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ABSTRACT

The removal of lead ions from water is investigated in this study, the non-linearity relationship
between the parameters used in the adsorption process were modeled. The artificial neural network
modeling method has been used to reflect the non-linear relationship between the variables of the
process. A novel functionalized carbon nanotube is used to adsorb Pb(II) ions from water. A total
of 158 runs were performed at a laboratory scale and used for modeling. The adaptive neuro fuzzy
inference system (ANFIS) model more accurately described the adsorption process, the ANFIS R?
was 0.998, and a feed-forward neural network (FF-NN) R* was 0.993. Various indicators were used to
determine the model’s efficiency and accuracy. To classify the adsorption kinetic order, three kinetic
models were evaluated. The pseudo-second-order model was well fitted to the simulated data. The
maximum relative error was 7.078% for the ANFIS model and 11.62% for the FF-NN, indicating the

higher accuracy of the ANFIS model.
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1. Introduction

The need for fresh water is highly important for life.
Researchers have reported that heavy metal ions, such as
Pb(1I), As(III), Cr(III) and Cd(II), have deleterious effects on
human life. Heavy metal ions arrive in water resources in dif-
ferent ways from various industries. Several heavy metal ions
are poisonous even at low concentrations and can cause harm
if they accumulate in a living organism [1]. Lead elements are
typically found in small quantities in the earth’s upper layer.
Lead generates a variety of diseases and disorders in the
human body. Therefore, environmental protection agencies

* Corresponding author.

and researchers worldwide are engaged in treating water to
remove these ions. The World Health Organization recom-
mends 0.01 pug/L as the maximum allowable limit of lead in
drinking water [2]. The allowable lead ion concentration in
industrial wastewater is 3.0 ug/L [3]. Various remediation
methods have been used to remove heavy metals from aque-
ous solution, including precipitation [4], reverse osmosis [5],
coagulation [6], oxidation [7], ion exchange [8] and adsorp-
tion. Moreover, the heavy metals are available in soil, dif-
ferent methods were used to remove the heavy metals from
soil [9-11]. The adsorption process has advanced in terms
of design simplicity, operation and cost. The effectiveness
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of adsorption primarily depends on the selection of an
appropriate processing condition, including the mass of sor-
bent, pH, system temperature and process duration [12].

Many studies have been performed using various mate-
rials as adsorbents to extract metal cations, such as activated
carbon [13], clay minerals [14], biomaterials [15] and pista-
chio shells [16]. However, these adsorbents have proven
unsatisfactory. Researchers have proposed carbon nanotubes
(CNTs) as the most effective adsorbents for removing numer-
ous pollutants. Their large surface area and diameter and
their shorter equilibrium time compared with other mate-
rials contribute to their effective application [17]. The CNTs
have been successfully used to extract various heavy metals,
for instance chromium, copper, zingc, lead, cadmium, arsenic
and mercury [18]. However, functionalization is the key to
improving the capability of CNTs. Conventional functional-
ization typically involves harsh acids, non-environmentally
friendly chemicals and complicated processes. Thus, the
need for environmentally friendly functionalization agents
with simple chemical processes is crucial [19].

Recently, deep eutectic solvents (DESs) have received
substantial research interest because of their wide applica-
bility. The DESs are one of the ionic liquid (IL) analogues
which are presented by Abbot et al. [20] as a cheaper replace-
ment for developed ILs. DESs were first introduced as a
low-cost means to replace ILs. DESs have many advantages
over ILs in terms of the availability of the raw materials and
their ease of synthesis with minimal environmentally harm-
ful waste [21]. Therefore, DESs have been adopted in many
areas of science. Recently, DESs have been used in several
nanotechnology fields as a medium for nanoparticle synthe-
sis, as electrolytes in nanostructure sensors, as electrolytes
in nanoparticle deposition [22] and as CNT functionaliza-
tion agents [19,23]. AlOmar et al. [25] used choline chlo-
ride-based DESs as novel CNT functionalization agents to
prepare a sufficient adsorbent of Pb(II) ions. DESs generally
consist mainly of hydrogen bond donor (HBD) and salt, both
compounds are in solid form at room temperature whereby,
their mixture gets converted into liquid phase. The melting
point of the mixture is less than the average melting points
of the individual compounds [24]. In contrast, DES has sev-
eral advantages comparing with the conventional ILs such
as diversity of physical properties and different molar ratios
and cheaper price of compounds.

