies
and key findings, and Section 6 discusses implications for policy and
sustainability.

2. Theoretical background

Optimization of chemical dosing in WTPs aligns with the principles
of cleaner production by minimizing reagent waste, reducing energy
use through automated decision making, and improving treated water
quality. In this context, machine learning (ML) has been applied to
improve operational efficiency and promote safer and more sustainable
treatment practices.

2.1. Chlorination and fluoridation processes

Chlorination remains one of the most widely used disinfection
methods due to its low cost and residual protection. However, chlorine-
based reagents can react with natural organic matter, forming DBPs
with recognized health risks [45]. Variables such as pH and organic
load influence both disinfection efficacy and DBP formation [24].

Fluoridation, widely adopted to prevent dental caries, is regulated
by WHO-endorsed guidelines for fluoride concentrations [46]. Overex-
posure may lead to fluorosis and other adverse effects [47].

Given the narrow safety margins and variable water quality, Al-
based tools can support precise control of chlorine and fluoride levels.
Predictive control and ML techniques, such as neural networks and
decision trees, have shown potential to minimize overdosing risks and
improve operational efficiency [48,49]. Additional technical details on
disinfection mechanisms, fluoridation practices, and ML strategies are
provided in Section S2 of the Supporting Information.
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Fig. 1. Flowchart of the proposed methodology.

2.2. Machine learning techniques for water treatment plants optimization

ML techniques contribute to Cleaner Production by reducing chem-
ical waste and improving predictive accuracy in incomplete and non-
linear datasets [50]. In WTPs, models such as ANN, RF, and XGBoost
have demonstrated their effectiveness in predicting optimal doses and
supporting process control [51]. These models can capture non-linear
dynamics and adjust parameters based on historical data [52].

Time-series gaps are common in operational datasets and can af-
fect the reliability of the model. STL decomposition and ensemble
strategies mitigate this problem by segmenting trend, seasonality, and
noise components prior to recombination [53]. Integrating ML with
decomposition techniques improves model performance under incom-
plete data, reduces energy costs [54], and supports environmental
and economic gains, including reduced greenhouse gas emissions and
operational savings [10]. Further details on time-series imputation, STL
decomposition, and ML applications are provided in the Supporting
Information.

3. Methodology

To optimize disinfectant dosing under data scarcity, this study
adopts a hypothetical-deductive framework [55], integrating machine
learning and time series decomposition to model and simulate the be-
havior of water treatment plants (WTP). The approach enables predic-
tive analysis of operational variables and supports system optimization
without physical modifications to the infrastructure. The process begins
with the intake of surface water and concludes with the distribution of
potable water. Fig. 1 illustrates the methodological workflow.

3.1. Real system characteristics for application

To be eligible for this study, a WTP must meet two key criteria:
(i) surface water intake and (ii) a conventional treatment system that
includes flocculation, sedimentation, filtration, chlorination and fluori-
dation. In addition, the plant must routinely measure and record rele-
vant parameters, providing feedback to adjust chemical dosages, either
manually or automatically. These characteristics constitute the neces-
sary requirements guiding the development and efficient operation of
the WTP, as illustrated in Fig. 2.

The focus on surface water sources is justified by their predomi-
nance in conventional water treatment plants with chlorination and
fluoridation. Groundwater sources were excluded because they exhibit

Table 1
Comparison of environmental indicators between surface and groundwater
sources in WTPs.

Indicator Surface Water Groundwater
Turbidity [NTU] High (5-40) Low (<5)
Total Dissolved Solids [mgL™'] 200-800 80-300

Biochemical Oxygen Demand [mgL~'] 6.2 4.5

Total Suspended Solids [mgL~'] 20-100 <10
Total Coliforms [MPN/100 mL] > 1000 <100
Formed THM [ugL~'] 80-120 30-50
Formed HAA [pgL™'] 40-90 10-30
Cytotoxicity Index High Low

fundamentally different physicochemical and microbiological charac-
teristics, requiring a distinct modeling framework. In general, ground-
water has a lower content of turbidity and organic matter, with protein-
like compounds of smaller molecular weights (< 3000 [Da]), whereas
surface waters are enriched with humic and fulvic substances of higher
molecular weight [56]. These compositional differences result in sub-
stantially higher DBP formation potentials in surface waters, with
trihalomethane levels 50%-80% higher than in groundwater [57,58].
Hydrophobic and aromatic compounds in surface water further pro-
mote the formation of trihalomethanes and haloacetic acids [56]. Con-
sequently, the predictive architecture developed in this study is not
directly transferable to groundwater systems. Table 1 summarizes the
main water quality differences relevant to the operation of the WTP.

3.2. Data preprocessing and application of predictive algorithms

After selecting the WTP, the data were obtained in dataframe for-
mat, including raw water flow rate ¥, [m3/min], raw water turbidity
T,, [INTU], chlorine dosage D, [mgL‘l], fluoride dosage D [mgL~'],
chlorine concentration in treated water M, [mgL‘l], fluoride concen-
tration in treated water M [mgL‘l], treated water temperature M,
[°C], treated water pH M oH> and treated water flow rate V, [m? /min].
To ensure consistency across these variables, data are resampled at a
uniform interval (e.g., one minute), aligned with the native frequency
of the most responsive sensors (chlorine and fluoride dosing pumps).
This temporal granularity provides sufficient precision for real-time
monitoring while balancing computational efficiency with predictive
accuracy, preventing unnecessary data inflation that would occur with
higher frequency resampling.
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Fig. 2. Hypothetical flow of requirements from the WTP for inclusion in the study.

After temporal standardization of the series, the pre-processing
focused on filling the gaps and ensuring the consistency of the measure-
ment. In cases of missing data, polynomial linear regression functions
(PSF) and STL decomposition were applied, with STL emphasized in
this study due to its lower computational cost [59] and its align-
ment with the digital sustainability goals [60]. Theoretical founda-
tions are provided in Section S2 of the Supporting Information. Tak-
ing into account the interdependence among the monitored variables,
which directly influence both dosage decisions and final water quality
(e.g. turbidity and pH affect disinfectant demand and stability), a de-
scriptive statistical analysis was performed prior to model application.
This analysis included mean (u), standard deviation (¢), maximum
(Vypax), minimum (V,,,;,,), seasonal patterns, and correlations (p) between
parameters.

in

3.3. Computational modeling and application of machine learning

Given the time-series nature of the data, after pre-processing and
statistical analysis, the series were segmented into uninterrupted con-
tiguous intervals of at least one month to ensure the identification of
seasonal patterns in the system. The remaining data were used for train-
ing, focusing on segmentation and data independence. Validation data
represented at least 20% of the dataset. If a single month did not meet
this threshold, additional months were incrementally included until
the criterion was satisfied. The models were constructed using Ran-
dom Forest (RF), Extreme Gradient Boosting (XGBoost), and multilayer
perceptron algorithms from the artificial neural network (ANN-MLP)
with varying numbers of layers. The objective was to optimize the
doses of chlorine and fluoride in the system. Fig. 3 illustrates the
flow of processed data within the proposed methodology, in which the
variable ¢ is the error that defines one of the stopping criteria. The
justification for the STL-XGBoost integration is provided in Section S1
of the Supporting Information.

The RF algorithm constructs multiple decision trees from bootstrap
samples of the training dataset, and the final prediction is obtained by
averaging (in regression) or majority vote (in classification). Its sim-
plicity reduces the number of tuning iterations, saving processing time
and reducing energy demand. The ensemble structure helps mitigate
overfitting, but increases memory requirements during training and
inference. Mathematically, the RF model is expressed in (1), where T,
represents the decision tree bth and x is the input attribute vector:

B
oL
y=3 gl T,(x), )

The XGBoost algorithm sequentially builds decision trees, with each
iteration correcting the residuals of the previous. The predictions of

all trees are combined and the model is updated to minimize a global
loss function with regularization to prevent overfitting. This ensures
efficient models with improved generalization. Its additive model is
defined in (2), where x; represents the attributes of observation i, f;
is the kth regression tree, and F is the space of all possible trees. The
objective function in iteration 7 is given by (3), which combines the loss
function I(-) with the regularization term Q(f,) = yT + %A|w|2, where
T is the number of leaves, w the leaf weight vector, y the complexity
cost and A the regularization coefficient:

yi=Y k=15fx). fLeT, @

n
£0 = P 1 (337" 100 ) + 27, ®

i=1
The ANN-MLP model processes input data through interconnected
layers of neurons. Each neuron performs a weighted linear combination
followed by a non-linear activation function, extracting complex fea-
tures in hidden layers and generating the final prediction at the output
layer. Backpropagation adjusts the weights and biases iteratively to
minimize the loss function, enabling non-linear approximation of vari-
able relationships. Although effective in capturing complex patterns,
ANN-MLP requires intensive computational resources and hyperparam-
eter tuning, potentially increasing the carbon footprint of large-scale or
cloud-based systems [61,62]. Its functional representation is given in
(4), where a;’) is the activation of the neuron j in the layer /, wg.) the
weight between neurons i and j, b;’) the bias, and ¢(-) the activation

function:

n

D _ 1y () (I-1) ()

a _¢.<Z}wija,. + b ) )
=

For RF and ANN-MLP, a performance evaluation was performed on
the test or validation datasets, evaluating generalizability. In XGBoost,
gradient boosting ensured efficient learning between iterations. Inter-
pretability was incorporated into the modeling process through feature
importance analysis: mean decrease in impurity (MDI) for RF and
gain metric for XGBoost, reflecting the contribution of each variable
to model predictions. These procedures were integrated into the com-
putational modeling framework to support subsequent interpretability
assessments.

