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ABSTRACT
In this study natural bentonite (NB) and acid-thermal co-modified bentonite (MB) were utilized as
adsorbents for the removal of Thymol Blue (TB) from aqueous solution. The batch adsorption
experiments were conducted under different experimental conditions. The artificial neural network
(ANN) and adaptive neuro fuzzy inference systems (ANFIS) were applied to estimate removal
percentage (%) of TB. Mean squared error (MSE), root mean square error (RMSE) and coefficient of
determination (R2) values were used to evaluate the results. In addition, the experimental data were
fitted isotherm models (Langmuir, Freundlich and Temkin) and kinetic models (pseudo first order
(PFO), pseudo second order (PSO) and intra-particle diffusion (IPD)). The adsorption of TB on both
the NB and MB followed well the PSO kinetic model, and was best suited Langmuir isotherm model.
When the temperature was increased from 298 K to 323 K for 20 mg/L of TB initial concentration, the
removal percentage of TB onto the NB and MB increased from 74.91% to 84.07% and 81.19% to
93.12%, respectively. This results were confirmed by the positive ΔH° values indicated that the
removal process was endothermic for both the NB and MB. The maximum adsorption capacity was
found as 48.7805 mg/g and 117.6471 mg/g for the NB and MB, respectively (at 323 K). As a result,
with high surface area and adsorption capacity, the MB is a great candidate for TB dye removal from
wastewater, and the ANFIS model is better than the ANN model at estimating the removal percentage
of the dye.
Keywords: Adsorption, Bentonite, Thymol Blue, Artificial Neural Networks, ANFIS.

