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Abstract

Free chlorine removal from industrial wastewater using activated carbon filtration requires
accurate modeling and optimal control to balance treatment efficiency and adsorbent
consumption. In this study, a combined experimental–machine learning–optimization
framework was developed to predict and optimize residual chlorine concentration in a pilot-
scale activated carbon filtration unit. A total of 200 experimental runs were collected using
a pilot activated carbon filtration system by varying flow rate, initial chlorine concentration,
pressure, pH, temperature, and carbon dose. Two ensemble learning models, Random
Forest (RF) and Gradient Boosting (GB), were trained and validated using five-fold cross-
validation. Both models exhibited high predictive accuracy, with GB outperforming RF
on the full dataset (R2 = 0.9995, Root Mean Square Error (RMSE) = 0.0355 mg·L−1, Mean
Absolute Error (MAE) = 0.0276 mg·L−1) and on the independent test set (R2 = 0.9417).
Feature importance and partial dependence analyses revealed that the initial chlorine
concentration and activated carbon dose were the dominant controlling variables, while
increasing flow rate led to higher residual chlorine levels. A multi-objective optimization
strategy based on Pareto dominance was implemented using the trained GB model as a
surrogate to simultaneously minimize residual chlorine and carbon consumption. The
optimal compromise solution corresponded to an activated carbon dose of approximately
51.5 kg and a residual chlorine concentration of 0.156 mg·L−1 at a flow rate of 43.1 m3·h−1.
The proposed framework demonstrates a reliable and cost-effective approach for predictive
control and sustainable optimization of dechlorination processes in industrial wastewater
treatment.

Keywords: free chlorine removal; activated carbon filtration; ensemble learning; Random
Forest; Gradient Boosting; Pareto front
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1. Introduction
The presence of free chlorine species (Cl2, HOCl, OCl−) in industrial wastewater rep-

resents a persistent environmental and operational challenge for many process industries.
Free chlorine is widely applied as a disinfectant and oxidizing agent in water treatment,
cooling systems, washing units, and auxiliary technological operations. In addition to its
corrosive and ecotoxic effects, residual free chlorine poses a significant risk in wastew-
ater streams containing organic matter. Under such conditions, chlorine can react with
organic compounds to form toxic chlorinated byproducts, including chlorinated organic
compounds and adsorbable organic halides (AOX), which are known for their persistence,
bioaccumulation potential, and adverse impacts on aquatic ecosystems and human health.
Therefore, effective removal of free chlorine prior to discharge or reuse is essential not
only to meet regulatory limits but also to prevent secondary pollution associated with
chlorination byproducts [1]. It accelerates the degradation of metallic pipelines and fittings,
inhibits biological activity in downstream treatment units, and poses acute toxicity risks
to aquatic ecosystems. In addition, increasingly stringent discharge regulations require
residual chlorine concentrations to be maintained at very low levels before discharge or
reuse [2]. Consequently, the development of efficient and economically viable dechlorina-
tion technologies remains a critical task in sustainable industrial water management [3].

Among the various dechlorination methods proposed in the literature, including
chemical reduction, catalytic decomposition, air stripping, and advanced oxidation pro-
cesses, adsorption-based removal using ion-exchange resin, biochar and activated carbon
has emerged as one of the most reliable and practical solutions [4,5]. Activated carbon
offers a highly developed porous structure, large specific surface area, and favorable sur-
face chemistry, enabling both physical adsorption and catalytic decomposition of chlorine
species [6]. These characteristics make activated carbon filtration particularly attractive
for polishing streams with fluctuating composition, moderate chlorine concentrations, and
limited space for complex treatment units. Nevertheless, the practical implementation
of activated carbon filtration is constrained by two competing requirements: achieving
sufficiently low residual chlorine concentrations while minimizing the consumption of
activated carbon and associated operational costs [7].

In the broader context of advanced wastewater treatment, data-driven prediction
and optimization frameworks can complement mechanistic treatment technologies such
as advanced oxidation processes (AOPs). While AOPs rely on physicochemical reaction
pathways for pollutant degradation, intelligent data-driven models provide flexible tools
for capturing nonlinear system behavior, optimizing operating conditions, and adapting
to variability in influent composition. Recent studies have demonstrated that combining
experimental insight with optimization-based modeling enhances treatment efficiency and
operational robustness, particularly in complex industrial wastewater systems where strict
mechanistic modeling is challenging [8].

