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This research investigated and optimized the separation of carbon dioxide (CO2) from natural gas in 
an adsorption column filled with grafted-beam nanofiber adsorbent. The main purpose of using ANN 
and RSM models in this manuscript is to compare these two methods in predicting the CO2 adsorption 
capacity. In other words, it was made to find a suitable model that has the highest agreement with 
the experimental data. Also, the other purpose of using the RSM model is to detect the optimized 
empirical conditions. Moreover, two common ANN models are applied in this work, including a 
multilayer perceptron (MLP) and radial basis function (RBF). The novelties of this work are explained 
as follows: (1) detecting the optimized synthesis factors of NF-PAN/PUGMA sorbent which possess the 
highest CO2 adsorption capacity with the help of response surface methodology (RSM), (2) studying 
the simultaneous interaction of synthesis parameters on the CO2 adsorption capacity with the help 
of both RSM and artificial neural networks (ANNs), (3) testing two types of ANN models including 
multilayer perceptron (MLP) and radial basis function (RBF) to predict the effect of monomer volume 
percentage and irradiation dose on the CO2 adsorption capacity. Indeed, finding the best model (ANN 
or RSM) can help engineers in practical applications predict CO2 adsorption capacity using NF-PAN/
PUGMA under different conditions without incurring high-priced chemical materials, electricity, or 
human resources. The validation results were examined using correlation coefficients (R2) of RSM, RBF, 
and MLP models. The correlation coefficients for the RSM, RBF, and MLP models were 0.9910, 0.9949, 
and 0.9968, respectively. Additionally, the average absolute relative deviation (AARD) values for the 
RBF and MLP models were 0.00046512 and 0.00045511, respectively, indicating that the MLP model 
is better than the RBF model. To identify the optimal network structure, the trial-and-error method 
was conducted for MLP and RBF models. The number of neurons was found at 12 and 45 for MLP and 
RBF, respectively. The optimized effective parameters were obtained using RSM: 25.80% GMA, 66.45% 
amine, and an irradiation intensity of 28 kGy.
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Abbreviations
RIG	� Radiation-induced grafting
q	� Adsorption capacity (mg/g)
F	� Flow rate of CO2 gas (L/min)
Co	� Initial concentration of CO2 (mg/L)
tq	� Saturation time of adsorbent (min)
W	� Mass of adsorbent (g)
EA	� Ethanolamine
PAN	� Polyacrylonitrile
PU	� Polyurethane
GMA	� Glycidyl methacrylate
q	� Adsorption capacity
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NVF	� N-vinyl formamide
UHMWPE	� Ultra-high molecular weight polyethylene
ANN	� Artificial neural network
MSE	� Mean squared error
MAE	� Mean absolute error
RMSE	� Root mean square error
Outlier	� A point that’s endlessly distinctive from other focuses in a dataset
Outlier Detection	� The method of finding outliers in a dataset
Neurons	� The basic units of the large neural network
Bias	� A constant which helps the model in a way that it can best fitted for fit the data
Activation function	� A mathematical function between the input feeding the current neuron and its output 

going to the next layer
Weight	� Represents the importance and strengths of the feature/input to the Neurons
Epoch	� In the training process, the inputs are entered in each training step and give an output 

that is compared with the target to calculate an error. With this process, weights and 
biases are calculated and modified in each epoch

Global warming is one of the most important challenges in the current century. The release of CO2 gas in the 
atmosphere is the main reason for global warming. The combustion of fossil fuels for various purposes, such 
as electricity generation, transportation, oil refining, and cement production, is recognized as the common 
activities that contaminate the atmosphere with CO2 gas. Over the past decade, there has been a 2.7% increase 
in CO2 levels, reaching 60% of the 1990 baseline. Despite efforts to reduce greenhouse emissions, these 
endeavors have proven inadequate to keep pace with rapid population growth and economic development. The 
gas extracted from natural gas fields comprises a hydrocarbon mixture, predominantly consisting of over 70% 
methane1. Depending on the geological characteristics of the extraction site, the composition of the extracted 
gas may vary. Typically, it contains impurities like carbon dioxide, hydrogen sulfide, nitrogen, and a substantial 
quantity of hydrocarbons such as ethane, propane, butane, and pentane. Therefore, it is essential to eliminate 
these impurities, like CO2 from natural gas. There are different materials for removing this gas. Among these 
materials, polymeric ones prove to be appropriate for crafting sorbents with an excellent uptake capability. The 
Radiation-induced graft polymerization (RIGP) methodology proves to be a suitable approach for introducing 
functional moieties in the polymer matrix. RIGP takes place when particles of the precursors are subjected to 
the radiation with intense energy. This process leads to the generation of radicals, initiating reactions among 
monomer molecules2. This method has been employed to enhance polymeric architectures for trapping 
pollutants, particularly toxic gases. In addition, Gamma emissions onto the synthesized adsorbents generate 
advantages such as high performance, the absence of additives, and convenient operation. Glycidyl methacrylate 
(GMA) can serve in a role of a precursor in RIGP to treat the polymer matrix3. Amine groups can be introduced 
to various polymers to create immobilized carrier membranes. One such polymer is polyacrylonitrile (PAN), 
which is a significant commercial polymer known for its solvent stability, thermal, and mechanical resistance4. 
Since polyacrylonitrile (PAN) comprises active nitrile moieties that undergo chemical modifications through 
certain reactions5. In this case, some works are explained as follows. Nassef et al. employed the RIGP method 
and an electron beam accelerator to prepare the adsorbent. During the grafting stage, the joining of glycidyl 
methacrylate (GMA) to polyethylene-polypropylene has been conducted. The treated sorbent was treated with 
trimethylamine, which exhibited a CO2 uptake capability of 4.52  mmol/g. Additionally, the current sorbent 
demonstrated successful regeneration across four steps6. Investigations into the effects of key parameters on the 
synthesis procedure and application of Response Surface Methodology (RSM) and artificial neural networks 
(ANN) have been carried out rarely.

