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Abstract

Electrocoagulation (EC) employing aluminum-aluminum (Al-Al) electrodes was investi-
gated for hospital wastewater treatment, targeting the removal of turbidity, soluble chemical
oxygen demand (sCOD), and total dissolved solids (TDS). A hybrid modeling framework
integrating response surface methodology (RSM) and artificial neural networks (ANN)
was developed to enhance predictive reliability and identify energy-efficient operating
conditions. A Box-Behnken design with 15 experimental runs evaluated the effects of
pH, current density, and electrolysis time. Multi-response optimization determined the
overall optimal conditions at pH 7.0, current density 20 mA/cm?, and electrolysis time
75 min, achieving 94.5% turbidity, 69.8% sCOD, and 19.1% TDS removal with a low energy
consumption of 0.34 kWh/m?. The hybrid RSM-ANN model exhibited high predictive
accuracy (R? > 97%), outperforming standalone RSM models, with ANN more effectively
capturing nonlinear relationships, particularly for TDS. The results confirm that EC with
Al-Al electrodes represent a technically promising and energy-efficient approach for decen-
tralized hospital wastewater treatment, and that the hybrid modeling framework provides
a reliable optimization and prediction tool to support process scale-up and sustainable
water reuse.

Keywords: hospital wastewater; electrocoagulation (EC); wastewater treatment; response
surface methodology (RSM); artificial neural network (ANN)

1. Introduction

Hospital wastewater contains a complex mixture of pharmaceuticals, antibiotics, dis-
infectants, and pathogenic microorganisms, many of which are resistant to biodegradation
and exhibit antimicrobial properties. In addition to pharmaceutical residues, hospital
effluents are characterized by high temporal variability, the presence of disinfectants and
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cytotoxic compounds, and strict regulatory discharge limits, making them particularly
difficult to manage using conventional biological processes [1,2]. Although biological
processes such as activated sludge and membrane bioreactors are commonly applied, their
effectiveness is often compromised by microbial inhibition and the low biodegradability
of hospital effluents [3]. These limitations highlight the need for alternative treatment
technologies that are less reliant on microbial activity and better suited to toxic and variable
waste streams.

Electrocoagulation (EC) has emerged as a promising physicochemical process for
wastewater treatment due to its operational simplicity, low chemical input, and effective
removal of turbidity, suspended solids, and organic pollutants [4—6]. The process relies
on the in-situ generation of coagulant species via electrochemical dissolution of metal
electrodes under direct current. Among the most widely used materials, aluminum and iron
electrodes exhibit distinct electrochemical behaviors and form different hydroxide species
that govern pollutant removal mechanisms. Aluminum electrodes typically generate AI**
ions that hydrolyze to form amorphous Al(OH); flocs with high adsorption capacity,
while iron electrodes produce Fe?* /Fe3* ions leading to Fe(OH), and Fe(OH)3 species
that promote sweep flocculation and enmeshment [5,7]. In the present study, aluminum
electrodes were selected because of their superior electrochemical stability and higher
coagulant generation efficiency under near-neutral pH conditions compared with iron [8,9].
The resulting aluminum hydroxide flocs (AI(OH)3) offer enhanced adsorption of colloidal
and organic pollutants, generate less secondary sludge, and exhibit lower corrosion rates.
These combined advantages justified the exclusive use of aluminum electrodes in this work.

A key challenge in electrocoagulation treatment, particularly for hospital wastewater,
is the inconsistent removal of total dissolved solids (TDS) a parameter critical for effluent
reuse. Previous studies applying EC to various wastewaters, including hospital and
hypersaline effluents, have reported TDS removal in the range of 15-40%, depending
on operating conditions and water chemistry [10,11]. Elevated TDS levels can impair
aquatic ecosystems and limit potential reuse, highlighting the need for predictive models
to understand and optimize treatment performance [12].

Response Surface Methodology (RSM) provides an efficient statistical framework for
process optimization, but its predictive accuracy is limited when nonlinear interactions
are dominant [13,14]. Artificial Neural Networks (ANNSs), on the other hand, offer flex-
ible, data-driven modeling capable of capturing nonlinear behavior [15,16]. Integrating
RSM and ANN has proven to enhance both optimization and predictive performance in
several wastewater treatment applications [17,18]. However, limited studies have focused
exclusively on aluminum-aluminum (Al-Al) electrodes for hospital wastewater, and no
prior work has developed a hybrid RSM-ANN framework to improve the prediction of
TDS removal alongside turbidity and soluble chemical oxygen demand (sCOD). From a
data-driven modeling perspective, the hybrid RSM-ANN approach links conventional
statistical design with machine-learning prediction, enabling improved extraction of non-
linear relationships among operational variables [19,20]. This integration enhances both
interpretability and predictive reliability, reflecting a growing convergence between en-
vironmental process modeling and information-based optimization. In this study, sCOD
was selected as a key response variable instead of total COD, as it represents the dissolved
and colloidal organic fraction that remains after primary sedimentation and is less affected
by particulate matter. In hospital wastewater, this fraction better reflects persistent and
bio-refractory organic pollutants originating from pharmaceuticals and disinfectants.