The efficiency of chlorine removal in activated carbon filters is governed by multiple
interacting process variables, including flow rate and hydraulic residence time, initial
chlorine concentration, operating pressure, solution pH, temperature, and the mass of
activated carbon loaded into the filter bed [9]. These parameters jointly influence mass
transfer, reaction kinetics, and adsorption equilibria. As a result, the filtration process
exhibits strongly nonlinear and coupled behavior. Traditional design approaches based
on empirical correlations or single-factor experiments are often insufficient to capture this
complexity and may lead to conservative designs with excessive adsorbent consumption
or unstable effluent quality.

In recent years, data-driven modeling techniques have gained increasing attention for
the analysis and optimization of complex any technological processes [10,11]. Artificial neu-
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ral networks and ensemble learning methods such as Random Forest and Gradient Boosting
have demonstrated high predictive accuracy in modeling nonlinear relationships between
operating conditions and water treatment performance [12]. Beyond pure prediction,
these models provide additional capabilities for sensitivity analysis, feature importance
evaluation, and process interpretation. When combined with modern multi-objective op-
timization techniques, data-driven models offer a powerful framework for identifying
optimal operating regimes that balance treatment efficiency and resource consumption [13].

Despite these advances, several important gaps remain in the current body of research.
First, most published studies focus on relatively controlled laboratory systems or synthetic
solutions, whereas fewer investigations address wastewater streams collected from sludge
collectors or industrial accumulation units, where composition variability and hydraulic
disturbances are significant. Second, many modeling studies emphasize prediction accuracy
but provide limited physical interpretation of the influence of individual parameters on
residual chlorine behavior. Third, optimization is often performed with a single objective,
neglecting the inherent trade-off between effluent quality and adsorbent usage that governs
the economic feasibility of full-scale implementation [14].

In this context, the present study proposes an integrated experimental and intelligent
modeling framework for the efficient removal of free chlorine from sludge collector wastew-
ater using an activated carbon filtration unit. A pilot-scale filtration system equipped
with flow control, pressure monitoring, and replaceable activated carbon columns was
constructed to emulate realistic operating conditions [15]. Based on this system, a com-
prehensive experimental campaign consisting of 200 individual runs was conducted by
systematically varying flow rate, initial chlorine concentration, pressure, pH, temperature,
and activated carbon dose. The resulting dataset provides a rich basis for capturing the non-
linear behavior of the dechlorination process under dynamically changing conditions [16].

To model the relationship between operating parameters and residual chlorine con-
centration, ensemble regression techniques were employed as surrogate models. These
methods were selected for their robustness, resistance to overfitting, and inherent ability to
quantify the relative importance of individual input variables. Partial dependence analysis
was further applied to visualize the isolated effect of key parameters, thereby providing
physically interpretable insights into the dechlorination mechanism. In particular, the
influence of flow rate and activated carbon dose on residual chlorine levels was examined
in detail, revealing monotonic and saturation-type trends consistent with mass transfer and
adsorption theory [17].

Despite extensive studies on chlorine removal technologies, there remains a lack of
integrated frameworks that combine experimental investigation, interpretable machine-
learning-based modeling, and multi-objective optimization under realistic industrial con-
ditions. Most existing studies focus either on laboratory-scale systems or solely on pre-
dictive accuracy without addressing process interpretability and operational trade-offs.
In this study, a novel experimental–intelligent–optimization framework is proposed for
free chlorine removal from sludge collector wastewater using activated carbon filtration.
The novelty of this work lies in (i) the use of real pilot-scale experimental data obtained
under dynamically varying operating conditions, (ii) the development of accurate and
interpretable ensemble learning models to capture nonlinear process behavior, and (iii) the
implementation of Pareto-based multi-objective optimization to simultaneously minimize
residual chlorine concentration and activated carbon consumption. This integrated ap-
proach provides both predictive insight and practical decision support for sustainable
industrial wastewater treatment.
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2. Materials and Methods
2.1. Experimental Setup and Filtration Unit