3.4. Evaluation metrics, cross-validation and convergence criteria
For RF, XGBoost and ANN-MLP, the performance of the model was

evaluated using the mean square error (RMSE), the mean absolute
error (MAE), the coefficient of determination (R%) and the Pearson



D.T. Sato et al.

—
Treated
data

Training
data

Artificial intelligence

Journal of Water Process Engineering 78 (2025) 108736

Parameter
optimization

\ 4

Compare

Validation
data

Model validation

Real data

Fig. 3. Division of data in treated database for validation of the proposed model.

correlation coefficient (). These indicators quantify prediction accu-
racy, explained variance, and linear association between observed and
predicted values, and their selection must account for the specific
characteristics of the regression problem addressed.

When selecting the evaluation method, it is necessary to consider
the problem’s nature, particularly in historical time-series regression.
RMSE is widely used for regression problems because of its stronger
penalization of larger errors, whereas MAE provides a more robust
measure when outliers are present. Cross-validation was also applied
to assess performance. For RF, XGBoost, and ANN-MLP, k-fold cross-
validation was used, dividing the dataset into k partitions, training the
model on k—1 partitions, and testing on the remaining one. This process
was repeated k times so that each partition served once as a test set.

Convergence criteria were defined to determine when training
should stop, to avoid overfitting, and to ensure computational effi-
ciency. In RF, these criteria included the maximum number of trees (n,)
and the minimum leaf growth (¢, f). In XGBoost, the criteria involved
n,, the minimum sample size per leaf (tmaf), and the minimum gain (y),
which specifies the minimum reduction in the loss function required for
a new split. In ANN-MLP, convergence was defined by the maximum
number of epochs (¢), the minimum improvement in validation (4,,,,)
and patience (a), indicating the number of consecutive epochs without
improvement allowed before stopping training. Adjusting these crite-
ria to the characteristics of the dataset improved the efficiency and
stability of the trained models.

In machine learning, hyperparameters are defined prior to training
and are not automatically adjusted by algorithms. These hyperparam-
eters regulate aspects such as model complexity, learning rate, and
regularization. Their proper definition directly influences model per-
formance. Four optimization strategies were considered: (i) Bayesian
optimization, which applies statistical techniques to model the relation-
ship between hyperparameters and the evaluation metric, (ii) genetic
algorithms, which evolve populations of hyperparameter combinations,
(iii) grid search, which performs an exhaustive search over predefined
hyperparameter combinations, and (iv) random search (RS), which
tests random combinations to identify promising configurations.

Building on these strategies, the model calibration was carried out
in two stages: (i) an initial broad exploration of the solution space
using Random Search, and (ii) local refinement with grid search around
the most promising configurations. For ANN-MLP, different hidden
layer architectures were tested by varying the number of neurons per
layer, with regularization techniques applied to prevent overfitting.
Training used early stopping combined with cross-validation to bal-
ance computational cost and model stability. For RF, the effect of the
number of candidate variables in each split was assessed. In XGBoost,
combinations of hyperparameters related to tree depth, learning rate,

and column and row sampling were explored, with regularization pa-
rameters defined to control model complexity. These procedures were
guided by empirical criteria and references from the literature, ensuring
the development of stable and generalizable models compatible with
the operational constraints of small-scale WTPs.

3.5. Analytical modeling of DBP formation, economic performance, and
solid waste generation

This methodological component establishes the analytical frame-
work to quantify the formation of disinfection by-products (DBP),
assess the economic performance of the optimized dosing system and
estimate the generation of solid waste in the water treatment plant. The
estimation of trihalomethanes (THMSs) and haloacetic acids (HAAs) was
based on the proportional model proposed by Miklos et al. [63], which
describes DBP production as a direct proportional relationship between
the chlorine dose applied and the resulting variation in the concentra-
tions of the by-products. This formulation assumes pseudofirst-order
kinetics and constant operational conditions such that reductions or
increases in chlorine dosage almost linearly translate into changes in
the formation of THM and HAA. This simplification enables a practical
estimation of the potential for DBP formation in water treatment plants
under realistic operational scenarios. The reduction in THM (ATHM) is
expressed as:

#p,., — D2
ATHM = | 2L "€ ) « THM,, (5)
Hpe,

The reduction in HAA (4HAA) is given by:
AHAA = AD¢; X a X Q) (6)

where yp, , denotes the historical average chlorine dose, Dgz the opti-
mized dose, THM the baseline THM concentration, « the proportional-
ity coefficient for HAA formation and Q,, the average monthly treated
water volume [m3/month]. These baseline values were derived from
sources in the literature and operational records of the water treatment
plant prior to the implementation of the model. The proportionality
coefficient a represents the ratio between the applied chlorine dose and
the estimated HAA formation, expressed as mg HAA/mg Cl,. In this
study, a was set at 0.09, a value supported by previous investigations
that reported ranges between 0.017 and 0.106 mg HAA/mg Cl, on dif-
ferent aqueous matrices [64,65]. The adoption of this value reflects the
typical conditions of tropical surface waters and was validated through
consistency with the operational records of the treatment plant, thus
ensuring agreement between the predicted reduction in chlorine dose
and the historical levels of HAA observed in the system.

The subsequent economic analysis was structured into three cate-
gories: (i) direct savings from reduced sodium hypochlorite and sodium
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fluorosilicate, (ii) operational savings from lower labor costs due to
automated dosing, and (iii) indirect savings resulting from avoidance
of regulatory fines for noncompliance. The financial parameters consid-
ered included the unit cost of chemicals [US$/kg], the average monthly
salary of plant operators [US$/month], and the reference value of the
regulatory fines [US$]. These reference values were obtained from
the operational records of the local water utility, market quotations
for chemical products, and values established in applicable regulatory
resolutions. Such assumptions served as the basis for calculating the
return on investment (ROI) and the payback period. Implementation
costs comprised expenditures on sensors, equipment, and software. The
ROI was defined as:

Ap—1T
ROI = (u) x 100 @
Ic

where A is the estimated total annual savings and I, the annual
implementation cost. The payback period (months) was calculated as:

fe ®

Payback =
aybac YiE

The generation of solid waste (sludge) was estimated from the mass
of total suspended solids (TSS) removed during treatment, including
organic matter, clay particles and aluminum hydroxide formed during
coagulation with aluminum sulfate. TSS values were inferred from
the turbidity readings and converted to the mass load [mg/L] using
the Bratby method [66]. The seasonal classification was based on the
turbidity thresholds: dry season (<10 NTU) and rainy season (> 80
NTU). The sludge-to-coagulant ratio was calculated using coefficients
from the literature [66,67], assuming typical sludge production per
kilogram of aluminum sulfate applied.

3.6. Statistical evaluation of model performance

The statistical evaluation of the ANN-MLP, RF, and XGBoost models
was carried out in three stages: (i) definition of evaluation metrics
(RMSE, R?, and MAE), (ii) application of the Mann-Whitney U test to
compare prediction errors with the ideal value of zero, selected for its
robustness in non-normal distributions, and (iii) visual inspection of
residuals. Random subsamples of size N were used in each iteration
to ensure representativeness and reduce bias. The significance level
was established at « = 0.05, and p-values below this threshold were
considered statistically significant.

Complementary visualization techniques included boxplots to repre-
sent error dispersion, residual plots to detect systematic deviations, and
scatter plots comparing predicted and observed values against the p = r
line. The final selection of the model considered consistency across
all evaluation metrics, statistical significance of error comparisons,
absence of residual trends, and the ability to jointly predict chlorine
and fluoride doses.

4. Results

This section presents the results of the proposed methodology,
including the analysis of input variables, the predictive performance
of the ANN-MLP, RF and XGBoost models, and a comparison between
standard and optimized configurations. The precision and stability of
the model were assessed using RMSE, R?> and MAE, while the error
distribution was examined to identify potential biases. The results are
organized into three stages: (i) analysis and preprocessing of input data,
(ii) validation of predictive models, and (iii) evaluation of technical,
environmental and economic impacts. All analyses were performed in
R 4.3.1 and Python 3.9, using the caret, xgboost, randomfor-
est, ggplot2, reshape2, scales, and metrics packages in R,
and pandas, numpy, and matplotlib in Python. All datasets and
codes used in this study are openly available in the repository described
in Sato & Calixto [68].
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4.1. Data source, preprocessing and variable selection

Data were collected from the Brazabrantes Water Treatment Plant
(WTP), located in the Metropolitan Region of Goidnia, Goias, Brazil,
and operated by Saneamento de Goiéds S.A. (Saneago), through a re-
quest under the Access to Information Law [69]. Brazabrantes lies
within the Parand Basin and is part of the Meia Ponte River Basin
Committee, covering approximately 1% of its area. The municipality
has a urban water coverage of 93.55% and a metering rate of 97.67%,
both above the national averages. The Brazabrantes Water Treatment
Plant abstracts water from the Ribeirao Cachoeira, a tributary of the
Meia Ponte River. Although the municipal concession allows for a
maximum withdrawal of 20 Ls~!, the operational flow is restricted to
14 Ls~! due to infrastructure constraints. The intake point is located
at the coordinates 16°26/57.3"S, 49°22'15.9"” W, approximately 450 m
downstream of the WTP, which is located at a higher elevation near
the urban perimeter (see Fig. 4).