INTRODUCTION
Thymol Blue (TB) is known acid–base indicator in analytical chemistry. It is also used as a
dye in some industries such as paint, leather and textile. The release of even very small
amount of TB dye from the process wastewater to the environment can be caused harmful
effects on human as well as animal life. Therefore, the removal of TB from effluents is very
important. Although there are some methods such as adsorption, chemical coagulation,
chemical oxidation, electrochemical treatment used to remove pollutants from wastewater,
* Corresponding Author Email: hulya.koyuncu@btu.edu.tr
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adsorption is an important and most popular method among them due to high efficiency, low
cost, simple application and availability (Du et al., 2017; Cheng et al., 2015; Ngulube et al.,
2017 & Kausar et al., 2018).
Clays are known to have adsorption capacity for dyes, and their capacities are comparable
with activated carbon which is the most popular adsorbent (Adeyemo et al., 2017). Recent
studies conducted about the adsorption of dyes using clays have shown that some natural
clays, bentonite in particular, demonstrate significant dye removal capacities, while others
still require certain modifications to enhance their adsorption capacity (Leodopoulos et al.,
2012). Bentonite which is negatively charged has three-layer silicate structure and due to
having a great number of cations in its layers has high adsorption performance, and has
attracted the attention of researchers as an adsorbent due to its low cost and high efficiency
(Miyoshi et al., 2018; Kul & Koyuncu 2010; Oussalah et al., 2019 & Alexander et al., 2019).
The modelling of a process is conducted to obtain data about how that process will behave
without carrying out experiments. Modelling is an accepted application for many processes in
the fields of both science and engineering. Computational models are more flexible than
statistical models when dataset including nonlinearities or insufficient (Ghaedi & Vafaei
2017). Artificial intelligence methods, such as artificial neural network (ANN) and adaptive
neuro fuzzy inference systems (ANFIS), can be used to model adsorption (Ghaedi et al., 2015
& Banerjee et al., 2015). ANN based on biological nerve processing can used to resolve and
model a large number of complex engineering systems thanks to its simplicity, robustness,
reliability and nonlinearity. There are some applications of ANN modeling in the literature
(Poznyak et al., 2019). ANFIS, which is a very efficient tool similar to ANN, can be used for
input and output relationships for describe nonlinear complicated systems. The ANFIS model
is formed of the antecedent part and the conclusion part which emerged as a combination of
fuzzy logic and ANN approaches, and is an effective tool that can be used to simulate
nonlinear variations in complex systems (Dolatabadi et al., 2018). It is considered to be a
technology with applications for the prediction of the performance of many processes owing
to its universal ability to simulate nonlinear variations, and for extrapolation based on
historical data in numerous fields. However, there are few studies conducted on the
application of ANN and ANFIS for adsorption process.
The novelty of this study is the comparison of the adsorption performance of the natural
bentonite (NB) and acid-thermal co-modified bentonite (MB) for Thymol Blue dye removal
from aqueous media for the first time, and the investigation of the performance of the
artificial neural network (ANN) and adaptive neuro fuzzy inference system (ANFIS) models
with three statistical metrics.
The aim of this study was comparison of the adsorption performance of NB and MB for
TB dye removal from aqueous media in terms of isotherm, kinetic and thermodynamic
examinations. Also, this study aimed to predict the adsorption behaviour of NB and MB using
ANN and ANFIS models. Since adsorption is a complex process and due to the complicated
relationships between input and output parameters, it is a process that is difficult to model
using statistical models. For the adsorption of TB on to NB and MB, initial concentration of
TB, interaction time and temperature were considered the input data and the percentage of TB
removal was calculated as the output data, using ANN and ANFIS.
MATERIALS & METHODS
The adsorption experiments were carried out with NB and MB clays. The NB sample was
obtained from the province of Kütahya, Turkey. The XRF results of NB was observed as
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follows:71.60 wt.% SiO2, 2.79 wt.% MgO, 13.15 wt.% Al2O3, 0.36 wt.% K2O, 2.23 wt.%
CaO, 0.66 wt.% Fe2O3, 0.26 wt.%, Na2O, 0.07 wt.% TiO2 and 8.45 wt.% loss of ignition. The
NB was activated to increase its surface area and to change its physicochemical properties.
For acid activation, a reactor made of pyrex glass, with a condenser, was used. Then 250 ml
of 5N HCl solution was slowly added to 50 g of bentonite that had been placed in the reactor
and allowed to stand for 3 hours under continuous stirring at a boiling temperature of around
105 °C. The bentonite samples were filtered and washed with distilled water in order to
eliminate acid residues. Then, the solution was centrifuged at 4500 rpm for 5 minutes. After
the final wash, the sample was centrifuged and incubated at 60 °C for 48 hours. Due to lumps
forming during drying, the bentonite sample was milled. For thermal activation, the bentonite
sample was heated to 600 °C for 24 hours and then stored in a desiccator after passing
through 235 mesh sieves. Details of the NB and MB adsorbent preparation and
characterization results were given in our previous study (Kul & Koyuncu 2010).
The chemical formula of TB is C27H30O5S (molecular weight: 466.59 g/mol), while its
IUPAC name is 4-[9-(4-hydroxy-2-methyl-5-propan-2-yl-phenyl)-7,7-dioxo-8-oxa-7λ6thiabicyclo[4.3.0]nona-1,3,5-trien-9-yl]-5-ethyl-2-propan-2-yl-phenol. TB (CAS 76-61-9,
1081760025) was obtained from Merck (Germany) and other solvents with reagents were
used without further purification. The stock solution of TB was prepared by dissolving a
weighed quantity of TB in ethanol (95 percent). The required initial concentration of TB
solutions (10, 20, 30, 40, 50, 60, 70 mg/L) used for the adsorption processes were prepared
from the stock solution by diluting with double-distilled water.
In batch experiments, which were carried out in a temperature-controlled water bath
(Julabo, EC-13A) 1 g bentonite was treated with 1L of TB solution, and the mixture was
shaken at 300 rpm using shaker. All experiments were performed at pH 9.5 because of the
highest removal (%) was taken at this pH value which was adjusted using 0.1 M HCl and 0.1
M NaOH solutions with a pH meter (Selecta, pH-2005). The TB concentration in the solution
was determined for 140 min. The suspension was centrifuged (Nüve, NF800) at 5000 rpm for
10 min and then supernatant were analyzed for TB concentration by spectrophotometer (PG
Instruments Ltd, T80/T80+) at 594 nm maximum absorbance wavelength. A calibration curve
was prepared by plotting between the absorbance and various TB concentrations. The
unknown TB concentrations were measured using the calibration curve. The same processes
were carried out for NB and MB clays at 298 K, 308 K and 323 K temperatures. Each
adsorption experiment was conducted in triplicate and average of the obtained data was taken
as result. The adsorption capacity of TB by the adsorbent at equilibrium, qe (mg/g) was
determined with Eq. (1):
𝑞𝑒 =

