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ABSTRACT: Adsorbed natural gas (ANG) technology is a safe
and low-cost approach for natural gas storage. Improving the
volumetric adsorption capacity of adsorbents in the ANG tank can
enhance the fuel density and make this technology cost-effective
compared to other available CH4 storage approaches. For this
purpose, the present research focuses on maximizing CH4 uptake
on low-cost and available anthracite-based carbon materials via
experimental and analytical investigations. The effect of prepara-
tion variables of the chemical agent (KOH) impregnation ratio to
the anthracite (2.6−4.3 g/g), activation temperature (666−834
°C), and retention time (39−140 min) on the specifications of the
coal-based activated carbons (ACs) and their CH4 adsorption
capacity were examined experimentally. The results were analyzed
through empirical models, including response surface methodology
(RSM), our in-house developed models, namely, regularization networks (RN) and adaptive neuro-fuzzy interface systems. The
statistical assessment revealed that all three established models could effectively predict the methane adsorption capacity of the
carbon samples based on their preparation conditions. The superior performance of our in-house RN is dedicated to its robust
theoretical backbone in the regularization theory. Finally, the carbon sample prepared under the optimized preparation conditions,
based on the RSM and genetic algorithm, showed the highest CH4 uptake of 175 cm3

(STP)/cm
3. Based on the authors’ knowledge,

the volumetric CH4 capacity of the optimized AC is one of the highest values reported in the literature among different classes of the
adsorbent.

1. INTRODUCTION

In comparison with other conventional energy sources, natural
gas (NG) is one of the popular types of fuel mainly because of its
lower cost, availability, and cleaner combustion.1 Two conven-
tional methods used for NG storage are compressedNG (CNG)
and liquefied NG (LNG). However, CNG and LNG
technologies require high operation pressure (up to 250 bar)
and extremely low temperatures (−161 °C), respectively. To
overcome these imperfections, adsorbed NG (ANG) technol-
ogy has been introduced as an alternativemethod to storeNGby
adsorption of methane on porous materials at lower pressures
(35−40 bar) compared to CNG and ambient temperature.2

Improving the volumetric adsorption capacity of the adsorbents
in the ANG tank can enhance the fuel density and make this
technology cost-effective compared to the other available CH4
storage approaches.
Structure and adsorption capacity of porous materials are

essential elements to increase the density of NG in an ANG tank.
During the last few decades, various types of adsorbents such as
zeolite, activated carbons (ACs), metal−organic frameworks
(MOFs), covalent−organic frameworks (COFs), and biomate-

rials have been developed for gas storage purposes.3−6 Among all
porous materials, ACs are considered as one of the most
promising adsorbents for ANG technology because of their
tunable pore structure, high active surface area, and desirable
mechanical strength.1 Moreover, owing to the diversity of
available precursors for AC preparation, including coals,
nutshells, petroleum residues, and polymers, these materials
are cost-effective and have a high potential to be prepared on a
large scale.7

The pore structure and, consequently, CH4 storage capacity
of ACs profoundly are affected by many parameters such as the
type of precursor, carbonization process, and activation
parameters including the chemical agent and its amount, besides
the heating process (temperature, heating rate, and retention
time).7,8 Because of the presence of several variables, finding the

Received: September 10, 2019
Revised: January 1, 2020
Accepted: January 13, 2020
Published: January 13, 2020

Articlepubs.acs.org/IECR

© XXXX American Chemical Society
A

https://dx.doi.org/10.1021/acs.iecr.9b04943
Ind. Eng. Chem. Res. XXXX, XXX, XXX−XXX

D
ow

nl
oa

de
d 

vi
a 

E
A

ST
 C

A
R

O
L

IN
A

 U
N

IV
 o

n 
Ja

nu
ar

y 
27

, 2
02

0 
at

 1
3:

56
:4

5 
(U

T
C

).
Se

e 
ht

tp
s:

//p
ub

s.
ac

s.
or

g/
sh

ar
in

gg
ui

de
lin

es
 f

or
 o

pt
io

ns
 o

n 
ho

w
 to

 le
gi

tim
at

el
y 

sh
ar

e 
pu

bl
is

he
d 

ar
tic

le
s.

https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Shohreh+Mirzaei"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Ali+Ahmadpour"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Akbar+Shahsavand"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Hamed+Rashidi"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Arash+Arami-Niya"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/showCitFormats?doi=10.1021/acs.iecr.9b04943&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.9b04943?ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.9b04943?goto=articleMetrics&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.9b04943?goto=recommendations&?ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.9b04943?goto=supporting-info&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.9b04943?fig=abs1&ref=pdf
pubs.acs.org/IECR?ref=pdf
https://pubs.acs.org?ref=pdf
https://pubs.acs.org?ref=pdf
https://dx.doi.org/10.1021/acs.iecr.9b04943?ref=pdf
https://pubs.acs.org/IECR?ref=pdf
https://pubs.acs.org/IECR?ref=pdf


optimum preparation conditions to achieve a high CH4 capacity
is challenging. Moreover, a multivariate study including a
combination of empirical investigation and laboratory analysis is
quite expensive and time-consuming. Although some efforts
have been made to correlate the pore structure of adsorbents
with regular porosity such as MOFs to their CH4 uptake,