To fill this gap, the present study develops and validates a hybrid RSM—-ANN mod-
eling approach for electrocoagulation using Al-Al electrodes. The framework integrates
the statistical interpretability of RSM with the nonlinear predictive capability of ANN
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to optimize key operating parameters (pH, current density, and electrolysis time) and
evaluate pollutant removal efficiencies. The study aims to advance the understanding and
optimization of electrocoagulation for complex hospital effluents and to support the design
of compact, cost-effective systems suitable for decentralized wastewater treatment and
sustainable effluent reuse.

2. Materials and Methods
2.1. Hospital Wastewater

Hospital wastewater was collected from the influent collection tank of a teaching
hospital and medical center located in Nakhon Nayok Province, Thailand. The facility ac-
commodates approximately 500 inpatient beds and 1100 staff members. Grab samples were
collected once a month during 2023-2024 to determine the physicochemical characteristics
of the wastewater, as summarized in Table 1.

Table 1. Physiochemical characteristics of hospital wastewater.

Parameters Analyzed Unit Value
Color - Yellow blank
pH - 6.73 £ 0.61
Conductivity uS/cm 974.43 +171.76
Temperature °C 26.70 = 1.42
Turbidity NTU 152.69 £ 84.91
Alkalinity mg L1 280.00 + 4.62
Biochemical oxygen demand (BOD) mg L1 140.83 & 108.54
Chemical oxygen demand (COD) mg L1 569.33 + 443.04
Total suspended solid (TSS) mg L-! 80.50 + 43.44
Total dissolved solid (TDS) mg L1 725.33 £+ 538.15

Note: Data are shown as mean =+ SD of triplicated experiments; n = 9.

2.2. Electrocoagulation Unit

For the EC experiments, representative wastewater samples were separately collected
from the same influent collection tank prior to the on-site treatment system. Grab samples
were taken on the days of each batch experiment to ensure freshness and consistency of
wastewater composition. All samples were immediately transported to the laboratory.

Experiments were conducted in batch mode using two identical cylindrical glass
reactors (diameter 10 cm, height 20 cm, working volume 1.0 L each) operated in parallel as
replicate units (Figure 1). For each run, 800 mL of wastewater were treated in each reactor,
allowing sufficient headspace for floc formation. Both reactors were connected to a single
direct current (DC) power supply (Meanwell 24 VDC 350 W 15 A, China).

Aluminum electrodes were exclusively employed in this study, selected based on well-
established experimental and theoretical considerations. Al** ions rapidly hydrolyze to
form amorphous Al(OH); flocs with high surface area, which promote effective adsorption
and charge neutralization. Aluminum electrodes are also less prone to passivation under
neutral pH, generate denser and more settleable sludge, and are widely available at low
cost. These combined advantages justified the use of an Al-Al electrode configuration.
Within each reactor, aluminum plates were installed as both anode and cathode (Al-Al
configuration). Four flat plate electrodes were mounted per reactor, each with dimensions
of 8 cm x 14 cm x 0.3 cm and an effective surface area of 96 cm?. The electrodes were
connected in a monopolar—parallel arrangement to ensure uniform current distribution
across the plates. The inter-electrode distance was fixed at 1.2 cm, and a locking holder
maintained constant spacing and stable electrochemical conditions.
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Figure 1. Schematic diagram of the electrocoagulation experimental setup: (1) DC power supply,
(2) two identical glass reactors operated in parallel as replicates, (3) aluminum electrodes (Al-Al)
connected in monopolar-parallel arrangement within each reactor, (4) magnetic stirrer, and (5) speed
control module.

Continuous mixing was provided using a magnetic stirrer operating at 300 rpm to
promote homogeneous dispersion and prevent particle settling. The electrical wiring
and electrode placement ensured consistent voltage and current across both reactors.
Operating two identical reactors in parallel for each run enhanced data reliability, reduced
variability, and improved experimental reproducibility. Prior to each experiment, the
aluminum electrodes were cleaned and prepared following a modified procedure adapted
from previously reported protocols [21-23]. Each electrode was first rinsed with tap
water followed by deionized water and then washed with absolute ethanol to remove
surface contaminants and organic residues. The electrodes were subsequently dried in
a hot-air oven at 103 °C for 1 h before use. This modified cleaning procedure ensured
a clean and uniform electrode surface for consistent electrochemical reactions during all
experimental runs.

2.3. Experimental Design

To systematically evaluate the effects of key operational parameters, a three-factor,
three-level Box-Behnken design (BBD) within the RSM framework was adopted. The se-
lected independent variables were initial pH (X;: 4-10), current density (X;: 5-25 mA/cm?),
and electrolysis time (X3: 30-90 min), which are critical factors influencing electrocoag-
ulation performance [6,7]. The experimental matrix was generated using the Design of
Experiments (DOE) function in Minitab 17 software, comprised 15 runs including three
replications at the center point to ensure model adequacy and reproducibility. All experi-
ments were performed with aluminum electrodes (Al-Al configuration), while electrode
spacing, reactor geometry, and mixing conditions were kept constant to isolate the effects
of the studied variables. The coded and actual values of the variables are summarized
in Table 2.
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Table 2. Operating parameters range in their coded levels.

