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ABSTRACT 
The transition to renewable energy sources, such as biogas, requires purification processes to 
separate methane from carbon dioxide, with adsorption-based methods being widely employed. 
Accurate simulations of these systems, governed by coupled PDEs, ODEs, and algebraic equa-
tions, critically depend on precise parameter determination. While traditional approaches often 
result in significant errors or complex procedures, optimization algorithms provide a more efficient 
and reliable means of parameter estimation, simplifying the process, improving simulation accu-
racy, and enhancing the understanding of these systems. This work introduces an Artificial Intel-
ligence-based methodology for estimating the isotherm parameters of a mathematical phenome-
nological model for fixed-bed experiments. The separation of CO₂ and CH₄ is used as case study. 
This work develops an algorithm for parameter estimation for the system's mathematical model. 
The results show that the validated model has a close fit with experimental results. 
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INTRODUCTION 
The need to reduce greenhouse gas emissions has 

driven the shift toward renewable energy sources such 
as biogas. However, to use biogas as a substitute for nat-
ural gas, it must undergo a purification process to sepa-
rate methane from carbon dioxide. Adsorption-based 
separation processes are standard methods for biogas 
separation. Fixed-bed systems form the fundamental 
step for many separation processes in this context [1].  

Parameter estimation is a usual step in developing 
mathematical models which affects not only the model 
prediction in itself, but also the future use of the model in 
process control and optimization. 

 By solving a system of coupled Partial Differential 
Equations, Ordinary Differential Equations, and Algebraic 
Equations, it is possible to accurately simulate fixed-bed 
units used in these processes [1, 2]. However, a rigorous 
simulation and, consequently, a better understanding of 

the intrinsic phenomena governing these systems, such 
as adsorption isotherms, film and particle mass transfer, 
energy transfer phenomena, among others, heavily de-
pends on the parameter values [3]. These parameters 
can be estimated using well-known mathematical corre-
lations or trial and error. However, these methods often 
introduce significant errors [4]. For a more accurate de-
termination, an optimization algorithm can be employed 
to find the best set of parameters that minimize the dif-
ference between the simulation and experimental data, 
thereby providing a better representation and under-
standing of the real process.  

Different optimization methodologies can be em-
ployed for this purpose. For example, deterministic meth-
ods are known for ensuring convergence to an optimal 
solution, but the starting point selection significantly im-
pacts their performance [5]. In contrast, meta-heuristic 
techniques are often preferred for their adaptability and 
efficiency since they do not rely on predefined initial 
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conditions [6]. However, these approaches may not al-
ways guarantee finding the optimal solution for every 
problem. 

Within the field of Artificial intelligence, Reinforce-
ment Learning (RL) emerges as self-supervised tech-
nique. RL uses a trial-and-error algorithm, guided by re-
wards, to help agents learn optimal behaviors, mapping 
situations to actions to maximize long-term rewards [7]. 
RL excels at handling delayed feedback, where actions 
impact both immediate and future outcomes, enabling ef-
fective long-term planning. However, RL faces chal-
lenges in balancing exploration (seeking new optimal ac-
tions) and exploitation (using current knowledge to max-
imize rewards). Striking this balance is critical, as prema-
ture exploitation can lead to suboptimal solutions, while 
excessive exploration delays progress [8]. 

Recent advancements, including algorithms like 
Deep Deterministic Policy Gradient (DDPG), have ex-
panded RL's reach by using deep neural networks for 
high-dimensional action spaces. This has driven success 
in multiple fields, including robotics, games, and industrial 
optimization by a more efficient management of delayed 
rewards and refining exploration-exploitation [9, 10]. 

This work introduces an AI-based approach for es-
timating adsorption isotherm parameters in the mathe-
matical model of fixed-bed experiments for CH₄/CO₂ 
separation. Using a DDPG agent in a Reinforcement 
Learning algorithm, this methodology addresses the 
common limitations of deterministic methods by leverag-
ing a deep neural network capable of balancing exploita-
tion and exploration, aiming to optimize the fit between 
simulated results and experimental data by minimizing 
the error between the two datasets, thereby enhancing 
the accuracy and predictive capability of the model. 