RSM is extensively recognized as a valuable concept for assessing the connection between input factors and 
outputs. Certainly, RSM is a potent mathematical tool for optimizing the involved parameters7. Nihaal et al.8 
applied RSM for finding an accurate relation between Nusselt number and other factors, such as Forchheimer 
number and Thermophoresis parameter, which can be used in optimizing the heat transfer in the nanofluid. 
Hirematha et al.9 used RSM for optimizing thermal management and enhancing energy efficiency in advanced 
Magnetohydrodynamics (MHD) systems. According to conclusive data, employing a permeable partition 
instead of a solid partition leads to a notable enhancement in the mean Nusselt value. Vinutha et al.10 utilized 
(RSM)'s face-centered Central Composite Design to calculate the transfer of heat flux at the wall. This approach 
accounts for the interplay between the heat radiation, magnetic parameter, and squeezing number.

In recent decades, ANNs have emerged as powerful tools in various fields, including forecasting, clustering, and 
regression. ANNs can effectively capture complex relationships within data and learn from patterns, making them 
well-suited for modeling and predicting CO2 adsorption capabilities. Utilizing ANNs can potentially streamline 
the process, enhance efficiency, and provide valuable insights for optimizing CO2 capture applications11. In 
recent years, there has been a substantial increase in the mathematical modeling of adsorption systems3–6,11–17. 
Bararpour et al. probed the CO2 removal using solid sorbents based on potassium carbonate-treated γ-Alumina 
under various operational conditions. The research specifically focused on assessing the impact of parameters 
such as carbonating thermal, carbonating period, and H2O/CO2 proportion on the sorption capability of the 
sorbents12. Streb et al. devised a model for CO2 adsorption from diverse streams using an ANN based on a 
Multi-Layer Perceptron (MLP) architecture.18. Mahabaleshwar et al.19 used a neural network with the method 
of the Levenberg–Marquardt backpropagation technique (LMBPT) for studying the heat and mass transport 
over a non-Newtonian ternary Casson fluid on a radially extending surface with magnetic field and convective 
boundary conditions. In their study, the PDE equations of heat and mass transfer were converted to the ODE 
equations with the help of an ANN model. Nihaal et al.20 utilized ANN to model complex nonlinear interactions 
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between several parameters and engineering factors. This ANN-driven framework enhances accuracy and offers 
predictions in capturing multifactor dependencies, offering a transformative tool for optimizing nanofluid 
behavior. Vinutha et al.21 used ANN for predicting the effect of magnetic field, activation energy, heat radiation, 
Maxwell velocity slip, and Smoluchowski thermal slip on the nanofluid motion. In their work, the actual and 
predicted data for the power index, magnetic field parameter, activation energy parameter, Radiation parameter, 
and reaction rate for all ranges of values are similar when applying a wavelet neural network.

In this study, the nanofiber surface underwent irradiation with the GMA (glycidyl methacrylate) monomer 
using Gamma rays. The synthesis method has been optimized with the least number of tests, which was 
facilitated by the RSM. The resulting optimized electrospun fibers were employed for the adsorption of CO2 
in static column adsorption experiments. Besides, the RSM was exploited for finding the optimum values of 
input variables for synthesizing the adsorbent, which are the Gamma dose, % GMA, and % amine. Also, the 
ANN approach was used in predicting the CO2 adsorption conditions for the prepared adsorbents. The input 
parameters in the ANN were Gamma dose, % GMA, and % amine for predicting CO2 adsorption. Two different 
ANN models, such as MLP and radial basis function (RBF), were selected for this case.

