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Abstract

Pb(Il) is a potentially toxic element that can cause problems in the respiratory, digestive,
and nervous systems; it can also cause cancer. Most studies have been conducted primarily
in the laboratory; therefore, it is necessary to find a way to predict performance on a large
scale. Taking this into account, the objective of this study was to simulate an industrial-
scale packed adsorption column for the removal of Pb(II) using Dioscorea rotundata-based
biomass as an adsorbent, employing the Aspen Adsorption software. To this end, a
parametric analysis was conducted to evaluate the performance of the bed under different
operating conditions, using the Langmuir and Freundlich isotherms in conjunction with
Linear Driving Force (LDF) kinetics. Removal efficiencies of up to 92.4% were observed
for the Freundlich—-LDF model and 92.4% for the Langmuir-LDF model. Additionally,
machine learning algorithms were combined with statistical indicators (RZ, RMSE) to
analyze the models’ effectiveness. R? values of up to 0.999 were obtained in the validation
and testing phases. This research demonstrates a novel approach to predicting the potential
performance of adsorption columns packed with biomass derived from organic waste in
the field of engineering, using computational tools with machine learning algorithms.

Keywords: adsorption; breakthrough curves; isotherms; kinetics; lead; water treatment

1. Introduction

The presence of pollutants in water bodies represents one of the most critical envi-
ronmental issues worldwide, as it directly affects the quality and availability of water
resources necessary for life and for human activities [1,2]. This situation is primarily caused
by the discharge of wastewater from domestic, agricultural, and industrial activities, which
introduce various chemicals, organic materials, and emerging contaminants into water
sources depending on their source [3,4]. Among the many pollutants that can be found
in water, the following stand out: dissolved solids, which increase turbidity and reduce
light penetration [5]; organic compounds such as pesticides or hydrocarbons [6,7] and
inorganic compounds such as nitrates and phosphates [8], which can cause phenomena
such as eutrophication; emerging contaminants such as pharmaceuticals, which are widely
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used in the healthcare sector and possess persistent characteristics and long-term effects
that are currently under study [9]. However, among all these pollutants, trace metals are a
major cause for concern, as they are highly toxic, bioaccumulative, nonbiodegradable, and
very difficult to remove [10].

Lead (Pb) is one of the most common metals found worldwide, as it can be found
in the Earth’s crust, in the air, in food, and in various materials such as paints and tools,
among other sources [11]. Its presence is primarily due to various industrial activities, such
as mining, metallurgy, the manufacture of paints and batteries, electroplating, and waste
disposal [12]. In water bodies, it can be found in dissolved form or as suspended particles,
allowing for its easy transport and accumulation in sediments [13]. This substancehas
strong neurotoxic properties that negatively affect the human body, causing problems in
the respiratory, digestive, and nervous systems, as well as the development of cancerous
cells and metabolic disorders, among other issues [14].

To remove contaminants from water sources, various techniques have been developed
that can be classified into physical methods, such as filtration [15], sedimentation [16], and
flotation [17], which enable the separation of suspended particles from water; chemical
methods such as coagulation—flocculation and oxidation [18], used to transform or remove
dissolved compounds; and biological methods employing microorganisms to degrade
organic matter [19]. Among these technologies, adsorption is a versatile and efficient
surface technique used to remove contaminants from water, consisting of the accumulation
of substances on the surface of the adsorbent, such as lignocellulosic materials and activated
carbon, among others [20]. This technique is classified into two types: physisorption,
generated by nonspecific Van der Waals forces, and chemisorption, which is generated by
attractive forces (ionic or covalent bonds) [21].

Various studies have been conducted in which different types of adsorbents based on
agricultural waste have been developed for the removal of trace metals, such as banana [22],
coconut [23], oil palm bagasse [24], orange [25], and cocoa [26], among other materials,
demonstrating excellent adsorption efficiency. However, most of these studies have been
conducted at the laboratory level; therefore, researchers have sought ways to predict the
behavior of adsorption processes on a larger scale. To achieve this scaling, technological
tools have been developed that enable the modeling and simulation of removal systems
on a larger scale, such as Aspen Adsorption, a software product from AspenTech, which
implements mathematical models and digital tools to develop adsorption processes at dif-
ferent scales to understand the behavior of these processes in the treatment of contaminated
effluents, separation of substances, and purification of systems, among other applications.