MATERIALS AND METHODS  

Objective 
Adsorption in a fixed bed unit can be described 

through a mathematical model that includes the mass, 
energy, and momentum balances that govern the pro-
cess. Proper modeling of the equilibrium data is critical 
for effective process design. Using three different ap-
proaches, the main objective of this work is to determine 
the parameter set, θ, of the Extended Langmuir isotherm 
(Equation 1) that, when incorporated into the mathemat-
ical model (available in [1]) for simulating the gas compo-
sition in fixed-bed experiments, enables accurate repro-
duction of experimental data, and achieves a close-to-
optimal fit between simulated and experimental results. 

𝑞𝑞𝑖𝑖 = 𝑞𝑞𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖
𝑏𝑏𝑖𝑖𝑃𝑃𝑖𝑖

1 + 𝛴𝛴1=1𝑛𝑛 (𝑏𝑏𝑖𝑖𝑃𝑃𝑖𝑖)
 (1) 

Experimental Dataset  

This work used experimental data collected by Fer-
reira and colleagues [1] , using MIL-53(Al) as the adsor-
bent for the CH₄/CO₂ separation in fixed-bed experi-
ments. The dataset comprises 17 breakthrough experi-
ments conducted under varying feed composition and 
pressure (from 0.1 to 4 bar) conditions, all at constant 
temperature (303 K). The conditions can be consulted in 
Tabel SI.1. At the start of each breakthrough experiment, 
the column, initially filled with He, was fed with either 
pure gas or with a gas mixture of CO2 and CH4. Once the 
column reached saturation under the specified feed con-
ditions the inlet stream was switched to helium at the 
same total flow rate to initiate the regeneration step. The 
dataset includes 7 experiments with pure CO₂, 7 with 
pure CH₄, and 3 with varying mixtures of CO₂/CH₄. 

Since all experiments were conducted at the same 
temperature, the estimated parameters were 𝑞𝑞𝑠𝑠𝑠𝑠𝑠𝑠,𝐶𝐶𝐶𝐶2, 
𝑞𝑞𝑠𝑠𝑠𝑠𝑠𝑠,𝐶𝐶𝐶𝐶4, 𝑏𝑏∞,𝐶𝐶𝐶𝐶2 and 𝑏𝑏∞,𝐶𝐶𝐶𝐶4. The parameters 𝑏𝑏𝐶𝐶𝐶𝐶2 and 𝑏𝑏𝐶𝐶𝐶𝐶4 
can be calculated using Equation 2, based on a constant 
value of (−𝛥𝛥𝐻𝐻𝑖𝑖)  obtained from the literature:  26000 
J∙mol⁻¹ for CO2 and 18300 J∙mol⁻¹ for CH4 [11].  

𝑏𝑏𝑖𝑖 = 𝑏𝑏∞,𝑖𝑖 𝑒𝑒𝑒𝑒𝑒𝑒 �
−𝛥𝛥𝐻𝐻𝑖𝑖
𝑅𝑅𝑔𝑔𝑇𝑇

� (2) 

Ferreira et al. [1] obtained the adsorption isotherms 
parameters through breakthrough experiments. The ad-
sorbed amount of gas was calculated using breakthrough 
curve data from adsorption and desorption experiments. 
For adsorption, the area under the breakthrough curve 
was integrated and subtracted from the total gas fed into 
the column. For desorption, the area under the curve was 
directly integrated. Comparing both adsorbed amounts 
(adsorption and desorption), one can verify whether the 
mass balance closes. These values were normalized by 
dividing by the dry adsorbent mass, yielding the ad-
sorbed amount per mass unit of adsorbent.  

Subsequently, the Extended Langmuir Isotherm pa-
rameters were determined using the Generalized Re-
duced Gradient Nonlinear Solver by fitting the experi-
mental data for adsorbed amounts to the Extended Lang-
muir Equation, using the partial pressures from each ex-
periment. The parameters obtained can be consulted in 
Table 1 and were used as reference values for this work. 

Reinforcement Learning Algorithm 
The RL setup requires defining: (1) the Environment, 

representing the system where actions are applied; (2) 
the Reward, which guides the algorithm's learning pro-
cess; (3) the State, reflecting the environment's response 
to an action; (4) the Agent, the decision-making compo-
nent of the RL algorithm; and (5) the Actions, indicating 
how the algorithm interacts with the environment. 

The action represents how the RL agent affects the 
environment to maximize the reward. In this work, the ac-
tion is the set of parameters, θ, that needs to be 
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estimated. The action must be constrained between a 
lower (𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚) and an upper bound (𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚) and an initial 
guess must be given (𝐴𝐴𝐴𝐴𝐴𝐴0). 