9,10

these models are only applicable to specific groups of adsorbents
in a limited range of pressure. In other words, such simple
empirical correlations cannot be used for adsorbents with an
irregular physical structure such as ACs.
Practicing soft computations and using their capability of

nonlinear mapping and lack of necessity for detailed mechanical
knowledge is an excellent choice to attain ACs with high CH4
capacity. There are several empirical models such as response
surface methodology (RSM), artificial neural networks (ANNs),
and adaptive neuro-fuzzy interface systems (ANFISs) that are
broadly used for similar material designs.11−15 The present
research focuses on the application of empirical models (RSM,
ANNs, and ANFISs) for estimating AC specifications and their
CH4 uptake based on the preparation condition of the
adsorbents. These empirical models enable us to optimize the
preparation parameters in the way to have ACs with substantial
CH4 uptake. For this purpose, ACs were prepared at different
conditions and their properties, including iodine number (as a
measure of microporosity), packing density, and, more
importantly, CH4 storage capacity was measured via home-
made apparatuses. Then, the performance of RSM, ANNs, and
ANFISs is separately evaluated to specify the best-fitting
hypersurfaces for predicting the AC specification based on
their preparation conditions. Two methods of RSM and a well-
known genetic algorithm (GA) optimization were applied to
optimize the AC preparation parameters and maximize their
CH4 uptake. This comprehensive approach can make a
significant improvement in the design of carbon-based
adsorbents for ANG applications.

2. EXPERIMENTAL SECTION
2.1. Materials. “High-grade anthracite” was collected from

the mine of Mazino, located in South Khorasan Province, Iran.
High-purity chemical substances such as potassium hydroxide,
hydrochloric acid, sodium thiosulfate, iodine, potassium iodide,
potassium iodate, starch, and sodium carbonate were supplied
by Merck KGA (Germany). Methane, with a purity of 99.99%,
was obtained from Technical Gas Services, UAE. The purity of
helium used in this work, as stated by the supplier Sepehr Gas
Company, Iran, was 99.999 mol %. Nitrogen with a stated purity
of 99.9% was supplied by Malaekeh company, Iran.
2.2. Chemical Activation Procedure. To synthesize the

anthracite-based adsorbents for practical application in ANG
technology, 20 different preparation experiments were proposed
by Design-Expert software V.11, as shown in Table S1 of the
Supporting Information. Before the experiment, high-grade
anthracite was manually grounded and sieved to collect grain
particles with an average size of 250−500 μm. Afterward, the
powder was dried at 120 °C for a day to ensure the elimination of
the moisture content from the products. For each batch, around
15 g of anthracite powder was physically mixed with a certain
amount of potassium hydroxide powder.1,4 Then, the mixture
was loaded into a particular stainless-steel boat and heated up
inside a horizontal tubular furnace under a nitrogen flow of 650
mL/min with a heating rate of 5 °C/min for a definite time. The
chemically prepared ACs were thoroughly washed withHCl 1M
and then rinsed with distilled water to reach a neutral pH (about

6.5). Finally, the prepared samples were dried at 130 °C
overnight. Three preparation parameters, namely, (1) the
amount of the chemical agent (KOH) to the anthracite sample,
(2) activation temperature, and (3) the retention time of
activation varied in the range of values, as shown in Table 1. The
designation of each sample depends on the run number given in
Table S1. For example, the sample prepared under the
conditions of run (7) is referred to as “sample 7”.

2.3. Characterization of AC. Following is a brief overview
of the characterization of the prepared AC samples: measuring
the iodine number was applied for the analysis of AC pore
structure and its surface area. This test serves as a good
indication of the surface area and microporosity of carbon-based
adsorbents.16−20 The iodine number is defined as milligrams of
iodine adsorbed by 1 g of AC when the residual iodine
concentration of the filtrate is 0.02 N (0.01 mol/L) according to
ASTM D4607 (three-point isotherm).21 The micropore
structure of the optimum AC sample was characterized by N2
adsorption/desorption measurements at −196 °C using an
automatic adsorption system of Belsorp Mini II (BEL, Japan).
The Brunauer Emmett Teller (BET) method was used to
determine the surface area of the samples in the relative pressure
range of 0.05≤ P/P0≤ 0.3. The total pore volume of the samples
was calculated at P/P0 = 0.99, and micropore volumes were
established based on the nonlocal density functional theory
(DFT) model. The packing density of the AC was measured
according to the standard test method of D2854 in a small
stainless-steel cylinder with 1 cm diameter and about 15 cm
height.4,22,23 The measurements were repeated three times, and
the obtained densities had an error lower than 3%.
A custom-built volumetric adsorption measurement appara-

tus was used for the analysis of methane uptake on the prepared
adsorbents at 25 °C and pressure up to 40 bar. The detailed
description of this sorption measurement system, calibration
method, and measurement procedure are available in the
Supporting Information. Before each measurement, 1 g of the
fresh AC sample was dried at 100 °C in a vacuum oven
overnight. Afterward, the sample was immediately transferred to
the adsorption cell. The true volume of the sample has been
determined by helium calibration, assuming negligible helium
adsorption on the AC samples at pressures below 10 bar. It
should be noted that the whole CH4 adsorption test was
performed twice to ensure the accuracy of the experiment. The
volumetric CH4 uptake was estimated based on the measured
packing density of all of the prepared samples. To assess the
performance of all of the prepared ACs for ANG application,
their working capacity or the deliverable capacity was calculated
from the difference in the adsorbed amount of CH4 in the
pressure range of 35 and 5 bar at the ambient temperature. The

Table 1. Matrix of Input Variables Designed by the CCD
Method for the Problem at Hand

levels

parameters
−α

(−1.6817)
low
(−1)

center
(0)

high
(+1)

+α
(1.6817)

X1: chemical
impregnation ratio
(g/g)

2.66 3 3.5 4 4.34

X2: activation
temperatures (°C)

665.91 700 750 800 834.09

X3: retention time of
activation (min)

39.54 60 90 120 140.45
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values of methane delivery for all AC samples are listed in Table
S2.
Elemental analysis of the CTP-based samples was performed

by the Thermo Finnigan EA 1112 analyzer (Thermo Fisher,
USA). The presence of functional groups on all samples was
specified through the Fourier transform infrared spectroscopy
(FTIR) measurement by the KBr pellet method using a Thermo
Nicolet Avatar-370 spectrometer (Nexus, USA). The infrared
region in FTIR spectroscopy was selected in the wavenumber
range of 500−4000 cm−1.