A pilot-scale activated carbon filtration unit was designed and assembled to investi-
gate the removal of free chlorine from wastewater accumulated in sludge collection tanks,
as illustrated in Figure 1. The experimental system consisted of a vertical pressure vessel
packed with granular activated carbon, a pre-filtration cartridge housing, pressure gauges,
flow meters, electrically actuated valves, and a programmable control panel for regulating
hydraulic and operating conditions. Operating pressure was monitored at the column
inlet and regulated through pump discharge control, while the flow rate was adjusted
independently using a calibrated control valve. Although pressure and flow are hydrauli-
cally coupled in packed-bed systems, they were treated as distinct operational set points
during the experimental campaign to explore a broader range of hydraulic states. The
unit was operated in continuous filtration mode under controlled pressure and flow rate
conditions [15]. The filtration column was fabricated from reinforced polymer composite
material and filled with commercial granular activated carbon selected for its high specific
surface area and strong adsorption capacity for oxidizing species. Inlet and outlet pressure
sensors were installed to monitor pressure drop across the bed, while flow was regulated
using a calibrated control valve and rotameter. Although both inlet and outlet pressures
were measured, the optimization and modeling framework in this study utilized inlet
pressure as an operational state indicator, while pressure drop data were reserved for
qualitative monitoring. The control cabinet enabled stable operation and reproducible
adjustment of process parameters throughout the experimental campaign.

 

Figure 1. Pilot-scale activated carbon filtration unit used for free chlorine removal from sludge-
collector wastewater.
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The filtration system corresponds to a pilot-scale pressurized fixed-bed activated
carbon column designed to emulate realistic industrial operating conditions (see Table 1).
The relatively high flow-rate range investigated in this study reflects short EBCT opera-
tion typical of industrial polishing and dechlorination units, rather than laboratory-scale
equilibrium adsorption experiments.

Table 1. Main geometric, hydraulic, and material characteristics of the activated carbon filtra-
tion column.

Parameter Symbol/Unit Value (Typical) Notes

Column internal diameter D (m) 0.40 Cylindrical pressure vessel

Column height H (m) 2.20 Total column height

Bed depth Hb (m) 1.20 Packed GAC bed

Bed volume Vb (m3) 0.15 Based on bed geometry

Empty bed contact time EBCT (min) 0.9–9.0 Across tested flow range

Superficial velocity us (m·h−1) 80–800 Function of flow rate

Bed porosity ε (–) 0.40 Typical for GAC beds

GAC particle size dp (mm) 1.2–2.4 Commercial granular AC

BET surface area SBET (m2·g−1) ~900 Manufacturer specification

Iodine number IN (mg·g−1) >900 Adsorption capacity indicator

Ash content (%) <5 Low-ash activated carbon

Prefiltration – 50 µm cartridge Removal of suspended solids

2.2. Data Acquisition and Experimental Design

A total of 200 experimental runs were conducted using the developed filtration unit.
The experiments were designed to cover a wide range of practical operating conditions
typically encountered in industrial sludge collection and water recycling systems. During
each experiment, six independent process variables were systematically varied:

• Flow rate (10–100 m3·h−1)
• Initial free chlorine concentration (1–10 mg·L−1)
• Operating pressure (1.5–5 bar)
• pH (6.5–8.5)
• Temperature (15–35 ◦C)
• Activated carbon dose (50–200 kg)

It is noted that operating pressure in packed-bed filtration does not represent a purely
causal variable but rather reflects the instantaneous hydraulic resistance and condition
of the bed. Accordingly, pressure is interpreted here as an operational state indicator
that complements flow rate in characterizing system behavior. The lower bound of the
investigated flow range corresponds to conservative operation, while the upper bound
represents short-contact-time polishing conditions commonly encountered in industrial
recirculation systems.

Residual free chlorine concentration was determined using the DPD free chlorine
colorimetric method in accordance with standard water analysis protocols. Measurements
were performed using a calibrated portable chlorine analyzer (DPD method, λ = 530 nm),
which selectively quantifies free chlorine (HOCl/OCl−) without interference from chlo-
ramines. The instrument detection limit was 0.02 mg·L−1. Calibration was verified daily
using certified chlorine standards. Prior to analysis, wastewater samples were passed
through a 0.45 µm filter to minimize turbidity and particulate interference. Free chlorine
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was measured separately from total chlorine to ensure accurate assessment of dechlorina-
tion performance under industrial wastewater conditions. The resulting dataset comprised
200 input–output samples, where the six operating parameters constituted the model inputs
and the residual chlorine concentration represented the model output.