Coded Level of Variable
Independent Variable Factor
-1 0 1
pH X 4 7 10
Current density (mA /cm?) Xo 5 15 25
Electrolysis time (min) X3 30 60 90

2.4. Analytical Methods

Samples were collected at both the beginning and end of each electrocoagulation
run and were analyzed immediately to maintain consistency and reliability of the mea-
surements. The pH values were measured using a calibrated digital pH meter (PH211,
HANA Instrument Inc., Smithfield, RI, USA). Adjustment to the target pH level prior to
each experiment was performed using either 0.1 M sodium hydroxide (NaOH) or 0.1 M
sulfuric acid (H,SOy), depending on the required direction of adjustment. Wastewater
characterization was performed following the standard methods for the examination of
Water and Wastewater [24]. Specifically, turbidity was determined using the nephelometric
method (Method 2130 B) with a Hach 2100P turbidimeter (Hach Company, Loveland, CO,
USA). Total dissolved solids (TDS) and conductivity were measured using a handheld
conductivity meter (YSI 60, YSI Inc., Yellow Springs, OH, USA) after pre-filtration through
0.45 pm membrane filters (Method 2540 C). Soluble chemical oxygen demand (sCOD) was
analyzed by the closed reflux method (Method 5220 D) after filtration through a GF/C glass
fiber filter to remove suspended solids. All measurements were conducted in triplicate,
and average values were used for further analysis and model development. All measure-
ments were performed in triplicate, and average values were reported. Quality assurance
and control (QA/QC) procedures included reagent blank analysis, replicate testing, and
periodic verification of instrument calibration to minimize analytical errors.

2.5. Statictical Analysis

The statistical significance of model terms was assessed using analysis of variance
(ANOVA) at a 95% confidence level (p < 0.05). Model adequacy was evaluated based
on the coefficient of determination (R?), adjusted R?. Diagnostic plots, including normal
probability plots of residuals and residuals versus fitted values, were examined to verify
the assumptions of normality, independence, and homoscedasticity. These diagnostic
analyses confirmed that the residuals met the assumptions of normality, independence,
and homoscedasticity, validating the adequacy of the regression models.

2.6. Modeling and Optimization Approach
2.6.1. RSM Modeling

RSM was employed to model and optimize the electrocoagulation process for hospital
wastewater treatment. The experimental design was based on a three-factor, three-level
BBD, as described in Section 2.3. The selected independent variables were initial pH,
current density, and electrolysis time. These factors are known to significantly influence
the generation of coagulant species, destabilization of pollutants, and overall treatment
kinetics. The coded experimental data were used to develop second-order polynomial
regression models for each response variable, including turbidity, sCOD, and TDS removal.
The generalized form of the regression equation is expressed as:

k K k Kk
Yi=PBo+ Y BiXi+ ) BiuX; +)_ ) BiiXiX;+C 1)
i=1 i=1 '

i>j
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where Y; is the predicted response, X; and X; are the coded independent variables, f is the
intercept, B;, Bii, and /31-]- are the linear, quadratic, and interaction coefficients, respectively,
k and C are the number of factors and the residual terms, respectively.

2.6.2. ANN Modeling

ANN modeling was performed using the Program WEKA Version 3.8.4 (University of
Waikato, New Zealand) to predict the removal efficiencies of the three responses. ANN
is a computational model inspired by biological neural networks and consists of three
interrelated layers: the input layer, hidden layer(s), and output layer. The network was
constructed with three input neurons corresponding to initial pH, current density, and
electrolysis time, and three output neurons representing the target responses. Prior to
model training, all input and output data were normalized within the range of 0 to 1.
To identify the most appropriate ANN architecture, several configurations with varying
numbers of hidden layers and neurons were tested. The network architecture was kept
deliberately simple, consisting of a single hidden layer with a limited number of neurons,
to minimize the risk of overfitting given the small dataset (n = 15).

Model performance was evaluated using root mean square error (RMSE) and valida-
tion error obtained from 3-fold cross-validation. The configuration with the lowest total
error across all responses was selected as the optimal structure for subsequent predictions.
To ensure model robustness and reliable performance evaluation, a 3-fold cross-validation
approach was employed. The 15-run dataset was randomly divided into three equal sub-
sets (five samples each). In each fold, one subset was used for testing, one for validation,
and the remaining one for training. The process was repeated three times so that every
sample was used once for testing and once for validation. The average values of R?, RMSE,
and MAPE across the three folds were used to evaluate model performance and ensure
reproducibility. The network was trained using the Backpropagation algorithm due to
its efficiency in handling nonlinear systems and small-to-medium-sized datasets. Model
performance was assessed using standard statistical indicators, including R?, mean squared
error (MSE), and mean absolute percentage error (MAPE). The ANN predictions were
compared with the RSM results to evaluate the relative accuracy and modeling strength of
each approach. While RSM was employed for experimental design and initial modeling,
ANN was subsequently applied to the same dataset to enhance prediction accuracy and
capture complex nonlinear patterns that are not fully described by the quadratic regression
equations. This sequential modeling strategy leverages the strengths of both techniques,
enabling both interpretability (via RSM) and precision (via ANN). This validation pro-
cess ensured model robustness and generalization capability, reducing the potential for
overfitting and confirming the reliability of ANN predictions.