The adsorption process is complicated due to the
non-linear relationship of the involved variables to the
adsorption capacity of CNTs. Modeling this type of process is
complex when using linear correlation methods. The artificial
neural network (ANN) represents an alternative modeling
method. ANN is a powerful tool for recognizing the relation-
ships between the inputs and outputs using training process.
Because of the expense of the CNTs used in the experiments
and the complicated process of preparing the experiments, the
ANN modeling method is useful for formulating knowledge,
describing the process and extending experimental results.
Scaling up from the research facility to the industrial level is
simpler when process models are used. In contrast, heuristic
models are recommended for collecting information without
performing additional experimental research. These kinds
of models are designed to recognize the complex, non-linear
relationships between variables and are easier to use.

This study aims to develop useful applicable model using
the proposed artificial network system, a feed-forward neu-
ral network (FF-NN) and the adaptive neuro fuzzy inference
system (ANFIS) to predict Pb(Il) ion removal from water
using DES-functionalized CNTs and a set of experimental
data prepared at a laboratory scale. The performance and
efficacy of the FF-NN model are compared with those of the
ANFIS model. The sensitivity study of the involved param-
eters is examined in this research. Three kinetic models
are applied to the predicted results to assess the rate of the
adsorption reaction.

2. Experiment setup
2.1. Experimental

In a previous study, a novel Pb(II) adsorbent was pre-
pared based on pristine CNTs oxidized with KMnO, and
then functionalized by choline chloride: triethylene glycol
(salt:HBD) 1:2 DES (TEG) [25]. The preparation of the adsor-
bent was performed in two stages. The primary oxidation
involved sonication of pristine-CNTs (P-CNTs) with KMnO,
for 2 h at 65°C, the pristine-CNTs (P-CNTs) are provided
from Sigma-Aldrich (Malaysia). Subsequently, the resulting
oxidized CNTs (K-CNTs) were sonicated with DES for 3 h
at 65°C to produce KTEG-CNTs. The adsorbent was com-
prehensively characterized by observing the Raman shift
using Raman spectroscopy. The functional groups asso-
ciated with the functionalization process were analyzed
using FT-IR. The surface charge, surface area and surface
morphology were investigated using the zeta potential, BET
surface area field-emission scanning electron microscope
and TEM, respectively. The structural phase was also inves-
tigated by conducting an XRD profile. The characterization
results had been presented in our previous publications [25].
Additionally, a batch adsorption study was performed at an
ambient condition. The adsorption capacity of KTEG-CNTs
was understood as a response to four variables: initial con-
centration, adsorbent dosage, pH value and contact time.
A total of 158 experimental results based on different con-
ditions were used to study the influence of each parameter
on the adsorption capacity and the interaction among the
parameters. The restrictions for each parameter are listed in
Table 1.

2.2. Artificial neural network

The artificial neural network (ANN) has been considered
a less complicated model of sophisticated biological net-
works. As an alternative modeling technique, artificial neural
network (ANN) has been used to represent the non-linear

Table 1
Evaluation indicators
ANFIS FF-NN
MSE 6.14x107° 1.86x10+*
RMSE 6.47x107° 1.36x1072
RRMSE 5.91x107 5.74x1072
MAPE 2.02 4.53
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function relationship among variables. The ANN techniques
donot require mathematical induction since the ANN analyzes
examples and recognizes patterns in a series of inputs and out-
puts of a dataset without prior assumptions regarding their
characteristics and interrelations [26]. The special ability of
ANN to generalize and identify the pattern of any non-linear,
complex development makes it an influential modeling tool.
Neural networks can extract complicated data that cannot be
observed by a human or a computer technique. Several stud-
ies have recently been conducted on water quality prediction
models [27]. Additionally, research has been performed on,
for example, modeling fermentation media optimization and
modeling a microwave-assisted extraction method.