The agent is the core of the RL algorithm, responsi-
ble for learning from past trials (exploitation) and explor-
ing new possibilities (exploration) to maximize long-term 
rewards by deciding the next action to take. The selec-
tion of the best agent depends on the desired policy, ob-
servation space, action space, and learning process. For 
this project, since a deterministic policy is preferred over 
a stochastic one, both the observation and action spaces 
are continuous, and the objective function is too complex 
for a simpler Q-learning process so a deep neural net-
work-based agent was chosen, a Deep Deterministic Pol-
icy Gradient agent was selected. 

The tuning of the neural networks responsible for 
the agent is crucial, as their hyperparameters play a key 
role in balancing exploration and exploitation.    

Parameter Estimation  
All the work was done on a computer with a proces-

sor 13th Gen Intel(R) Core (TM) i7-13700F 2.10 GHz, 32 
GB of RAM and a graphic card NVIDIA GeForce RTX 4070.  

The first approach tried replicating the method de-
scribed in [1], replacing the used solver with the RL algo-
rithm. This enabled the direct adjustment of the Extended 
Langmuir model for each experiment with the experi-
mental values of 𝑞𝑞𝐶𝐶𝐶𝐶2 and 𝑞𝑞𝐶𝐶𝐶𝐶4, obtained after mass bal-
ance, as previously described.  

In this approach, the Environment is defined as the 
calculation of the predicted 𝑞𝑞𝐶𝐶𝐶𝐶2 and 𝑞𝑞𝐶𝐶𝐶𝐶4 values for all 
experiments using Equation 1. The Action corresponds to 
the set of parameters to be applied in Equation 1, while 
the State represents the Mean Squared Error (MSE) be-
tween the calculated and experimental 𝑞𝑞𝐶𝐶𝐶𝐶2 and 𝑞𝑞𝐶𝐶𝐶𝐶4 val-
ues. In RL, the reward is typically designed to be maxim-
ized. However, since the objective is to minimize the error 
between experimental and simulated data, the Reward is 
defined as the negative of the MSE between the simu-
lated and experimental results. 

This entire approach was implemented in MATLAB. 
After the training, the parameter set that best minimized 
the MSE was used to simulate the 17 breakthrough ex-
periments and the error between the experimental and 
simulated dataset was compared with the one obtained 
with the reference parameters. 

The second and third approaches involved the di-
rect adjustment of parameters based on the break-
through curves simulations. The Environment is the sim-
ulation of the breakthrough experiments used for train-
ing, utilizing the parameter set provided by the agent in 
each trial. The simulations were conducted in the 
gPPROMS environment (Process Systems Enterprise, 
London, UK) and numerically solved using the orthogonal 
collocation on finite elements method, with second-order 

polynomials and 115 intervals, using the phenomenologi-
cal model available at [1, 2]. The RL Algorithm was imple-
mented in MATLAB.  

As mentioned, RL algorithms typically aim to opti-
mize a problem by maximizing the reward. Since the goal 
is to minimize the difference between experimental and 
simulated data, the reward is the negative of the error 
between the two datasets. The number of comparison 
points per experiment is denoted as 𝑁𝑁points. Since this 
value varies across experiments, a weighting factor, 𝜔𝜔, is 
applied to normalize the MSE between experiments. 

Equation 3 shows the objective function (𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜) to be 
minimized and Equation 4 the Long-Term Reward 
(RewLT) that the agent aims to maximize. In these equa-
tions, y corresponds to the molar composition of a deter-
mined component, j represents the experiment number, 
𝑁𝑁𝑒𝑒𝑒𝑒𝑒𝑒  is the total number of experiments, 𝑘𝑘 is the time cor-
responding to the simulated and experimental points, 𝑇𝑇 is 
the total duration of the experiment, and 𝑖𝑖 represents 1 
and/or 2 (depending on the type of experiment) corre-
sponding to CO2 and CH4, respectively.  

𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜 =  

�𝜔𝜔𝑗𝑗 �
1

𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑗𝑗
���(𝑦𝑦𝑘𝑘,𝑒𝑒𝑒𝑒𝑒𝑒,𝑖𝑖 − 𝑦𝑦𝑘𝑘,𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖)2

2

𝑖𝑖=1

� 
𝑇𝑇

𝑘𝑘=1

�

𝑁𝑁𝑒𝑒𝑒𝑒𝑒𝑒

𝑗𝑗=1

 
(3) 

RewLT =  � Rewtrial

Ntrials

trial=1

=  � − 𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

Ntrials

trial=1

 (4) 

 
To ensure consistency in the rate of change for each 

parameter across trials, the action generated by the 
agent is normalized in a range between -1 and 1. Before 
being sent to the environment, the action is re-normal-
ized, converting it into a set of parameters suitable for 
simulating the experiments. This helps nullify the high dif-
ference in the order of magnitude between the parame-
ters to be estimated.  

To reduce computational effort, 6 experiments were 
selected from the dataset of 17. These included 2 exper-
iments with pure CO2, 2 with pure CH4, and 2 binary ex-
periments. The RL algorithm focused on maximizing the 
long-term reward for these 6 breakthrough curves during 
training by maximizing the reward function in each trial. 
Once the optimal θ  was identified for these experiments, 
it was used to simulate the remaining experiments, and 
the objective function was evaluated across all experi-
ments to assess the methodology's results. 

The primary difference between approaches two 
and three lies in the range of the search for the optimal 
set of parameters, specifically in the range of the action. 
The first and second approaches aimed to improve the 
results obtained by the authors of the base article. To 
achieve this, a range of ±20% around the reference 
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values was used as the upper and lower limits for the ac-
tion to be taken in each trial. The reference values served 
as the initial guess. The third methodology was imple-
mented to assess the RL algorithm's ability to find the op-
timal set of parameters without prior knowledge of the 
system. In this case, a broader range of exploration was 
allowed for each parameter. The initial guess was set as 
the mean value of the action limits. The action limits for 
each approach can be consulted in Table SI.4. 

RESULTS 

Agent 
A DDPG agent is an actor-critic RL agent that, using 

neural-networks, searches for an optimal policy that 
maximizes the expected cumulative long-term reward. 
The actor takes observations and returns the corre-
sponding action that maximizes the long-term reward. 
The critic takes observations and actions as inputs and 
returns the corresponding expectation of the long-term 
reward. 

The architecture and structure used are based on 
the one presented in [1], with some adaptations. The ac-
tor is a feedforward neural network with three fully con-
nected layers. The first two dense layers have 256 neu-
rons each, followed by ReLU activations. The final dense 
layer has 4 neurons, and its output is transformed using 
the Tanh activation function. The critic is a multi-input ar-
chitecture with two neural network branches. Both input 
features through a fully connected layer with 256 neu-
rons. The outputs of these branches are concatenated 
and passed through a ReLU activation, followed by a fully 
connected layer with 256 neurons and a subsequent 
ReLU activation. The agent uses an Ornstein–Uhlenbeck 
noise function to develop an exploration policy. 

The hyperparameters were manually tuned follow-
ing a sensitivity analysis, in which each of the main hy-
perparameters was varied within a specified search 
range. Although relevant, it was observed that hyperpa-
rameter manipulation within the selected tuning range 
had little impact on the algorithm's performance. There-
fore, the agent was kept as small as possible without 
compromising its predictive capabilities. A more detailed 
description of the agent, as well as the process of hy-
perparameter tuning and selection, is provided in the SI. 

Parameters Estimation 
On the first approach, 500,000 trials were used to 

estimate θ. Despite the extensive number of iterations, 
the best parameter set only managed to reduce the error 
by 8% on the breakthrough curves compared to the ref-
erence parameters.  Thus, while this methodology is 
more straightforward than the next two, it does not offer 
significant advantages to the standard approach, as it re-
quires the same previous work, is more time-consuming 

and provides no meaningful improvements in accuracy.  
For the second approach, the search for the optimal 

set of parameters was conducted over 350 trials, with 
the best result achieved at trial number 276. The ob-
tained θ reduced the objective function by 26% for the 
training experiments and by 28% across all experiments. 
However, to achieve this result, all the manual work done 
in [1] to find the initial guess and a small margin of search 
must still be performed. This approach proved to be a 
valid methodology for achieving high accuracy, allowing 
for fine-tuning of the parameters, although exhaustive 
work is still required. 

For the third approach, the search was done for 350 
trials, with the best result achieved at trial number 119. 
The obtained θ resulted in a 15% reduction in the objec-
tive function for the training experiments and a 31% re-
duction in the objective function across the entire set of 
experiments, indicating a substantial improvement in the 
alignment between the simulated and experimental data. 
More significantly, this result demonstrates that the RL 
algorithm can map the surface area of the objective func-
tion and identify a function minimum, surpassing the de-
rivative-based solver used in the reference work.   