The objectives of this work are explained as follows: (1) detecting the optimized synthesis factors of NF-
PAN/PUGMA sorbent which possess the highest CO2 adsorption capacity with the help of response surface 
methodology (RSM), (2) studying the simultaneous interaction of synthesis parameters on the CO2 adsorption 
capacity with the help of both RSM and artificial neural networks (ANNs), (3) testing two types of ANN models 
including multilayer perceptron (MLP) and radial basis function (RBF) to predict the effect of monomer volume 
percentage and irradiation dose on the CO2 adsorption capacity. One of the main aims of this work is to compare 
the RSM model with ANN models for selecting the most suitable model for predicting the CO2 adsorption 
capacity by varying radiation dose, volume percent of amine, and volume percent of monomer. In addition, RSM 
was also used for finding the optimized parameters. The main purpose of using ANN and RSM models in this 
manuscript is to compare these two methods in predicting the CO2 adsorption capacity. In other words, it was 
made to find a suitable model that has the highest agreement with the experimental data. Also, the other purpose 
of using the RSM model is to detect the optimized empirical conditions.

Because of terrible growth of CO2 gas relative to other gases and its hazardous for human health, the author 
decided to study the adsorption capacity of this gas.

The main goals and novelties of the current work have been listed as follows: (1) The effect of operational 
parameters of fiber polymerization, including monomer volume percentage, design irradiation dose, and amine 
volume percentage to obtain optimal conditions by the experimental method, (2) Comparison of the effects of 
radiation dose alterations on the gas uptake, (3) The fabricated adsorbent has been utilized to absorb gas in new 
columns with atmospheric pressure and ambient temperature, (4) Determining the optimal operating values by 
design- expert software, and (5) Anticipation of CO2 uptake with the MLP-ANN and RBF modeling.

Data collection
The data and information extracted from the thesis of Ali Ahmadizadeh Torzani on the adsorption of CO2 by 
radiated-grafting nano fiber adsorbent in a packed column. The synthesis and adsorption process are explained 
as follows. In the initial step of the adsorbent synthesis, a polymeric nanofiber, which was a mixture of PAN 
and PU, was produced using the electrospinning device. Subsequently, the prepared nanofibers from the 
electrospinning step were immersed in the GMA solution overnight. In the final step, the fabricated adsorbent 
was exposed under the irradiation of a Gamma ray to conduct the RIGP process. To eliminate the unreacted 
particles,  the adsorbent was rinsed with methanol continuously. Additionally, the adsorbent was placed in an 
oven at 45℃ for 4 h to dry completely. The fabricated adsorbent was labeled as NF-PAN/PUGMA. The synthesis 
details have been comprehensively explained in the work of Deitzel et al.22. In order to incorporate the amine 
functional groups in the structure of the synthesized adsorbent, they were treated with EA. The amination 
reaction was carried out by immersing NF-PAN/PUGMA nanofibers in a mixture comprising amine and water. 
The modified adsorbent with EA was agitated at 65 °C for further processing. The fabrication of the adsorbent 
for CO2 elimination is displayed in Fig. 1.

The CO2 sorption was conducted on the NF-PAN/PU utilizing a column with a height of 10 cm and a 
diameter of 0.8 cm, in which fiberglass was installed at the beginning and end of it. An NDIR (nondispersive 
infrared sensor) was utilized to show the content of CO2. Two MFCs (Mass Flow Controller) were equipped 
to make a gas mixture containing CH4 (methane) and CO2 at different percentages. An image of the CO2/CH4 
system is displayed in Fig. 2. The sorption capability (q) of CO2 was measured utilizing Eq. (1) 23:

Eq. (1) refers to the mathematical formula for calculating the adsorption capacity of CO2 using NF-PAN/
PUGMA. According to Eq. (1), several parameters should be known, such as the rate of CO2 stream (F), initial 
concentration of CO2 gas (Co), saturation time of adsorbent (tq), and mass of adsorbent (W). Indeed, the product 
of F, Co, and tq gives the adsorbed CO2 on the NF-PAN/PUGMA. The greater value of “q” means a larger amount 
of CO2 gases are adsorbed in the pores of the NF-PAN/PUGMA. The units of each parameter were brought into 
the nomenclature.

	
q = (F × Co × tq)

W
� (1)

Response surface methodology
The design of an experiment is a scientific method that involves changing input variables in a process to gain 
knowledge about the process and achieve a desired input–output relationship. This method has several benefits, 
such as identifying the critical factors that affect the process, reducing the cost of the process, creating a model of 
the process, and determining the relationship between input and output variables13. By analyzing the interaction 

Scientific Reports |          (2026) 16:981 3| https://doi.org/10.1038/s41598-025-30592-3

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 2.  The setup of the CO2 adsorption system23.