A feed-forward back-propagation neural network
(FF-NN) was used in this study as a gradient descent tech-
nique to minimize network error. Each layer in the FF-NN
has several neurons, and each neuron transmits input values
and processes to the next layer. As illustrated in Fig. 1, the
value of the input variable is multiplied by the connection
weights w,, which connect the input to the hidden layer. The
FF-NN model consists of input layers, hidden layers and one
output layer in a multilayer neural network.

Because the FF-NN is a supervisory learning algorithm
technique, the method used to select the optimal param-
eters is to adjust the network weight value [28]. The term
“Optimal” refers to the difference between target values or
actual values t, and the network output z, that achieves the
minimum or the target such that

k

=2 (5 -4) M

k=1

Here, z, = ANN output, and £, is the target output T. The
training process is a procedure whereby the ANN connecting
weights are modified by a continuous procedure of stimula-
tion on the condition that the network is fixed.

The input data are normalized in a range of 0-1 to avoid
over-fitting the network. It is realized that all the units of a

Adsorbent dosage (g) .\ /

Pb concentration (ppm) '

Fig. 1. Feed-forward back-propagation neural network structure.
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similar layer do not connect with one another. The connec-
tions among the developed layers can be expressed by the
coefficient of weight [29].

The weighted signals and bias from the input neurons are
summed by the hidden neurons and then projected through
the transfer function. In the FF-NN algorithm, the inputs are
forwarded into the network until the end of the network.
The output is initiated and compared with the target value.
Finally, the error is calculated.

Back-propagation learning is used to create the relation-
ship between the target outputs and the input data, which
are typically assigned with a random initial weight and later
updated by comparing the results of the actual values with
the target values. In the diverse research that uses neural
computations, different transfer functions are used depend-
ing on the problem non-linearity and data complexity to
design a proper network.

2.3. ANFIS architecture and development

The adaptive neuro fuzzy inference system (ANFIS)
technique is a feed-forward multilayer network that uses
fuzzy logic and a neural network learning system to format
the input data space to the output data space. The ANFIS
learning system consists of five layers. Each layer consists of
several nodes.

There are two types of fuzzy inference systems (FISs):
the Mamdani and Assilian type [30] and the Takagi and
Sugeno type [31]. The consequence parameter definition is
an important difference between the two FISs. The results
parameter in the Sugeno FIS is either a constant coefficient
[32] (i.e., the zero-order Sugeno FIS) or a linear equation (i.e.,
the first-order Sugeno FIS).

The procedures of the ANFIS can be summarized to assist
comprehension. It is considered that the system contains
four inputs, that is, contact time (T), concentration of Pb(II)
(C), pH (PH) and adsorbent dosage (AD), and one output
removal efficiency (Q). The rule base consists of four fuzzy
if-then rules. The four rules can be written as follows:

=
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Rule 1:

If AD is A, Cis B, PH is C, and T is D,
thenf =p xAD+g, xC+s xPH+m xT+g,

Rule 2:

If AD is A2, C is B, PH is C, and T is D,
thenf,=p,xAD +q,xC+s,xPH+m,xT+g,

whereq, p,s,mand g (i=1,2,3,...) are considered the linear
parameters in the consequential part of the Sugeno fuzzy
system. The ANFIS constriction is illustrated in Fig. 2, and
the ANFIS model description is as follows:

Layer 1: the input node. The input node of the first layer
produces the membership grades for the input and output
O,, which is calculated by the following:

O,=uA(AD)  (i=1,2) @)
0,=uBO)  (i=34) ()
0,=pC (pH)  (i=56) 4)
0,=uD. () (i=7,8) (5)

where AD, C, pH and T are the inputs to node I, and A, B,
C, and D, are the linguistic labels categorized by the appro-
priate membership functions (MFs) uA, uB, uC, and uD,
respectively.

Layer 2: the node rules. The layer outputs, termed firing
strengths O, are the corresponding degrees transferred from
the previous layer output (Layer 1).