The treatment process at the Brazabrantes Water Treatment Plant
includes surface water abstraction, turbidity monitoring, proportional
coagulant dosing, flocculation-sedimentation in a clarification tank,
filtration, and final disinfection with chlorination and fluoridation in
contact chambers. Operational control is ensured by monitoring the
temperature, pH, and residual disinfectants, with treated water subse-
quently pumped to an elevated reservoir for distribution. Sedimentation
sludge undergoes thickening, mechanical dewatering, and stabilization
before reuse as a soil substrate in reforestation programs with native,
non-fruit-bearing species, in accordance with public health regula-
tions. An overview of these stages is provided in Fig. 5, while further
operational details are described in the Supporting Information.

Chlorination and fluoridation values at this WTP comply with inter-
national guidelines for potable water [70,71]. For systems without nat-
ural fluoride sources, artificial fluoridation is maintained between 0.5
and 1.0,mg/L (maximum 1.5, mg/L), while disinfection with chlorine
derivatives (e.g., sodium hypochlorite) requires residual concentrations
of 0.2-1.0, mg/L to prevent microbial regrowth in the distribution net-
work. Ferric chloride is applied for flocculation-decantation and sodium
fluorosilicate is applied for fluoridation. The choice of Brazabrantes
WTP reflects its systematic monitoring of parameters, the availability of
historical operational data, and its representativeness of approximately
80% of the plants operated by Saneago S.A..

In Fig. 5, orange rectangles with a vertical separator indicate where
the variables are measured and recorded in the system. Fig. 6 presents
some equipment, environments and process indicators observed in the
WTP of Brazabrantes. The operation begins with the intake of surface
water, where V,, is measured and turbidity T,, is corrected with
coagulant (Fig. 6(a-b)). The water then flows through the flocculation-
decantation tank (Fig. 6(c)), followed by filtration units with activated
carbon to remove excess particles and correct taste and odor (Fig.
6(d-e)). It then enters the contact tank, where chlorine and fluoride
are dosed and measurements such as My and M, are taken (Fig.
6(). If the parameters are within acceptable ranges, the treated water
is pumped to an elevated reservoir and distributed to the popula-
tion. Monitoring data from these stages are stored locally and later
transmitted to a remote repository.

All recorded information from the WTP in Brazabrantes, covering
the period from October 28, 2022, to July 23, 2024. The dataset in-
cludes: (i) raw water turbidity T, (ii) levels of the supported reservoir
N, and elevated reservoir Ny, (iii) electrical information on current,
voltage, power and frequency of the coagulant dosing pump, (iv) coag-
ulant dosage Dg, (v) reservoir level in the subdistrict of Deuslandia,
Goias, (vi) electrical information on current, voltage, power and fre-
quency of the fluoride dosing pump, (vii) fluoride dosage D, (viii) raw
water flow rate V,,, (ix) cumulative historical volume of raw water,
(x) treated water flow rate V,,, (xi) historical volume of treated water,
(xii) electrical information on current, voltage, power and frequency



D.T. Sato et al.

Journal of Water Process Engineering 78 (2025) 108736

Fig. 4. Georeferenced map of the water intake at the Brazabrantes WTP, Goids, Brazil.
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Fig. 5. Brazabrantes water treatment system, Goias/Brazil.

of the chlorine dosing pump, (xiii) chlorine dosage D, and (xiv) mea-
surements of pH M, fluoride My, chlorine M, and treated water
temperature M;. Based on these records, the variables most correlated
with chlorine and fluoride doses were selected for further analysis, as
summarized in Table 2.

In Table 2, several correlations stand out as particularly relevant
for model performance. For example, V,, and V,, exhibit a strong
positive correlation (r ~ 0.92), reflecting the operational consistency
between the flows of raw and treated water, which directly influences
chemical dosing strategies. Similarly, the chlorine dosage (D;) shows
a moderate to strong correlation with both flow rates (r ~ 0.82-0.89),
indicating that variations in hydraulic load substantially affect the
amount of disinfectant applied. In contrast, the negative correlation

between M and Dy (r » —0.18) suggests compensatory adjustments
during operation, where higher measured fluoride levels tend to be
followed by lower doses to maintain target concentrations. These pat-
terns clarify how plant dynamics shape the relationships between input
and output variables and support the inclusion of these parameters in
predictive models.

To ensure data reliability, outliers were removed based on opera-
tional constraints and technician reports. The adopted criteria were:
2 < M,y <8 0< Doy <5mg/L, 0 < Dp < 3mg/L, 10 °C <
My < 50 °C, 0 < V.V, < 1 m¥/min, 0 < Mg, < 5 mg/L, and
0 < Mp < 10 mg/L. After data cleaning, descriptive statistics of the
filtered data set, including mean (u), standard deviation (¢), maximum
(Vpax)> and minimum (V,;,)—are presented in Table 3. Parameters
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Fig. 6. Equipment, environments and process: (a) ferric chloride solubilization tank in batch, (b) turbidity meter in NTU, (c) floc-decanter, (d) floating/coarse
solids retention screen at the outlet of the filter-decanter, before entering the upflow filter, (e) surface water collection chute in the filter-decanter and (f) automated

chlorine, fluoride, M; and M,, meter.

Table 2
Correlation between some observed variables and the dosage of chlorine and fluoride.
MC/ MF MpH MT Vat Vab DCI DF
M, -
My -1.00x 107! -
M,y 5.00 x 1072 2.20% 107! -
My —2.00x 1072 2.10x 107! —1.60 x 107! -
V,, 4.80x 107! —2.40% 107! 3.00x 1072 0 -
Vi 4.60x 107! -2.40x 107! 3.00 x 1072 0 9.20%x 107! -
D¢, 4.30% 107! —1.80x 107! 4,00 x 1072 —2.00x 1072 8.90 x 107! 8.20x 107! -
Dy 430x 107! —1.80x 107! 4.00 x 1072 —2.00 x 1072 8.90 x 10! 8.20x 10! 9.80 x 10! -
Table 3
Descriptive statistics of the filtered dataset.
Parameter " o Viax Vin
D¢, 1.45 1.61 4.82 0.00
Mg 6.20% 107! 4.93x 107! 2.83x 10 1.00 x 1072
M,y 6.62 4.04x 107! 7.93 2.67
My 258 x 10! 2.64 4.51x 10! 172 x 10!
My 9.07x 107! 3.81x 107! 9.14 0.00
Dy 8.60 x 107! 9.50 x 107! 2.82 0.00
Ve 4.00x 107! 3.92x 107! 1.00 0.00
Ve 3.65x 107! 3.84x 107! 1.00 0.00
T, 1.31x 10? 1.55 x 107 3.00x 103 2.00

such as D¢, (4 = 1.45 mg/L) and M, (u = 6.62) fall within typical
operational ranges.

To assess the reliability of the gap filling methods, 20% of the
known values were randomly removed. The Polynomial Spline Re-
gression Functions (PSF) and STL methods were then applied to the
remaining 80%, and their performance was evaluated using RMSE,
R? and MAE. The results summarized in Table 4 consistently demon-
strate the superiority of STL over PSF, with RMSE reductions of up
to 18% for key variables such as D¢, (from 1.04 x 107! to 9.11 x
1072). This improvement, combined with stable performance across all

parameters evaluated, supports the adoption of STL as the reference
approach to handling missing data in this study, thus validating a cen-
tral methodological choice for the construction of subsequent predictive
models.

These results confirm the reliability of STL for handling missing data
in real-time monitoring. The variables listed in Table 2 were used for
model construction. The original dataset comprised 599,386 historical
records from the analyzed period, totaling approximately 81 MB of
structured data. These records, exported from a relational database in
* . csv format, included variables used to calculate the Water Quality



D.T. Sato et al. Journal of Water Process Engineering 78 (2025) 108736
Table 4
Evaluation metrics for PSF and STL methods used in gap filling.
Parameter RMSE PSF RMSE STL R? PSF R? STL MAE PSF MAE STL
D¢, 1.04 x 107! 9.11 x 1072 9.96 x 107! 9.97 x 107! 8.08x 1073 5.57x 1073
M, 227 %1072 1.84 x 1072 9.98 x 107! 9.99 x 10! 1.34x 1073 1.16 x 1073
M, 1.97 x 1072 1.47 x 1072 9.98 x 107! 9.99 x 107! 1.47 x 1073 1.09 x 1073
M 7.34 x 1072 6.54 x 1072 9.99 x 107! 9.99 x 107! 4.75x 1073 3.39%x 1073
My 2.34x 1072 2.02x 1072 9.96 x 107! 9.97 x 107! 2.71x 1073 2.12x 1073
Dy 6.11 x 1072 5.35x 1072 9.96 x 107! 9.97 x 107! 4.78 x 1073 3.29%x 1073
Vo 2.74x 1072 2.27x 1072 9.95x 107! 9.97 x 107! 4.90 x 1073 3.94x 1073
Ve 2.69 x 1072 229 %1072 9.95x 107! 9.96 x 107! 531x1073 3.68 x 1073
T, 6.86 x 1075 5.07 x 1073 9.99 x 107! 9.99 x 107! 6.26 x 1078 5.32x 1078
Table 5
Performance of standard x optimized models based on RMSE, R?, and MAE.
Model Standard Optimized
Chlorination Fluoridation Chlorination Fluoridation
RMSE R? MAE RMSE R? MAE RMSE R? MAE RMSE R? MAE
ANN-MLP 0.531 0.898 0.205 0.318 0.896 0.139 0.139 0.994 0.041 0.129 0.983 0.035
0.526 0.897 0.816 0.294 0.909 0.128 0.302 0.960 0.102 0.089 0.992 0.018
0.301 0.961 0.104 0.085 0.993 0.019
RF 0.085 0.997 0.012 0.051 0.997 0.007 0.074 0.998 0.008 0.054 0.997 0.006
0.088 0.996 0.011 0.052 0.996 0.006 0.074 0.998 0.008 0.054 0.997 0.005
XGBoost 0.278 0.970 0.112 0.172 0.966 0.073 0.089 0.997 0.016 0.083 0.998 0.014
0.281 0.969 0.115 0.172 0.967 0.072 0.056 0.997 0.009 0.054 0.997 0.009

Values are rounded to three decimal places. Boldface indicates the best result in each row.