(𝐶0 − 𝐶𝑒 ) ∗ 𝑉
𝑚

(1)

where V is solution volume (L), C0 is initial concentration of TB (mg/L) and Ce is equilibrium
concentration of TB (mg/L), m is the clay mass (g). The TB removal percentage was
determined with Eq. (2):
𝑅𝑒𝑚𝑜𝑣𝑎𝑙 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 (%) =

(𝐶0 − 𝐶𝑒 )
∗ 100
𝐶0

(2)

The effects of the initial TB concentration, temperature and contact time on removal of TB
with NB and MB clays were investigated with two neural network modeling. The effect of
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initial TB concentration was studied by initial concentration of TB dye solutions (10, 20, 30,
40, 50, 60, 70 mg/L).
Development of the Neural Networks:
ANN is an artificial intelligence application that analyses data and discovers new
information from certain algorithms (Pauletto et al., 2020; Tayebi et al., 2019; Tajmiri et al.,
2020 & Mahmodi-Balaban et al., 2019). The input data is multiplied by weight values and
transmitted between neurons according to the values of the activation functions. These
processes are repeated until the output is updated by training the weights and biases values with
the input values. The purpose of the training is to find the weights and biases values that will
produce the correct outputs for the examples shown to the network. In this way, the network
reaches the correct weights and biases values and gains the ability to make generalizations about
the event represented by the samples. The process of the network acquiring this generalization
feature is called “learning the network”. The ANN structure developed in this study consisted of
three layers. The first layer was a three-input layer (independent variables) which were contact
time, initial concentration and temperature. The application was run by increasing the number
of neurons from 3 to 10 in the hidden layer. The removal percentage of dye was obtained in the
output layer (dependent variable). Input and output data were normalized in the range of 0-1.
The following equation was used for normalization:
𝑦 = (𝑥𝑖 − 𝑥𝑚𝑖𝑛 )/(𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛 )

(3)

where y, xmax and xmin is the normalized, maximum and minimum values of xi, respectively.
The ANN structure for TB adsorption on NB or MB is given in Figure 1-a.
In the ANN structure, 85% of the data was used in the training process and 15% was used
in the test process. The percentage of dye adsorption in solution was estimated by ANN
structure. The Neural Network Toolbox in the MATLAB software was used for this
application. Levenberg-Marquardt algorithm was used for optimization during ANN training.
The tangent sigmoid function which is given in Eq. (4) was applied to the hidden layers.
2

𝑓(𝑥) = (1−exp(−2𝑥)) − 1

(4)

The machine running the application had an I7 processor and 16 GB RAM. Mean squared
error (MSE), root mean square error (RMSE) and coefficient of determination (R2) values
were used to evaluate performance which formulae used in calculation of these are given in
the following equations, respectively.
1

2
𝑀𝑆𝐸 = 𝑁 ∑𝑁
𝑖=1(|𝑦𝑝𝑟𝑑,𝑖 − 𝑦𝑒𝑥𝑝,𝑖 |)
2
∑𝑁
𝑖=1(𝑦𝑝𝑟𝑑,𝑖 −𝑦𝑒𝑥𝑝,𝑖 )

𝑅𝑀𝑆𝐸 = √
𝑅2 = 1 −

𝑁

2
∑𝑁
𝑖=1(𝑦𝑝𝑟𝑑,𝑖 −𝑦𝑒𝑥𝑝,𝑖 )
2
∑𝑁
𝑖=1(𝑦𝑝𝑟𝑑,𝑖 −𝑦𝑚 )

(5)

(6)
(7)

where 𝑦𝑝𝑟𝑑,𝑖 is ith predicted value, 𝑦𝑒𝑥𝑝,𝑖 is ith observed value, 𝑦𝑚 is mean value of 𝑦𝑒𝑥𝑝,𝑖 , and
N is number of observations in the experimental studies. R2 showed that predicted output
variable estimation curve fitted experimental output variable curve.
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(a)

(b)
Figure 1. ANN model (a) and ANFIS model (b) structures for TB adsorption on the NB and MB.