0, =w,=pA(AD)uUB(C) uC(pH) uD(T),  (i=1,2,3....) (6)

Layer 3: the nodes average. The purpose of the third layer
is to compute the ratios of all the ith rules’ firing strengths to
sum the firing strength of the rules. Accordingly, Wi is consid-
ered a regularized firing strength.
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Fig. 2. Architecture of ANFIS.
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Layer 4: the resulting node. At this layer, the node
function calculates the contribution of all the i, rules and
transfers the summed contribution to the total output.
The function can be written as follows:

Oi4:i;ifi:i7i(pix AD + q,x C +sx pH + mx T +gi)
i=12
8)

where W, denotes the Layer 3 output, whereby p, g, s, m,
and g, are the parameter set. The parameters in this layer are
stated as the consequent parameters.

Layer 5: the output node. This layer is the output layer. It
calculates the total output by adding all the received indica-
tions. Therefore, a de-fuzzification procedure converts all the
fuzzy rules outcomes into a crisp output.

0,=Q%, @ f - Zzu;f ©

There is no limited rule designed for constructing the
ANFIS system. However, a common context can be con-
structed based on earlier successful engineering applications.
The ANFIS target is to specify and simplify the form
relationship.

Y=f(X,X, - X) (10)

where Y is the variable of output and X, X,,.., X are the
input variables.

In this paper, the removal capacity (Q) can be
distinguished as the function of AD, C, PH and T. The input
and the output (i.e., removal efficiency) relationship can be
written as follows:

FifdD, C, PH, I)

5 |Q=f(4D, C PE. 1)

FIfAD, C, PH, T)
Fi4D, C, PH, T)

.
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Q=f(AD,C,PH, T) (11)

The utilized data are divided into three sets. The first one
is the training set. Most of the data are used in this section to
train the ANFIS. The second set is a checking set and used
to verify the defined ANFIS, which prevents over-fitting
the network. The third set is the testing set, which is used
to ascertain model accuracy and performance. In this study,
158 experimental results are used, which were divided as fol-
lows: 73% for training, 12% for checking and 15% for testing.

2.4. Model evaluation indicators

Two competing neural networks were developed. For the
modeling in this study, the ANFIS and the FF-NN were used.
An assessment of multi-criteria was performed. The perfor-
mance of the ANFIS and FF-NN models was determined by
comparing the actual data with the simulated dataset. The
behavior of each model was examined employing the root
mean square error (RMSE), relative error (RE), mean square
error (MSE), relative root mean square error (RRMSE) and
the mean absolute percentage error (MAPE). The formulas
used to calculate these indicators are as follows:

2

1 n
MSE :;Z(Dam _Df(t)) 12)
i=1
1
2 |2 13
RMSE = Z( o~ f(,)) (13)
1
(D, -D, )|
RRMSE =| L$°| Zer = Prey (14)
mia Dy
D -D
MAPE = 12:1 (Pa =Dy} x100 (15)
a(t)
D. . -D
RE=—%_"/© 100 (16)
a(t)
where D, = the actual value. D, = the simulated value.

Generally, MSE, RMSE, RE, {\/IAPE and RRMSE equations
were selected to indicate model performance, which was
based on the result obtained by comparing the evaluated
error of the actual and simulated results. The best model is
considered the model with the smallest error.

3. Results and discussion

In this study, two modeling systems were used: the
FF-NN and ANFIS systems. Various indicators were used
to evaluate the two proposed methods. A comparison of the
two methods was performed. Based on the comparison, the
best model was adopted for a sensitivity study that used all

the parameters involved in the experimental research: pH,
adsorbent dosage and initial concentration. In addition, the
adsorption rate was investigated using three kinetics models.

3.1. ANFIS vs. FF-NN performance

The feed-forward neural network (FF-NN) and the ANFIS
modeling techniques presented in the methods section were
used for the modeling in this study. “Accuracy” was defined
as how closely a predicted value matches an actual value,
whereas “precision” referred to how closely predicted val-
ues match one another. It was clear that the ANFIS model
performed better than the FF-NN model according to the fol-
lowing indicators: MSE, RMSE, RRMSE and MAPE. The goal
of the training section was to decrease the error function by
creating a range of connection and initial values to help the
network achieve an output nearly equal to the target values.