On the other hand, Machine Learning (ML) is a technology that uses artificial intel-
ligence to learn patterns from previously obtained information. Its importance lies in its
ability to understand and analyze large amounts of data, identify complex relationships,
and build highly accurate predictive models, making it essential in scientific and industrial
contexts [27]. Its use with results obtained from simulations allows for accelerated analy-
sis, parameter adjustment, and reduced computational costs, facilitating decision-making,
experimental designs, and the anticipation of operational system behavior under various
operating conditions, making it an excellent computational tool for technological scaling
and advanced research [28].

Similarly, the implementation of Simulink serves as a fundamental tool for the in-
tegration and digitization of models developed by exporting data obtained from Aspen
Adsorption and ML into a dynamic environment. This tool makes it possible to reproduce
and analyze the behavior of complex processes in a simpler and more efficient manner [29].
In this context, issues related to digitalization take on greater significance; this approach
relies on the integration of computer tools, process simulation, and data analysis to generate

https://doi.org/10.3390/environments13070368


https://doi.org/10.3390/environments13070368

Environments 2026, 13, 368

30f17

complex systems through virtual environments. The combination of these technologies
forms a surrogate modeling methodology, which enables the development of models capa-
ble of predicting system performance with greater accuracy and at a low computational
cost. Given the above, this study aimed to simulate an adsorption column packed with
yam residues on an industrial scale for the removal of Pb(II) using parametric analysis and
ML pre-settings. This research examines the potential of computational technologies, in
conjunction with machine learning, to predict the performance of adsorption beds in order
to obtain highly accurate results, providing quantitative information on a fixed-bed column
composed of agricultural waste.

2. Materials and Methods
2.1. Establishing the Conditions for Simulating the Adsorption Column

Aspen Adsorption V11 software was used as a computational tool to simulate the
packed adsorption column using Dioscorea rotundata for the removal of Pb(Il). Therefore,
it is necessary to correctly set the configuration and conditions of the adsorption column,
first defining the contaminants to be removed from the water bodies; that is, the chemical
components are established using the software’s database. In this case, Pb(Il) was specified
as the substance to be removed. Subsequently, the thermodynamic package is set up to
calculate the physical properties of the contaminant. In this case, it used the Electrolyte
Non-Random Two-Liquid (ELECNRTL) package [30]. Now, various parameters related to
the sizing, operation, and modeling of the column are incorporated into the simulation;
these are key variables for developing the equipment that will remove Pb(Il) from the
solution. Consequently, various studies were analyzed to identify the different variables
required by the software [31]. Therefore, these parameters were studied, analyzed, and
adjusted for this simulation model. Table 1 presents the parameter values for the fixed-bed
column configuration.

Table 1. Parameters required for the adsorption column simulation.

Parameters Values
Bed diameter, m 1
Bed porosity, m® of void space/m? of bed 0.4
Bulk density, kg/m? 230
Constant mass transfer coefficient, 1/s 2.722 x 1074
Total void porosity 0.753
Freundlich parameter : kr, (mg g’l (mg L-1l/n 13.42
Freundlich parameter: 1/n 0.86
Langmuir parameter: b (L/mg) 0.16
Langmuir parameter : q,,.. (mg/g) 98.36

Similarly, the software requires various parameters to be set correctly so that the simu-
lation runs efficiently. Therefore, each of these parameters was analyzed and configured to
ensure proper operation. These parameters are presented in Table 2.
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Table 2. Criteria specified in the column settings.

Section

Description Established Criterion

General

Discretization scheme: Upwind

Define the discretization technique Discretization Scheme (UDS1)

Material / Momentum Balance

No axial dispersion

Define the considerations related to axial
No pressure drops

dispersion, pressure drop, and flow rate.