2.7. Calculation of Electrode and Energy Consumption

The operational cost of an electrocoagulation system is primarily influenced by energy
and electrode consumption. In this study, both parameters were estimated to evaluate
the overall cost-effectiveness of the process. The energy consumption per unit volume of
treated water was calculated using the following equation [4,25]:

UxIxt
Cenergy = #EC (2)

where Cepergy represents the amount of energy consumed (kWh/ m3), U represents the
applied voltage, I denote the electrical current (A), tgc refers to the reaction time (hours),
V is the volume of water used (m?).
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According to Faraday’s law theoretically the mass of the electrodes dissolves during
the process can be calculated using Equation (3):

I X tgc X My

Celectrode = 7 x FE x V (3)

where C,joctroqe denotes the amount of electrode material used (kg/m?), My represents
the molecular weight of Al (26.98), Z is the number of electrons involved in the oxida-
tion/reduction reaction (Z = 3 for Al), and F is Faraday’s constant (96,487 C/mole).

3. Results and Discussion
3.1. Characteristics of Raw Hospital Wastewater

The influent exhibited a slightly acidic pH of 6.73 & 0.61 and relatively high electrical
conductivity (974.43 &+ 171.76 uS/cm), suggesting a considerable presence of dissolved
ionic species. The average temperature was 26.70 & 1.42 °C, while the measured alkalinity
was 280.00 & 4.62 mg/L. Substantial pollutant concentrations were observed across several
key parameters. Turbidity was recorded at 152.69 £ 84.91 NTU, and TSS and TDS were
measured at 80.50 + 43.44 mg/L and 725.33 & 538.15 mg/L, respectively. The organic
content of the wastewater was notably high, with BOD at 140.83 & 108.54 mg/L and COD
at 569.33 + 443.04 mg/L. These values substantially exceed the permissible limits set by
Thailand’s national wastewater discharge standards [26], particularly in terms of COD and
TDS. The high levels of turbidity, organic matter, and dissolved solids reflect the complex
and variable composition of hospital wastewater. These characteristics are typically associ-
ated with the presence of pharmaceutical residues, disinfectants, nutrients, and metabolic
by-products from medical care activities [2,27]. High concentrations of COD and TDS are
particularly problematic, as they are known to inhibit microbial metabolism and destabilize
microbial communities, thereby compromising the performance of conventional biological
treatment systems. The BOD/COD ratio of the hospital wastewater was calculated to be
approximately 0.25, indicating low biodegradability. Ratios below 0.4 are widely regarded
as unfavorable for biological treatment, as they suggest a dominance of slowly degradable
or non-biodegradable organic compounds [28]. These findings underscore the need for
alternative treatment approaches that are less reliant on microbial activity. EC represents
a promising physicochemical alternative for hospital wastewater treatment, capable of
removing a broad spectrum of pollutants through electrochemically induced coagulation
and flotation. The fundamental mechanism of EC using aluminum electrodes is described
in the following subsection.

Electrocoagulation Mechanism

The EC process using aluminum electrodes involves a combination of anodic dissolu-
tion, cathodic hydrogen evolution, and subsequent hydrolysis of aluminum ions to form
coagulant species. The key electrochemical reactions are summarized below [29].

At the anode: Al (s) — AP +3e™ 4)

At the cathode: 2H,O0 +2e~ — Hj (g) + 20H™ (5)

Overall hydrolysis and coagulation reactions:
APP* + 3H,0 — Al(OH); (s) + 3H* (6)

The freshly generated AI** ions hydrolyze to form amorphous aluminum hydroxide
flocs (AI(OH)3), which act as active coagulants to destabilize colloidal and suspended
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particles through charge neutralization, adsorption, and sweep flocculation. Meanwhile,
hydrogen gas evolution at the cathode promotes the flotation of aggregated flocs to the sur-
face, facilitating their subsequent separation. The overall removal mechanism is therefore a
combination of electrochemical oxidation, coagulation, and flotation, resulting in efficient
elimination of turbidity, organic matter, and dissolved pollutants from wastewater [4-6].

3.2. Box—Behnken Design and Experimental Outcomes

Electrocoagulation experiments were conducted using a BBD including 15 runs to
investigate the interactive effects of initial pH, current density, and electrolysis time on the
removal of turbidity, soluble sCOD, and TDS. The corresponding removal efficiencies are
summarized in Table 3. The highest removal efficiencies achieved were 99.1% for turbidity,
74.0% for sCOD, and 46.7% for TDS, demonstrating the capability of electrocoagulation
to treat hospital wastewater under optimized conditions. Treatment performance varied
across runs, highlighting the differential sensitivities of each pollutant to operational
variables. Turbidity removal was consistently high, while sCOD removal showed greater
variability. In contrast, TDS removal remained relatively modest, reflecting the inherent
difficulty in eliminating dissolved ionic species via coagulation mechanisms.

Table 3. Experimental design matrix and response based on actual and expected turbidity, sCOD,
and TDS (%) values suggested by BBD.