Index (WQI). Data were collected every 15 min until May 11, 2023,
after which the sampling rate increased to one minute. To ensure
uniform input of the model and enable real-time analysis, all data were
resampled to one-minute intervals. Following the application of gap-
filling techniques, the dataset expanded to 909,250 records, covering
the period from October 31, 2022, to July 23, 2024. STL consistently
outperformed PSF.

4.2. Predictive model implementation and validation

The consolidated dataset was used to evaluate model performance
based on RMSE (emphasizing larger deviations), R?> (proportion of
variance explained) and MAE (average error magnitude). A statistical
analysis of the WTP samples was performed to compare the parameters
with internationally recommended limits [72]. Of the 909,250 records,
908,054 met the chlorination criterion (~ 99%). Regarding fluorida-
tion, 866,621 records were within the recommended range (~ 95%).
These results indicate that the operation of the analyzed WTP complies
with international guidelines for hypochlorite and artificial fluoridation
disinfection, thus supporting reliable modeling of operational behavior.

For model development and internal validation, data were parti-
tioned so that the period from January 1 to March 30, 2023 (89 days),
comprising 131,041 records (~ 25% of the dataset), was reserved for
testing and validation. The implementations were carried out in R using
the caret package. A 10-fold cross-validation procedure was adopted,
with the random seed fixed to ensure reproducibility. Three methods
were applied: ANN-MLP, RF, and XGBoost. Two simulation scenarios
were generated: one with default hyperparameters and another with
optimized hyperparameters.

After optimization, the tree-based models (RF and XGBoost) con-
sistently outperformed ANN-MLP. For chlorine dosage prediction, RF
achieved the best performance (RMSE = 0.074, R? = 0.998) with
candidate variables N,, = 4 per split. For the prediction of fluoride
dosage, XGBoost produced the most accurate results (RMSE = 0.054,
R?> = 0.997) using a configuration with learning rate n = 0.2 and
maximum tree depth D,, = 6. Performance comparisons between
default and optimized configurations, evaluated by RMSE, R?, and
MAE, are summarized in Table 5, which presents the complete analysis
and results for all algorithms.

In addition to the superior performance of the ensemble models,
the analysis in Table 5 highlights important patterns regarding opti-
mization for each target variable. Although RF achieved operational
excellence with N,. = 4 for chlorination, it exhibited a relevant trade-
off for fluoridation. While N,, = 2 maximized R> = 0.997, N,. = 4
was more effective in minimizing MAE = 0.005. This subtle yet critical
difference underscores that the selection of the optimal hyperparam-
eter depends on the performance metric prioritized for the intended
application.

XGBoost, in turn, demonstrated greater resilience. Its optimized
configuration not only achieved the best overall performance for fluo-
ridation but also delivered highly competitive results for chlorination,
with RMSE = 0.056 and R®> = 0.997, values comparable to those of
RF. This outcome suggests a slightly superior generalizability when
dealing with variations in the quality of raw water. Although ANN-
MLP remained third in the overall comparison, the magnitude of its
post-optimization improvement was notable, with reductions in RMSE
of up to 73% for chlorination. However, this performance gain came at
the cost of substantially higher computational complexity and relative
instability across runs compared with the more stable tree-based mod-
els. Table 6 details the hyperparameter configurations underlying these
findings.

The optimization process, which combined random sampling with
grid search, yielded the optimal architecture for each model, as pre-
sented in Table 6. For ANN-MLP, superior performance was achieved
with more complex architectures (e.g. [11, 4, 8] for chlorination)
coupled with minimal weight decay values (W, = 10~> or 10~%), con-
firming the need for sufficient regularized modeling capacity to prevent
overfitting. Convergence was efficiently ensured using early stop-—
ping (patience = 20, max_epochs = 500), with these parameters
validated under the constraints of the target hardware (Raspberry
Pi 4B).

For the ensemble models, optimization identified more compact and
efficient configurations. The optimal number of candidate variables
per split (N,.) for RF was 4 for chlorination and 5 for fluoridation,
reflecting the distinct nature of the two prediction tasks. In XGBoost,
a lower learning rate (n = 0.2) combined with a moderate maximum
depth (6 < D,, < 8) was required to achieve the best performance,
allowing more careful and generalizable learning. In general, the per-
formance gains documented in Table 5 are directly attributable to the
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Table 6
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Standard and optimized hyperparameters used in internal validation.

Model Hyperparameters standard Hyperparameters optimized
S:/5) S, 53 Wp S Sy 53 Wp
ANN-MLP 3.00 - - 0.000 11.00 4.00 8.00 0.000010
5.00 - - 0.000 10.00 11.00 2.00 0.000001
- - - 0.000 10.00 12.00 2.00 0.000001
RF 2.00 - - - 4.00 - - -
4.00 - - - 5.00 - - -
XGBoost 0.400 3.00 0.800 0.750 0.200 6.00 0.800 0.750
0.400 3.00 0.800 1.000 0.200 8.00 0.800 0.750

w_»

Numeric values correspond to the tested configurations, where
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Fig. 7. Climatic context of the study region based on monthly precipitation and temperature, highlighting rainy and dry seasons.

hyperparameter configurations detailed in Table 6. Optimization was
not merely incremental, but essential to fully exploit the potential
of each algorithm, resulting in robust and resilient models capable
of delivering reliable predictions for operational control of chlorine
and fluoride dosing, with tangible impacts on reducing variability and
reagent consumption.

4.3. External validation under seasonal conditions

The historical analysis of precipitation and temperature provides the
climatic context for external validation. Fig. 7 shows that the region
has a limited annual variation in mean temperature but two well-
defined seasons: (i) a rainy period from October to March and (ii) a
dry period from April to September, with minimum precipitation in
July. Within this framework, the effectiveness of the optimized models
was assessed through comparative performance analysis, where the
predictions of ANN-MLP, RF and XGBoost were tested against two
independent datasets, A22 and A24. Dataset A22, collected between
October and December 2022 during the rainy season, reflects higher
turbidity fluctuations and higher variability in system performance.

Dataset A24 corresponds to April 2024, at the beginning of the
dry season, when the system operation was more stable following rou-
tine equipment adjustments. The choice of these contrasting seasonal
contexts enables the evaluation of the generalization of the model un-
der distinct hydrological and operational conditions. Rainfall patterns
directly influence treatment performance: (i) during the wet season,
increased surface runoff increases organic matter loads and turbidity,
requiring dosage adjustments, whereas (ii) in the dry season, restric-
tions on water abstraction introduce different operational challenges.
The analysis includes the calculation of the following performance met-
rics: (i) RMSE, (ii) MAE, and (iii) R?. In addition, the Mann-Whitney U
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statistical test is applied using subsamples of size N = 1000. Table 7
reports the values of RMSE, R, MAE, and values-p for each model and
the parameter evaluated, highlighting the individual performance of
each approach.

As shown in Table 7, the optimized RF and XGBoost models achieved
the best performance for chlorine and fluoride predictions, respectively.
Both models outperformed their standard counterparts in all evaluation
metrics, with significant reductions in RMSE and MAE and increases
in R2. For fluoride, the optimized XGBoost reached RMSE = 0.15 and
R? = 0.95, indicating a high degree of precision and explanatory power.
All p-values were below 0.05, confirming the statistical significance of
the observed improvements. Although the optimized ANN-MLP showed
progress, its results remained inferior to those of the other optimized
models. To complement these quantitative results, an analysis of the
error distribution was performed to assess consistency and detect
potential outliers.

To evaluate the error distribution and identify potential outliers,
Fig. 8 was created. The central line in each boxplot represents the me-
dian of the errors, while the box edges correspond to the first and third
quartiles, defining the interquartile range. The boxplots illustrate the
error dispersion for each model, complementing the quantitative anal-
ysis of the performance metrics. The optimized models are observed
to exhibit lower dispersion, suggesting more accurate predictions. For
chlorine, optimized models display smaller boxes and shorter whiskers,
indicating a more concentrated error distribution. The optimized RF
model stands out because it has a median close to zero and a reduced
number of outliers, implying greater consistency in predictions. For
fluoride, the optimized XGBoost shows a lower dispersion and values
close to zero, further highlighting its precision and stability.