Constant velocity
Kinetic Model Define the kinetic model Linear driving force (LDF) model
Isothermal Model Define the isothermal model Langmuir model

Freundlich model

Energy Balance

Address the established

. Isothermal system
adsorption process.

2.2. Parametric Evaluation in the Adsorption Column

The operating conditions of a system are a set of fundamental parameters that enable
the process to function properly and achieve its established objective. In this study, a
parametric analysis was conducted to evaluate the effect of various operating conditions on
the performance of the Pb(Il) removal system. Therefore, the factors of bed height (h) and
inlet flow rate (Q) were varied to assess their impact on adsorption efficiency, breakthrough
time (BT), and saturation time (ST) [32-34]. Table 3 presents the parameter ranges used
in the parametric study of Pb(Il) adsorption. Furthermore, it is assumed that the process
occurs at a temperature of 30 °C, an initial contaminant concentration of 1000 mg/L and a
pressure of 1 atm.

Table 3. Ranges of study parameters for the adsorption column simulation.

Variables Unit Range
Q m?/day 100, 125, 150, 175, 200, 225, 250
h m 3,3.25,3.5,3.75,4

2.3. Machine Learning Techniques

Machine learning techniques were used to reproduce and evaluate the simulations
developed in Aspen Adsorption. Consequently, a database was constructed based on the
results obtained under different operating conditions of the simulated system, which were
previously analyzed and organized for proper use. The database consists of a set of 70 input
data points obtained from the adsorption column simulations for the removal of Pb(II).
This information was entered into an integrated software application in MATLAB R2024b
known as Regression Learner, which allows for the identification of the best algorithm to
model the evaluated process. Twenty-eight machine learning algorithms integrated into
the software’s database were applied, as shown in Figure 1.

During the model training phase, the following predictors and responses were selected,
as shown in Table 4.

Table 4. Predictors and selected responses for the ML model.

Predictors Responses
Q Breakthrough time (BT)
h Saturation time (ST)
Model type Contaminant removal efficiency (1 — C/Cp).
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Figure 1. Machine learning hyperparameters used in this study.

2.4. Mathematical Foundations

Isothermal models describe the relationship between the concentration of the adsorbate
in the liquid phase at a constant temperature and the adsorbent, representing how the
system reaches equilibrium [35]. Aspen Adsorption uses various mathematical models to
describe the interactions between the amount of solute to be removed and the material used
for adsorption. For this study, we used the Langmuir isothermal model, which assumes
that the adsorption process occurs on a surface with identical active sites (monolayer) [36],
and the Freundlich isothermal model, which assumes adsorption on surfaces with different
active sites (multilayer) [37], described by Equations (1) and (2), respectively:

o GmaxbCe
o= 1T50C @
ge = kpCp'" 2

On the other hand, kinetic models help us understand how quickly the adsorbate
transfers from the fluid to the surface of the adsorbent material. In the software, these
models help determine factors such as the process rate and the time required to reach
system equilibrium [38]. In this study, the linear driving force (LDF) model was selected
as the kinetic model, based on the hypothesis that the system’s driving force, when af-
fected by concentration, has an impact on the process’s mass transfer [39], as described by

Equation (3):
ow *
S5 = MICy (wk - wk) 3)
When applying ML techniques, the selection of statistical metrics is key to evaluating
model performance and determining the best algorithm for the model, taking into account

the analyzed responses. For this study, we used the statistical metrics shown in Table 5.
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Table 5. Selected statistical indicators for analyzing model performance.

Metrics Equation Source
2
Coefficient of determination or R-squared (R?) R2—1_ Zea(Ti=p) 4
! SRR [4041]
Root mean square error (RMSE) RMSE — \/%Zfil (T; — Pi)2 (5)

This study used three machine learning hyperparameter sets because they yielded
the best results during validation and testing, based on the values of the selected metrics.
Furthermore, the results obtained for the response variables BT, ST, and efficiency were best
suited to the Gaussian Process Regression (GPR) algorithm, a probabilistic mathematical
model that follows a Gaussian distribution [42].