Factors Turbidity Removal (%) sCOD Removal (%) TDS Removal (%)
Run X, X, X; Actual Predicted Actual Predicted Actual Predicted
RSM ANN RSM  ANN RSM ANN
1 7 15 60 98.3 96.19 9849 * 26.1 7439 2515 33.7 62.94 31.60
2 10 15 90 87.3 96.23  87.31 47.2 4347  46.96 4.4 26.37 4.07
3 4 15 90 98.5 87.78  98.22 58.5 57.52  59.27 46.7 * 74.66 49.20
4 7 25 90 98.2 77.87 9773 42.6 4.58 42.64 25.4 24.22 30.09
5 7 5 90 98 89.16  98.10 62 3393 61.76 252 40.7 24.76
6 7 15 60 99.1* 98.88 9849 * 249 2483 2515 22.8 29.67 31.60
7 4 25 60 96.1 98.88  95.70 16.3 2483  16.36 35.9 29.67 40.75
8 10 25 60 91.4 100.30  91.42 11.7 42.04 11.68 13.2 34.5 13.22
9 4 5 60 95.6 98.88  95.16 74.0* 2483 7398* 4677 29.67  5151*
10 10 5 60 96 93.16  96.07 50.7 62.61  50.53 5.6 69.63 5.28
11 7 15 60 98.6 87.84 98.49* 23.5 1.51 25.15 32.5 44.34 31.60
12 4 15 30 78.5 9594 7822 14.5 2353  14.55 41.2 58.21 46.13
13 10 15 30 93.9 9395  93.57 3.6 12.11 3.66 11.1 33.35 15.05
14 7 25 30 88.7 9190  88.46 13.9 19.66  13.90 -21 52.18 0.80
15 7 5 30 85.3 9773  84.98 27.7 36.37 2772 —14 5486  —10.57

Note: * Marks the maximum removal efficiency obtained among all experimental runs. X;, X5, and X3 represent
pH, current density, and electrolysis time, respectively.

The individual effects of current density, electrolysis time, and initial pH on pollutant
removal were examined to elucidate the conventional experimental trends. An increase in
current density generally enhanced turbidity and sCOD removal due to greater AI>* gen-
eration and subsequent coagulant formation, although excessively high current densities
increased energy demand without providing proportional improvement [6,11]. Extend-
ing electrolysis time improved pollutant removal as additional coagulant species were
produced and floc maturation occurred; however, beyond 75-90 min, the improvement
plateaued, indicating diminishing returns [4]. The initial pH also exerted a strong influence
on coagulant speciation: near-neutral pH provided optimal performance owing to the
predominance of amorphous Al(OH); species, whereas acidic conditions favored soluble
AI®* and alkaline conditions favored AI(OH), ™, both of which reduced coagulation effi-
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Turbidity removal (%)

sCOD removal (%)

TDS removal (%)

VY = 966,629 — 7183 X; — 3124 X, + 109,254 X3 — 91,365 X7 x X; — 22,291 X, x X, —

Y =31.81 — 0.93 X; +7.29 X, +2.86 X3 — 22.87 X; x X; — 337X, x X — 1.95X; x X3

Y =11.000 + 1.010 X; + 0.520 X, + 10.560 X3 + 1.890 X3 x X; — 12.390 X, x X5 —

ciency [5]. These observations are consistent with previous studies [4] and confirm that
optimal pollutant removal occurs under moderate current density, sufficient electrolysis
duration, and near-neutral pH.

3.3. RSM and ANN Model Development and Comparison

To capture both linear interactions and nonlinear behavior in electrocoagulation per-
formance, this study employed a hybrid modeling framework combining RSM and ANN.
RSM was applied first to design experiments using the BBD and to identify significant
factor interactions through second-order polynomial models. While RSM provides inter-
pretability and efficiency in experimental design, its predictive capability is constrained
when responses exhibit strong nonlinear patterns. To address this limitation, ANN mod-
eling was applied to the same dataset, offering flexible learning and improved accuracy,
particularly for TDS. Together, these complementary approaches form a hybrid framework
that integrates statistical interpretability with machine-learning precision.

3.3.1. Polynomial Regression and ANOVA Analysis

Second-order polynomial regression models were developed to evaluate the effects of
initial pH, current density, and electrolysis time on pollutant removal. The fitted equations
for turbidity, sCOD, and TDS removal efficiencies are shown in Equations (7)-(9)

7
141,845 X5 x X5 — 34,087 X; x X; — 159,219 X; x X3 — 18 X, x X3 @

8
+027X; x X — 577 X1 x X3+ 1.17 X, x X3 ®

9
10.970 X3 X X3 +6.770 X] X X2 —4.150 X1 X X3 — 3.600 X2 X X3 ( )

The statistical significance and adequacy of each regression model were evaluated
using analysis of variance (ANOVA). As summarized in Table 4, all models were signifi-
cant at the 95% confidence level (p < 0.05). Turbidity removal exhibited the strongest fit
(R? = 0.959), with current density, electrolysis time, and the pH-time interaction identi-
fied as significant factors. The sCOD model also showed strong adequacy (R? = 0.900),
mainly influenced by pH and current density, including its quadratic effect. The TDS
model demonstrated lower predictability (R?> = 0.856), dominated by electrolysis time
and its quadratic term. These results highlight that while the regression models captured
key factor interactions, their reduced accuracy for TDS reflects the inherent complexity of
dissolved solids behavior in electrocoagulation systems.