The FF-NN was trained using the Bayesian regulariza-
tion (TRAINBR) algorithm, which is considered the fastest
algorithm in the MATLAB toolbox and is recommended as
the best choice for the supervised algorithm. Additionally, it
does not require a large memory compared with other algo-
rithms. The optimum neuron number in each hidden layer
was recognized by trial and error by changing the number
of neurons in the hidden layer from 2 to 20. Moreover, the
number in the hidden layers of the model was identified by
trial and error to determine the optimal network structure.
The optimum model architecture was identified based on
the minimum values of the MSE. Therefore, the optimal net-
work structure contains four inputs, 15 neurons in each hid-
den layer with three hidden layers (Fig. 1), and one output.
Fig. 3 compares the data obtained using the FF-NN with the
experimental data. It shows a good compatibility between
the experimental and predicted data.

Selecting the optimal network structure is the most sig-
nificant problem in ANFIS training. The ANFIS structure
consists of five layers (Fig. 2). The optimum architecture of
the ANFIS system was identified based on the minimum val-
ues of testing-set error. Using the membership function for
the input and linear type, which is applied for the output
while generating the FIS, the optimal method was identified.
As presented in Table 1, the minimum testing error obtained
for the ANFIS model was 6.14x10-° (MSE). Consequently, the
ANFIS model system with a linear output MF type, three
MFs for the input, “bellmf” as MF type and 100 epochs was

0.7
R>=0.993
0.6 2
os A
0.4 ) Tl
0.3 =~
0.2 .

0.1 -

Predicted of lead ions removal

0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Actual of lead ions removal

Fig. 3. R? of ANN.
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designated the optimal model structure. To verify its accu-
racy, the ANFIS model was used to simulate 22 results, which
were not used in the training or validation procedures. The
comparison between the actual and predicted data is pre-
sented in Fig. 4. The determination coefficient for the testing
dataset R? is 0.9981, which indicates a superior performance
of ANFIS model compared with the FF-NN model. The data
scatter is nearly along a 45° line, which indicates the superior
performance of the ANFIS model.

Regarding the MSE values for the ANFIS and FF-NN mod-
els (Table 1), the MSE of ANFIS was 6.14x10-°. This outcome
is a practical value and reflects accuracy and high efficacy
compared with the MSE of the FF-NN, which was 1.86x10.
The ANFIS model can be used to simulate the connection
between the input variables and thus to investigate the adsor-
bent capacity of a functionalized carbon nanotube. The MAPE
value for the ANFIS model was 2.02%. In contrast, the MAPE
value for the FE-NN model was 4.53%. This outcome demon-
strates that the ANFIS model is more accurate than the FE-NN
model. Additionally, the ANFIS model produced RMSE and
RRMSE values of 6.47x10 and 5.91x107?, respectively, whereas
the FF-NN results were 1.36x1072 and 5.74x107, respectively.
Consequently, these criteria confirm that the ANFIS model
performed better than the FF-NN model.

Relative error is an error indicator in modeling prediction.
It compares actual values to predicted values. Fig. 5 shows

07
06 R*=0.998 P4
05 -
0.4

03 P

0.2 -~

Predicted of lead ions removal

0.1 -~

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Actual of lead ions removal

Fig. 4. R? of ANFIS.

15 = FFNN

= ANFIS
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-15

Fig. 5. Illustration of the accuracy of the hybrid model.

the relative error percentages for the ANFIS and FF-NN
models. A total of 22 results were used for both models to
test their accuracy. The maximum error value for the FF-NN
model was 11.62% as opposed to 7.07% for the ANFIS model.
The results were calculated using Eq. (16) and indicate that
the ANFIS model is more accurate than the FE-NN model.

This outcome demonstrates the reliability and effective-
ness of the proposed approach to extracting features from
input data. The hybrid ANFIS model can provide perfect
prediction of KTEG-CNTs as a Pb(Il) absorber from water.
The ANFIS model was used for the sensitivity analysis.