Ply|f, X) ~N(y | HB+f, 1) ©)

3. Results and Discussion
3.1. Sensitivity Analysis of Inlet Flow Variations

The Q parameter was varied within the range of values presented in Table 2, while
keeping the h fixed at 3 m, in order to isolate and evaluate the effect of flow rate on the
performance of the Pb(II) removal process. The results obtained following the simulation
process revealed that increasing the Q had a positive effect on the efficiency of the contam-
inant removal process; however, this led to a decrease in the BT and ST times obtained.
This phenomenon occurs when a greater flow of liquid enters the column, facilitating the
renewal of the boundary layer on the adsorbent surface and promoting mass transfer from
the liquid phase to the active sites of the solid [43,44]. This behavior is shown in Table 6.

Table 6. The data were obtained from the variations in the inlet flow rate during the adsorption

process.
Contaminant Lead (Pb(I1))
Mathematical Model garameter BT (min) ST (min) Efficiency (%)
valuated
250 m3/day 143 781 92.4
225 m3/day 160 906 91.6
200 m?/day 181 1127 90.6
Freundlich-LDF 175 m3/day 209 1357 89.3
150 m3/day 246 1466 87.7
125 m3/day 297 1833 85.4
100 m3/day 375 2042 82.1
250 m3/day 143 781 92.4
225 m3/day 160 906 91.6
200 m?/day 181 1126 90.6
Langmuir-LDF 175 m3/day 209 1356 89.3
150 m3/day 246 1465 87.7
125 m3/day 297 1832 85.4
100 m3/day 375 2041 82.2
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This behavior can be observed in Figure 2, which shows the breakthrough profiles
constructed from the results obtained from the packed column simulations. These curves
describe the change in the outlet concentration of Pb(Il) over time. Therefore, a combination
of the Freundlich model with LDF (Figure 2a) and the Langmuir model with LDEF (Figure 2b)
was employed. The curves exhibit a relatively sharp breakpoint, reflecting a rapid change
in relative concentration between the phase in which the column effectively retains the
contaminant and the point at which it begins to saturate abruptly, indicating that the mass
transfer zone is relatively narrow and that the adsorption process through the bed is well
defined. Furthermore, the tail effect does not have a significant influence in the saturation
region, as the curves reach stability rapidly, indicating that intraparticle diffusion resistance
is low; therefore, mass transfer to the active sites occurs efficiently and relatively uniformly
under the established conditions. These curves allowed us to identify the fundamental
parameters of bed performance: BT, ST, and efficiency, presented in Table 6.
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Figure 2. Adsorption profiles of contaminants as a function of Q: (a) Freundlich—-LDF model and
(b) Langmuir-LDF model.

3.2. Sensitivity Analysis Regarding Variations in Bed Height

The h parameter was varied within the range of values shown in Table 2, while the Q
was kept constant at 250 m?/day, in order to isolate and evaluate the influence of flow rate
on the performance of the Pb(II) removal process. The results obtained after the simulation
process showed that increasing the h prolongs the BT and ST times; however, process
efficiency is negatively affected, resulting in a reduction in this variable. This phenomenon
is due to the presence of a greater volume of adsorbent in the system resulting from the
column length, which increases the number of active sites and delays the saturation of the
adsorbent material, leading to a longer total process duration [31,45]. This performance
can be seen in Table 7.

This behavior can be observed in Figure 3, which shows the breakthrough profiles
constructed from the results obtained from the packed column simulations. These curves
describe the change in the outlet concentration of Pb(II) over time. Therefore, a combination
of the Freundlich model with LDF (Figure 3a) and the Langmuir model with LDF (Figure 3b)
was employed. The curves show a consistent trend toward longer break-up and saturation
times, while maintaining a well-defined sigmoidal shape and relatively steep break-up
fronts, indicating that the mass transfer zone remains concentrated and that the bed is
operating efficiently. Furthermore, the tail effect does not exert a significant influence in
the saturation region, as the curves reach stability rapidly, indicating that intraparticle
diffusion resistance is low; therefore, mass transfer to the active sites occurs efficiently
and relatively uniformly under the established conditions. These curves allowed us to
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identify the fundamental parameters of bed performance, BT, ST, and efficiency, presented
in Table 7.