Visual analyses of residuals were performed to identify potential
patterns or systematic deviations from actual values. Fig. 9 displays, on
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Table 7
Evaluation metrics results for predictive models of chlorine and fluoride.
Parameter Model RMSE R? MAE p-valor
ANN-MLP 9.30x 107! 4.40x 107! 6.80 x 107! 1.11x 1078
RF 9.90 x 107! 3.80x 107! 6.80 x 107! 533 %1072
XGBoost 9.60 x 107! 4.10% 107! 6.50 x 107! 3.40 x 10728
chlorine ANN-MLP Optimized 6.60 x 107! 7.20 x 107! 5.60 x 107! 9.99 x 1075
RF Optimized 4.00% 107! 9.00 x 107! 3.60 x 107! 1.07 x 10710
XGBoost Optimized 7.90 x 107! 6.00 x 107! 7.00 x 107! 1.11x 1078
ANN-MLP 5.10% 107! 4.50x 107! 4.40% 107! 3.17x 10722
RF 3.00 x 107! 8.10 x 10! 2.10x 107! 3.38 x 107232
XGBoost 2.50 % 107! 8.70 x 10! 1.60 x 107! 2.37 x 107163
fluoride ANN-MLP Optimized 1.80 x 107! 9.30 x 107! 130 % 107! 7.17x 1077
RF Optimized 1.90 x 107! 9.20 % 107! 130% 107! 3.70 x 10727
XGBoost Optimized 150 x 107! 9.50 x 107! 9.00 x 1072 7.32% 10718
8
5 3.0
o <)
g 4 % 25
3 8 20
.- .3 (=%
>
| 715
[ ®
3 2 2 1.0
g g
Su
=5 Z 05
g g
fim} o 0.0
0
Q < & > > IS Q < « S > >
N ¥ & Py Pk s N T & PR Lk L
& 2 S &L P > QS S & & o
& € ST & S ¥ ST L
S = Yo o © €

(a)

(b)

Fig. 8. Error distribution of predictive models for: (a) chlorine and (b) fluoride.

the x-axis, the sequence of predictions in the observations, while the y-
axis represents the differences between the actual and predicted values
generated by the models. The blue points indicate individual errors for
each observation, and the horizontal red line denotes the zero-error
reference, where the predictions perfectly align with the actual values.

The optimized XGBoost is observed to exhibit a lower dispersion
around the zero error line, indicating a higher prediction accuracy. The
smaller dispersion and the reduced occurrence of points far from the
red line indicate fewer extreme errors. The optimized ANN-MLP shows
reduced error variability compared to its non-optimized version, how-
ever, its dispersion remains higher than that of the XGBoost, suggesting
lower consistency in predictions.

This visual analysis of residuals indicates that the optimized mod-
els exhibit a higher concentration of errors close to zero, reinforcing
their accuracy. The absence of systematic patterns in the residuals
suggests that the errors are randomly distributed, indicating a lack of
bias and proper model behavior. Furthermore, the reduced occurrence
of outliers in the XGBoost highlights greater stability and improved
generalization capacity, which supports the absence of overfitting in
the predictions. Fig. 10 illustrates the alignment between predicted and
actual values, with the red line representing the ideal relationship p = r.

For the ANN-MLP, a considerable dispersion of points is observed
around the ideal line, with tendencies to underestimate or overestimate
values across different intervals, suggesting a lower prediction accu-
racy. In the optimized ANN-MLP, despite improvements, non-linear
patterns and a higher concentration of points distant from the red
line remain noticeable, indicating limitations in accurately capturing
the actual values. The RF model demonstrates a distribution closer to
the ideal line with reduced point dispersion. However, the presence of
some distant points indicates difficulties in predicting certain values
with high precision. In the optimized RF model, a more uniform
and concentrated distribution is observed around the ideal line, with
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significant reductions in deviations and closer alignment of the points
with the red line. These results confirm that optimization improved the
generalization and accuracy of the model.

The residual distribution confirms that the optimized models are
neither over- or under-fitted. Although all models improved after op-
timization, the RF model yielded the best results for chlorine, and
XGBoost outperformed others for fluoride. However, for chlorine, the
optimized RF model achieved the best performance, with RMSE = 0.40,
R? = 091, MAE = 036 and p-value = 1.07 x 10719, For fluoride,
optimized XGBoost delivered the best results, with RMSE = 0.15, R? =
0.95, MAE = 0.09 and p-value = 7.32 x 10718,

Among all the configurations evaluated, the optimized XGBoost
achieved the best overall performance in predicting both chlorine and
fluoride. The criteria supporting this choice include: (i) the lowest
RMSE values for both parameters, (ii) a high R?, indicating strong
explanatory power for data variance, (iii) residuals with no discernible
trends, reinforcing the absence of overfitting and (iv) consistent pre-
dictions across different periods and sub-samples. These findings were
evaluated through external validation.

Residual dispersion observed in Fig. 9 (residual plots) and Fig. 10
(scatter plots of observed X predicted values) can be attributed to mech-
anistic factors associated with plant operation, water chemistry, and
measurement limitations. In addition, the error distribution in Fig. 8
confirms the magnitude and variability of these deviations. Abrupt sea-
sonal increases in turbidity, particularly during rainfall events, increase
coagulant demand and indirectly affect chlorine and fluoride dosages,
generating discrepancies not fully captured by the models. Variations
in pH and temperature alter chlorine speciation and reaction kinetics,
leading to localized prediction errors. Dosing pump inertia introduces
delays in achieving target concentrations, while sensor noise, down-
time, and manual interventions further contribute to measurement
inconsistencies. Finally, changes in reservoir levels modify hydraulic
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Fig. 9. Residuals of predictive models across observations: (a) XGBoost without optimization for chlorine, (b) optimized XGBoost for chlorine, (c) ANN-MLP
without optimization for fluoride, (d) optimized ANN-MLP for fluoride, (e) RF without optimization for chlorine and (f) optimized RF for chlorine.

regimes, influencing the dilution and the disinfectant contact time.
Together, these mechanistic factors explain the residuals observed,
while the overall precision of the optimized models remained high.
For the RF model, Figs. 9(e) and 9(f) show residuals with lower
dispersion compared to ANN-MLP and with consistency levels similar to
XGBoost. After optimization, the residuals become more concentrated
around the zero reference line, with a marked reduction in extreme
values. These findings complement the quantitative metrics (Table 7),
confirming the predictive capacity of RF compared to ANN-MLP and its
performance comparable to XGBoost in chlorine dosage prediction.

4.3.1. External validation and comparative performance

To evaluate the performance of the model under different operating
conditions, two external datasets were used: A22, collected from Octo-
ber 31, 2022, to December 31, 2022 (62 days, 129,601 records), and
A24, collected from April 1, 2024, to April 12, 2024 (12 days, 25,084

12

records). Initial validations were conducted using models without hy-
perparameter optimization. As presented in Table 8, RF yielded the best
chlorine predictions in both samples. For fluoride, the best results were
obtained with ANN-MLP in A22 and XGBoost in A24. Fig. 11 illustrates
the behavior of chlorine and fluoride doses over a 24-hour period in
A22, comparing the measured values of the system with those predicted
by the models.

The same external datasets (A22 and A24) were also used to validate
the models after hyperparameter optimization. Table 9 shows that
RF achieved the lowest RMSE and MAE values for chlorine in both
samples, while ANN-MLP obtained the highest R?. For fluoride, ANN-
MLP outperformed the other models in A22, while XGBoost showed
superior accuracy in all metrics in A24. Fig. 12 illustrates the behav-
ior of chlorine and fluoride doses over a 24-hour period in the A24
sample, comparing the actual values of the system with the predictions
generated by the proposed models.
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Fig. 10. Scatter plot of actual x predicted values: (a) ANN-MLP without optimization for chlorine, (b) optimized ANN-MLP for chlorine, (c) RF without optimization

for fluoride and (d) optimized RF for fluoride.
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Table 8

External validation comparing model outputs with actual values collected in the system.
Sample Models Chlorination Fluoridation

RMSE RrR? MAE RMSE R? MAE

2022 ANN-MLP 421 % 107! 9.64 x 107! 231x107! 207x107" 9.60 x 107! 1.04x107!
2022 RF 310x107! 9.87x107! 2.47x 107! 3.37x 107! 9.54x 107! 2.40% 107!
2022 XGBoost 8.11x 107! 8.14 x 107! 5.90 x 107! 2.51% 107! 9.54x 107! 1.61 x 107!
2024 ANN-MLP 3.25%x 107! 8.54x107! 1.66 x 107! 2.72%x 107! 6.50 x 107! 1.35x 107!
2024 RF 2.68x 107! 8.47x 107! 142x107! 1.75x 107! 8.65x 107! 9.88 x 1072
2024 XGBoost 3.05x 107! 8.12x 107! 1.62x 107! 1.60 x 107! 8.71x 107 8.61x 1072

Table 9

External validation comparing optimized model outputs with actual values collected in the system.
Sample Models Chlorination Fluoridation

RMSE R? MAE RMSE R? MAE

2022 ANN-MLP 1.90 x 107! 9.89 x 107! 6.37x 1072 6.11x1072 9.96 x 107! 1.39x 1072
2022 RF 1.49x 107! 9.93x 107! 393x 1072 1.28x 107! 9.85x 107! 3.17%x 1072
2022 XGBoost 1.87x 107! 9.89 x 107! 5.76 x 1072 1.07 x 107! 9.89 x 107! 3.85x 1072
2024 ANN-MLP 4.17x 107! 9.44 x 107! 9.64 x 1072 247 x 107! 9.44 x 107! 4.40 x 1072
2024 RF 4.03x 107! 9.48 x 107! 7.79 x 1072 2.45x% 107! 9.45x 107! 539 % 1072
2024 XGBoost 4.11x 107! 9.46x 107! 9.43x 1072 238x107! 9.48x 107! 6.05x 1072

A comparison between Table 8 (without optimization) and Table
9 (with optimization) indicates consistent improvements in R?> and
MAE between models. Although RMSE slightly increased for chlorine
in some cases, predictions remained aligned with real system behavior,
as illustrated in Figs. 11(b) and 12(d). For fluoride, this trend was
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observed in most models, except ANN-MLP. Although such patterns
may indicate potential overfitting, external validation confirms that all
models retained generalization capacity under operational conditions.

