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Abstract

Methylene blue and safranin are dyes that may have harmful effects on both aquatic ecosys-
tems and human health. This research aims to simulate an industrial-scale operational
adsorption column for competitively removing these dyes from wastewater, employing
Cedrela odorata L. as a bioadsorbent material. Aspen Adsorption (v.1) software simulated an
industrial-scale packed-bed adsorption column under various configurations. Moreover,
machine learning algorithms were applied to predict the results generated by Aspen, rep-
resenting an advancement in the development of new strategies in this field. The kinetic
model employed was the Linear Driving Force (LDF) model. Adsorption efficiencies of
96.1% were achieved for both methylene blue and safranin using the Langmuir-LDF model.
The Freundlich-LDF model showed efficiencies of 94.8% for methylene blue and 96% for
safranin. Meanwhile, the Langmuir-Freundlich-LDF model achieved up to 96.1% for
methylene blue and 94.8% for safranin. This study demonstrated the feasibility of simulat-
ing the competitive adsorption of dyes in solution at an industrial scale using Cedrela odorata
L. as a bioadsorbent. The application of LDF kinetic models and adsorption isotherms
(Langmuir, Freundlich, and Langmuir-Freundlich) resulted in high adsorption efficien-
cies, highlighting the potential of this approach for the remediation of dye-contaminated
effluents as a viable method for predicting the performance of full-scale packed columns.
Machine learning algorithms were implemented in this research, obtaining R? higher than
0.996 for validation and testing stages for the responses of the model.

Keywords: adsorption isotherm; Aspen; Cedrela odorata L.; machine learning; scale-up;
water treatment

1. Introduction

Water pollution represents a significant challenge for humanity. In all environments,
freshwater is vital for the survival of living organisms; however, industrial development has
led to increasing contamination due to the discharge of substantial volumes of wastewater
into lentic and lotic hydrosystems [1]. Such effluents often result from processes involving
various toxic substances, such as dyes, which, upon entering freshwater systems, pollute
both surface and groundwater. The latter, in particular, constitutes a vital source of water
for domestic and agricultural use [2].
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Dyes are compounds that exhibit high resistance to degradation due to their considerable
thermal stability, and are also highly toxic to ecosystems. They are widely used across various
industrial sectors, including food, cosmetics, automotive, pharmaceuticals, plastics, paints,
leather, and textiles [3]. These pollutants can pose severe health risks due to their toxicity,
including skin and eye irritation. They may even contribute to genetic mutations and cancer [4].

The removal of dyes for this kind of water has therefore become a significant envi-
ronmental concern. Various treatment techniques have been developed to remove such
contaminants from hydrosystems. Among these are coagulation/flocculation, which uses
either chemical or natural agents to destabilise and aggregate suspended particles in water,
thereby facilitating their removal [5]. Another technique is electrocoagulation, an advanced
water treatment method that destabilises and aggregates suspended, emulsified, or dis-
solved pollutants through the application of a low-voltage direct current across sacrificial
electrodes—commonly made of aluminium or iron [6].

Among these methods, adsorption stands out as a surface phenomenon in which
adsorbates are transferred to the surface of adsorbents. This technique is widely employed
due to its flexibility, cost-effectiveness, and broad applicability [7]. The adsorption process
starts when the contaminated solution carries adsorbate molecules to the boundary layer of
the adsorbent. These molecules then diffuse from the boundary layer to the external surface
and subsequently into the internal pore structure, where active adsorption sites capture
the contaminant ions [8]. Adsorption can be classified as either physical (physisorption) or
chemical (chemisorption). Physisorption is governed by weak, short-range electrostatic
forces such as Van der Waals interactions, resulting in relatively weak binding. In contrast,
chemisorption involves the formation of chemical bonds between the adsorbate and the
adsorbent, resulting in more substantial and specific interactions that are more energy-
intensive and difficult to reverse [9].

Various low-cost adsorbents derived from lignocellulosic biomass—particularly
agricultural residues such as rice husks [10], sugarcane bagasse [11], and banana
peels [12]—have been widely used in both raw and modified forms for contaminant re-
moval from wastewater. These studies have highlighted the need for further research and
development of biomass-based composite columns for potential industrial-scale applica-
tions. However, most investigations remain limited to laboratory-scale experiments. As a
result, efforts have been made to predict the behaviour of adsorption processes at larger
scales through computational modelling. To this end, tools such as Aspen Adsorption—a
software developed by AspenTech—have been employed to simulate adsorption processes
under various conditions. The primary objective of these simulations is to predict and un-
derstand the performance of contaminant removal from aqueous solutions at larger scales.