Table 7. The data were obtained from changes in bed height during the adsorption process.

Contaminant Lead (Pb(ID))
Mathematical Model ~ LAf3meter  pr i) ST (min)  Efficiency (%)
Evaluated

3m 143 781 92.4

3.25m 156 873 91.8

Freundlich-LDF 35m 169 981 91.2
3.75m 181 1015 90.6

4m 194 1137 90.0

3m 143 781 92.4

3.25m 156 873 91.8

Langmuir-LDF 35m 169 980 91.2
3.75m 181 1014 90.6

4m 194 1136 90.0

3m

3.25m

3.5m

x 100 (%)

3.75m

—i4m

[1-(C/Cyl

1500 2000 2500 3000 3500 4000 4500 5000 0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Times (Minutes) Times (Minutes)

Figure 3. Adsorption profiles of contaminants as a function of h: (a) Freundlich—-LDF model and
(b) Langmuir-LDF model.

3.3. ML Implementation

ML techniques were used to simulate the responses obtained through the adsorp-
tion process developed in Aspen Adsorption. Twenty-eight established machine learning
algorithms were applied to a dataset of 70 input data points to select the best statistical
indicators for each evaluated response. These algorithms allow for a more accurate esti-
mation of the evaluated response variables, presenting results in a validation phase and a
testing phase. The results obtained from applying the set of 70 input data points to the ML
implementation can be seen in Table 8. It can be observed that, for the TC, TM, SVME, and
EEL models, R? values below 0.8 were obtained for all the response variables studied. On
the other hand, the EBO model exhibits low R? values for the efficiency response, while the
SVMK model exhibits low R? values for the BT and ST response variables. This indicates
that these models have a limited ability to capture the patterns and relationships within the
implemented dataset. Likewise, it is evident that the GPRS model performed the best.
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Model BT (min) ST (min) Efficiency
Type RMSE RMSE R? R? RMSE RMSE R? R? RMSE RMSE R? R?
V) (T) V) (T) (v) (T) ) (T) v) (T) V) (T)
LRL 27.441 26.745 0.923 0.852 124.005 110.259 0.917 0.948 0.011 0.008 0.926 0.935
LRI 27.184 28.449 0.925 0.832 134.037 126.221 0.903 0.932 0.011 0.008 0.922 0.932
LRR 28.121 25.929 0.919 0.860 124.165 113.912 0.917 0.945 0.011 0.008 0.931 0.934
SLR 28.163 26.095 0.919 0.859 122.930 110.144 0.919 0.948 0.011 0.008 0.923 0.937
FT 36.119 24.576 0.867 0.875 141.696 131.927 0.892 0.926 0.015 0.010 0.879 0.871
™ 53.546 32.775 0.708 0.777 224.983 215.236 0.727 0.802 0.021 0.019 0.602 0.773
TC 99.045 85.106 —4.44 x 107 —0.503 430.740 486.968 —222x 107  —0.013 0.043 0.032 —0.159 4.44 x 10710
SVML 28.342 23.564 0.918 0.885 128.317 124.637 0.911 0.934 0.012 0.006 0.963 0.920
SVMQ 8.243 7.561 0.993 0.988 99.254 93.625 0.947 0.963 0.004 0.004 0.983 0.992
SVMC 8.953 8.376 0.992 0.985 96.874 95.596 0.949 0.961 0.004 0.003 0.988 0.990
SVMF 78.524 58.936 0.371 0.279 349.909 379.128 0.340 0.386 0.036 0.019 0.602 0.310
SVMM 22.255 17.545 0.950 0.936 153.720 171.385 0.873 0.875 0.011 0.006 0.965 0.940
SVMG 36.745 15.098 0.862 0.953 155.348 163.104 0.870 0.886 0.015 0.005 0.973 0.874
ELE 61.144 26.470 0.619 0.855 358.711 460.349 0.306 0.095 0.042 0.027 0.156 0.072
EEL 103.834 62.328 —0.099 0.194 433.766 464.315 —0.014 0.079 0.044 0.030 —0.015 —0.052
EBO 32.339 9.411 0.893 0.982 164.451 111.794 0.854 0.947 0.038 0.038 —0.642 0.242
EBA 40.782 19.735 0.830 0.919 174.018 173.663 0.837 0.871 0.017 0.010 0.893 0.846
GPRS 1.611 0.710 1.000 1.000 93.414 86.945 0.953 0.968 0.001 0.001 1.000 1.000
GPRM 2127 0.843 0.999 1.000 92.975 87.944 0.953 0.967 0.001 0.000 1.000 1.000
GPRE 12.976 5.671 0.983 0.993 101.991 100.977 0.944 0.956 0.005 0.002 0.995 0.985
GPRR 1.637 0.686 1.000 1.000 93.507 86.945 0.953 0.968 0.001 0.001 1.000 1.000
NNN 7.857 3.005 0.994 0.998 84.519 120.800 0.961 0.938 0.005 0.002 0.994 0.989
NNM 3.209 1.799 0.999 0.999 98.213 79.757 0.948 0.973 0.011 0.008 0.936 0.939
NNW 2.542 2.220 0.999 0.999 91.483 122.692 0.955 0.936 0.017 0.012 0.833 0.838
NNB 2.979 4.850 0.999 0.995 120.966 81.775 0.921 0.971 0.007 0.001 0.999 0.971
NNT 9.179 6.018 0.991 0.992 116.040 110.405 0.927 0.948 0.011 0.005 0.969 0.932
SVMK 96.697 67.684 0.047 0.049 433.570 480.806 —0.013 0.013 0.007 0.005 0.977 0.974
LSRK 34.259 28.512 0.880 0.831 175.933 238.773 0.833 0.757 0.013 0.008 0.933 0.905