ANFIS has a wide application area as a special network structure that integrates the
learning ability of ANNs with the inference ability of fuzzy systems (Shankar et al., 2018 &
Canayaz 2019). As the if-then rule structure uses input and output values, it is often used in
forecasting problems that require decision-making mechanisms. An ANFIS learning
algorithm is a mixed learning algorithm consisting of the combined use of least squares
method and backpropagation learning algorithm. There are two steps in the hybrid learning
algorithm: forward transition and backward transition. In the forward transition process, the
resultant parameters are fixed while they are updated using least squares estimates. In the
backward transition process, result parameters are fixed and back propagation gradient
descent method is used to update precursor parameters. Forward and backward transitions are
repeated with a certain number of iterations and training is completed. ANFIS consists of five
layers: fuzzyfication, rule, normalization, defuzzification and output. ANFIS tries to obtain an
inference by generalizing the input samples to the output with these layers. In this structure,
rules are created for the values that are taken as input. In the application used in this study
there were three inputs and removal percentage was obtained as output value. In the ANFIS
structure, due to lack of validation process, the data were divided into two sets: training (80%)
and test (20%). The data were also mixed before starting the training. The ANFIS structure
for TB adsorption on NB and MB is given in Figure 1-b.
Many isotherm models are used to identify the adsorption of dyes on solid surfaces. For the
interaction between adsorbate molecules and adsorbent surface, the well-established
Langmuir, Freundlich and Temkin models were chosen in this study. Three models were
applicable for descriptions of the experimental results obtained at three different temperatures
for NB and MB. The parameters of three isotherm model equations were calculated by
regression using the linear form of their equations (Ghaleh et al., 2020).
There are assumptions about adsorption occurrence on a homogenous surface and no
interaction between adsorbates in the plane of surface in Langmuir isotherm model which
equation is given with Eq. (8):
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(8)

where qm denotes the maximum capacity of adsorption (mg/g), Ce represents equilibrium
concentration of solution (mg/L), KL is a Langmuir constant associated with affinity of the
binding sites and energy of adsorption (L/g). A linear form of Eq. (8) was obtained when 1/Ce
versus 1/qe was plotted, and qm and KL can be determined from the slope and intercept.
Freundlich isotherm is an empirical model based on adsorption on a heterogeneous surface
and this isotherm equation is given with Eq. (9):
𝑞𝑒 = 𝐾𝐹 𝐶𝑒 1/𝑛

(9)

where KF is Freundlich constant linked to adsorption capacity of adsorbate (L/g), and 1/n is an
empirical parameter connected to adsorption intensity with n > 1 represents favorable
adsorption conditions. A linear form of Eq. (9) was obtained when the logarithm of qe versus
Ce was plotted. The line slope and intercept show n and KF values respectively.
Temkin isotherm model considers effect of the adsorbate interaction on adsorption, which
is given with Eq. (10):
𝑞𝑒 = 𝐵𝑙𝑛(𝐾𝑇 𝐶𝑒 )

(10)

where KT is equilibrium binding constant and B is related to adsorption heat which is given
with Eq. (11):
𝐵 = 𝑅𝑇/𝑏𝑇