 

Fig. 1.  The synthesis process of the aminated NF-PAN/PUGMA nanofibers23.
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of independent variables and their effects on the dependent variable, the design of an experiment can produce 
a semi-empirical model that accurately identifies the factors that influence the process and optimizes it while 
minimizing costs24. RSM is a statistical method used in the design of experiments to predict the relationship 
between independent and dependent parameters in the form of a surface, and it is a collection of mathematical 
and statistical techniques that can be employed to enhance, optimize, and analyze various processes by examining 
the connection between input variables and output responses25,26. Two-factor interaction (2FI) model in the 
RSM method is according to Eq. (2) 27.

	
y = β0 +

n∑
i=1

βiXi +
n∑

i<1

βijXiXi + ε0� (2)

In this equation, y is a function of the predicted response (CO2 adsorption capacity), βₒ, βᵢ and βᵢⱼ is the fixed 
term, coefficient of the linear components, and the coefficient of the interaction components, respectively. ε0 is 
the residual error.

The experiments were designed using the RSM approach to optimize the sorption of CO2 with NF-PAN/
PU- GMA-EA. Generally, RSM is a multivariate mathematical tool utilized to optimize procedures. In this 
method, two levels of factorial design are utilized (− 1, + 1), which are then put over the center points (coded 0), 
and over the star points (-α, + α)28,29. This research used RSM to optimize the CO2 sorption factors using three 
independent inputs: radiation intensity, GMA content, and amine content. The domain of independent inputs 
is written in Table 1.

Artificial neural network (ANN)
One of the primary advantages of ANNs is the capability to decrease the cost of tests or save time by establishing 
relationships among the factors of a modeling system30. ANNs are considered reliable modeling techniques that 
exhibit a performance similar to the nervous system of people. Indeed, ANN is utilized for modeling systems 
where the explicit model does not exist to connect the independent factors to the target31. The architecture of 
ANNs has three layers, which are the input, hidden, and output layers. Neurons are matched to neighboring 
neurons, and the interconnectivity of neurons facilitates the transfer of output data from one neuron to another32. 
The mathematical equation of ANNs is written in Eq. (3) 31:

	
Y = f

((∑
wixi

)
+ b

)
� (3)

where f, w, and b are the neuron activation function, weights, and bias vector, respectively. In the current 
research, both MLP and RBF have been utilized to predict the CO2 adsorption capacity. The input parameters for 
the network included %GMA, %amine, and dose, while the output parameter was the CO2 adsorption capacity. 
To enhance the learning process of the ANNs, the adsorption variables have been normalized in the domain of 
− 1 to + 1 using Eq. (4) 33. The values of the R2, MSE, and the AARD were measured regarding the formulations 
that are brought in Eqs. 5, 6, and 7 34,35.

	
Xnorm = 2X − Xmax − Xmin

Xmax − Xmin
� (4)

	

R2 =

n∑
i=1

(Ypred. − Yact.)2

n∑
i=1

(Ypred. − Ymean)2
� (5)

	
MSE = 1

n

n∑
i=1

(
Ypred.

i − Yact.
i

)2
� (6)

	
AARD% = 100 × 1

n
×

n∑
i=1

∣∣Yact.
i − Ypred.

i

∣∣
Yact.

i
� (7)

MLP network
MLP refers to a specific kind of ANN that may utilize one or more hidden layers to enhance the network’s 
precision36. In this model, variables are propagated forward (feed-forward), and error quantities are propagated 

Factor (inputs) Name Units low (− 1) Center (0) high (+1) Output

A-gamma dose Dose kGy 10.00 30.00 50.00

Adsorption Capacity of CO2 (mmol/gr)B-GMA% GMA %vol 10.00 20.00 30.00

C-EA% Amine %vol 40.00 70.00 100.00

Table 1.  The levels of the adsorption factors.
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backward (backpropagation) for optimizing the weight and bias quantities. By adjusting the count of neurons 
and hidden layers, the optimal architecture can be achieved. The trend of the calculation process in this model 
is written in Eq. 8 13:

	
Y = f2

(
n∑

i=1

wj × f1
(∑

hijxi + bj

)
+ bo

)
� (8)

The learning algorithm formula in the MLP model is written in Eq. (9). η is the learning rate, a small positive 
value that controls the adjustment magnitude. ytrue is the actual value. ypredict is the predicted value. Also, wi+1 
and wi refer to the new and old value of the weights, respectively.

	 wi+1 = wi + η ×
(
ytrue − ypredict

)
× xi� (9)

In this study, the selection of activation functions for the hidden layer neurons and output layer neurons 
involved a trial-and-error process, leading to the choice of the tansig function for the hidden layer and the 
purelin function for the output layer. The general calculation forms for these functions are written in Eqs. 10 
and 11, respectively37:

	
tansig (Y) = exp (γ) − exp (−γ)

exp (γ) + exp (−γ) � (10)

	 purelin (γ) = γ� (11)

RBF network
RBF is a kind of feed-forward backpropagation method that is better than the other models by exhibiting a 
higher training rate. The number of neurons in the hidden layer is variable, and the optimal neuron count is 
typically determined through trial and error. The fundamental aim of the training step in this network is to 
decrease the MSE value to a specific threshold or achieve a predetermined number of network training epochs38. 
The Gaussian function and the calculation trend in this model are expressed in Eqs. 12 and 13, respectively31.