Table 1 summarizes the parameter sets obtained 
from each approach, the reference values used for pro-
cess simulation, and the objective function obtained with 
each methodology. Table S.I.5 provides a more detailed 
analysis of the results.  These results highlight the effec-
tiveness of approach number 3. It resulted in the set of 
parameters that most significantly reduced the global er-
ror between the experimental and simulated datasets 
and was the only approach that improved the fit for the 
pure CH4 experiments when compared to the reference 
work. Additionally, this methodology does not rely on all 
the previous work already done by the authors, like ap-
proach one and two, allowing a broad exploration of each 
parameter without prior knowledge of the system and, 
so, can be applied directly after experimental work.  

Table 1: Reference and Estimated Parameters and objec-
tive function value obtained via Approach (Ap.) 1, 2 and 3  

θ Units Ref Ap Ap Ap 
𝑞𝑞𝑠𝑠𝑠𝑠𝑠𝑠,𝐶𝐶𝐶𝐶2 [mmol g⁻¹]     
𝑞𝑞𝑠𝑠𝑠𝑠𝑠𝑠,𝐶𝐶𝐶𝐶4 [mmol g⁻¹]     
𝑏𝑏∞,CO2 [Pa⁻¹]     
𝑏𝑏∞,CH4 [Pa⁻¹]     
𝒇𝒇𝒐𝒐𝒐𝒐𝒐𝒐     

(× 103) 
     

 
To evaluate the exploration behavior over trials, Fig-

ure SI.1 displays the action values assigned per trial in this 
approach. It demonstrates that the algorithm initially ex-
plores the entire parameter space. However, as iterations 
progress, it begins to focus more on a specific region, 
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prioritizing exploration in that area to identify a minimum. 
This underscores the algorithm's ability to explore the pa-
rameter space effectively while simultaneously learning 
to refine its search for optimal solutions.  
 When analyzing the evolution of the objective func-
tion over the trials (Figure 1), two main conclusions can 
be taken that coincide with the two main concepts of Re-
inforcement Learning. Firstly, a clear trend of reduction in 
the objective function emerges as the RL agent begins to 
learn. This demonstrates the agent's ability to leverage 
past experiences to maximize long-term rewards (exploi-
tation). This learning process is further corroborated by 
the convergence observed in Figure SI.1 for all actions. 
Secondly, significant fluctuations in the objective func-
tion are still evident, even after numerous trials. These 
fluctuations can be attributed to the algorithm's contin-
ued exploration of the parameter space and the high sen-
sitivity of the simulation to small parameter changes. 

 
Figure 1: Evolution of the Objective Function Across Iter-
ations: Objective function per iteration (•) and Trendline 
of the objective function (∙∙∙∙∙) 

To assess the impact of these small fluctuations of 
the parameters set on the objective function, a sensitivity 
analysis was conducted. The 17 breakthrough experi-
ments were simulated using the parameter set obtained 
on the third approach, adjusted by multiplication factors 
of ± 0.01, 0.1, 1, 5, and 10%. The objective function values 
for the full set of experiments, corresponding to each pa-
rameter set, are presented in Table SI.6.  

This analysis is particularly relevant as it leads to 
several conclusions. Firstly, as mentioned previously, 
even small changes in the parameter set can result in sig-
nificant variations in the objective function. For instance, 
decreasing the parameters by just 1% can increase the 
objective function by 38%. However, increasing all the 
parameters by the same 1% can reduce the objective 
function, demonstrating no straightforward correlation. 
This conclusion is supported by the results in Table SI.7, 
which presents the outcomes of a sensitivity analysis 
similar to the one described earlier. However, in this case, 
only a 1% variation was applied to each parameter 

individually. Even such a small change of 1% can lead to 
a 10% increase in the objective function. 