(11)

where 1/bT indicates the removal potential of adsorbent, R is the gas constant, T is the
temperature (K). B and KT values for different temperatures.
Kinetic models were applied to check experimental results of TB adsorption onto the NB
and MB. The adsorption kinetic is important to choose the best test circumstances for the
adsorption process with the batch technique. The kinetic parameters for estimation of
adsorption rate provide vital knowledge for designing and modelling adsorption processes.
Kinetic models are widely used in adsorption operations to investigate the mechanisms that
control the removal process, such as the adsorption surface, chemical reaction and/or
diffusion mechanisms (Cheruiyot et al., 2019). In this study, TB adsorption kinetics were
calculated using pseudo first order (PFO), pseudo second order (PSO) and intra-particle
diffusion (IPD) kinetic models. The best fit model was chosen depending on the correlation
coefficient (R2) values. These models were investigated according to experimental data at
various temperatures and initial TB concentrations.
Lagergren’s kinetics equation can be used first for the characterization of adsorption
systems depending on solid capacity. Lagergren’s equation, which is named the pseudo first
order (PFO) kinetic model, separates the equation depending on concentration of solution and
solid adsorption capacity (Lagergren & Svenska 1898). The PFO linear model is given Eq.
(12):
𝑙𝑛(𝑞𝑒 − 𝑞𝑡 ) = 𝑙𝑛𝑞𝑒 − 𝑘1 𝑡

(12)

where k1 (1/min) is rate constant of PFO model. To achieve constants of this model, plots of
ln(qe-qt) against t are drawn.
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Pseudo second order kinetic model which explains chemical bond formation between
adsorbent and adsorbate molecules based on adsorption capacity (Ho & McKay 1998). The
linear form of PSO model based on adsorption capacity is given with Eq. (13):
𝑡
𝑞𝑡

= (𝑘

1

𝑡

2
2 𝑞𝑒 )

+𝑞

(13)

𝑒

where k2 represents rate of adsorption (g/mg.min), values of k2 and qe were identified from
intercept and slope of plot of t/qt versus t according to Eq. (13).
Activation energy of this removal process is calculated from the Arrhenius equation is
given with Eq. (14):
𝐸𝐴

𝑙𝑛𝑘2 = 𝑙𝑛𝑘0 − 𝑅𝑇

(14)

where k2 is rate constant (g/mol.s), k0 is temperature independent factor (g/mol.s), EA is
activation energy (J/mol), R is gas constant (8.314 J/mol.K) and T is adsorption temperature
(K).
Adsorption of dyes was more gradual when intra-particle diffusion (IPD) was the rate
controlling step. According to Weber & Morris (1963), IPD model assumes that the chemical
or physical bond formed between solute and solid in interspatial sites on the solid control the
overall speed of the adsorption. The possibility of intra-particle diffusion as the rate limiting
step was tested using the IPD model, which can be represented by an Eq. (15):
𝑞𝑡 = 𝑘𝑖𝑝𝑑 𝑡 0.5 + 𝐶

(15)

where kipd (mg/g min0.5) is IPD rate constant and C is boundary thickness which are
determined with plot of qt against t0.5 at different TB concentrations.
Thermodynamic investigation is required to determine the importance of adsorption
process. The changes of Gibbs free energy ΔG° (kJ/mol), enthalpy ΔH° (kJ/mol), and entropy
ΔS° (kJ/mol.K) are significant to detect heat alterations during the adsorption process. The
thermodynamic parameters of TB adsorption onto NB and MB adsorbents were calculated by
the equations given below:
∆𝐺 ° = −𝑅𝑇𝑙𝑛𝐾𝑑

(16)

∆𝐺 ° = ∆𝐻 ° − 𝑇∆𝑆 °

(17)

𝑙𝑛𝐾𝑑 =

∆𝑆 °
𝑅

−

∆𝐻 °
𝑅𝑇

(18)

where Kd is equilibrium constant (qe/Ce; L/g). R is gas constant and T is temperature (K). ΔH°
and ΔS° parameters are calculated from slope and intercept of plot of lnKd versus 1/T.
RESULTS AND DISCUSSION
Nitrogen adsorption isotherms of the NB and MB were given in Figure 2-a, and the BraunerEmmett-Teller (BET) surface areas of the samples were also determined. The acid activation
caused formation of smaller pores in solid particles resulting higher surface area (109.80
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m2/g) relative to than NB (71.95 m2/g). The samples had almost mesopores of which
diameters were between 20-500 Å. The NB and MB samples exhibited maxima in differential
pore volumes at about 39.46 Å and 34.50 Å in pore diameter respectively (Figure 2-b). The
cation exchange capacities (CEC) of the NB and MB were found as 65 and 97meq/100 g,
respectively (Kul & Koyuncu 2010).
250
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200
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1000
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(b)
Figure 2. Nitrogen adsorption isotherms (a) and pore size distributions (b) of the NB and MB.