	
φ (∥x − Ci∥ × b) = exp

(
− (∥x − Ci∥ × b)2

2δ2

)
� (12)

	
Y =

n∑
i=1

wiφi� (13)

Unlike RBF, which has only one hidden layer, MLP can have multiple hidden layers, making it more suitable for 
solving more complex problems with diverse data. RBF is a stochastic ANN that learns based on the probability 
distribution of its input set. Meanwhile, MLP maps the input datasets to a set of outputs, where each neuron in 
the hidden and the output layers is processed using an activation function.

Results and discussion
RSM results
Process optimization and prediction of the corresponding model are carried out using the RSM design program. 
In this method, the interactions of the experimental inputs and their impacts on the output have been displayed 
in the diagram template. After introducing the considered variables with their range, and adsorption capacity in 
the software as a response, the predicted model for the adsorption capacity of CO2 is shown in Eq. (14):

	

q = −15.82 + (0.0831686 × A) + (0.558943 × B) + (0.329286 × C) − (0.000818494 × A × B)
+ (0.00033871 × A × C) −

(
0.00178355 × A2)

−
(
0.0116305 × B2)

−
(
0.00229502 × C2) � (14)

In Eq. (14), A refers to the gamma intensity, B refers to the amount of glycidyl methacrylate, and C refers to 
the amount of ethanolamine. According to Eq. (14), it can be derived that the gamma intensity (A), amount of 
glycidyl methacrylate (B), and amount of ethanolamine (C) had a considerable impact on CO2 sorption capability. 
Equation (14) is a parabolic formula, which means that each effective parameter has an optimum point. This 
formula also shows the simultaneous interaction of parameters on the adsorption capacity. Moreover, Eq. (14) 
is a mathematical model that RSM predicts, which can be used in practical applications with similar empirical 
conditions. The obtained data for the analysis of variance (ANOVA) are given in Table A1. P-values greater than 
0.1 imply that factors have no impact on the process. The F-value is calculated as 489.95, which reveals the model 
is significant. There is only a 0.01% possibility that F-values this large could occur due to noise. The anticipated 
R2 and adjusted R2 are computed and written in Table 2. The calculated R2 of 0.9910 is in reasonable agreement 
with the Adjusted R2 of 0.9932. Adequate precision that specifies the signal-to-noise ratio is 61.9596. A ratio 
more than 4 is good, which implies that the noise to the ratio of the model is put on the appropriate board, and 
these models can be exploited to navigate the design space. The values of actual R2, adjusted R2, and predicted 
R2 were more than 0.99, which implies the closeness of real data to calculated data. Also, the mean or average of 
the predicted data was 2.08. The low standard deviation (0.0691) reveals that the predicted values were gathered 
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around the mean point, and the dispersion of predicted values is very low. As listed in Table A1, the model does 
not lack fit, which shows that the model is good. The examination using the Pearson correlation coefficient 
matrix (Fig. 2) indicates that there is no notable linear correlation between the adsorbent and CO2 adsorption 
capacity. According to Fig. 3, a significant positive correlation between the CO2 adsorption capacity and gamma 
dose. Additionally, CO2 adsorption capacity demonstrates a moderately negative correlation with the amount of 
GMA and amine. Statistical dispersion trend of each parameter is displayed in.

3D diagram of CO2 adsorption capacity
The impact of the volume percentage of GMA and amine volume percentage on the CO2 sorption capability at 
the gamma value of 30kGy.  It was observed that the pattern of variation in the adsorbent’s sorption capacity is 
primarily positive. It is highest at 25% by volume of monomer and 75% by volume of amine. This trend decreases 
as the volume percentage of monomer and amine increases from 25 to 30 and from 75 to 100%, respectively. 
The adsorption capacity of CO2 was 1.16 mmol/g at a volume percentage of monomer of 25 and amine volume 
percentage of 75. The CO2 adsorption capacity has the least value at the corner points, which is zero. Also, 
the reduction of active sites for the attachment of amino groups at higher volume percentages of monomer 
decreases the CO2 adsorption capacity. Incorporating a higher amino groups at a higher amount of monomer 
can fill a large number of pores and cavities, and as a result, can block these pores, which inhibit the penetration 
of CO2 gas in these pores.    It was also derived that the gamma dose and volume percentage of amine on the 
CO2 sorption capability at a constant value of the volume percentage of GMA, which was 20%. By elevating 
the gamma intensity from 10 to 30 kGy and the volume percentage of amine from 40 to 75%, the CO2 sorption 
capability reaches the highest value because the highest number of pores and active sites were created at these 
values. Indeed, the adsorption capacity of CO2 at the volume percentage of amine of 75 and gamma intensity 
of 30 kGy has been calculated at 2.25 mmol/g. Thus, it is concluded that the increase of monomer, amine, and 
gamma radiation cannot always increase the CO2 adsorption capacity, and it is necessary to find the optimum 
points of each parameter. It can be derived that more gamma radiation can destroy the structure of NF-PAN/
PUGMA, which leads to a reduction in adsorption capacity. Elevating the radiation intensity decreased the 
CO2 uptake, which is owing to the generation of homopolymers and the blocking of the active sites of GMA 
monomers.