3. THEORETICAL BACKGROUND

In the present article, the computational methods such as RSM,
ANNs, and neuro-fuzzy models, as the reputed analysis system
of data mining recruited to model the iodine number, packing
density, and CH4 storage capacity of the ACs based on their
preparation parameters, are listed in Table S1. The experimental
data obtained in this study were used to train, validate, and
generalize these models.
3.1. Response Surface Methodology. RSM is a powerful

tool that can fit empirical data to a quadratic surface model and
optimize the process parameters via different classified methods,
including Box−Behnken design, Plackett−Burman design, and
central composite design (CCD).24 The CCDmethod is used to
determine the minimum number of experiments that should be

evaluated for optimizing the input variables and outcome

responses.
Here, statistical software package Design-Expert (Version

11.0.3, Stat-Ease, Inc.) was used to (i) elaborate experimental

design, (ii) evaluate the mathematical model, (iii) estimate the

subsequent regression analysis, and (iv) optimize the procedure

and analysis of variance (ANOVA). As listed in Table 1, three

independent variables of the chemical impregnation ratio (X1),

activation temperature (X2), and retention time (X3) were used

in RSMwith the CCDmethod in five levels of±α (axial points),

±1 (factorial points), and the center point. The principal

responses of the iodine number (Y1), packing density (Y2), and

CH4 adsorption (Y3) were experimentally obtained based on 20

designated runs, as shown in Table S1.
ANOVA was conducted to assess the significance of each

variable along with its interaction based on the p-value less than

0.05 at a 95% confidence level. Equation 1 shows the general

form of the mathematical relationship between the three

independent variables and the response fitted by a second-

order polynomial model25

Figure 1. Block diagram of the (a) surface response methodology, (b) in-house optimal training algorithm for a RN, and (c) our training algorithm for
the optimized ANFIS.
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where Y is the predicted response, Xi and Xj are the coded values
of the parameters, n is the number of the preparation parameters
of AC, which should be optimized for CH4 adsorption, ε is the
random error, and β0, βi, βii, and βij are the constant, linear,
quadratic, and interaction coefficients, respectively. To reduce
the errors and effects of the uncontrolled variance in the
observed responses, we conducted all experiments randomly.
Figure 1a represents the flowchart for the framework of the
surface response methodology.
The optimization procedure extracted from RSM, where the

goal is to optimize a single response or a set of responses, is
recommended by several studies in this field.11,26,27 Within a
statistical analysis program, the response optimizer function
provides an optimal solution for the variable input combina-
tions. Herein, the optimal design choice was utilized to identify
the combination of input variable settings that jointlymaximize a
single response of CH4 uptake.
3.2. Artificial Neural Networks. ANNs as a powerful,

multifaceted tool can perform nonlinear mapping and predict
various complex systems with a lack of necessity for details. The
mathematical architecture of ANNs consists of an intercon-
nected assembly of simple processing elements or nodes.
Numerous studies have shown that ANNs are efficiently able to
approximate any complex nonlinear system with just a single
hidden layer.14,28,29

Many neural networks (NNs) have been constructed to learn
an input−output mapping from a set of experimental data; this
form of learning is closely related to classical approximation
techniques such as regularization theory. The solution of
multivariate regularization theory leads to a three-layer network
called regularization networks (RNs).28,30 In particular,
optimized RNs are a useful technique for the regression problem
of approximating a multivariate function from sparse data. In
other words, this method has a capability for solving ill-posed
function interpolation problems to prevent over-fitting
phenomena. A simple network with just one layer of a hidden
neuron is a distinct property of this technique. In RNs, a
Gaussian basis function with an infinite number of continuous
derivatives and isotropic spread of σj was used as Green’s
function. Generally, the appropriate choice of the isotropic
spread and the proper level of regularization are crucial for
obtaining the best performance of the optimized RNs.
Herein, the standard NN toolbox of MATLAB software and

our in-house optimized RNs have been used to estimate the
required properties of ACs (three outputs) from their
preparation parameters (three inputs). The details of the
optimal training algorithm for our in-house RN have been
covered in our previous articles and are schematically shown in
Figure 1b.14,31,32

3.3. Adaptive Neuro-Fuzzy Inference System. As a
particular approach in the neuro-fuzzy analysis system, the
ANFIS has shown significant results in the modeling of
nonlinear functions. The ANFIS utilizes a human-like
intellectual scheme that learns to imitate a physical system
based on achievements from experimental data. This ability
roots in combining the virtues of the fuzzy inference system

(FIS) and NN. The learning algorithm for the ANFIS is a hybrid
algorithm, which is a combination of the gradient descent and
least-squares methods. In this article, a Sugeno-type FIS using
subtractive clustering is generated by genf is2 function to provide
an initial set of membership functions (MFs) for the training of
the ANFIS. The conventional method of the ANFIS toolbox
(MATLAB software) and our in-house-optimized ANFIS were
used to show their ability in the prediction of AC quality. Figure
1c shows our training algorithm for the optimizing ANFIS. As
mentioned before, the detailed descriptions of these methods
were published elsewhere.7,33,34

3.4. Genetic Algorithm. The GA as a global search
technique can solve both constrained and unconstrained
optimization problems. Generally, the optimization processing
of the GA involves a cycle of four stages; (i) creating a random
initial population, (ii) computing the fitness value, (iii) selecting
the best chromosomes, and (iv) producing new gene from the
selected parent chromosomes. The detailed scrutinizing of the
method is presented elsewhere.35,36 Herein, the GA is recruited
to optimize the combination of processing variables for
maximizing the CH4 uptake. Equation 4, as will be discussed
later, is considered as an objective function of GA.