The differences in RMSE, R?, and MAE between the models re-
mained within the 10~2 order of magnitude, and all predicted doses




D.T. Sato et al.

Collected ——ANN-MLP
RF ——XGBoost
2,7
2,4
2,1
1.8
1,5

Chlorination dosage (mg/L)

(a)

——Collected
RF

——ANN-MLP
——XGBoost

1,5

o
©

o
w

Fluoridation dosage(mg/L)
o
[}

(c)

Journal of Water Process Engineering 78 (2025) 108736

Collected —— ANN-MLP

RF —— XGBoost

0,6

Chlorination dosage (mg/L)

0,3
: -

-0,3

(b)

——Collected
RF

——ANN-MLP
—— XGBoost

1,5

1,2

Fluoridation dosage(mg/L)

(d)

Fig. 11. Real system values and model predictions with sample from 2022: (a) chlorine without hyperparameters optimization, (b) chlorine with hyperparameters
optimization, (c) fluorine without hyperparameters optimization and (d) fluorine with hyperparameters optimization.

complied with the internationally recommended limits for chlorine and
fluoride. In terms of computational demands, RF requires more memory
and processing power during training due to its ensemble structure,
despite involving fewer hyperparameters. In contrast, ANN-MLP and
XGBoost offer faster inference but require extensive tuning of parame-
ters such as the number of neurons per layer, learning rate, activation
function (ANN-MLP) and tree-related hyperparameters such as depth,
learning rate, and number of estimators (XGBoost). Improper choices
can increase training time and raise the risk of overfitting, especially
in large datasets or when technical expertise is limited. Although both
methods include regularization mechanisms, their parameter complex-
ity demands careful configuration to ensure reliable generalization.
Beyond performance metrics and computational considerations, the
interpretability of each model was examined to assess its practical
applicability in decision support.

The Tables 8 and 9 indicate that even without hyperparameter opti-
mization, the models achieved good agreement with field observations,
with RF standing out for chlorination and ANN-MLP or XGBoost for
fluoridation, depending on the period analyzed. After optimization,
MAE consistently decreased and R? increased, confirming enhanced
predictive stability under different operational conditions, although
some cases exhibited marginal increases in RMSE. In real WTP appli-
cations, these results demonstrate that machine learning models can
reliably support chlorine and fluoride dosing decisions while ensuring
compliance with international limits, balancing accuracy with compu-
tational feasibility, and providing flexibility across diverse monitoring
contexts and data availability.
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4.3.2. Feature importance and interpretability of predictive models

To enhance the interpretability of the model, a feature importance
analysis was performed for both RF and XGBoost, following the prin-
ciples of explainable AI (XAI). In both models, the most influential
variables for predicting chlorine and fluoride concentrations were resid-
ual chlorine, temperature, and pH. These features consistently ranked
highest in XGBoost, while RF yielded similar importance patterns with
minor variations, likely due to its ensemble-based architecture.

These findings provide valuable guidance for operational decisions
in water treatment, particularly in identifying the environmental pa-
rameters that most influence dosing behavior. The ability to highlight
key variables increases the transparency of the model, a prerequisite for
the practical implementation of Al systems in the sanitation sector [36,
37]. This interpretability supports more strategic sensor placement and
monitoring practices, contributing to the development of resilient and
explainable solutions tailored to resource-limited settings. Furthermore,
the ability to trace the influence of the variables enables integrated
evaluations of technical performance, environmental conditions, and
economic results.

4.4. Technical, environmental and economic impact assessment

The accuracy of the chemical dosing was substantially improved
after optimization of the model. For chlorine, the RF model maintained
residual concentrations within the regulatory range of 0.2-1.0 mgL™',
achieving RMSE = 0.40 and R?> = 0.91. For fluoride, XGBoost main-
tained values within 0.5-1.0 mgL~!, with RMSE = 0.15 and R? = 0.95.
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Fig. 12. Real system values and model predictions with sample from 2024: (a) chlorine without hyperparameters optimization, (b) chlorine with hyperparameters
optimization, (c) fluorine without hyperparameters optimization and (d) fluorine with hyperparameters optimization.

Compared to conventional strategies, such as manual adjustment or
linear regression models, which in similar contexts generally produce
10%-15%, the proposed models reduced manual dosing errors by up
to 30%.

The reduction in DBP formation was quantified using operational
data (Table S3 and Table S4), combined with proportional models
relating chlorine dosage to the generation of by-products. From Ta-
ble S3, baseline values were extracted: average chlorine dosage D, =
1.45 mgL~!, mean pH ~ 6.6 and water temperature around 25.8 °C.
The estimated reduction in THM was derived using a simplified pro-
portional model, following Miklos et al. [63]. Using up, , = 1.45 mgL~!,
an optimized dose D2, = 1.20 mgL™~"', and a regulatory limit THMp =
80 pgL~!, a reduction in chlorine 17% led to a decrease of 13.6 pgL ™!
in THM formation. This value was extrapolated to a monthly reduction
of 493.5 g of THM using the plant flow rate of 14 Ls~!.

For HAA, the reduction was estimated using the same dataset and a
proportionality factor « = 0.09mg of HAA per mg of chlorine applied.
With 4D, = 0.25 mgL™!, baseline HAA = 90 pgL~! (from Table 10),
and a treated monthly volume Q,, = 36,288 m?, the estimated monthly
reduction was 816.5 g. These values reflect pre-optimization conditions
and quantify the environmental benefits of the optimized system.

Accurate dosing improves microbiological safety by reducing under-
dosing and limits the generation of DBP by avoiding overdosing. These
results reinforce regulatory compliance and operational reliability in
small-scale WTPs, according to WHO and the Brazilian Ministry of
Health guidelines.
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4.4.1. Economic assessment

Economic gains were estimated from three main components: (i) re-
duction in chemical inputs, (ii) savings in labor costs, and (iii) avoided
regulatory penalties. A reduction of 11.5% in sodium hypochlorite use
yielded 349.20 kg/year in savings, valued at US$136.19 (US$0.39/kg).
Sodium fluorosilicate reduction added US$5.60 (1.13 kg/year at
US$4.96/kg), totaling US$141.79 in direct chemical savings.

Automation allowed discontinuation of the 12 x 36 shift scheme.
Based on operator salaries (US$2,249.84/ month), annual labor savings
were estimated at US$26,998.03, corresponding to one full-time equiv-
alent. No formal dismissals occurred, with savings derived from re-
duced overtime and standby hours. In addition, penalties were consid-
ered. According to Garibay-Rodriguez et al. [73], high-level regulatory
sanctions range from US$7,887.33 to US$15,774.67. A conservative
estimate of US$7,887.33 was adopted. Table 11 presents these savings.

Assuming implementation costs of US$6,700.00, the ROI was esti-
mated at approximately 420%, with a payback period of 2.3 months.
This value should be interpreted as indicative, as variations in chemical
prices, labor costs, and regulatory penalties can change the estimate by
about +5-10%.

4.4.2. Sludge generation and environmental impact

The generation of solid waste results from (i) the removal of sus-
pended solids and (ii) the formation of AI(OH); flocs from the hydrol-
ysis of aluminum sulfate. In dry periods, the turbidity reaches I0NTU,
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Table 10
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Performance metrics of the Al optimization model and parameters used for by-product estimation.

Metric Value Regulatory Limit Improvement

THM reduction® 493.5 g/month 80 pgL~! 17%

HAA reduction® 816.5 g/month 60 pgL! 25%

Chlorine RMSE 0.40 mgL~! - 30% error reduction
Fluoride RMSE 0.15 mgL™! - 35% error reduction
Mean chlorine dosage® 1.45 mgL™! - Table S3

Optimized chlorine dosage® 1.20 mgL~! - Model output
Chlorine dosage reduction® AD, 0.25 mgL™! - Direct calculation
Baseline THM concentration 80 pgL~! 80 pgL~! EPA/WHO guideline
Baseline HAA concentration 90 pgL~! 60 pgL~! Table 1

Monthly treated volume® 36,288 m? - 14L/s x 30 days

2 Estimated local guideline value, data from Saneago S.A. operational records.

Table 11
Estimated components of annual savings.