Optimization results
The main aim is to reach the highest CO2 sorption capability. The output levels and factors have been tuned 
independently, and the fine-tuning method has been used to obtain the best response. The highest CO2 sorption 
capability has been achieved at a gamma intensity of 28.03 kGy, GMA content around 25.77%, and EA content 
around 66.45%. Under these optimal conditions, the CO2 adsorption capacity was obtained as 2.95 mmol/g. 
Some studies on the modeling of adsorption processes using RSM research methods are summarized in Table 3.

Fig. 3.  The correlation matrix of CO2 adsorption capacity.

 

Std. Dev 0.0691 R2 0.9952

Mean 2.08 Adjusted R2 0.9932

C.V. % 3.33 Predicted R2 0.9910

Adeq precision 61.9596

Table 2.  The values of actual regression with the anticipated regression.
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ANNs result
Typically, determining the optimal structure of a neural network involves a trial-and-error process with tuning 
parameters that influence the training step, like the number of neurons, the training function, and the activation 
function. Hence, assessing the network’s validity involves comparing anticipated quantities with the empirical 
values to ensure its reliability. Some studies on the modeling of the CO2 adsorption process using ANN are 
written in Table 4.

To train the MLP network in this work, the normalized data were split into three distinct categories: 70% for 
network training, 20% for validation, and 10% for testing. The number of datapoints was 463. The number of 
data points in the training, validation, and testing was 324, 93, and 46, respectively. Diverse learning concepts 
such as Levenberg–Marquardt (trainlm), Bayesian Regularization (trainbr), and Scaled Conjugate Gradient 
(trainscg), have been employed. The LM algorithm was first proposed for nonlinear least squares problems by 
scholars Levenberg and Marquardt. The Levenberg–Marquardt (LM) optimization technique is the best training 
algorithm for adjusting the MLP model hyperparameters. Indeed, the LM algorithm is defined as a classical 
gradient-based optimization method used to solve non-linear least squares problems, characterized by its fast 
convergence speed when provided with an appropriate initial value. In each training algorithm, various sizes of 
hidden layers and various numbers of neurons have been assessed. The impact of diverse activation algorithms 
for neurons was also evaluated, with the nonlinear tangent sigmoid (tansig) function selected for hidden layer 
neurons and the linear function (purelin) chosen for output layer neurons. Notably, the conclusions of the 
trainbr and trainlm algorithms in the training step are identical, with simply tiny differences in Mean Squared 
Error (MSE). Consequently, the trainbr has been considered as a training algorithm. After running the MLP 
network in MATLAB software, the outputs and results of the network for learning functions, the number of 
layers, and different neurons are shown in Table 5. Besides, it is necessary to determine the best output of the 
MLP network to find the optimal network. The specifications of the best MLP network outputs for determining 
the optimal network are brought in Table 6. The accuracy of the network results and comparing the real data 
with the predicted value, is quite acceptable. The neural network has a low error rate and can calculate the value 
based on the input variables.

The results of Table 6 were as follows:
• The best result was obtained for a two-layer MLP network with 6 neurons and Trainbr learning function, 

with MSE equal to 0.00045512.
• The results for Trainbr learning function were better than Trainlm and Trainscg; so that both the R2 value 

was higher and the MSE was lower.
• The number of Trainlm and Trainscg Epochs was much less than Trainbr.
The schematic of the MLP model is shown in Fig. 4,   Fig. 5, 6, 7, and 8 are the outputs for the optimal MLP 

network with 6 neurons and Trainbr training function.   Fig. 7 displays the mean square error of 0.0011969 at the 
step of 58, which is considered an optimum value of the MLP two-layer. The graph of the histogram displays the 
normal trend of the neural network (Fig. 10), which proves that the zero error was achieved at bin 9. Regarding 
Fig. 8  the values of R2 were calculated at 0.99695, 0.9952, and 0.99726 for the steps of training, validation, and 
testing, respectively, which imply the closeness of empirical variables to the forecasted values.