The experimental dataset reflects real process behavior obtained from physical mea-
surements rather than simulated data, providing a reliable basis for data-driven modeling
and optimization.

2.3. Data Preprocessing and Performance Metrics

Prior to model development, the dataset was inspected for missing values and outliers.
All input variables were normalized to zero mean and unit variance to ensure numerical
stability during model training. The dataset was randomly divided into training and testing
subsets, and additional five-fold cross-validation was applied to assess the generalization
performance of the developed models.

Model accuracy was evaluated using three standard regression performance indicators:

• Coefficient of determination (R2)
• Root mean squared error (RMSE)
• Mean absolute error (MAE)

These metrics were computed for both the test subset and the full dataset to assess
predictive accuracy and robustness. Experimental uncertainty and measurement noise
were implicitly addressed through data normalization, cross-validation, and the use of
ensemble learning techniques, which are inherently robust to random measurement errors
and outliers. This approach helps ensure stable model training and reliable generalization
under realistic experimental conditions.

The dataset was randomly split into training and testing subsets using a fixed random
seed to ensure reproducibility. All data normalization parameters were computed exclu-
sively from the training set and subsequently applied to the test set to prevent information
leakage. Five-fold cross-validation was employed on the training data to evaluate model
robustness within the experimentally sampled operating domain. Although explicit batch
or carbon replacement stage labels were not recorded during the experimental campaign,
all experiments were conducted within a controlled pilot-scale setting under stable system
configuration. Therefore, the random splitting approach remains representative of the ex-
plored operating domain. Future studies will incorporate structured batch-level validation
to further strengthen generalization assessment.

2.4. Ensemble Learning Models

Two state-of-the-art ensemble regression techniques, namely Random Forest (RF)
and Gradient Boosting Regression (GB), were employed to capture the highly nonlinear
relationships between the operating variables and the residual free chlorine concentration.

The Random Forest model was implemented as an ensemble of decision trees trained
on bootstrap-resampled subsets of the training data, with random feature selection at each
node split to reduce correlation among trees and to improve generalization performance.
This bagging-based strategy effectively mitigates variance and limits overfitting in complex,
multivariate systems [13].

The Gradient Boosting model was constructed as a sequential additive ensemble in
which each weak learner was trained to minimize the residual errors of the preceding
ensemble by gradient-based optimization of a squared-error loss function. This boosting
strategy enables accurate approximation of nonlinear response surfaces and provides high
predictive resolution for process modeling [18].
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Key hyper parameters, including the number of estimators, maximum tree depth,
minimum samples per leaf, and learning rate (for GB), were optimized empirically through
grid-based tuning. Model robustness and generalization capability were assessed using
five-fold cross-validation, while final performance was quantified on an independent test
subset using the coefficient of determination (R2), root mean squared error (RMSE), and
mean absolute error (MAE).

2.5. Feature Importance and Partial Dependence Analysis

To assess the relative contribution of individual process variables to chlorine removal
performance, feature importance scores were extracted from the trained Random Forest
model based on the mean decrease in impurity criterion. This analysis provided a quantita-
tive ranking of influential parameters, thereby identifying the dominant operational factors
governing adsorption efficiency.

In addition, partial dependence plots (PDPs) were computed following the method-
ology proposed by Friedman to visualize the marginal effect of selected input variables
on the predicted residual chlorine concentration while averaging out the influence of all
remaining variables [19]. Particular attention was given to flow rate and activated carbon
dosage, as these parameters directly control contact time and adsorption capacity within
the filtration bed.

The partial dependence analysis offers physical interpretability of the ensemble models
by revealing monotonic and nonlinear trends, such as the deterioration of removal efficiency
at elevated flow rates and the progressive reduction of residual chlorine with increasing
activated carbon dose. These insights provide a mechanistic basis for subsequent process
optimization and operational decision-making.

3. Results and Discussion
3.1. Predictive Performance of Ensemble Models (Random Forest vs. Gradient Boosting)

The predictive capability of the developed surrogate models was evaluated using
an independent test subset and then re-examined on the full dataset to verify the overall
goodness of fit. Figure 2 compares the true residual chlorine concentration and the model
predictions for the test series. Both models reproduce the monotonic rise in residual chlorine
values when the samples are ordered by the true target, indicating that the main nonlinear
trend of the process is successfully captured.