Table 4. ANOVA results for turbidity, sCOD, and TDS removal (Significant at p < 0.05).

Response

Model

F-Value p-Value Sig. Terms R? Adj. R? Adeq. Precision

Turbidity
sCOD
TDS

Yes
Yes
Yes

11.85 0.0013 Xy, X3, X1 X3 0.959 0.922 9.08
7.42 0.0031 X;, X5, X52 0.900 0.820 8.07
6.39 0.0065 X3, X32 0.856 0.759 6.45

Note: X7, X5, and X3 represent pH, current density, and electrolysis time, respectively. Adj. R? = Adjusted
coefficient of determination; Adeq. Precision = Adequate precision.

3.3.2. ANN Model Structure and Performance

While RSM is widely applied for experimental design and optimization, its predictive
performance might be limited in the presence of complex nonlinear interactions between
variables. To address these limitations, ANN models were developed and trained using
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the same experimental dataset to evaluate their ability to predict removal efficiencies
of turbidity, sCOD, and TDS. The predictive accuracies of both models were compared
using statistical indicators such as R? and RMSE. The architectures of the optimized ANN
models are illustrated in Figure 2a—c. Each model was trained using three input variables
initial pH, current density, and electrolysis time and tuned by trial and error to minimize
prediction errors. The ANN models were constructed using a multilayer perceptron
(MLP) architecture trained on 15 experimental data points obtained from the Box-Behnken
design. The Levenberg-Marquardt backpropagation algorithm was employed as the
training method, with a sigmoid transfer function applied in the hidden layer and a linear
activation function in the output layer. Several network configurations were tested as
described in Section 2.6, and the one yielding the lowest mean squared error (MSE) was
selected as the optimal model structure. As summarized in Table 5, the ANN models
demonstrated excellent statistical performance in both training and testing phases. For
turbidity and sCOD, the models achieved perfect fit during training (R? = 1.00), with low
RMSE values of 0.32 and 0.54, respectively. Testing performance also remained robust,
with RMSE values of 6.1% for turbidity and 8.05% for sCOD. The TDS model exhibited
slightly lower accuracy (R? = 0.98; RMSE = 3.82 in training and 21.62 in testing) yet still
outperformed the corresponding RSM model. These results confirm that ANN models
were capable of capturing both linear and nonlinear relationships effectively, even with the
relatively small experimental dataset.
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Figure 2. Optimized artificial neural network (ANN) architectures for predicting removal efficiencies
in the electrocoagulation process using Al-Al electrodes: (a) turbidity, (b) soluble chemical oxygen
demand (sCOD), and (c) total dissolved solids (TDS).
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Table 5. ANN model details.
Training Validation
Response
RMSE MSE R? RMSE MSE

Turbidity 0.32 0.10 1.00 31.4 985.9600
sCOD 0.54 0.29 1.00 22.56 508.9536
TDS 3.82 14.59 0.98 20.86 435.1396

3.3.3. Model Comparison and Interpretation

Comparative analysis revealed that the ANN model consistently outperformed the
RSM model in predictive accuracy, particularly for TDS. Both models yielded strong
agreement for turbidity and sCOD; however, RSM tended to misestimate performance
under low or variable removal, whereas ANN followed the experimental trends more
closely. Scatter plots of actual versus predicted values (Figure 3) illustrate the closer
alignment of ANN outputs with the experimental data compared with RSM.
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Figure 3. Scatter plots of actual versus predicted values for (a) turbidity, (b) sCOD, and (c) TDS
removal efficiencies. Data points from RSM (O) and ANN (A) are shown against the 1:1 reference line.
ANN exhibited closer alignment with experimental data, particularly for TDS, indicating superior
predictive accuracy.

Quantitative analysis further confirmed the superior predictive performance of the
ANN models compared with the RSM models. As shown in Table 5 and Figure 3, the ANN
achieved markedly higher coefficients of determination (R? values greater than 0.97 for all
responses) and substantially lowered root mean square error (RMSE) values. For instance,
the prediction accuracy for TDS increased from an R? of 0.856 with RSM to 0.982 with
ANN, accompanied by an approximately 45% reduction in RMSE. Similar improvements
were observed for turbidity and sCOD, indicating that the neural-network-based model
provided more stable and generalized predictions across the limited experimental dataset.
These results highlight the capability of ANN to capture complex nonlinear interactions
that quadratic regression models cannot fully represent, thereby enhancing the overall
reliability of the hybrid RSM-ANN framework.

The superior predictive ability of ANN is attributed to its flexibility in capturing
nonlinear and threshold-type behaviors that are not adequately represented by quadratic
polynomial equations. RSM was effective in identifying significant factors and capturing
linear or moderate quadratic effects, which explains its strong fit for turbidity and sCOD.
However, TDS removal is influenced by ionic strength, electrostatic shielding, and complex
flocculation dynamics, which generate nonlinear interactions beyond the capacity of second-
order models. ANN, through hidden-layer learning, accommodates such complexity
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without assuming a fixed functional form, thereby achieving higher predictive accuracy
and robustness.