4. RESULTS AND DISCUSSION
This section can be divided into two distinctive parts: (1)
experimental results where we employed the RSM method to
design the experiments based on three variable inputs of the
chemical impregnation ratio of KOH to coal, activation
temperature, and the corresponding retention time to collect
various experimental data including three different outputs of
iodine numbers and packed bed densities of AC and their CH4
adsorption capacity and (2) evaluation of the empirical model
performance for predicting the quality of the ACs.

4.1. Collected Experimental Results. Twenty samples of
ACs were synthesized as recommended by Design-Expert
software V.11 using the RSM technique. The designed
experiments, which are demonstrated in Table S1, enabled us
to study the effect of each preparation parameter on the
produced ACs, individually. For instance, the chemical
impregnation ratio and the activation temperature of “sample
2” and “sample 3” are identical, which makes it possible to
analyze the effect of the retention time on the distinct inherent
features of the iodine number, packing density, and CH4
adsorption.
The CH4 uptake capacity of adsorbents can be reported on a

gravimetric or volumetric basis. However, for on-board vehicular
applications, the volumetric CH4 storage capacity of an
adsorbent is more critical than its gravimetric capacity. More
details about these two capacity units are elaborated in the
Supporting Information section. The intrinsic microporosity of
adsorbents plays a vital role in their total gravimetric CH4
storage capacity. Rodriǵuez-Reinoso et al.37 and Alcañiz-Monge
et al.38 discussed the linear relationship between the CH4
adsorption capacity and surface area (iodine number in this
study) of adsorbents. Herein, “sample 8” with the highest iodine
number of 2400 mg/g shows the most considerable gravimetric
CH4 uptake of 15.22 mmol/g at 40 bar. However, the low
packing density of this sample (0.44 g/cm3) directly affects its
volumetric storage capacity (150 cm3

(STP)/cm
3), which results in

its relatively low volumetric CH4 uptake. On the other hand,
“sample 15”with a medium level of iodine number (2180 mg/g)
and packing density (0.54 g/cm3) shows the highest value of
volumetric CH4 capacity (167 cm3

(STP)/cm
3) among all of the
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prepared ACs. Thus, the best sample for ANG purposes is the
one with the best balance among the iodine number and the
packing density such as “sample 15”.39 These results are in
agreement with the other published studies in this area.23,39−41

4.2. Empirical Methods for Generalization from
Collected Experimental Data. Five models of RSM, in-
house developed networks of RNs, ANFIS, conventional ANN,
and ANFIS, were used to predict the prepared ACs character-
istics and adsorption performance based on their preparation
conditions. Following is a brief description of the learning
procedure of RSM and other network models based on the
experimental outcomes in this work.
In the RSM-based technique, the actual responses (Y1, Y2, and

Y3) obtained from the design of the experiments were employed
to construct proper mathematical correlations between the
input variables (X1, X2, and X3) and new response points
(predicted values).25 The adequacy of these established models

was statistically checked through ANOVA and is reported in
Tables S3−S6.
The collected experimental data were recruited to train the

networks and achieve the best performances of RN, ANFIS,
conventional ANN, and ANFIS by the MATLAB toolbox.
Afterward, the trained networks were ready to produce
acceptable predictions for unseen (test or validation) data,
different from the observed (training) data. The training of the
network between the inputs (AC preparation parameters) and
hidden layer occurs in an unsupervised fashion, while the
training of the network between the hidden and output layers
(AC specification) takes place in a supervised style based on the
target outputs.42−44 Finally, such a model is said to generalize
(interpolate) well within the data range. In other words,
generalization performance is computing outputs for some
exemplars outside the training set but inside the training
domain.45

Figure 2. Performance of various models for prediction of methane uptake: (a) recall performance of RN and ANN-TBmodels (n = 20, 16), (b) recall
performance of ANFIS and ANFIS-TB models (n = 16, 16), (c) validation performance of RN and ANN-TB models (m = 20, 4), (d) validation
performance of ANFIS and ANFIS-TBmodels (n = 4, 4), and (e) recall performance of RSM; the additional point represents optimal uptake. ANN-TB
and ANFIS-TB refer to the MATLAB software toolbox models.
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Unlike other networks or fitting toolboxes, our in-house codes
use all available data for both training and validation purposes.
This critical issue can be achieved by resorting to the powerful
leave one out cross-validation (LOOCV) technique for the
selection of the optimal regularization level. This issue is
essential for chemical engineering problems because data
collection is quite expensive in most industrial or even pilot-
scale chemical engineering applications.
Figure 2a−e presents the parity charts for both recall and

validation performances of all five models recruited here for the
prediction of CH4 uptake. Figure 2 clearly illustrates that our in-
house networks known as optimized RN and the ANFIS, along
with the RSM method, have superior performance compared to
the networks of MATLAB software toolboxes. As mentioned
earlier, RSM predicts the AC specifications based on regression
models and does not involve the test and train procedure
(validation performance). Therefore, unlike the other four
network models, there is only one plot (predicted vs actual
values) evident for the RSM method (Figure 2e).
It should be noted that for all three outputs, these five models

were statistically compared with the root-mean-square error

(RMSE) and coefficient of determination (R2), and the obtained
results are listed in Table S3 of the Supporting Information.
From now on, the prediction performances of the best three
models of RSM, RN, and the ANFIS will be presented.