On the test series, Gradient Boosting outperformed Random Forest, achieving higher
R2 and lower error values. This is consistent with the inherent learning mechanism of
boosting, where trees are added sequentially to correct previous residuals, which often
provides better approximation of complex nonlinear relationships compared to bagging-
based ensembles.

To provide a compact quantitative comparison, Table 2 summarizes the test perfor-
mance metrics for both models.

Table 2. Comparison of predictive performance on the test series.

Model R2 RMSE (mg/L) MAE (mg/L)

Random Forest 0.9010 0.5451 0.3749

Gradient Boosting 0.9417 0.4183 0.2971
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Figure 2. True vs. predicted residual chlorine concentration for the test series using Random Forest
and Gradient Boosting. The metric box reports R2, RMSE and MAE for each model.

The differences in Table 2 confirm that Gradient Boosting provides more accurate and
stable prediction for unseen samples in the investigated operating window. This makes
GB a stronger candidate as a surrogate model for subsequent optimization tasks (Pareto
analysis), where prediction accuracy directly affects the reliability of the recommended
operating point.

Although explicit residual diagnostic plots (e.g., parity plots and residual–variable
trends) are not included due to the concise proceedings format, internal diagnostic analysis
confirmed the absence of systematic bias across the investigated operating window.

Figure 3 illustrates the agreement between the experimentally measured and
model-predicted residual chlorine concentrations for the complete dataset consisting of
200 samples. Both Random Forest and Gradient Boosting models demonstrate an almost
perfect overlap between the true and predicted values over the entire concentration range,
indicating an excellent global representation of the nonlinear process behavior.

The extremely high coefficients of determination (R2 = 0.9905 for Random Forest
and R2 = 0.9995 for Gradient Boosting) indicate that more than 99% of the variance in
residual chlorine concentration is explained by the ensemble models. The low root mean
square error (RMSE = 0.1595 mg·L−1 for Random Forest and RMSE = 0.0355 mg·L−1 for
Gradient Boosting) confirms that the average magnitude of prediction errors remains
very small relative to the typical concentration range. Similarly, the mean absolute er-
ror (MAE = 0.1089 mg·L−1 and MAE = 0.0276 mg·L−1 for Random Forest and Gradient
Boosting, respectively) indicates that the average absolute deviation between predicted
and measured values is below 0.11 mg·L−1, which is negligible from an operational per-
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spective. Full-dataset metrics reflect goodness-of-fit, while the independent test set better
reflects generalization.

 
(a) 

 
(b) 

Figure 3. True vs. predicted residual chlorine concentration for all 200 samples using (a) Random
Forest and (b) Gradient Boosting. Metrics reported inside the plot correspond to the full dataset fitting.

It should be noted that the extremely high performance metrics obtained on the full
dataset primarily reflect goodness-of-fit and the model’s ability to represent the nonlinear
structure of the measured experimental data within the explored operating window. In
contrast, the independent test set provides a more realistic estimate of model generalization.
The observed difference between full-dataset and test-set performance is therefore expected
for dense pilot-scale experimental datasets and does not indicate data leakage.

The predictive performance achieved in this study is comparable to or exceeds that
reported in previous data-driven wastewater treatment studies. Similar levels of accuracy
have been observed in machine-learning-based modeling of disinfection and adsorption
processes; however, many prior works rely on laboratory-scale data or focus on single
operating objectives. In contrast, the present study demonstrates high predictive accuracy
using real pilot-scale data while maintaining physical interpretability and robustness,
thereby enhancing confidence in practical applicability.

3.2. Process Interpretability: Partial Dependence Analysis

Beyond accuracy, interpretability is essential to confirm that learned relationships are
physically meaningful for activated carbon filtration. Figure 4 presents partial dependence
plots (PDPs) for two key variables: flow rate and activated carbon dose, showing the
marginal effect of each parameter on predicted residual chlorine while averaging out
the influence of the other inputs. These monotonic and physically interpretable trends
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also imply that residual errors do not exhibit structured dependence on flow rate or
activated carbon dose, which would otherwise manifest as systematic deviations in residual-
based diagnostics.