In the adsorption experiments, firstly, studies were carried out to determine the most
appropriate pH and adsorbent dose for the highest adsorption performance. The optimum pH
and adsorbent dosage values were determined as 9.5 and 1g/L, respectively (Figures were not
given). The effect of interaction time on the adsorption of TB onto the NB and MB was
studied to determine equilibrium time. As shown in Figure 3-a, the fast adsorption of TB
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occurred within the first 30 min and the equilibrium was set up after 110 min for both NB and
MB. The effect of temperature on the adsorption of TB on NB and MB was investigated and
the results shown in Figure 3-b. The adsorption capacity increased with increase in
temperature because the mobility of TB molecules increased with increase in their kinetics.
Also, it can be explained that the endothermic adsorption enthalpy. In addition, the adsorption
capacity increased with increasing initial TB concentration, while the removal efficiency (%)
of TB decreased with increasing initial TB concentration for both NB and MB (Figure 3-c).
The removal efficiencies (%) of TB onto NB were found as 74.91%, 76.17% and 84.07% at
298 K, 308 K and 323 K, respectively (20 mg/L initial concentration of TB), while the
removal percentages for MB were determined as 81.19%, 89.06% and 93.12% at 298 K, 308
K and 323 K, respectively (20 mg/L initial concentration of TB). Besides, it was found that
the removal efficiency (%) of TB with the MB was higher than NB in all studied solution
concentration and temperatures.

(a)
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20
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-50
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25

qt, mg/g

20
15

298 K, TB-MB
308 K, TB-MB
323 K, TB-MB
298 K, TB-NB
308 K, TB-NB
323 K, TB-NB

10
5
0

-50

0

50

100

-5

t, min

150
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0
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TB-NB, %Removal

TB-MB, qe
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Figure 3. Effect of various parameters on the adsorption performance ((a): interaction time effect (Co: 20 mg/L,
323 K), (b): temperature effect (Co: 20 mg/L, 323 K) and (c): initial TB concentration effect on adsorption
capacity and removal (%) (323 K)).

The performance results obtained from the ANN model for NB and MB adsorbents were
given in Table 1. According to results with training of network, R2 values for 10 neurons were
determined as 0.9732 and 0.9887 for NB and MB adsorbents, respectively. The performance
results of obtained from NB and MB were compared and it was seen that the R2 values of MB
adsorbent were higher than the R2 values of NB adsorbent. The MSE and the RMSE values
were also very low and it was seen that the MSE and the RMSE values of MB adsorbent were
lower than that of the NB adsorbent. This is an important parameter indicating that ANN had
high generalization capability. Figure 4-(a and c) shows the regression plots and the MSE
values obtained by ANN model for NB. It can be seen from the performance results in Figure
4-(a and c) that the ANN reached the best value with a low epoch number. R2 values for TB
adsorption onto NB adsorbent were obtained as 0.98 for training, validation, test and all data.
Table 1. Comparison of performance values for TB adsorption onto NB and MB using ANN model
NB
MB
Number of Neurons