These findings are consistent with recent studies demonstrating that hybrid RSM—-
ANN frameworks provide superior performance in modeling and optimizing electrocoagu-
lation and other advanced treatment processes [15,16]. The present results reinforce the
complementary role of RSM and ANN: RSM enhances interpretability and factor analysis,
while ANN improves nonlinear prediction, particularly for challenging parameters such as
TDS. Although the ANN achieved high predictive accuracy, it is important to recognize that
the relatively small dataset (n = 15) may restrict the model’s generalizability. To mitigate
potential overfitting, the network architecture was intentionally kept simple, consisting of a
single hidden layer with a limited number of neurons. In addition, 3-fold cross-validation
was applied to ensure that each data subset was used for both training and testing, en-
hancing model robustness and reducing bias. Consequently, the ANN predictions should
be regarded as indicative of the model’s potential performance rather than as universally
generalizable outcomes. Despite the promising outcomes, several limitations should be
acknowledged. The experimental dataset comprised only 15 runs from a Box-Behnken
design, restricting the training sample size for ANN modeling. A 3-fold cross-validation
scheme was employed to maximize data utilization; however, the small dataset may lead to
overfitting and overly optimistic estimates of predictive accuracy, particularly for nonlinear
responses such as TDS. Therefore, the ANN results should be interpreted as indicative
rather than fully generalizable.

Future work should include larger datasets obtained from extended experimental
campaigns or pilot-scale trials, enabling the use of more robust validation strategies
such as repeated k-fold cross-validation, leave-one-out CV (cross-validation), or boot-
strap resampling. These approaches will reduce bias, enhance model reliability, and
strengthen the hybrid RSM-ANN framework for real-world applications. From an infor-
mational perspective, this hybrid RSM-ANN framework exemplifies how data-driven
learning can complement statistical modeling to support intelligent decision-making in
complex environmental systems. By integrating interpretability with predictive intelli-
gence, it contributes to the broader development of information-based optimization and
environmental informatics.

3.4. Model Validation and Optimization

A numerical optimization was conducted to maximize turbidity, sCOD, and TDS
removal. The optimal conditions were an initial pH of 7.0, a current density of 20 mA /cm?,
and an electrolysis time of 75 min. The model predicted removals of 95.9% for turbidity,
72.4% for sCOD, and 20.6% for TDS. Experimental validation under these conditions
achieved 94.5 £ 2.3% for turbidity, 69.8 £ 3.1% for sCOD, and 19.1 + 2.8% for TDS, with
relative errors below 8% (Table 6). These results confirm that the RSM models adequately
represented the system and provided a balanced trade-off between removal efficiency
and energy consumption. Response surface and contour plots (Figure 4) illustrated the
interaction effects of operating parameters on TDS removal. TDS removal improved
with increasing current density and electrolysis time, particularly under near-neutral pH,
highlighting the nonlinear relationships captured by the hybrid modeling approach.

Table 6. Comparison of predicted and observed removal efficiencies under optimal conditions.

Parameter Predicted (%) Observed (%) Absolute Error Relative Error (%)

Turbidity 95.9 945 £23 1.4 1.46%
sCOD 724 69.8 £ 3.1 2.6 3.59%
TDS 20.6 191 £28 1.5 7.28%
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Figure 4. Response surface and contour plots showing the interactive effects of process variables
on TDS removal efficiency: (a,b) pH and current density, (c,d) pH and electrolysis time, and
(e,f) current density and electrolysis time. Color gradients represent the TDS removal efficiency (%),
with warmer colors (orange/red) indicating higher removal and cooler colors (green/blue) indicating
lower removal. The plots highlight the nonlinear behavior of TDS removal and the importance of
simultaneous parameter adjustment under near-neutral pH for achieving optimized performance.
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The moderate TDS removal observed in this study (19.1-46.7%) is comparable to
values reported in previous electrocoagulation studies treating hospital or pharmaceutical
wastewaters, typically ranging from 15% to 50% depending on electrode type, pH, and
ionic composition. Mahajan et al. (2013) achieved approximately 30% TDS removal using
Al electrodes for hospital effluent [30], while Esfandyari et al. (2019) reported 40-45% under
optimized conditions for cefazolin-containing wastewater [31]. These findings confirm
that electrocoagulation is more efficient for turbidity and organic-matter removal than for
dissolved solids, as ionic species are less affected by charge neutralization and floc forma-
tion. Nevertheless, partial TDS reduction remains valuable for improving effluent quality
and facilitating non-potable reuse. In decentralized hospital settings, such reductions can
lower salinity, minimize scaling potential, and improve compatibility with downstream
polishing processes such as membrane filtration or ion exchange, thereby enhancing the
overall sustainability of water reuse schemes.

Scaling up from the 0.8 L bench reactors to pilot or full-scale hospital units may
present challenges related to hydraulic mixing, current distribution, electrode passivation,
and sludge handling. Nevertheless, the low energy demand of 0.34 kWh/m? suggests
favorable economic feasibility when proper maintenance protocols are applied. In real
hospital settings, wastewater composition varies due to disinfectant use and dialysis
effluents, underscoring the need for adaptive control. Hybrid RSM-ANN modeling could
support real-time adjustment of operating parameters and stabilize performance under
fluctuating influent quality. Electrocoagulation can also serve as a pretreatment step to
protect downstream biological or membrane systems. Pilot-scale trials remain essential to
validate robustness, electrode lifetime, and sludge management under practical conditions.