(a)  (b) 

Figure 4. Partial dependence plots for the predicted residual chlorine concentration as a function of
(a) flow rate and (b) activated carbon dose.

Two consistent and physically reasonable trends are observed:

• Flow rate effect (Figure 4a).
Residual chlorine increases with increasing flow rate. This behavior is expected be-
cause higher flow reduces residence time and contact between water and activated car-
bon, limiting adsorption and reaction time, and therefore lowering removal efficiency.

• Activated carbon dose effect (Figure 4b).
Residual chlorine decreases with increasing activated carbon dose. This agrees with
the adsorption principle: higher dose increases available surface area and adsorption
capacity, leading to improved dechlorination and lower residual chlorine.

These PDP results strengthen the credibility of the model by demonstrating that the
machine-learning response is not only accurate but also consistent with the underlying
physical mechanism of adsorption-based chlorine removal.

The observed saturation behavior with increasing activated carbon dose can be at-
tributed to adsorption equilibrium limitations, where additional adsorbent provides di-
minishing incremental capacity once active sites become sufficiently occupied. Similarly,
the strong dependence of residual chlorine on flow rate reflects mass transfer constraints,
as increased hydraulic loading reduces effective contact time and external film diffusion
efficiency. These trends are consistent with classical adsorption and mass transfer the-
ory, reinforcing that the ensemble learning models capture physically meaningful process
behavior rather than purely empirical correlations.

3.3. Multi-Objective Optimization: Pareto Front and Compromise Solution

In practical operation, the goal is not only to minimize residual chlorine but also to
reduce activated carbon consumption to lower operating cost. Therefore, a two-objective
optimization was performed: (i) minimize residual chlorine concentration and (ii) minimize
activated carbon dose. Figure 5 visualizes the resulting Pareto front, which represents
non-dominated trade-off solutions.

From an engineering perspective, residual chlorine concentration is typically governed
by compliance requirements rather than unconstrained minimization. Accordingly, the
Pareto-based optimization presented here should be interpreted as a constrained decision-
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support framework, in which residual chlorine must satisfy a representative compliance
threshold (e.g., C_res ≤ 0.2–0.3 mg·L−1), while activated carbon usage is minimized within
the feasible operating space. The selected compliance interval (0.2–0.3 mg·L−1) represents
a typical internal industrial polishing target rather than a strict regulatory discharge limit.
Although activated carbon mass is not a fully normalized economic metric, it serves as a
practical proxy for operational cost and replacement frequency in the absence of detailed
cost and lifetime data. Lower carbon mass generally implies reduced material consumption
and extended replacement intervals under comparable operating conditions.

Figure 5. Pareto front representing the trade-off between activated carbon dose and predicted residual
chlorine concentration (non-negative constrained). Blue points represent all candidate solutions;
highlighted points indicate Pareto-optimal (non-dominated) solutions.

Figure 5 presents the results of the multi-objective optimization framework aimed
at simultaneously (i) minimizing residual free chlorine concentration and (ii) minimizing
activated carbon consumption. The scatter plot shows a large set of feasible candidate
operating conditions generated within the experimental bounds and evaluated using the
trained Gradient Boosting surrogate model. The blue points represent all feasible solutions,
while the orange points denote the Pareto-optimal (non-dominated) solutions, i.e., the best
achievable trade-offs where no objective can be improved without worsening the other. The
proximity of the selected compromise solution to the lower bound of the tested carbon dose
range should be interpreted in the context of a monotonic dose–response relationship and
compliance-driven optimization. Once the residual chlorine constraint is satisfied, further
increases in carbon dose yield diminishing performance gains, resulting in a relatively flat
Pareto region near the lower bound. The selected solution therefore lies within a locally
robust plateau rather than representing an unstable boundary optimum.
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Overall, Figure 5 reveals a clear trade-off structure: decreasing activated carbon dose
generally increases the residual chlorine concentration, whereas increasing the carbon
dose tends to decrease residual chlorine but with diminishing returns in some regions.
The Pareto points form the lower envelope of the feasible set, indicating the operationally
efficient region for decision-making. Importantly, the figure also reports the selected
optimal compromise solution (printed beneath the plot). This point was chosen from the
Pareto set using a compromise criterion (closest to the utopia point), yielding a practically
feasible operating condition with low residual chlorine at reduced carbon usage under
realistic process settings.