Component Amount [US$]
Reduction in chemical inputs (chlorine and fluoride) 142.17
Reduction in labor costs 26,998.03
Avoided penalties (Regulatory Resolution) 7,887.33
Total estimated savings 35,027.53

Table 12
Performance of optimized Al models for chlorine and fluoride (external vali-
dation).

Model Chlorine Fluoride

RMSE MAE R? RMSE MAE R?
ANN-MLP 0.66 0.56 0.72 0.18 0.13 0.93
RF 0.40 0.36 0.90 0.19 0.13 0.92
XGBoost 0.79 0.70 0.60 0.15 0.09 0.95

corresponding to 15 mgL~! of suspended solids or 215 kg/month. During
the rainy season, the turbidity increases to 115NTU, increasing the
sludge to 2000 kg/month.

According to John [66] and Crittenden et al. [67], the coagulant
ratios of sludge typically range from 0.25 to 0.6, kg/kg. In our study,
the dry season ratio of 0.24, kg/kg indicated high efficiency, while
the rainy season ratio of 1.1, kg/kg suggested underdosing or excess
sediment. These deviations reflect the influence of operational factors
such as fluctuations in pH and water temperature, as well as vari-
ations in coagulant purity and reactivity, which affect the effective
conversion of aluminum salts into hydroxides and, consequently, the
amount of solids generated. Therefore, real-time turbidity-based dosing
is recommended to maintain treatment performance, with broader
sustainability implications.

4.4.3. Model performance summary and limitations

Independent test sets confirmed the accuracy of the model. As
shown in Table 12, optimized RF yielded RMSE = 0.40 and R? = 0.90
for chlorine, XGBoost achieved RMSE = 0.15 and R? = 0.95 for fluoride.
The integration of STL improved both interpretability and adaptability.

Minor performance drops occurred in cases of long data gaps, sensor
anomalies, or operational plateaus (e.g., stable pH or flow). These were
more evident in the early phases with limited historical data. Table 12
and Section 5 detail mitigation strategies to maintain the reliability
of the model under such constraints. Historically, small-scale WTPs
have relied on manual rules or static models, unable to capture non-
linearities or seasonal changes [12,14]. More recent approaches, like
ARIMA and spline interpolation, offer better smoothing but falter under
long gaps or non-stationarity.

To address these issues, the proposed framework integrates STL to:
(i) decompose series into trend, seasonality, and residuals, (ii) han-
dle missing data and irregular sampling and (iii) improve feature
extraction. Preliminary tests showed that XGBoost alone performed
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poorly during abrupt regime shifts, reinforcing the use of STL+XG-
Boost for more interpretable and resilient performance in data-scarce
environments.

5. Discussion

This study developed and validated a hybrid STL-XGBoost model
to optimize chlorine and fluoride doses in small-scale water treatment
plants. The results support the central hypothesis that the integration of
seasonal trend decomposition (STL) with XGBoost improves predictive
accuracy and promotes operational sustainability under data scarcity
and seasonal variability conditions. Furthermore, they demonstrate that
all the objectives defined in the introduction were achieved. The dis-
cussion was structured to explicitly address each objective, establishing
a direct link between the results obtained and the intended goals of the
study.

5.1. Model development, validation, and comparative performance

The strategic alignment between model selection and STL-based
preprocessing was confirmed by the results. Seasonal trend decompo-
sition reformulated the complex time-series forecasting problem into a
supervised learning task with tabular data. This transformation reduced
reliance on models designed for long-range temporal dependencies,
such as LSTM, and allowed the use of well-established algorithms for
static tabular structures, including XGBoost [74] and Random Forest.
These algorithms achieved an adequate balance between predictive ac-
curacy, computational efficiency, and operational applicability within
the context analyzed. In particular, XGBoost excelled in optimizing
dosing in small-scale water treatment plants due to its inherent ability
to handle missing values and capture complex, nonlinear relationships,
such as seasonal flow variations during rainy periods. This reduced
the need for extensive preprocessing and ensured predictive resilience
under non-stationary conditions.

The outperformance of XGBoost, which was decisive in achieving
the study objectives, is grounded in specific algorithmic advantages that
address real operational constraints. Its built-in regularization mecha-
nisms, including L1/L2 penalties and pruning, mitigate overfitting even
under noisy conditions, a relevant feature given the frequent sensor
anomalies observed in the field. Its scalability, supported by parallel
processing that enables rapid updates even on low-cost hardware such
as the Raspberry Pi, makes it suitable for remote treatment plants
with limited infrastructure. This combination of efficiency, resilience,
and adaptability sets XGBoost apart from ANN-MLP, which is sensitive
to data imbalance, and from Random Forest, which entails higher
memory requirements. These characteristics directly contributed to the
resilience of the model when handling incomplete data and to its better
performance in comparative analysis.

The comparative analysis conducted in this study is grounded in
the well-documented performance of artificial intelligence methods
compared to traditional control strategies. Conventional approaches,
typically manual or based on linear regression, are limited in both



D.T. Sato et al.

Table 13
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Comparative summary of machine learning metrics applied to water resources and water quality: previous studies xthis study.

Parameter/Metric

Previous studies

This study

Coverage of metrics (RMSE,
MAE, R?)

Partial, typically restricted to
one or two metrics [75-78]

Comprehensive: RMSE, MAE,
R?, and standard deviation

External validation

Rare or absent [79-81]

Included (datasets A22 and
A24)

Variable interpretation (XAI)

Limited exploration [26,75,80]

Highlighted (variable
importance, transparency)

Handling of missing data

Limited, generally through
deletion or simple
interpolation [26,52,75,79]

Advanced (STL decomposition,
reliable imputation)

Techno-environmental-
economic integration

Largely absent [50,52,82]

Developed (impact on DBPs,
ROI, sludge management)

Resilience under different
seasonal conditions

Rarely addressed [81,83]

Assessed (wet season vs. dry
season)

Applicability to small-scale
DWTPs

Commonly overlooked
[26,76,78,79]

Demonstrated as feasible and
scalable

accuracy and resilience, often leading to excessive chemical consump-
tion and increased operational costs [20,23,28]. In contrast, artificial
intelligence techniques such as ANN-MLP, Random Forest, and XGBoost
have demonstrated higher predictive accuracy along with measurable
operational, economic, and environmental benefits [19,21]. The results
obtained in this study not only corroborate, but also extend previous
findings by addressing a relevant methodological gap. Consistent with
Solaimany-Aminabad et al. [19], the suitability of tree-based algo-
rithms for handling heterogeneous inputs and pronounced seasonality
was confirmed. However, by integrating trend and seasonal decom-
position (STL), specifically tailored to the challenges of small-scale
treatment plants, the resilience of the model was improved against
incomplete datasets and seasonal fluctuations, thus directly fulfilling
the study objectives.

For comprehensive validation against the stated objectives, the
results were contextualized in light of the existing literature and sup-
ported by empirical evidence. As summarized in Table 13, this study
advances previous work by performing a full evaluation (RMSE, MAE,
R? and standard deviation), incorporating external validation, applying
interpretability techniques and integrating technical, environmental
and economic dimensions, an approach rarely achieved in previous
investigations. This framework underscores both the methodological
innovation and the practical relevance of the proposed model for
small-scale water treatment plants.

The empirical validation consistently reinforces the identified ad-
vantages. The scatter plot of observed versus predicted values, Fig.
10, highlights the systematic trends of each model, demonstrating that
the optimized STL-XGBoost algorithm consistently reduces deviations
throughout the operational range. This reliable accuracy is critical for
the calibration and adjustment of the reagent dosing. The temporal
analysis, Fig. 11, confirms the model’s ability to accurately reproduce
complex concentration dynamics, even under operational disturbances,
thus providing direct support for real-time decision-making. Finally, the
residual variability analysis, Fig. 9, shows a narrower error distribution
in the optimized model, translating into greater operational reliability
by reducing the likelihood of critical dose failures. Taken together, this
body of evidence demonstrates the enhanced resilience of the model
under data limitations and its performance advantage over alternative
approaches.

5.2. Operational, environmental, and economic benefits

This subsection addresses the objectives of reducing dosing errors
while ensuring regulatory compliance, as well as quantifying environ-
mental and economic benefits. The challenge of chlorine and fluoride
dosing in resource-limited settings, often linked to microbiological risks
or the excessive formation of harmful by-products (THM and HAA) [12,
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14,84], is directly addressed by the proposed STL-XGBoost model.
The results demonstrate that accurate Al-supported predictions can
significantly reduce dosing errors, maintain compliance, and minimize
the formation of by-products, thus delivering measurable operational,
environmental, and economic gains.

The optimized models exhibited lower dispersion around the mean,
reflected in reduced standard deviations, therefore increasing the re-
liability by lowering the probability of erroneous decisions. Beyond
the methodological advance, the study also demonstrated tangible
operational benefits, including a reduction in fluoride consumption
of approximately 15% + 3% (~ 50 kg/year) and sodium hypochlorite
consumption of 18% + 2% (~ 120 kg/year), resulting in annual savings
of about US$ 240. For applications in computationally constrained
contexts, strategies such as edge computing and Secure Multiparty
Computation (MPC) may enable local processing and decentralized
model training, reducing reliance on centralized infrastructure and
associated costs.