Although advances have been reported in the use of different new materials as packing
in adsorption columns, there are still significant gaps in our understanding of how they
operate when scaled up to full scale, especially under typical industrial process operating
conditions. Few studies evaluate the performance of these columns in competitive adsorp-
tion situations, in which multiple contaminants coexist and compete for active adsorption
sites. Additionally, using simulation tools such as Aspen Adsorption to model systems with
various contaminants represents a significant challenge, as there are very few studies in the
literature that address complex contamination matrices. In this work, a binary contaminant
system was addressed as a starting point; however, the challenge remains to develop future
studies in which more than two contaminants and different types of molecules coexist,
such as mixtures that include two dyes, two metals, or other compounds present in water,
which would allow for a closer approximation to real and highly complex scenarios.

On the other hand, current trends indicate that the implementation of digital twin
models in water treatment plants can support planners in making decisions more rapidly
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compared to traditional software, which typically requires specialised personnel to sim-
ulate processes [13,14]. The implementation of digital twin models in water treatment
contributes to the development of reliable systems that support rapid decision-making,
in contrast to traditional approaches. In this context, the integration of machine learning
algorithms enables faster and more efficient responses, as they can reproduce the behaviour
of mathematical models without the need to run complex software or solve computationally
demanding equations. Machine learning (ML) algorithms reduce computational time and
can be used for predictive analysis and operational optimisation [15].

The integration of Aspen Adsorption with digital twin technology, in combination with
ML algorithms, offers several advantages for the modelling, simulation, and optimisation
of adsorption processes used to remove contaminants from water bodies. This approach
enables the prediction of equipment performance by developing models that forecast
column behaviour with greater accuracy and reduced computational time. Moreover,
digital twins can be trained with new input data derived from software simulations,
thereby facilitating the prediction or validation of key parameters such as rupture time (RT),
saturation time (ST), and overall process efficiency. This, in turn, supports more informed
and precise operational decision-making [16].

Therefore, the present study aims to model an industrial-scale compact bed adsorp-
tion column using advanced computational tools, applying a comprehensive parametric
analysis together with machine learning algorithms to optimise the process of removing
methylene blue and safranin from aqueous solutions, using Cedrela odorata L. sawdust
waste as the adsorbent material. This research seeks to demonstrate the potential of com-
putational tools, combined with machine learning algorithms, to predict the performance
of adsorption columns with high accuracy. It also provides quantitative and validated
information for the upscaling of a fixed-bed column using Cedrela odorata L. waste as an
adsorbent material, thus optimising its design and operation at an industrial level.

2. Materials and Methods

Figure 1a presents the methodology employed in this study, which integrates simula-
tions using Aspen Adsorption with ML techniques. Two contaminants were considered:
methylene blue and safranin. The proposed methodology is suitable for interpreting
efficiency (1 — Cf/ Cy), saturation time, and rupture time.
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Figure 1. Methodology employed in this study: (a) general overview; (b) Aspen Adsorption software.

The methodology begins by identifying the target contaminants for removal—in
this case, the previously mentioned dyes. Subsequently, various parameters required by
Aspen Adsorption were defined, including column diameter, mass transfer coefficient, void
porosity, total porosity, and the constants associated with the selected isotherm models,
namely Langmuir and Freundlich. To assess column performance, two independent
variables were selected for sensitivity analysis: inlet flow rate and bed height. Simulations
were then carried out, producing results related to process efficiency, ST, and RT. Finally,
several ML algorithms were implemented to simulate the obtained responses.

To perform the modelling of a packed adsorption column using agro-industrial
residues for the removal of dyes in solution with the Aspen Adsorption software, it is first
necessary to define the chemical components to be removed together with the thermo-
dynamic package (see Figure 1b). For this purpose, the option “Configure Properties” is
selected, followed by access to the “Aspen Property System” section, where “Edit using
Aspen Properties” is chosen. In this section, the contaminants to be removed—namely
methylene blue and safranine—are specified, as well as the thermodynamic package to be
employed, in this case UNIQUAC. Subsequently, the construction of the packed adsorption
column system is carried out by employing the library and the various tools integrated
within Aspen Adsorption. To this end, “Libraries” is accessed, “Adsim” is selected, and the
“Liquid” option is chosen. Within this section, the different components required to config-
ure the adsorption system are defined, including the packed bed and the feed and product
streams. The following step involves specifying the parameters and criteria for configuring
the adsorption column, the inlet and outlet streams, the governing mathematical equations,
and other relevant variables. This requires setting up the key sections that ensure proper