4.2.1. Visualized Surface Plots by RSM. RSM has been
utilized in multiple regression analysis techniques to calculate
the coefficients of the desired model for all responses. The final
empirical models proposed by the CCD method in terms of
input variables (X1, X2, and X3) for iodine number (Y1), packing
density (Y2), and methane adsorption (Y3) are defined in Eqs
2−4, respectively. In these equations, positive signs in front of
each term denote the synergistic effect which leads to increasing
the responses, whereas negative signs indicate antagonistic effect
and decrease the response.46

= + + − +

+ + − −

− −

Y

X X X

X X X X X X X

X X

Iodine number ( )

2383.55 55.65 94.64 94.8

150.50 13.25 160.5 85.97

157.21 104.18

1

1 2 3

1 2 1 3 2 3 1
2

2
2

3
2

(2)

Figure 3. Three-dimensional fitted surface plots for all three responses to evaluate the effect of (a) X1 and X2 on Y1 (X3 = 90 min), (b) X2 and X3 on Y1
(X1 = 3.5 g/g), (c) X1 and X2 on Y2 (X3 = 90min), (d)X2 and X3 on Y2 (X1 = 3.5 g/g), (e)X1 and X2 on Y3 (X3 = 90min), and (f) X2 and X3 on Y3 (X1 =
3.5 g/g).
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= + − + +

− − +

+ +

Y

X X X

X X X X X

X X

Packing density ( )

0.4539 0.0191 0.0354 0.0285

0.0427 0.0318 0.0277

0.0627 0.0479

2

1 2 3

1 2 2 3 1
2

2
2

3
2

(3)

= + + − − +

+ + + +

+

Y

X X X X X

X X X X X X

X

Methane adsorption ( )

150 2.99 5.39 0.9818 4.62

2.12 1.87 3.37 1.60

0.8926

3

1 2 3 1 2

1 3 2 3 1
2

2
2

3
2

(4)

The quality of the developed quadratic model was assessed
based on the correlation coefficient values (R2) for multiple
regression. The values of R2 determine how close the responses
are to the fitted regression data. The coefficients for all three
responses are R2 = 0.9805, R2 = 0.9656, and R2 = 0.9840,
respectively, for the deviation of calculated and measured Y1, Y2,
and Y3.
The ANOVA results for the fitting of the quadratic model on

three responses are furnished in Tables S4−S6 of the Supporting
Information. Two main types of assessment were carried out to
attain the best-fitted model: comprising significance of the
regression model and individual model coefficients with “lack of
fit”. Regarding the “F-value” or “P-value” (probability value)
with a 95% confidence level, the significant independent
variables have been completely sorted. The ANOVA test
confirmed the adequacy of the quadratic model for all three
responses because the P-value is higher than Fischer’s F-statistics
factor and is less than 0.05. Hence, for both responses of the
iodine number (Y1) and packing density (Y2), X2, X2

2 and X3
2

were considered as significant terms in the quadratic model.
However, for the response of CH4 uptake (Y3), the terms X1, X2,
X1X2, X1

2, andX2
2 were highly significant and the termsX3,X1X3,

X2X3, and X3
2 were moderately significant.

The most relevant fitted surfaces for the three designed
responses are depicted in Figure 3a−f. Figure 3a,b shows the
results of fitting the iodine number data to the response model
represented by eq 2. Based on Table S4, the interactions
between X1X2 and X2X3 have a significant impact on the iodine
number because of its high F-value (56.8 and 52.99,
respectively). The curved contour lines in Figure 3a illustrates
that at a constant retention time of 90 min, iodine number
reaches to its global maximum when the impregnation ratio and
the activation temperature are 3.45 g/g and 750 °C, respectively.
The minimum value of the iodine number was observed at the
highest temperature (834 °C) and the lowest amount of the
impregnation ratio (2.6 g/g). Similarly, it has been deduced
from the curved contour lines of Figure 3b, which is sketched at a
constant impregnation ratio of 3.5 g/g that a global minimum
value for the iodine number, around 980 mg/g, was noticed at a
high temperature of 834 °C and a retention time of 140min. The
maximum amount of the iodine number reached at the
activation temperature range of 750−790 °C and the retention
time range of 90−110 min.
Three-dimensional surface plots for the packing density as the

second response are shown in Figure 3c,d. According to the
statistical results reported in Table S5, because of the highest F-
value among all preparation parameters, the activation temper-
ature was recognized to have the most significant effect on the
packing density of the products. Figure 3c, which is depicted at a

constant retention time of 90 min, clearly shows the global
maximum of the packing density at the highest value of the
activation temperature (834 °C) and the lowest amount of the
impregnation ratio (2.6 g/g). Also, the minimum value of
packing density was nearly observed at the average amount of
both impregnation ratio (3.45 g/g) and temperature (745 °C).
According to the curved contour lines of Figure 3d, which is
presented at a constant impregnation ratio of 3.5 g/g, a global
maximum of packing density was observed at the highest
boundaries of the activation temperature (834 °C) and
retention time (140 min).
The comparison between the obtained results in Figure 3a,c