This underscores the challenges faced by the RL al-
gorithm in mapping the objective function surface, given 
its high sensitivity to minor parameter changes. Nonethe-
less, it also highlights the effectiveness of the algorithm 
in learning from past trials and converging toward an op-
timal region, as evidenced by Figure 1. These results also 
indicate that the best parameter set achieved with ap-
proach 3 does not correspond to the global minimum, as 
evidenced by better outcomes obtained after increment-
ing all parameters by 1%, 0.1%, and 0.01%. This was 
somewhat expected after analyzing Figure 1. While there 
is a clear trend of reducing the objective function across 
trials, the best result occurred at trial 119 out of 350. This 
suggests that the result was achieved more due to ex-
ploration than exploitation. Furthermore, since the RL al-
gorithm did not immediately converge to the region of 
this trial, that area was not thoroughly explored, prevent-
ing further refinement of the result. This explains the 
presence of better outcomes near the identified optimum 
that were not found by the algorithm.  

Finally, to evaluate the capability of the new set of 
parameters on predicting the adsorbed amount on every 
experiment, the Extended Langmuir Isotherms were plot-
ted and the MSE values between the experimental (ob-
tained in [1] after mass balance) and calculated (using 
both the reference parameters and those obtained from 
approach 3) 𝑞𝑞𝐶𝐶𝐶𝐶2 and 𝑞𝑞𝐶𝐶𝐶𝐶4 were determined (Table SI.8 
,Figures SI.2 and SI.3) . Although the new parameter set 
improves the fit between predicted and experimental ad-
sorbed amounts for some experiments (especially for 
pure CH4 experiments), it globally increases the MSE from 
3.97×10-3 to 5.87×10-3. This leads to the conclusion that 
this methodology does not improve the precision of the 
model in predicting the adsorbed amount. However, the 
adjustment of the simulated breakthrough curves to the 
experimental data is still enhanced by the new parameter 
set (Figure SI.4), as previously discussed. This improve-
ment can be attributed to the ability of the new parame-
ters to compensate for inaccuracies in other parameters 
of the mathematical model. Thus, while the prediction of 
the adsorbed amount is negatively affected, the overall 
adjustment benefits from this compensation. This is an-
other advantage of using a broad range of search. 

To assess the algorithm's reproducibility, approach 
3 was repeated. After 207 trials, the objective function 
was reduced by 7%. Although this result did not match 
the previous outcome (likely due to earlier success driven 
by exploration), it confirms that the RL algorithm reliably 
identifies a set of parameters for the Extended Langmuir 
Equation that accurately simulates fixed-bed experi-
ments for CH₄/CO₂ separation. Additionally, the same 
trends observed in Figures 1 and SI.1 were visualized 
when repeating the methodology, highlighting the 
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capability to replicate the behavior of the training.  

CONCLUSIONS 
This work introduces an AI-based methodology us-

ing Reinforcement Learning to estimate parameters in the 
mathematical model of gas-phase fixed-bed experi-
ments for CO₂ and CH₄ separation and minimize the error 
between simulated and experimental breakthrough data. 

Using the same DDPG agent, three approaches 
were tested. In the first, the RL algorithm replaced the 
traditional solver to determine Extended Langmuir iso-
therm parameters that best fit the experimental adsorbed 
amounts obtained from breakthrough curves. In the sec-
ond and third approaches, the RL agent directly provided 
parameters for breakthrough curve simulations. The key 
difference lies in parameter exploration: the second ap-
proach used literature values as an initial guess with a 
limited search range, while the third treated it as a zero-
knowledge problem, allowing wide parameter exploration 
without prior system knowledge. 

While RL, like other meta-heuristic approaches, 
does not guarantee global optimality, it offers a flexible 
framework that adaptively explores and exploits the 
search space. By incorporating learning into the explora-
tion process, RL can reduce the number of iterations typ-
ically required by standard meta-heuristic methods. De-
spite its simplicity and lack of manual work required after 
the experimental phase, the third approach delivered the 
best results. It reduced the global error between experi-
mental and simulated data by 31% after just 119 itera-
tions, when compared with the parameters obtained us-
ing the Generalized Reduced Gradient. The new set of 
parameters can compensate for misadjustments in other 
system parameters, which was not possible when obtain-
ing the parameters by adjusting the Extended Langmuir 
Equation to only the adsorbed amount. Using RL as an 
optimization algorithm proved to be an efficient, repro-
ducible, and highly effective method for parameter esti-
mation. It exhibited strong iterative learning and thorough 
exploration of the objective function surface, success-
fully identifying a set of parameters that align the mathe-
matical model with the experimental data. 

DIGITAL SUPPLEMENTARY MATERIAL 
For a more detailed explanation and analysis of the 

methodology and results, the Digital Supplementary Ma-
terials referenced throughout the work can be consulted 
here. 
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