Note: T = testing stage, and V = validation stage. The gray cells represent the selected ML model.

It can be observed that, for the GPRS model, R? values close to 1 were obtained
for all response variables; this indicates that this model provided the best fit for the
dataset used. In this context, it can be concluded that the relationship between the input
variables and the response variables is highly consistent and reproducible. Figure 4 shows a
comparison between the values obtained using Aspen Adsorption (True) and the predicted
values (Predicted). The selected ML algorithms showed excellent agreement with the
data obtained from the Aspen Adsorption simulation, demonstrating a good correlation
between the validation phase and the testing phase, indicating that there was no overfitting
of the parameters.

The use of a dataset consisting of 70 data points proved effective for fitting the model,
demonstrating that the ML models successfully captured the pattern generated by the data
produced by the Aspen Adsorption software. Furthermore, the use of SHAP (Shapley
Additive Explanations) plots makes it possible to understand the influence of each predictor
variable on the response variable, identifying which parameters have the greatest positive
or negative impact on the model’s output. As can be seen in Figure 5, the predictor with
the greatest effect on the response variables BT (Figure 5a), ST (Figure 5b), and Efficiency
(Figure 5¢) was the Q parameter, followed by h and finally the model type.
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Figure 4. Comparison of actual and predicted values: for BT, (a) validation phase and (b) testing
phase; for ST, (c) validation phase and (d) testing phase; for efficiency, (e) validation phase and

(f) testing phase.
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Figure 5. Shapley evaluates the use of a GPRS model to describe the impact of predictors on response
variables. (a) BT, (b) ST, (c) Efficiency.

Other important factors for evaluating the performance of ML models are prediction
speed and training time, which help determine the models’ computational efficiency and
feasibility of implementation. Training time represents the model’s ability to learn from the
dataset within a given period.

Figure 6 shows that the range of training time values for the models varies between
0 and 20 s, indicating that, for the response variable BT, most ML models had training
times greater than 10 s. Meanwhile, for the response variables ST and efficiency, the values
ranged from 0 to 10 s, with the results obtained for efficiency showing the lowest values in
most models.

On the other hand, prediction speed refers to how quickly the model generates results
after training. Figure 7 shows the prediction speed ranges for the ML models used. It can
be observed that the prediction speed results ranged from 0 to 5100 obs/sec. It is evident
that, for the BT response variable, the lowest average prediction values were obtained,
indicating that, for this parameter, the models generate results more quickly and efficiently,
requiring less computational time to process new data and generate responses. Meanwhile,
the efficiency response variable obtained the highest prediction speed values, indicating
that, for this parameter, the models require more computational time to produce a response.
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Figure 6. Training Time of ML models.