exhibits that the surface plots for the responses of the iodine
number and packing density follow almost a reverse trend.
Similar observations are deduced from the curved contour lines
of Figure 3b,d. To describe the behavior mentioned above, three
ACs of “sample 7”, “sample 8”, and “sample 17” with a similar
impregnation ratio and retention time and different activation
temperatures were selected from Table S1. It can be seen that
increasing the activation temperature from 666 °C (“sample
17”) to 750 °C (“sample 8”) causes an elevation in the iodine
number, which represent the microporosity in this work, from
2080 to 2400 mg/g.47 However, improving the microporosity
leads to the reduction of the AC packing density (from 0.56 to
0.44 g/cm3). These results are in agreement with the findings
reported in the literature.38,39,47,48

When the activation temperature elevated up to 834 °C
(“sample 7”), the iodine number (i.e., porous textural property)
of the adsorbent dropped to 1780 mg/g, while the packing
density increased to 0.71 g/cm3. The rise in the activation
temperature from 750 to 834 °Cmay have induced shrinkage in
the carbon structure, resulting in a reduction in the iodine
number. This reduction in the iodine number makes the
structure of the adsorbents more compact and decreases the
microporosity, which causes an increase in the packing density
of the solid.23,38,39,47 Therefore, “sample 7” does not provide a
suitable porosity compared to “sample 8” and “sample 17”.
In the case of CH4 adsorption capacity of ACs, according to

the statistical results from Table S6, the chemical impregnation
ratio (X1) with the highest F-value of 254.71 among all the
preparation parameters was found to have the most significant
effect. The curved contour lines in Figure 3e at a constant
retention time of 90 min show that the maximum amount of
CH4 uptake, which is about 167 cm3

(STP)/cm
3, occurs at lower

boundaries of the impregnation ratio and activation temper-
ature. According to Figure 3e, the CH4 uptake shows a local
minimum point around 147 cm3

(STP)/cm
3 at a high temperature

of 834 °C and a low chemical ratio of 2.6 g/g, while the global
minimum of 122 cm3

(STP)/cm
3 can be observed at a low

temperature of 666 °C and a high chemical ratio of 4.3 g/g.
Similarly, the curved contour lines of Figure 3f show that the
global maximum of CH4 uptake reached at lower boundaries of
both activation temperature and retention time. Also, the
minimum extent of CH4 adsorption capacity (about 135
cm3

(STP)/cm
3) was observed at the upper limits of both process

variables of temperature and retention time.
According to the obtained results from Figure 3e,f, the

anthracite-based AC samples which are prepared at a temper-
ature of about 700 °C and a medium level of impregnation ratio
such as “sample 15” should possess dominant micropore size
distribution in their matrix structure along with an appropriate
packing density.23,49 Such adsorbents show high CH4
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adsorption on volumetric basis and are more favorable for ANG
applications.
4.2.2. Generalization Performance of the In-House-

Optimized RN. Figure 4a−f depicts the corresponding general-
ization performance of the optimized RN over a 100× 100mesh
for all entire outputs of iodine number, packing density, and
CH4 uptake. It is clear the LOOCV criterion is relatively
successful for stabilizing the generalization performances, and
no fluctuation can be observed on these surfaces. In other words,
selecting the optimum level of regularization (λ*) via the
LOOCV criterion in the RN eliminates the ill-conditioning
problem and leads to a more consistent generalization
performance. The appropriate value of λ* dramatically depends
on the spread (σ) for a specific data set with a fixed level of noise.
A simple indirect procedure is proposed in this article for finding
the correlation between these two parameters (λ* and σ). Such a
process is recruited to train the best optimal network for
reconstructing the best generalization performance. Interest-
ingly, a comparison of Figures 4 and 3 reveals that both models
of the RN and RSM provide almost similar trends for the three-
output variable 3D surface plots over the entire input domain.

For instance, in the case of the iodine number (a: constant
retention time, b: constant impregnation ratio), both general-
ization performances exhibit a global maximum at the medium
range of input domains.
The prediction of CH4 uptake as the third output of the RN

model is shown in Figure 4e,f. The excellent capacity of the
LOOCV technique to filter noise distinguishes the performance
of our in-house RN network. The exceptional generalization
performance of the RNnetwork is based on its robust theoretical
background and is because of the dominant multivariate
regularization theory coupled with the efficient technique of
the leaving one out cross-validation criterion.
The 3D curvatures of the RN at a constant retention time

(Figure 4e) show the maximum amount of CH4 uptake (around
174 cm3

(STP)/cm
3) at the lowest boundaries of temperature and

ratio input domain (i.e., X1 = 2.6 g/g, X2 = 666 °C, and X3 = 90
min). The global minimum of CH4 uptake (135 cm

3
(STP)/cm

3)
is observed at a low temperature of 666 °C and a high chemical
ratio of 4.3 g/g. As can be seen in Figure 4f, there is a local
maximum for the CH4 adsorption value at a high temperature of
834 °C and a low retention time of 39.5 min. Moreover, the

Figure 4.Generalization performance of the in-house RN for all outputs to evaluate the effect of (a)X1 andX2 on Y1 (X3 = 90min), (b)X2 andX3 on Y1
(X1 = 3.5 g/g), (c) X1 and X2 on Y2 (X3 = 90min), (d)X2 and X3 on Y2 (X1 = 3.5 g/g), (e)X1 and X2 on Y3 (X3 = 90min), and (f) X2 and X3 on Y3 (X1 =
3.5 g/g).