The corresponding optimal compromise operating conditions extracted from the
Pareto front are summarized in Table 3.

Table 3. Optimal compromise operating conditions extracted from the Pareto front under representa-
tive residual chlorine compliance constraints.

Parameter Symbol/Unit Optimal Value Practical Interpretation

Flow rate Q (m3·h−1) 43.08 Moderate hydraulic loading; avoids excessive
contact-time loss

Initial chlorine C0 (mg·L−1) 1.28 Representative influent chlorine level in
tested range

Pressure P (bar) 4.62 Mid-range operating pressure; supports
stable filtration

pH pH (–) 6.93 Near-neutral; favorable for typical chlorine
speciation/adsorption conditions

Temperature T (◦C) 33.97 Typical warm operating condition in
industrial settings

Activated carbon dose mAC (kg) 51.47 Low consumption region on Pareto front
(economically favorable)

Predicted residual
chlorine Cres (mg·L−1) 0.156 High treatment performance; low

post-treatment chlorine concentration

The chosen compromise point indicates that a carbon dose of ~51.5 kg can achieve
a predicted residual chlorine of ~0.156 mg·L−1 when operating at a moderate flow rate
(43.08 m3·h−1) and moderate pressure (4.62 bar) under near-neutral pH and warm temper-
ature conditions. This placement is consistent with the Pareto front behavior: it lies in the
region where residual chlorine is already low, while carbon consumption remains mini-
mal compared with higher-dose alternatives. Within the low-dose region (approximately
50–70 kg), predicted residual chlorine exhibits limited sensitivity to moderate variations
in carbon dose, indicating robustness of the selected operating point with respect to small
parameter perturbations.

From an industrial viewpoint, this compromise point is attractive because it balances
process efficiency (chlorine removal) with resource minimization (activated carbon con-
sumption). In contrast, operating at significantly higher carbon dosages would reduce
residual chlorine only marginally while substantially increasing adsorbent usage, which
is economically and operationally less efficient. Compared with previous optimization
studies in wastewater treatment, which often employ single-objective formulations focused
solely on effluent quality, the Pareto-based multi-objective strategy adopted here explicitly
captures the trade-off between treatment efficiency and adsorbent consumption. This aligns
with recent trends in sustainable process optimization, where economic and environmental
objectives are addressed simultaneously.
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4. Conclusions
This study presented an integrated experimental, machine-learning-based, and

optimization-driven framework for efficient free chlorine removal from sludge collec-
tor wastewater using a pilot-scale activated carbon filtration system. A comprehensive
dataset comprising 200 experimental runs obtained under realistic industrial operating
conditions enabled the development of reliable ensemble surrogate models capable of
capturing the nonlinear behavior of the dechlorination process. Both Random Forest and
Gradient Boosting models demonstrated strong predictive performance, with Gradient
Boosting achieving superior generalization accuracy on independent test data. Beyond
prediction, feature importance ranking and partial dependence analysis provided physi-
cally interpretable insights into the dominant process mechanisms, confirming the critical
roles of influent chlorine concentration, activated carbon dose, and flow rate in governing
residual chlorine levels. The monotonic trends identified by the models are fully consistent
with adsorption and mass-transfer principles, supporting the physical credibility of the
data-driven approach. A Pareto-based multi-objective optimization strategy was employed
to explicitly quantify the trade-off between treatment efficiency and activated carbon con-
sumption. Framed from an engineering perspective, residual chlorine concentration was
treated as a compliance-driven constraint, while activated carbon usage served as a practi-
cal proxy for operational cost. The resulting Pareto front revealed a locally robust low-dose
operating region, and the selected compromise solution achieved low residual chlorine
with minimal carbon usage, representing a technically feasible and economically attractive
operating regime for industrial dechlorination systems. Overall, the proposed prediction–
optimization framework provides a transparent and adaptable decision-support tool for
the design and operation of activated carbon filtration units under variable industrial con-
ditions. While the present study focused on short-term pilot-scale operation, future work
will extend the framework to long-term datasets incorporating explicit batch structure,
pressure-drop-based fouling indicators, normalized cost functions, and comprehensive
uncertainty analysis. Such extensions will further support the deployment of intelligent,
adaptive, and sustainable wastewater treatment systems in real industrial environments.
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