Subsequently, the ML models were exported to Simulink in order to build a digital
system based on the trained model. This conversion of the machine learning model to
Simulink facilitates the model’s interaction with various input and output variables in real
time, providing a highly practical way to use simulations under more realistic conditions
and enabling more precise control of process conditions. This makes it an excellent tool
applicable to various systems, generating more reliable predictions based on real-time
operational data. Figure 8 presents a diagram of the system exported to Simulink, showing
that the results obtained with this computational tool are similar to those obtained from the
simulation process in Aspen Adsorption.

The combined use of these computational tools enables the implementation of a
technique known as surrogate modeling, a method for creating mathematical models or
simplified computations that provides a simpler approximation of the behavior of complex
systems and their costs. This allows the data obtained from the simulation in Aspen
Adsorption to be transformed into predictive models using ML for subsequent export to
Simulink to build a digital system, making it a convenient tool for data prediction and
calibration to ensure the fit, accuracy, and robustness of estimates in various processes.
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Figure 8. System diagram created by exporting the results of the trained model to Simulink.

4. Conclusions

This study is presented as exploratory research, demonstrating the potential perfor-
mance of a packed bed containing Dioscorea rotundata as an adsorbent for the removal
of Pb(II) from water sources. The data obtained from the simulations provide valuable
information for trend analysis and the formulation of hypotheses regarding the system’s
performance under full-scale conditions.

The implementation of a parametric analysis highlighted the impact of changes in
flow rate and bed height on system performance, revealing that a taller column prolongs
the time required for system saturation to occur, while a higher flow rate enhances process
performance, demonstrating that the appropriate selection of these variables is fundamental
for system modeling and operation.
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In addition, the development of validation and testing phases using machine learning
algorithms made it possible to efficiently evaluate the model’s performance, achieving
R? values of up to 0.99, which lays the groundwork for the feasibility of implementing
machine learning techniques to replicate the analyzed process.

The combination of Aspen Adsorption with ML algorithms represents an excellent
tool for the design and optimization of the adsorption process, allowing for the integration
of system performance prediction through simulation with ML, thereby improving scenario
evaluation by adjusting fundamental variables to enhance the model’s predictive capability.
Similarly, exporting the results to Simulink made it possible to build a digital system based
on the trained model. This implementation of surrogate modeling allowed for the creation
of a simpler model that approximates the performance of a more complex system.

In the future, a technical-economic assessment will be conducted to determine the fea-
sibility and sustainability of the process, with the aim of expanding the current approach by
implementing experimental validation. This would allow us to move from the exploratory
simulation stage to a phase with more established, well-founded, and experimentally
supported characteristics, enabling the design and optimization of adsorption systems.
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Nomenclature

The following abbreviations are used in this manuscript:

b Langmuir constant (L/mg);

Ce Concentration of contaminant in solution at equilibrium (mg/L);

Cr Output concentration at the saturation point (mg/L);

f Latent variable introduced in each observation;

H Matrix of basic functions;

I Identify matrix;

kr Freundlich constant indicating adsorption capacity [(mg/g)-(mg/L)"];

Mass transfer parameter that controls the rate at which the contaminant

MTCo approaches equilibrium within the adsorbent material (1/s);

N Total number of observations;

P; Predicted value of a response;

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

Gmax Maximum loading capacity (mg/g);

T Average value of observations;

T; True value of a response;

Wy Concentration adsorbed in the solid for component k (mg/g);

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

(w), — wy) Expression represents the driving force of mass transfer (mg/g);

g Expression represents the rate of change in the adsorbed amount with respect to
o time (mg/g X s)

X Predictors;

y Response variable;

B Coefficient computed from the dataset;

o2 Error variance.

1/n Effect of initial concentration on adsorption capacity;

(1 —Cy/ Co) Indicates the efficiency of the adsorption process (%);
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