The results represent a substantial advance over the state of the art
and demonstrate alignment with the Sustainable Development Goals
(SDGs). Regarding SDG 6 (Clean Water and Sanitation), the opti-
mized XGBoost model achieved 99% compliance with WHO guidelines,
supported by consistently low RMSE values. In relation to SDG 12 (Re-
sponsible Consumption and Production), accurate dosing predictions
led to a 17% reduction in THM formation and a 25% reduction in
HAA formation. Compared to manual procedures, dosing errors were
reduced by approximately 45%, strengthening the potential of artificial
intelligence approaches for water treatment management. This study
highlights the broad applicability and tangible benefits of incorporating
the proposed AI framework into disinfectant control in small- and
medium-scale water treatment plants. By integrating environmental
protection, economic efficiency and reproducibility, the approach sup-
ports the transition toward cleaner, safer, and more resilient sanitation
systems, strengthening progress toward SDG 6.

5.3. Policy implications and scalability

These findings strengthen the feasibility of implementing artificial
intelligence solutions in facilities with limited resources, such as Braz-
abrantes WTP, illustrating how accessible and adaptable technologies
can simultaneously advance public health and environmental sustain-
ability. The adoption of low-cost predictive models, aligned with the
principles of transparency, interpretability, and equity, is consistent
with G 20 commitments to ensure that digital transformation reduces
regional disparities and promotes social inclusion. Designed to oper-
ate reliably under infrastructure and data constraints, the model is
particularly suitable for small and medium-sized WTPs in resource-
limited contexts, enhancing process control without the need for costly
instrumentation or extensive infrastructure upgrades.
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This study provides a practical basis for the formulation of public
policies that aim to improve the sustainability of sanitation systems. Re-
ductions in chemical waste, operational improvements, and compliance
with international standards support the implementation of stricter
environmental regulations, particularly regarding automated chemical
dosing in WTPs. Government agencies are encouraged to introduce
economic and fiscal incentives to promote the adoption of artificial
intelligence tools in public water supply systems, especially in resource-
limited municipalities. Furthermore, standardized protocols for data
collection and storage are necessary to enable model replication and
ensure consistency in monitoring, auditing, and decision-making pro-
cesses. The adaptability of the framework to various operational con-
texts improves its replicability in public water systems, particularly
in developing countries where financial constraints frequently hinder
digital innovation.

The findings indicate that the proposed optimization model has
considerable potential to inform public sanitation policies focusing
on sustainability, operational efficiency, and equitable access to safe
drinking water. These results are consistent with global sustainability
agendas, particularly SDG 6 and target 6.3, by advancing pollution
control, chemical optimization, and universal access to safe water.
The model reflects emerging governance paradigms that emphasize
efficiency, transparency, and adaptability. By integrating artificial in-
telligence with sustainability metrics and regulatory compliance, the
framework supports the transition to digitally integrated, resilient,
and sustainable sanitation systems, thus improving its scalability and
relevance to policy. These attributes contribute to cost-effective, en-
vironmentally responsible and socially inclusive sanitation services.
More details on scalability and governance implications are provided
in Section S1 and Section S3 of the Supplementary Information.

5.4. Limitations and future research directions

Despite the documented benefits, a trade-off between computational
efficiency and environmental impact was observed. Although the RF
model achieved high predictive accuracy, it required approximately
30% more computational resources than XGBoost, which may restrict
its applicability in settings with limited infrastructure or energy avail-
ability. In contrast, XGBoost combined superior predictive performance
with lower energy demand, making it more suitable for sustainable
implementation in small and medium-sized WTPs.

In addition to computational trade-offs, practical constraints can
also restrict the broader adoption of the proposed optimization frame-
work. A major challenge arises from the dependence on historical
operational data, which are frequently incomplete, inconsistent, or
noisy due to irregular sampling, equipment failures, or manual entry
errors. The impact of missing data was quantitatively assessed during
method development (Table 4). In our validation, removal of 20% of
the data points led to a measurable decline in the performance of
the model. The application of the STL gap filling technique proved
important in addressing this issue, reducing the RMSE for critical pa-
rameters such as chlorine dosage (D) by 12. 4% compared to simpler
imputation approaches. These results indicate that, although the model
is sensitive to data gaps, appropriate preprocessing can effectively
maintain predictive precision. In addition, the model generalization
capability may be constrained by sensor quality and data irregularities
inherent in real-world deployment scenarios.

However, performance in extreme data loss scenarios (> 30%) or
during high-turbidity events remains a limitation, as reflected by the
higher residual errors in Table 4 for parameters such as T,,. Although
the STL method alleviates part of this issue, the model still depends
on a minimum threshold of data quality. This limitation is further
compounded by the limited technological infrastructure in many fa-
cilities. In Brazil, for example, only about 20% of the WTPs maintain
historical records with sufficient quality and resolution to support
reliable model training. Moreover, even artificial intelligence models
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tailored for low-resource contexts require essential infrastructure, in-
cluding calibrated sensors, reliable network connectivity, and basic
local computing capacity.

An important limitation concerns the applicability of the model to
groundwater systems, since it was developed specifically for surface
water sources. Groundwater was excluded due to fundamental opera-
tional differences that hinder direct model transfer: (1) the markedly re-
duced seasonal variability in flow rate and quality parameters (e.g., tur-
bidity, organic matter), which compromises the core STL decompo-
sition strategy, (2) distinct disinfection by-product (DBP) associated
with lower concentrations of natural organic matter (NOM), which
alter the kinetics of chlorine decay and require alternative predictor
variables, and (3) an infrastructural mismatch, since groundwater sys-
tems often operate through direct well-to-distribution networks without
contact tanks, thus eliminating hydraulic retention time, a critical input
variable.

Although adaptation is technically feasible, it would require retrain-
ing with groundwater-specific datasets and re-calibration of threshold
logic, as direct model transfer often leads to significant performance
loss [85,86]. As a result, the current implementation restricts imme-
diate scalability to larger or groundwater-based systems with distinct
characteristics, and its generalizability in diverse operational contexts
remains an open area for future research.

Future research should prioritize strategies to address these lim-
itations. To overcome data and infrastructure constraints, the inte-
gration of IoT devices and active learning approaches could enable
adaptive updates from incoming data and strengthen resilience un-
der real-world conditions. Federated learning is also recommended to
facilitate decentralized training without centralized data aggregation,
thereby lowering energy demand, preserving data sovereignty, and
fostering collaboration between WTPs. Regarding model transferabil-
ity, future work should investigate domain-adaptive machine learning
architectures (e.g., adversarial training) to narrow the performance gap
between surface water and groundwater systems.

Additional research avenues include real-time deployment with
smart sensors and autonomous control mechanisms. Large-scale eval-
uations across diverse regions and hydrological contexts could provide
greater support for model scalability. The integration of artificial in-
telligence with renewable energy sources, such as solar photovoltaics,
may further reduce the carbon footprint of water treatment operations.
In addition, incremental learning techniques could allow continuous
updates to the model without the need for complete retraining, thereby
improving adaptability over time.

The proposed framework demonstrates strong potential to improve
both operational efficiency and environmental sustainability in small-
scale WTPs. Its design aligns with the practical constraints commonly
faced in developing regions. By integrating artificial intelligence with
STL, the model sustains reliable performance even when historical data
are incomplete. To fully realize the benefits of Al-driven optimization,
the implementation of digital monitoring infrastructure, particularly
IoT-enabled sensors, is essential. Pilot deployments in facilities with
diverse treatment configurations and water sources are necessary to
advance SDG 6 by promoting safe, equitable and sustainable water
treatment in resource-constrained environments.

6. Conclusion

This study developed and validated an artificial intelligence—
supported forecasting framework for chlorine and fluoride dosing in
small-scale water treatment plants, achieving consistent improvements
over conventional approaches. The framework integrates STL decom-
position with XGBoost to optimize dosing under conditions of data
uncertainty or fragmentation, without the need for extensive instru-
mentation. The results confirmed the main objectives of the study,
demonstrating substantial gains in operational efficiency and environ-
mental sustainability. Key findings include a 15%-18% reduction in
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reagent consumption, approximately 99% compliance with WHO stan-
dards, and a 17%-25% decrease in the formation of toxic disinfection
by-products (THM and HAA). By maintaining high predictive accuracy
with low computational demand, the framework proved particularly
suitable for resource-limited contexts, supporting practical advances
toward the targets of SDG 6.

The findings were integrated into a broader perspective through
a discussion of practical and managerial implications, environmental
and sustainability benefits, public policy implications, and limitations
that inform future research directions. This comprehensive analysis
highlights the potential for the model to be implemented in resource-
limited contexts, its ability to generate significant benefits through op-
timized dosing, and its alignment with policies that support large-scale
adoption, while also acknowledging areas for further improvement.

Despite the promising results, future research should focus on ad-
dressing the identified limitations. Priority directions include: (1) ex-
tending the framework to groundwater sources through domain adap-
tation techniques to account for fundamental physicochemical dif-
ferences, (2) implementing federated learning architectures to allow
secure and decentralized model training across multiple plants, and
(3) integrating the model with IoT-based sensors and renewable en-
ergy sources to support autonomous, low-carbon operation. Large-
scale validation in diverse geographical and operational contexts will
be essential to confirm scalability and resilience. In conclusion, this
study provides a practical, data-driven pathway for the gradual digital
modernization of water treatment systems. It also offers a replicable
framework to strengthen public health and environmental protection
in developing regions, aligning technological innovation with urgent
real-world needs.
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