The treatment performance achieved in this study was comparable to or higher than
those reported in previous electrocoagulation studies for hospital and industrial effluents.
For example, Hakizimana et al. (2017) reported turbidity and COD removals of 90-95%
and 70-80%, respectively, under similar current density ranges [4], while Deshpande
et al. (2012) observed 60-70% COD removal in pharmaceutical wastewater using Al-Fe
electrodes [32]. Mahajan et al. (2013) achieved 92% turbidity and 75% COD removal
from hospital operation-theatre effluent using Al-Fe electrodes [30], whereas Esfandyari
et al. (2019) reported 68% COD removal and effective cefazolin elimination from hospital
wastewater at pH 7 and 15 mA/cm? [31]. The present study achieved up to 99.1% turbidity
and 74.0% sCOD removal at lower energy consumption (0.34 kWh m~3), demonstrating
the high efficiency of the Al-Al configuration under optimized conditions. Compared
with advanced oxidation processes such as ozonation, photocatalysis, and plasma-based
oxidation systems [33-36], as well as membrane bioreactors [37], electrocoagulation offers
simpler operation, lower energy requirements, and minimal chemical input, making it
particularly attractive for decentralized hospital wastewater treatment. The hybrid RSM-
ANN modeling approach further enhances process optimization and predictive reliability,
providing a valuable framework for scaling up EC systems in practical applications. Overall,
the optimized Al-Al EC system guided by hybrid modeling shows promise as a scalable
and cost-effective solution for decentralized hospital wastewater treatment, particularly in
resource-limited regions.

3.5. Electrode and Energy Consumption

Under optimized conditions, the EC process consumed 0.34 kWh/m?, corresponding
to an estimated bench-scale energy cost of US $0.033 per m? at the average electricity rate for
Thai hospital facilities (US $0.09 per kWh). Although this estimate is based on laboratory-
scale operation, it highlights the economic advantage achievable through optimized Al-Al
electrocoagulation. The energy demand is notably lower than that reported in previous
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electrocoagulation studies (0.5-2.5 kWh/ m3, depending on operational settings) [4] and re-
mains comparable with conventional biological treatment processes (0.3-0.8 kWh/ m?) [22].
It is also competitive with advanced alternatives, including membrane bioreactors
(0.7-1.5 kWh/m?) and ozonation (>1.0 kWh/m?) [23,24]. Aluminum consumption ranged
from 1.68 x 1077 to 2.80 x 107 kg/m? across runs, indicating that both energy and ma-
terial requirements were modest while still achieving high pollutant removal efficiencies.
Taken together, these findings demonstrate that Al-Al EC can satisfy both performance and
cost-effectiveness criteria, making it especially attractive for decentralized hospital wastew-
ater facilities where operational costs are a critical concern. Beyond technical feasibility, the
study highlights the broader relevance of aluminum-based EC in advancing Sustainable
Development Goal (SDG) 6.3 by reducing pollutant discharges and SDG 12.2 through
improved reuse potential. The approach also resonates with Thailand’s national circular
water management strategy, which emphasizes effluent reuse and resource recovery. While
feasibility has been established at the laboratory scale (TRL 3—4), pilot-scale validation
(TRL 5-6) will be essential to assess robustness under variable wastewater conditions,
confirm long-term electrode stability, and address sludge management options. Integration
with downstream processes such as membrane bioreactors or reverse osmosis could fur-
ther enhance effluent quality and water reuse opportunities. Policy support particularly
through hospital-based pilot projects and clear guidelines for sludge handling will be vital
to accelerate adoption. Overall, the RSM-ANN-guided EC framework provides not only a
scientific contribution but also a practical pathway toward decentralized and sustainable
hospital wastewater management.

4. Conclusions

This study established a hybrid RSM-ANN modeling framework for optimizing elec-
trocoagulation (EC) with aluminum-aluminum (Al-Al) electrodes in hospital wastewater
treatment. The integration of response surface methodology and artificial neural networks
enabled both the interpretability of key factor interactions and the enhanced nonlinear
predictive capability, particularly for complex parameters such as TDS. This dual mod-
eling approach provided a robust analytical tool to optimize operational conditions and
deepened the understanding of EC behavior under variable wastewater compositions.

From a practical perspective, the optimized Al-Al EC process demonstrated energy-
efficient and technically feasible performance, supporting its potential application in de-
centralized hospital wastewater treatment systems. The approach offers a low-chemical,
low-energy pathway that aligns with sustainable water reuse and circular economy princi-
ples, making it suitable for small and resource-limited healthcare facilities.

Future research should focus on pilot-scale implementation to validate long-term
performance, electrode stability, and sludge management, as well as on integrating
hybrid RSM-ANN modeling into real-time control and adaptive optimization sys-
tems. Such developments will advance the practical deployment of EC technology and
strengthen its role as a reliable component of sustainable wastewater management in the
healthcare sector.
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