To compare the RBF network with the MLP, it is necessary to increase the neuron value to such an extent 
that the MSE of the RBF network in Spread is equal to 4 with the MSE of the MLP network. A schematic of the 
RBF model in this study has been drawn in Fig. 9 . The R2 values of MLP, RBF, and RSM models were attained 
at 0.99973, 0.99493, and 0.9952, respectively. By comparing the R2 value of the RSM and ANN models, it is 
concluded that the MLP model is better than the RBF and RSM models because of its higher R2 value. Table 

Adsorbent Variable Response ANN type Hidden layer Neurons Training func R2 Ref

NaOH
Temperature
Absolute humidity
Sorbent loading

Removal rate MLP 1 5 Trainlm 1.000 11

13 X zeolite Temperature
Pressure CO2 uptake MLP 1 7 Trainlm 0.990 15

5A Zeolite Temperature
Pressure CO2 uptake MLP 1 11 Trainlm 0.990 15

NaOH
Temperature
CO2 vol percentage
Air flow rate
Time

Cout/Cin MLP 2 [10,15] Trainlm 0.983 16

Cu- MOF

BET surface area
Pore volume
Adsorbent unsaturated site
Heat of adsorption
Temperature
Pressure

CO2/ CH4 
separation factor MLP 2 [4,7] Trainlm 0.985 36

UiO-66,Zr- MOF

BET surface area
Pore volume
Temperature
Pressure
 CH4 adsorption capacity
 CH4 adsorption heat

CO2 adsorption 
capacity, heat 
of adsorption, 
CO2/CH4 
selectivity

MLP 1 [30] Trainlm 0.990 37

Table 4.  The conducted studies on the adsorption of CO2 using ANN.
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7 shows the dimensions of the outputs and results of the network in MATLAB software for the number of 
spreads and different neurons. After running the network with different numbers of neurons, it was observed 
that the MSE of the RBF network with 45 neurons was 0.00020117, which is almost equal to the MSE of the 
MLP network.  ,    Fig. 10, 11 and 12 show the results of the RBF network.   Figure 10 proves the high quantity 
of R2 at 0.99493. The graph of the histogram displays the normal trend of the neural network (Fig. 12 ), which 
proves that the zero error was achieved at a bin of 10.   Figure 12 reveals that the best performance was seen after 
45 steps with the MSE value of 0.000455113. In other word, the most suitable convergence was conducted after 
45 runs of the ANN program with the least possible error. According to Table 8, in a certain MSE, the number 
of neurons for the MLP network was equal to 45, while for the RBF network it was equal to 46 neurons, which 
shows that the RBF network used many more neurons to achieve this error value compared to the MLP. The 
three-dimensional diagrams show the effect of important parameters on CO2 adsorption (Figs. 13 and 14). As 
observed, the variation trend of the CO2 adsorption capacity with changes in irradiation dose and monomer 
volume percentage is identical in MLP and RBF models. In both Figs. 13 and 14, increasing the gamma dose 
and monomer volume percentage can promote the CO2 adsorption capacity. In other words, a higher amount 
of monomer and a higher dose of radiation assist in the adherence of more CO2 molecules in the vacant places 
of the adsorbent. In other words, the highest CO2 adsorption capacity was observed at a monomer volume 

Networks Neurons

Best R Best MSE

Epochq Net New data

MLP (2 Layer) Trainlm 19 0.99646 0.0011222 0.022174 22

MLP (2 Layer) Trainbr 6 0.99973 0.00020014 0.064069 64

MLP (2 Layer) Trainscg 30 0.96654 0.0034483 0.030809 10

MLP (3 Layer) Trainlm 12 0.99443 0.0011108 0.01418 40

MLP (3 Layer) Trainbr 22 0.99236 0.0006115 0.066509 75

MLP (3 Layer) Trainscg 25 0.98117 0.0032311 0.022921 70

Table 6.  Specifications of the best MLP network outputs to determine the optimal network.

 