Processes 2025, 13, 2907

50f19

definition of the simulation parameters, namely “General”, “Mass/Momentum Balance”,
“Kinetic Model”, “Isotherm Model”, and “Energy Balance”. Numerical values are then
assigned to a range of parameters associated with both the feed and product streams, such
as flow rate, contaminant concentration, temperature, and pressure. Additional parameters
include column height and diameter, mass transfer coefficient, void porosity, total porosity,
and the main coefficients related to the selected mathematical models. Once these inputs
are established, a graphical representation of the adsorption process behaviour over time is
generated. This is accomplished by accessing the “Flows Plot: Flowsheet” section, selecting
“Add Form”, choosing the “Plot” option, assigning a name to the graph, and specifying
the parameters to be displayed. Finally, the operational state of the adsorption process is
defined—in this case “Dynamic State”—and the simulation is executed, thereby obtaining
the rupture curve that characterises the behaviour of the adsorption system.

2.1. Adsorption Column Configuration

To simulate the packed-bed column for the adsorption of methylene blue and safranin,
it is first necessary to define the thermodynamic package used to calculate the physicochem-
ical properties of the liquid phase. These properties are essential for properly characterising
the solution interacting with the adsorbent material—that is, the fluid entering the column
in contact with the selected adsorbent [17].

For this study, the UNIQUAC (Universal Quasi-Chemical) method was employed to
determine the physical properties of the feed stream in the adsorption column. The choice
of this method is justified by its capability to describe liquid systems containing complex
organic solutes dissolved in water, while considering molecular interactions between the
contaminant species present [18].

Following the selection of the thermodynamic model, the adsorption column must be
configured in Aspen Adsorption, which includes several key sections required to define the
simulation parameters correctly. These sections are: General, Mass/Momentum Balance,
Kinetic Model, Isotherm Model, and Energy Balance. The considerations made for each
section are detailed in the following subsections.

2.1.1. General Section

This section presents the discretisation method used to simulate the adsorption process.
For this study, the first-order upwind differentiation scheme 1 (UDS1) was implemented.
This numerical method, widely used to solve mass transport equations, is based on a
first-order Taylor series expansion, which allows for a stable and efficient formulation for
the approximation of convective terms [19]. The process is expressed by Equation (1):

ol Ii—Tig
5z Az

Additionally, the simulation was configured with a total of 10 discretisation nodes

1)

across the adsorption bed.

2.1.2. Mass/Momentum Balance Section

This section outlines the fundamental assumptions regarding axial dispersion in the
liquid phase, the treatment of pressure drop in the adsorption column model, and whether
the velocity remains constant or varies along the column. In this study, no pressure drop was
assumed. The simulation of the packed-bed adsorption column for dye removal considered
convection as the sole transport mechanism. Accordingly, the solute is transported along
the bed exclusively by the bulk flow of the fluid, and the velocity is assumed to remain
constant throughout the column [20].
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2.1.3. Kinetic Model Section

In this section, the user establishes which kinetic model will define how to explain the
rate at which the adsorption process occurs. In this case, among the different models that
Aspen Adsorption V10 handles, the Linear Driving Force (LDF) model was selected, which
assumes that a driving force influenced by concentration affects mass transfer, describing
the rate at which the contaminant is adsorbed onto the solid phase [21]. The model is
expressed by Equation (2):

Bwk

9 = MTCsk(wZ — W) 2)

2.1.4. Isotherm Model Section

This section defines the isothermal model used to describe the interactions between
the adsorbate and the adsorbent. Table 1 shows the different isothermal models selected
for this study.

Table 1. Selected Isotherm Models for the Simulation of the Adsorption Column.

Definition Equation Observation Reference
ge: Adsorption capacity of the contaminant at equilibrium.
) Langmuir _ qmaxbCe 3) Gmax: Maximum loading capacity of the adsorbent. [22,23]
isotherm model e T+bCe b : Langmuir constant. 4
C,: Equilibrium concentration of the contaminant in solution.
ge: Adsorption capacity of the contaminant at equilibrium.
. k¢: Freundlich constant.
Freundlich

qe =k fcg /n (4) C,: Equilibrium concentration of the contaminant in solution. [24,25]
’ 1/n: Reflects the influence of the initial concentration on the
adsorption capacity.

isotherm model

ge : Adsorption capacity of the contaminant at equilibrium.

Gmax: Maximum adsorption capacity.

C, : Equilibrium concentration of the contaminant in solution. [26,27].
K': Affinity or adsorption energy constant.

n: Surface heterogeneity factor.