3.2. Sensitivity analysis
3.2.1. pH study

pH is one of the most influential factors in the adsorption
process. It affects the interactions between the adsorbent sur-
face and Pb(Il). In addition, pH influences the quantity and
form of the adsorbent surface active sites. It also affects the
solubility of metals ions in solution [33]. Here, the effect of
pH on the adsorption process is determined using 12.5 mg of
adsorbent dosage to remove 5 mg/L of Pb(II) from contami-
nated water at 5 min contact time. The pH value ranged from
1 to 10. Based on the results shown in Fig. 6, by increasing
the pH values, the adsorption capacity increases due to the
reduction of positive ions competition. At pH 5 the reduc-
tion of positive charged competitive ions will be at the maxi-
mum level and the free negative active sites on the adsorbent
surface becomes totally free to receive the heavy metals ions
only. Additionally, by increasing the pH to 6, the adsorption
capacity remains nearly steady.

At a pH higher than 7.0, the adsorption capacity is
increased when the dominant species of Pb(Il) ions are
Pb(OH)* and Pb(OH),. This complexation might be caused
by the extensive presence of OH- at this pH level, which
results in precipitation [34]. Moreover, with increasing the
pH of the water solution, the presence of H' decreases due
to the extensive presence of OH-, which plays a significant
role in decreasing the H* of the solution. As a result, the
competition on the adsorbent active sites decreases, and the
adsorption capacity increases. The agreement of the ANFIS
model predictions as a function of pH is presented in Fig. 6.
It can be noted that the results obtained using the proposed

95
—&— ANFIS outputs

- ~— Experimental outputs

75
65

55

Adsorption capacity mg/g

45

35

0 2 4 PH 6 8 10 12
Fig. 6. Agreement between ANFIS outputs and experimental
outputs with various pH values.
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ANFIS model indicate nearly the same behavior as the
experimental data. This outcome demonstrates the accuracy
of the proposed model.

3.2.2. Initial concentration study

The effect of the initial concentration on the adsorption
capacity was investigated by varying the initial concentration
of lead from (from 5 to 60 mg/L). The initial concentration
effect was examined at 2.7 pH, a 15-min contact time and
a 5-mg adsorbent dosage. The initial concentration of
lead increased from 5 to 10 mg/L, and the uptake capacity
increased from 32.48 to 49.57 mg/g, whereas by increasing
the initial concentration from 10 to 20 mg/L, the uptake
capacity increased from 49.75 to 101.05 mg/g. This outcome
might be attributed to the increase in the driving force of the
mass transfer, which resulted in an increase in the quantity
of Pb(Il) adsorbed from water solution. At low concentra-
tion, Pb(Il) interacts at the adsorbent active sites, whereas at
a higher Pb(II) concentration, the adsorbent active sites are
saturated, and the removal percentage is lower [35]. The data
obtained from the experimental research were trained and
predicted using ANFIS modeling. The ANFIS model predic-
tion was found satisfactory for the experimental data. The
experimental and predicted outputs of the ANFIS are pre-
sented in Fig. 7.

3.2.3. Adsorbent dosage study

Adsorbent dosage is an important factor involved in the
adsorption process. The effect of the adsorbent dosage on
Pb(II) removal was examined at pH 3.0, an initial concentra-
tion of 20 mg/L of Pb(Il) and a contact time of 15 min. The
KTEG-CNTs adsorption capacity decreased from 123.94 to
76.292 mg/g when the adsorbent dosage was increased from
5 to 12.5 mg. It decreased from 44.425 to 23.584 mg/g when
the adsorbent dosage was increased from 20 to 30 mg. The
decrease in the uptake capacity accompanied by the increase
in the adsorbent dosage might be attributed to increasing the
adsorbent surface area following an increase in the number of
active sites [36]. The data obtained from the experiment were
trained and predicted using the ANFIS model. The ANFIS
model prediction was found satisfactory for the experimental
data. The experimental and predicted output of the ANFIS
are presented in Fig. 8.

3.2.4. Adsorption kinetics study

It is important to determine the kinetics of the adsorp-
tion reaction rates of any adsorption system. In this study,
three kinetic models were used (i.e., pseudo-first-order,
pseudo-second-order and intraparticle diffusion models) to
investigate the mechanism and rate of the adsorption process.
The kinetic study was performed at three initial concentration
(C, mg/L) values of 8, 12 and 18 mg/L and an adsorbent dos-
age of 5 mg. pH and contact time were regarded as variable.
pH is one of the most influential factors in the adsorption
process. Therefore, three pH values were used: 2.7, 6 and 8.