Run

Hidden 
layer

Train function

R MSE

Epoch1 2 q Net New data

1 6 4 Trainscg 0.988871 0.0032209 0.015980 14

2 6 5 Trainscg 0.997546 0.0014662 0.025214 25

3 6 5 Trainscg 0.996551 0.0014323 0.025667 16

4 10 10 Trainscg 0.985651 0.0027722 0.025556 22

5 6 14 Trainscg 0.998334 0.0015672 0.098452 13

6 6 16 Trainscg 0.998351 0.0016943 0.019254 32

7 8 17 Trainscg 0.999167 0.0019932 0.020350 13

8 12 8 Trainscg 0.994306 0.0016154 0.155355 29

9 8 4 Trainscg 0.992829 0.0008781 0.050850 32

11 11 6 Trainscg 0.997632 0.0008574 0.080555 300

12 15 8 Trainscg 0.998844 0.0005376 0.042757 87

13 17 8 Trainbr 0.999624 0.0013030 0.517751 50

14 14 9 Trainbr 0.997924 0.0005934 0.089754 44

15 11 10 Trainbr 0.993778 0.0006381 0.061952 56

16 13 12 Trainbr 0.992877 0.0007459 0.058452 67

17 5 5 Trainbr 0.991301 0.0013400 0.022575 29

18 15 20 Trainbr 0.997399 0.0008975 0.165450 122

19 14 25 Trainbr 0.998628 0.0019403 0.116350 137

20 12 6 Trainscg 0.919018 0.0069056 0.080658 132

21 9 10 Trainscg 0.927577 0.0079445 0.030357 50

22 9 11 Trainscg 0.902770 0.0048026 0.025055 26

23 23 14 Trainscg 0.895403 0.0786320 0.029658 74

24 12 14 Trainscg 0.942997 0.0229730 0.038558 111

25 9 11 Trainscg 0.963978 0.0098485 0.027520 75

26 16 14 Trainscg 0.964364 0.0036883 0.030589 13

27 19 18 Trainscg 0.975536 0.0088318 0.039597 114

Table 5.  The characteristics of several MLP structures.
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percentage of 50 and a gamma dose of 100 kGy. This prediction explains that a larger monomer amount and 
gamma dose can produce more pores and active sites in the structure of NF-PAN/PUGMA.

The accuracy of RSM and ANN models was evaluated using correlation coefficients (R2). The correlation 
coefficients for the RSM, RBF, and MLP models were 0.9910, 0.9949, and 0.9968, respectively. Indeed, the MLP 
model has higher agreement with the experimental data. Thus, it is concluded that the MLP model can predict 
better than the RSM and RBF models.

Conclusion
In this research, the electrospinning procedure was used to fabricate NF-PAN/PU utilizing PAN and PU. 
Subsequently, radiation emission with GMA and surface treatment with amine were carried out on the synthesized 
NF-PAN/PU. The influence of factors such as the monomer content, radiation intensity, and amine content were 
investigated. The optimized factors were 25.80% of GMA, 66.45% of amine, and a radiation value of 28 kGy. In 
the next step of this research, machine learning was utilized for predicting the CO2 adsorption. ANN models, 
including MLP and RBF, were used for finding the best model that has a higher adaptation with the experimental 
data. The other aim of using ANN models is to detect the parameter interactions on the CO2 adsorption capacity. 
It will assist us in predicting the CO2 adsorption capacity without performing tests in the practical conditions. 
Also, it was observed that the performance of the MLP model is better than the RBF model because the number 
of neurons (6) and error (0.00045512) were lower, and its R2 was higher (0.9968). Additionally, the trainbr was 
used as a training function, and the number of APECs was 300 in the MLP model. Ultimately, MLP and RBF 3D 
diagrams displayed that increasing the monomer volume percentage and irradiation dose can lead to improved 
CO2 adsorption capacity.

Some recommendations about the ANN method in the field of CO2 capture can be useful for scientists 
working in the future. In our opinion, scientists can consider other waves, like ultrasonic or microwave, as 
inputs. Additionally, other variables, such as additives, activation energy, temperature, and saturation time, can 
be defined as inputs. It is interesting to probe the combination of PAN with other polymers except PU for 
testing the CO2 capacity with ANN. Moreover, other outputs, such as absorption efficiency, can also be studied 
in addition to CO2 solubility. The other recommendation is entering data with the use of molecular dynamics 
(MD) because of a lack of enough experimental data. It is recommended to apply other ANN methods, such 
as a support vector machine (SVM), to study CO2 capacity in NF-PAN/PUGMA. One challenge with the ANN 
method is the need to provide a large amount of input data, which can be solved in the ANN structure by experts 
in computer and chemical engineering.

Fig. 4.  Schematic graph for the MLP architecture with three hidden layers.
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Fig. 5.  MLP network regression diagram for CO2 adsorption.
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Fig. 7.  MLP network histogram error diagram.

 

Fig. 6.  MLP model regression diagram at the training step.
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Fig. 8.  MLP model regression of (a) training, (b) validation, (c) testing variables.
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Fig. 10.  Regression of experimental data points in RBF for CO2 adsorption capacity.

 

Run Neurons Spread

R MSE

q Net New data

1 10 4 0.974120 0.0187450 0.047821

2 20 4 0.954670 0.00987450 0.027413

3 30 4 0.990123 0.00512340 0.021235

4 40 4 0.985200 0.00256470 0.011478

5 50 4 0.991230 0.00215475 0.032279

6 75 4 0.987450 0.00087940 0.021354

7 100 4 0.997874 0.00064443 0.007456

9 45 4 0.998870 0.00020117 0.001478

10 150 4 0.994120 0.00034057 1.180500

Table 7.  The dimensions of the outputs and results of the RBF network.

 

Fig. 9.  Schematic graph of the RBF structure with a single hidden layer.
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Neural network Neurons

R MSE

q Net New data

MLP 45 0.99908 0.00045512 0.7434

RBF 46 0.99887 0.00045511 0.47511

Table 8.  Comparison of MLP and RBF network.

 

Fig. 12.  RBF network performance diagram.

 

Fig. 11.  RBF network histogram error image.
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Fig. 13.  The three-dimensional shape of the MLP network for calculating the effect of (a) monomer volume 
percentage and irradiation dose, (b) amine percentage and irradiation dose, and (c) monomer volume 
percentage and amine percentage on the adsorption capacity of the adsorbent.
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Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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