Industrial & Engineering Chemistry Research pubs.acs.org/IECR Article

https://dx.doi.org/10.1021/acs.iecr.9b04943
Ind. Eng. Chem. Res. XXXX, XXX, XXX−XXX

H

https://pubs.acs.org/doi/10.1021/acs.iecr.9b04943?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.9b04943?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.9b04943?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.9b04943?fig=fig4&ref=pdf
pubs.acs.org/IECR?ref=pdf
https://dx.doi.org/10.1021/acs.iecr.9b04943?ref=pdf


global peak of the CH4 uptake (about 160 cm3
(STP)/cm

3) is
observed at the lowest boundaries of both temperature (665 °C)
and retention time (39.5 min). Generally speaking, an increase
in both parameters of activation temperature and retention time
leads to a decrease in the CH4 adsorbed amount.
As was verified by 3D generalization performance of both

RSM and RN models, the chemical impregnation ratio (X1) has
themost profound effect onCH4 storage capacity (Y3) among all
process variables. Smooth generalization performance of the
CH4 uptake as the third response for the RN suggests that the
LOOCV criterion can successfully filter out the embedded noise
inside input exemplars. Clearly, inside the typical range of the
input domain, our in-house-optimized RN equipped with noise
filtering and the RSM technique provides the same trend for
methane uptake. According to these results, it can be concluded
that a fully optimized RN is capable of providing reliable
interpolation hypersurfaces for the iodine number, packing
density, and, particularly, methane uptake versus AC crucial
synthesis factors.
4.2.3. Generalization of the ANFIS. As was mentioned

previously, in the ANFIS model, each input parameter might be
clustered into several class values to build up fuzzy rules, and
each fuzzy rule would be constructed using two or more MFs.

Figure 5a−f depicts the generalization performances of
optimized ANFIS networks for the iodine number, packing
density, andmethane uptake versus retention time, temperature,
and impregnation ratio over the 100 × 100 surface mesh. Severe
fluctuation, especially in the prediction of CH4 uptake results, is
observed in Figure 5e,f. Figure 2b,d may take proper recall and
validation performances of the ANFIS network as a reliable basis
to accept all predictions of such a network. However, Figure 5
clearly illustrates that such a naive assumption can lead to
disastrous consequences when the trained network is used for
generalization purposes. Such an oscillatory trend in general-
ization performances of ANFIS is a consequence of fitting the
noise (the so-called overfitting) instead of filtering the
measurement errors. A comparison of Figures 4 and 5 reveals
that the smooth generalization performance of the RN owes to
the use of powerful stabilization techniques such as the LOOCV
criterion, which the ANFIS does not enjoy. Additionally, a
detailed inspection of Figure 5e reveals that the recruited ANFIS
network provides negative values for methane uptake at some
points, which are not practically feasible. For these reasons, the
ANFIS model was not considered for further investigations.

Figure 5.Generalization performance of the in-house ANFIS for the all outputs to evaluate the effect of (a) X1 and X2 on Y1 (X3 = 90 min), (b) X2 and
X3 on Y1 (X1 = 3.5 g/g), (c) X1 and X2 on Y2 (X3 = 90min), (d)X2 and X3 on Y2 (X1 = 3.5 g/g), (e) X1 and X2 on Y3 (X3 = 90 min), and (f) X2 and X3 on
Y3 (X1 = 3.5 g/g).
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5. OPTIMIZATION
Herein, two well-known methods, including (i) standard
optimization by the Design-Expert 11 and (ii) GA using
MATLAB R2018a, were recruited to optimize the preparation
condition of the AC in a way to enhance their CH4 storage
capacity. Figure 6 depicted the fitness plot for the GA

optimization method. According to this figure, after 10
generations, the best and the mean fitness converge toward
the optimal solution. The specific optimization condition
including the input variables and three predicted responses are
shown in Table 2. The optimization results of CCD-surface

response and the CCD-GA were validated by the synthesis of an
adsorbent under the reported optimum condition. The
experimental results under the optimum condition validate the
prediction of GA and RSM very well (see Table 2) with a
deviation of 0.15 and 1.1%, respectively.
5.1. Characteristics of the Optimized AC. The elemental

analysis over two samples of raw anthracite and the optimized

AC is summarized in Table 3. The high value of the carbon
content (86.10 wt %) for the local anthracite confirms the
quality of the precursor for the preparation of AC.
The FTIR results of the raw anthracite and the optimized AC

in Figure 7 illustrate how activation affects the surface chemistry

of the coal-based precursor. The presence of functional groups
of C−O−C, C−O, and CHx on the surface of a raw coal sample
is inevitably essential to prepare AC with an appropriate
microporosity during KOH activation. As it was discussed in the
previous sections, the microporosity of the ACs directly affects
their CH4 adsorption capacity.23,49 However, because of the
participation of multiple parameters in the methane uptake on
the AC, the precise relationship between the surface functional
groups and the amount of CH4 adsorption on the AC is unclear
and needs further studies.
The porosity of the optimized AC was characterized by

measuring N2 adsorption/desorption isotherms on the AC
sample at −196 °C (Figure 8) to analyze its BET surface area
and pore size distribution (PSD). Based on the IUPAC
classification, the N2 adsorption plot of the AC exhibits type I
isotherm, which is corresponding to the microporous materi-
als.38,39 The minimal slope at the knee region of the isotherm
implies the formation of well-developed micropores in the solid
structure. Figure 8b shows a bimodal trend for the PSD with a
dominant pore size of around 0.98 and 1.7 nm. Prior studies
have noted the importance of PSD between 0.8 and 1.1 nm to
achieve a high CH4 uptake capacity. With such an optimum
PSD, two CH4 molecules can store easily in the micropores of
ACs.23,37,38

Table 4 compares the porosity, CH4 adsorption capacity, and
CH4 delivery of the optimized AC prepared in this study with
different classes of adsorbents reported in the literature. The
optimized sample shows a high surface area of 2160 m2/g and a
total CH4 storage capacity of 175 cm

3
(STP)/cm

3 at 25 °C and 40
bar, which are relatively high in comparison to other adsorbents.