Lar}gmuir—Freundlich  gmax(K<Co)" 5)
isotherm model Je = T (KeCo)"

2.1.5. Energy Balance Section

This section defines how the energy balance is addressed in the adsorption model. In
this study, isothermal operating conditions were assumed. That is, the temperature of the
system was considered to remain constant throughout the entire adsorption process.

2.2. Parameters Required for the Parametric Sensitivity Analysis

To assess the scale-up simulation of the adsorption column for methylene blue and
safranin using Aspen Adsorption, it is necessary to examine the effect of various operating
conditions that may influence the adsorption process and its overall performance. Therefore,
a parametric sensitivity analysis was conducted on several key variables [20].

In this study, the bed height and inlet flow rate were selected as the primary variables
for evaluation, while maintaining a constant initial concentration of 2000 mg/L for both
methylene blue and safranin, an operating pressure of 1 atm, and a temperature of 30 °C.
By modifying these parameters, the system’s response under different operating conditions
can be observed, helping to identify which variable has the most significant impact on
adsorption efficiency. Table 2 presents the ranges of the evaluated parameters considered
in the parametric study.

Table 2. Range of parameter values considered in the parametric study for dye adsorption.

Independent Variable Unit Range Reference

Inlet flow rate m3/ day 50, 150, 250 [28]
Bed height m 3,4,5 [29]
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In addition, the Aspen Adsorption V10 software requires several other parameters for
the proper modelling and sizing of the adsorption column. These variables are essential
during the simulation of the packed-bed adsorption column filled with cedarwood sawdust,
which is used for the removal of dyes from aqueous solution—specifically, methylene blue
and safranin in this case.

Key parameters include the bulk density of the biomaterial, the column diameter,
the mass transfer coefficient, the void fraction, and the total porosity. Additionally, the
values of the constants corresponding to the selected isotherm models are required. These
parameters are presented in Table 3. The values related to the adsorbent were obtained
mainly from previous research carried out by our research group and scientific literature,
where cedar sawdust residues were evaluated as a biomaterial in adsorption processes.
In the case of parameters not directly associated with the properties of the bioadsorbent,
such as those related to the sizing and design of the column, values reported in adsorption
column simulation studies were adopted and adjusted for application in Aspen Adsorption.
These parameters were scaled to industrial conditions following the criteria of geometric
and hydrodynamic similarity.

Table 3. Parameters used for the simulation of the adsorption column.

Parameter Unit Value Reference
Bed diameter m 1 [30]
Bed porosity m? void/m? bed 0.667 [31]
Total void porosity m? void/m?3 bed 0.4 [32]
Bulk density kg/ m3 1400 [32]
Mass transfer coefficient 1/s 137 x 1074 [33]
Freundlich isotherm constants
kr ((mg/g) (mg/L)") 0.205 [34]
1/n - 0.058 [34]
Langmuir isotherm constants
b L/mg 0.958 [34]
Amax mg/g 0.262 [34]
Langmuir-Freundlich isotherm
constants
KLzmgmuir L/mg 0.958 [34]
KFreundlich ((mg/g) (mg/L)n) 0.205 [34]

However, it should be noted that different criteria, such as the origin of the waste,
particle size, moisture content, pre-treatments applied, and equipment sizing taken from
the reference studies, may introduce biases in the estimation of adsorption capacity and
kinetics, as well as in the simulation process.

2.3. Machine Learning Technigues

In this study, 28 ML algorithms were applied to digitalise the simulations. The
MLAs were trained on a dataset comprising 54 entries related to dye removal, using
the Freundlich-LDF, Langmuir-LDF, and Langmuir-Freundlich-LDF models. For all
simulations, the predictors included the type of contaminant, bed height, inflow rate, and
the model type. The ML algorithms were executed considering three different types of
responses: 1 — C¢/Cy, ST, and RT. Figure 2 illustrates the relationships among the predictors
employed in this study. A five-fold cross-validation scheme was implemented to assess
model performance. Additionally, 25% of the data were set aside for testing purposes
during the simulation process.

The 28 ML algorithms employed in this study are listed in Table 4, where they are
identified in parentheses. All simulations were performed using MATLAB R2024b, utilising
the algorithms available through the Regression Learner App. This tool facilitates the
identification of the most suitable algorithm for modelling the processes under analysis.
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Table 4. ML algorithms used in this research.

Model Type Present

Tree Fine (TF), Medium (TM), and Coarse (TC).

Linear regression Linear (LRL), Interactions Linear (LRI), and Robust Linear (LRR).
Stepwise Linear Regression Stepwise Linear (SLR).