The adsorption kinetics for lead ion removal from water
by KTEG-CNTs was studied applying the proposed ANFIS
model to determine the adsorption rate and to confirm the

200
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—&— ANFIS outputs
~— Experimental outputs

Adsorption capacity mg/g

0 10 20 30 40 50 60 70
Initial concentration mg/L

Fig. 7. Experimental and ANFIS output as the function of initial
concentration.
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Fig. 8. Experimental and ANFIS output as the function of
adsorbent dosage.

accuracy and usability of the proposed ANFIS model. Table 2
presents the results for the three models that were used. The
correlation coefficient (R?) for the pseudo-first-order model
was in the range of 0.226 to 0.972. However, for the
pseudo-second-order model, it was in the range of 0.990 to
0.999, and for the intraparticle diffusion model, it was in the
range of 0.861 to 0.994. Based on these results, the adsorption
data were described well by the pseudo-second-order model.
The model outcome for the simulated data resembles the
model outcome for the experimental data [25]. Figs. 9(a)—(c)
show the pseudo-second-order kinetic model with different
values of pH and initial concentration. It is obvious from
Fig. 9 that by increasing the initial concentration of Pb(II) the
value of (t/q) is decreased. That is, the metal uptake capacity
is proportional to the initial concentration, which is the driv-
ing force for mass transfer [37].

4. Conclusion

FF-NN and ANFIS techniques were successfully used to
predict the removal of Pb(II) from an aqueous solution using
DES-functionalized CNTs. The effect of various pH values
on the adsorption of lead ions from water was investigated.
A kinetic study was performed using different values of ini-
tial concentration and various pH values. Three different
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Table 2
Adsorption kinetics and correlation coefficient
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Pseudo-first-order In(g,—g,) vs. time (t)

Pseudo-second-order (t/g, vs. t) Intraparticle (g, vs. )

PH C,mg/L R? R? R?
2.7 8 0.972 0.998 0.861
2.7 12 0.226 0.990 0.956
2.7 18 0.679 0.991 0.951
6 8 0.524 0.995 0.982
6 12 0.946 0.998 0.994
6 18 0.888 0.999 0.986
8 8 0.433 0.997 0.861
8 12 0.753 0.999 0.956
8 18 0.707 0.999 0.951
10 8
, ApH=27 R = 0.998 B pH=6 R2=0.995
8
6
7 R?=10.990 R?=10.998
o 6 o’
g S R=0991 —of C =8 g4 R?=0.999
= 4 gl —e C0=12 = 3 —o C0=8
} LGS ) — C~12
2 — Cy=18
1 1
0 0
0 100 200 300 400 500 600 700 800 0 200 400 600 800
Time / min Time / min
7
C pH=8

Time/Q

400

R?=0.997

R?=0.999

R2=10.999

-
—ao

—|

C,=18

600 800

Time / min

Fig. 9. Pseudo-second-order adsorption kinetics at different pH and initial concentrations.

kinetic models were used to study the adsorption reaction
rate. The pseudo-second-order kinetic model described the
adsorption data sufficiently. The development of the two sys-
tems was such that we could obtain the optimal topology of
both models during the training section. The models were
created with the same purpose and their performance was
compared. The performance of the ANFIS model was bet-
ter than that of the FF-NN model in terms of accuracy. The
ANFIS model was found to perform excellently in the predic-
tion of the adsorption capacity of lead ions.

The prediction value of the ANFIS model was close to
the real values: R?=0.998, MSE = 6.14x10-%, RMSE = 6.47x1073,
RRMSE = 5.91x10"* and MAPE = 2.02. This outcome indicates
that the ANFIS system can model the adsorption capacity of
lead ions using DES-functionalized CNTs. One benefit of the
proposed modeling technique is its simplification of the pro-
cess used by researchers to recognize the significant effect of
each parameter involved in removal efficiency.
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