Figure 6. Best fitness graph of GA for methane uptake.

Table 2. Optimum Preparation Conditions for the AC
Samples and the Corresponding CH4 Uptake Predicted by
the CCD-Surface Response and CCD-GA Models and
Experimental Results

optimization models

CCD-surface
response CCD-GA

real data at the
optimum point

Processing Variables
chemical impregnation
ratio (g/g)

3.05 3.02 3

activation temperature
(°C)

732.5 728.54 730

retention time (min) 60 60 60
Output Variables

iodine number (mg/g) 2230 2229 2210
packing density (g/cm3) 0.51 0.51 0.53
methane adsorption
(cm3

(STP)/cm
3)

173 174.73 175

Table 3. Proximate and Ultimate Analysis of Coal-Based Materials (wt %, Dry Basis)

proximate analysis ultimate analysis

sample carbon ash volatile moisture C H N S

local anthracite 86 8.10 5.40 0.50 86.10 1.90 0.79 1.70
AC adsorbent 83.30 2.01 0.68 1.70

Figure 7. FTIR spectra of coal-based samples: (a) raw anthracite coal
and (b) AC under optimum conditions.
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In addition to having an acceptable adsorption capacity, the
potential adsorbent for applying in the methane storage tanks
should own functional working capacity, which means it must
deliver a maximum amount of methane when the tank reaches a
certain low-pressure level before refueling. The corresponding
value for the optimized AC is among the acceptable values (100
cm3

(STP)/cm
3) reported for the coal-based and pitch-based

adsorbents. It should be noted that compared to some of the
expensive adsorbents such as MOFs which show almost similar
CH4 adsorption/delivery performance, the AC in this study are
(i) prepared from truly low-priced material, (ii) have an easy
synthesis procedure, and (iii) have the potential to be produced
in large scale. The current findings can improve the CH4 storage
capacity of inexpensive adsorbents and make them promising
candidates for the gas-fueled vehicle industry.

6. CONCLUSIONS

The methane storage capacity of a low-cost anthracite-based
adsorbent was enhanced via experimental and analytical
approaches. By changing the preparation condition of the ACs
based on Design-Expert software suggestion, 20 different AC
samples were prepared initially. The pore structure, packing
density, and CH4 uptake of the prepared samples were analyzed
by resorting to well-known models such as RSM, RN, and
ANFIS along with two conventional methods of ANN and
ANFIS extracted from the MATLAB toolbox. Two different
techniques of parity charts (R2 and RMSE statistics) and 3D
graphical generalization performances were used to compare the
capability of the models in the prediction of AC specification
based on their preparation conditions. The MATLAB GA
toolbox and RSM as the models with the best performance were
separately used to find the optimal preparation conditions
leading to a maximum CH4 uptake on the prepared AC. The
predicted optimum condition was validated by experimental
analysis, and it was found that both models have a satisfactory
performance in predicting the optimized AC methane
adsorption capacity.
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Figure 8. (a) Equilibrium nitrogen adsorption isotherm at−196 °C for
the optimumAC sample. Filled and open symbols represent adsorption
and desorption data points, respectively. (b) PSD of AC prepared under
optimal conditions according to nonlocal DFT.

Table 4. Adsorbent Specifications and CH4 Storage Capacity Data for Various Adsorbents at 25° C

precursor type material SBET (m
2/g) packing density (g/cm3) methane uptake (cm3

(STP)/cm
3) methane delivery (cm3

(STP)/cm
3) reference

coal-based AK37301 2864 0.51 176a 158d 4
optimum AC 2160 0.53 175b 100e this study
Maxsorb-A 3100 0.59 152b 138d 8
K3701 2647 0.34 118b 38
KUB41701 2123 0.64 165b 140d 8

pitch-based PY100-3:1-800 2800 0.55 145b 95e 23
PY100-3:1-700 2465 0.60 150b 90e 23
LMA738 3290 0.53 165a 49
LMA405 3551 0.45 134a 49

zeolites 5A 104a 9
13A 110a 9
CaX 98a 9

MOFsg UTSA-20 1620 0.91 184a 170f 50
PCN-14 2000 0.83 195a 157f 50
HKUST-1 1850 0.88 227a 190f 50
MIL-101(Cr) 4230 0.44 135c 51

COFsh COF-8 1350 0.71 107c 84f 51
COF-102 3620 0.43 145c 123f 51
COF-103 3530 0.43 135c 114f 51

aValues of methane uptake measured at a pressure of 35 bar. bValues of methane uptake measured at a pressure of 40 bar. cValues of methane
uptake measured at a pressure of 65 bar. dDefined as the difference in the amount of methane adsorbed between 40 and 1 bar. eDefined as the
difference in the amount of methane adsorbed between 35 and 5 bar. fDefined as the difference in the amount of methane adsorbed between 65
and 5 bar. gMOFs: metal−organic frameworks. hCOFs: covalent organic frameworks.
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