Linear (SVML), Quadratic (SVMQ), Cubic (SVMC), Fine Gaussian (SVMF), Medium
Coarse (SVMM), and Coarse Gaussian (SVMG).

Efficient Linear Efficient Linear Least Squares (ELE) and Efficient Linear SVM (EEL).
Ensemble Boosted (EBO) and Bagged (EBA) Trees.

Squared Exponential (GPRS), Matern 5/2 (GPRM), Exponential (GPRE), and Rational
Quadratic (GPRR).

Neural Network Narrow (NNN), Medium (NNM), Wide (NNW), Bilayered (NNB), and Trilayered (NNT).
Kernel SVM (KSVM) and Least Squares Regression (KLSR).

Support Vector Machine (SVM)

Gaussian Process Regression

For selecting the ML algorithms for the three analysed responses, the following statis-
tical measures were used. The Root Mean Square Error (RMSE) is calculated by:

RMSE — | L$°(1,— By’ ©)
= Ni:l i i

where N = total number of observations, T; = true value of a response, and P; = predicted
value of a response.
The coefficient of determination or R-squared (R?) is given by:

CEN(T-P)?

RZ=1 N —
Y (T —T)

@)
where T = average value of observations.

The selection of ML algorithms is based on the model exhibiting the lowest RMSE
value and the highest R-Squared value, ideally approaching 1.

In this research, two ML algorithms were used since the best fit of validation and
testing phases was achieved considering the RMSE and R-squared.
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In this sense, the Gaussian Process Regression is a probabilistic model that follows a
Gaussian distribution [32].

Py | £,X)~N(y| Hp+f,0%) ®)

where y = response variable, f = latent variable introduced in each observation,
X = predictors, H = matrix of basis functions, B = coefficient computed from the dataset,
and I = identity matrix, and ¢ = error variance.

The bilayered neural networks provided the best fit for the RT and ST. This ML
algorithm employs two layers, as shown in Figure 3 [35,36]. The output vector can be
computed as follows:

2 :fz{sz,l {fl (IW“p—{—blﬂ —|—b2} )

where p = input vector, a = output vector, W = weight matrix, b = bias vector, IW = input
weight matrix, and LW = layer weight matrix. Superscripts 1 and 2 denote the first and
second layers, respectively.

Input Layer 1 Layer 2
> 1 p 2 e
“ oY S 5
@ 1 e 2 2
R Il ) f »a3
P3 A)
D4

\x 3 fl a‘% 27 f2 asz'
g L

a' = frawttp + b1) a? = f2(LW?p + b?)

Figure 3. Structure of a bilayered neural network.

3. Results and Discussion
3.1. Aspen Adsorption Simulation

Using Aspen Adsorption software, multiple simulations were performed for the
expanded adsorption column to remove methylene blue and safranin from water. These
simulations were performed with different configurations of the parameters selected for
the sensitivity study, which allowed key parameters to be obtained: the rupture time, the
time at which the adsorbent begins to lose its removal capacity; the saturation time, when
the adsorbent stops removing the contaminant; and the adsorption efficiency, reflecting the
efficiency of material in the process.

These simulations were performed utilising the selected isothermal models in conjunc-
tion with the chosen kinetic model.

3.2. Parametric Sensitivity Analysis

A parametric sensitivity analysis was conducted to identify the influence of key
variables on the performance of the modelled system. In this study, bed height and inlet
flow rate were selected as the primary parameters of interest.
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3.2.1. Effect of Varying the Inlet Flow Rate

The performance of the adsorption column was evaluated by varying the inlet flow
rate parameter. This alteration was carried out using values of 50, 150 and 250 m3/day,
while maintaining a fixed column height of 3 m and an initial concentration of both dyes of
2000 mg/L. Figure 4 shows the removal of contaminant profiles for the different isothermal
models that were selected in this study: Freundlich (Figure 4a,b), Langmuir (Figure 4c,d)
and Langmuir-Freundlich (Figure 4e,f), which are combined with the Linear Driving Force

(LDF) kinetic model.
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Figure 4. Removal of contaminant profiles at different simulated inlet flows using the Freundlich-LDF
model (a,b), the Langmuir-LDF model (¢,d), and the Langmuir-Freundlich-LDF model (e f). C £ Tep-
resents the contaminant concentration at the column outlet, Cj is the inlet contaminant concentration,
and the ratio (1 — C f/ Cp) indicates the adsorption process efficiency.
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It can be observed that, as the flow rate to the compact bed increases, the adsorption
efficiency increases, but the RT and ST decrease. This behaviour is attributed to the
increase in fluid flow velocity, which leads to faster saturation of the adsorbent pores and,
consequently, a reduction in the contact time available for adsorption [30].

For the Freundlich-LDF model:

e In the case of methylene blue, at 50 m?/day, the RT and ST were 241 min and 1430 min,
respectively. When the flow rate was increased to 150 m3/day, these times decreased
to 193 min and 1151 min. Further increasing the flow to 250 m®/day resulted in values
of 141 min (RT) and 870 min (ST).

e A similar trend was observed for safranin, with times of 241 min and 1430 min at
50 m®/day, decreasing to 193 min and 1151 min at 150 m?/day, and finally reaching
142 min and 870 min at 250 m?/day.

For the Langmuir-LDF model:

e For methylene blue, the RT and ST at 50 m®/day were 246 min and 1439 min, respec-
tively. These decreased to 195 min and 1158 min at 150 m®/day, and 142 min and
872 min at 250 m®/day.

e  The same behaviour was observed for safranin, with times of 241 min and 1430 min
at 50 m3/ day, reducing to 193 min and 1151 min at 150 m3/ day, and 142 min and
870 min at 250 m®/day.

For the Langmuir-Freundlich-LDF model:

e  Theresults followed the same trend. For methylene blue, the RT and ST > were 241 min
and 1430 min at 50 m3/day, decreasing to 193 min and 1151 min at 150 m®/day, and
to 141 min and 870 min at 250 m>/day.

e  Similarly, for safranin, the times were 241 min and 1430 min at 50 m3/ day, 193 min
and 1151 min at 150 m®/day, and 142 min and 872 min at 250 m?/day.

The adsorption efficiencies for both methylene blue and safranin increased slightly
with flow rate across all models: 94% at 50 m3/ day, 95% at 150 m3/ day, and 96% at
250 m3/day. These results suggest that all three isotherm-kinetic model combinations
effectively describe the adsorption process under the conditions studied.

3.2.2. Effect of Changing the Column Height

To evaluate the performance of the packed bed, a parametric alteration of the ad-
sorption bed height was performed. In this study, a variation of this parameter in a
range of 3, 4 and 5 m was used, keeping the initial pollutant concentration and the inlet
flow rate constant at 2000 mg/L and 250 m3/day, respectively. Figure 5 shows the re-
moval of contaminant profiles of the Freundlich (Figure 5a,b), Langmuir (Figure 5c,d)
and Langmuir-Freundlich (Figure 5e,f) isotherm models, each coupled to the LDF kinetic
model. The behaviour shows that an increase in height leads to longer rupture and sat-
uration times, accompanied by a reduction in the overall efficiency of the process. This
performance can be explained by increased adsorbent material, which offers a greater
number of active sites and delays their occupation, thereby prolonging the total adsorption
time [37]. Simulation data confirmed this behaviour for both dyes, obtaining:

e  Freundlich-LDF model: For methylene blue removal, a bed height of 3 m resulted
in RT and ST values of 145 min and 870 min, respectively. Increasing the height to
4 m extended these times to 244 min (RT) and 1430 min (ST). At 5 m, the values rose
further to 760 min (RT) and 4183 min (ST). The same trend was observed for safranin
removal: at 3 m, RT and ST were 142 min and 870 min; at 4 m, these increased to
244 min and 1430 min; and at 5 m, they reached 761 min and 4183 min, respectively.
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e  Langmuir-LDF model: A similar pattern was found. For methylene blue, a bed height
of 3 m resulted in 142 min (RT) and 872 min (ST); increasing the height to 4 m led
to 244 min and 1436 min, while at 5 m, the values were 760 min and 4215 min. For
safranin, RT and ST at 3 m were 142 min and 870 min; at 4 m, they increased to 244 min
and 1430 min; and at 5 m, to 761 min and 4183 min.

e Langmuir-Freundlich-LDF model: This model exhibited the same behaviour. For
methylene blue, the RT and ST at 3 m were 141 min and 870 min, respectively. At
4 m, values rose to 244 min and 1430 min, and at 5 m, to 760 min and 4183 min. For

safranin, at 3 m the times were 142 min (RT) and 872 min (ST); at 4 m, 244 min and
1430 min; and 5 m, 761 min and 4183 min.
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Figure 5. Removal of contaminant profiles at different simulated bed height using the
Freundlich-LDF model (a,b), the Langmuir-LDF model (c,d), and the Langmuir-Freundlich-LDF
model (e f). C; represents the contaminant concentration at the column outlet, Cy is the contam-
inant concentration at the column inlet, and the ratio (1 — C f/ Cp) indicates the efficiency of the

adsorption process.
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In all models, adsorption efficiencies for methylene blue and safranin were 94% at
3 m, 95% at 4 m, and 96% at 5 m. These results suggest that all three isotherm-kinetic
model combinations are capable of accurately representing the adsorption process under
the tested conditions.

As can be seen in Figures 4 and 5, the similar behaviour in the RT and ST values
obtained during the simulation of the adsorption process of the two dyes studied can
be attributed to different factors. On the one hand, both dyes are cationic compounds
with similar molecular mass and aromatic structure with amino groups, which gives them
similar molecular dimensions and mechanisms of interaction with the adsorbent, favouring
similar kinetics and adsorption capacities. On the other hand, the simulation conditions in
Aspen Adsorption used similar mass transfer parameters and mathematical models that
do not incorporate significant differences in ionic competition, surface heterogeneity, or
specific hydrodynamic effects for each dye, which reduces the sensitivity of the model to
molecular variations and leads to very similar RT and ST predictions for both contaminants.

3.3. Machine Learning Implementations

To digitalise the responses provided by the Aspen adsorption model, 28 ML algorithms
(see Table 4) were applied to identify the most suitable models for ST, RT, and 1 — C;/C.
Figure 6 presents the statistical performance metrics (RMSE and R-squared) for the ML
algorithms. These metrics were calculated for both the validation and testing stages to
avoid model overfitting.
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Figure 6. Statistical measures of the employed 28 MLAs for validation and test phases: (a) for ST,
R-squared; (b) for ST, RMSE; (c) for RT, R-squared; (d) for RT, RMSE; (e) for 1 — C /Co, R-squared;
and (f) for 1 — Cf/Co, RMSE.

According to the results, the Gaussian Process Regression model with a Rational
Quadratic kernel (Rational Quadratic GPR) provided the best fit for both validation and
testing stages in terms of efficiency (1 — C¢/Cp), achieving an R-squared value of 0.999. In
terms of RMSE, values of 0.16 for validation and 0.03% for testing were obtained.

The bilayered neural network was selected to model both ST and RT, as it yielded
the best results for RMSE and R-squared. Table 5 summarises the selected ML algorithms.
According to the results, the selected ML models required training times ranging from
1.81 to 3.64 s, which is highly advantageous as simulations can be performed rapidly.
Moreover, Aspen software requires a licence to run simulations. In this regard, engineers
can implement ML models for contaminant modelling, thereby reducing simulation time
and avoiding the need for commercial licenses.

Table 5. Selected ML algorithms for the responses of Aspen Adsorption.

R Squared RMSE
Response Selected Model Training Time (s)
Validation Test Validation Test
ST (min) NNB 0.999 0.999 5.542 5.200 1.81
RT (min) NNB 0.999 0.996 39.615 97.630 2.89
1-Cs/Co (%) GPRR 0.999 0.999 0.0016 0.0003 3.64

It is of utmost importance to highlight that the selected ML algorithms can serve as
practical tools for digitalisation purposes. The true and predicted values of the three re-
sponses (ST, RT, and efficiency) can be accurately captured using these techniques, not only
during the validation stage but also in the testing stage. Figure 7 presents the comparison
between the true and predicted values. Overall, the Gaussian Process Regression and
Neural Network models are capable of achieving an almost perfect fit, as illustrated by
the 45° reference line (black line) in the plots. The proposed ML models showed good
agreement in both the validation and testing stages, indicating that overfitting was not
present. In this case, the dataset of 54 points proved suitable for calibrating the models,
as the results obtained with Aspen software followed a trend that the ML models could
effectively capture.
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3.4. Comparison with Results from the Literature

The results generated by simulating a compact bed column, utilising cedar sawdust
waste as an adsorbent on an industrial scale, were evaluated against values reported in
previous studies. It is important to note that these comparisons are relative, as the research
consulted was conducted under different operating conditions (e.g., flow rate, height,
adsorption capacity, and regeneration) and with varying types of adsorbent.

Analysis of the data obtained indicates that cedar sawdust, used as a filling medium
in an industrial-scale bed, performs efficiently in removing methylene blue and safranin
from aqueous media. Table 6 summarises the values from the literature together with those
achieved in this work.

Table 6. Comparative performance of different adsorbents for contaminant removal in packed-bed columns.

Parameter x:f:ﬁ::;ecg le‘:;{ Indigo Carmine Methylene Blue Met?zfl::rleir]lilue/
Adsorbent Almond Shell Graphene NaOH-modified Luffa cylindrica Cedar sawdust
Initial concentration (mg/L) 200 10 39 2000
Inlet flow rate (m®/day) 1.44 x 107° 1.44 x 1072 1.44 x 1073 250
Bed height (m) 0.024 0.28 0.2 3
Rupture time (min) 2620/3500 87 100 142/142
Saturation time (min) 2690/4000 - - 870/872
Capacity Adsorption (mg/g) 341/364 349 46.6 0.262; 0.205
Regenerative capacit - - - 3
¥ Referencep Y [38] [39] [40] This research

In comparison with previous studies, it is evident that the Langmuir, Freundlich,
and Langmuir-Freundlich isotherm models, when combined with the LDF kinetic model,
provide values that are more representative of the actual behaviour of the process. This
is attributed to the use of parameters at an industrial scale, where key variables such as
inlet flow rate, initial concentration, and bed height were selected based on operating
conditions reported in the literature. Within this framework, the differences between
the findings of this study and those reported elsewhere can be explained by the more
demanding operating conditions applied here, which justifies the apparent discrepancies,
as the performance of the adsorbent is strongly influenced by the operating system. Despite
this limitation, cedar sawdust offers several strategic advantages, including its low cost,
abundance, ease of preparation, and regenerability, which enable its reuse for up to three
cycles. These characteristics render it a competitive and sustainable alternative for large-
scale applications, where balancing efficiency, economic feasibility, and environmental
sustainability is essential.

4. Conclusions

This research demonstrated the potential of cedar sawdust as a bioadsorbent in
industrial-scale adsorption columns for the competitive removal of methylene blue and
safranin in aqueous solutions. The simulations provided key quantitative data that con-
tribute to the advancement of industrial adsorption processes, showing that a larger adsorp-
tion bed prolongs rupture and saturation times, albeit with a slight decrease in efficiency.
At the same time, a higher inlet flow rate increases efficiency but shortens these times.
These results constitute a technical reference for optimising the design and operation of
industrial effluent treatment systems.

This study demonstrates that machine learning algorithms can model RT and ST
effectively and efficiently, achieving R? values over 0.996 during both the validation and
testing phases. This result is significant, as it indicates that the analysed process can be
digitalised, thereby facilitating the deployment of digital twin models for these operations
in water treatment plants.
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The integration of Aspen Adsorption with machine learning techniques and the devel-
opment of digital twins provide engineers with a powerful tool for the design, control, and
optimisation of adsorption systems. Aspen software enables the simulation of adsorption
columns under various conditions, while machine learning techniques help accelerate
scenario analysis by adjusting sensitive parameters to improve the prediction of equipment
behaviour. When combined with digital twins, this approach enables continuous monitor-
ing, preventive maintenance, and well-informed decision-making that can significantly
impact the performance of the system under study:.

Future work will include an economic assessment and a techno-economic resilience
analysis to evaluate the feasibility and sustainability of the optimal column configuration.
In addition, the implementation of digital twin models is an area that has not yet been
addressed in the current literature.
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Abbreviations

The following abbreviations are used in this manuscript:

a Output vector;
Langmuir constant (L/mg), which indicates the affinity of the adsorbate for

b the adsorbent surface/bias vector;

C, Equilibrium concentration of the contaminant in solution (mg/L);

C Y Contaminant concentration at the column outlet (mg/L);

Co Inlet contaminant concentration (mg/L);

1—(C¢/Cp) Indicates the adsorption process efficiency (—, %);

f Latent variable;

H Matrix of basis functions;

K Affinity or adsorption energy constant [(L/mg)"];

kg Freundlich constant, which indicates the adsorption capacity ((mg/g) (mL/g)");
i Location within the adsorption bed where the equation is being evaluated (-);
I Identity matrix (-);

Iw Input weight matrix (-);

LW Layer weight matrix (-);

N Total number of observations (-);

n Surface heterogeneity factor (-);

1/n Reflects the influence of the initial concentration on the adsorption capacity;
MTCg Mass transfer coefficient (1/s);

P; Predicted value of a response (min, %);

p Input vector;

e Adsorption capacity of the contaminant at equilibrium (mg/g);

Gmax Maximum loading capacity of the adsorbent (mg/g);

T; True value of a response (min,%);
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144 Weight matrix (-);

Wy Concentration of the adsorbed contaminant on the solid phase for component k (mg/g);

- Amount that would be adsorbed if the system were in instantaneous equilibrium
k with the fluid phase (mg/g);

X Analysed predictor;

y Response variable (min, %);

Az Distance between two nodes in the discretised bed (m);

| I Previous node in the direction of flow (-);

T; Contaminant concentration in the fluid phase at position i (mol/ md).

B Coefficient computed from the dataset (-);

a? Error variance
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