R2

RMSE

MSE

R2

RMSE

MSE

3

0.9381

0.0536

0.0029

0.9605

0.0436

0.0019

5

0.9469

0.0497

0.0025

0.9819

0.0295

0.0009

7

0.9658

0.0399

0.0016

0.9867

0.0252

0.0006

9

0.9701

0.0373

0.0014

0.9872

0.0248

0.0006

10

0.9732

0.0353

0.0012

0.9887

0.0233

0.0005

The obtained regression and performance plots by using the ANN model for MB are given
in Figure 4-(b and d). According to the regression plots of TB adsorption onto MB adsorbent,
R2 values were obtained as 0.99 at the applied conditions. The MSE against number of epochs
for ANN shows that method performance does not change after 40 epochs. As shown in the
performance graphs, the best values were obtained with lower epoch numbers compared to
the results of NB. ANN model applications for dye adsorption under various conditions were
reviewed in the literature (Ghaedi & Vafaei 2017). The obtained values in this study and those
obtained in the literature indicate that the ANN model showed good performance.
The grid partitioning (genfis1), subtractive clustering (genfis2) and fuzzy c-means
(genfis3) structures were used for this study. The results of ANFIS analysis were obtained by
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using genfis1, genfis2 and genfis3 tools in MATLAB. The parameter values used for genfis1
were as follows: number of MFs: 5, inputmf: gaussmf and outputmf: linear. The parameter
values used for genfis2 were as follows: influence radius: 0.3, maximum number of epochs:
75, fis type: sugeno, inputmf: gaussmf and outputmf: linear. The parameter values used for
genfis3 were as follows: number of clusters: 15, partition matrix exponent: 2, maximum
number of iterations: 200, minimum improvement: 1e-5. The obtained MSE, RMSE and R2
values were given in Table 2 for training and test data for TB adsorption onto NB and MB
adsorbents. In addition, Figure 5 shows the training and test data for the ANFIS results of TB
adsorption onto NB and MB adsorbents, respectively. Based on the ANFIS results, it can be
seen that in Table 2 the highest R2 values were obtained as 0.9985 with genfis2 and 0.9483
with genfis3 for MB and NB, respectively. In addition, it was seen that MSE and RMSE
results are low and MSE, RMSE and STD values for genfis1 and genfis2 were lower than
genfis3 for NB and MB. When these results are compared with the ANN results, it is clear
that ANFIS produced better results. Due to the error between the experimental and predicted
outputs, it was determined that ANFIS provided high accuracy and efficiency for the
prediction of TB adsorption.

(a)

(b)
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(c)
(d)
Figure 4. ANN plots for TB adsorption; the regression results for NB (a) and MB (b), and the performance
results for NB (c) and MB (d).

In this study, it was used the methods like a train/test split only to estimate the ability of
the model to generalize to new data. Too little learning and the model will perform poorly on
the training dataset and on new data. The model will underfit the problem. Too much learning
and the model will perform well on the training dataset and poorly on new data, the model
will overfit the problem. In both cases, the model has not generalized. Three models can be
considered: Underfit model; A model that fails to sufficiently learn the problem and performs
poorly on a training dataset and does not perform well on a holdout sample. Overfit model; A
model that learns the training dataset too well, performing well on the training dataset but
does not perform well on a hold out sample. Good fit model; A model that suitably learns the
training dataset and generalizes well to the hold out dataset.
From the Figure 5-b, it is possible to see that the model works properly for train, test, and
validation data. In addition, it can be stated that it is a good fit model, not over-fitting (Figure
5).

(a)
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(b)

(c)
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(d)

(e)
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(f)
Figure 5. ANFIS plots for TB adsorption; training data results of genfis2 for NB (a) and MB
(b), test data results of genfis2 for NB (c) and MB (d), regression plots of genfis2 for NB (e) and MB (f).

The efficiencies of ANN and ANFIS models were verified by evaluating their
performances using statistical metrics. The MSE and RMSE values of ANN results for TB
adsorption onto NB and MB adsorbents were obtained as 0.00192, 0.00093 and 0.04316,
0.02928, respectively. In addition, R2 values greater than 0.95 and 0.98 were found for NB
and MB adsorbents, respectively. These results indicate sufficient adjustment among
experimental and predicted values by ANN. These values were determined to be within
acceptable range (Ghosal et al., 2018; Madan et al., 2016; Yıldız & Uzun 2015 & Mondal et
al., 2017). The MSE and RMSE values of ANFIS results for TB adsorption onto NB and MB
adsorbents were determined 0.00019, 0.00021 and 0.04312, 0.04611, respectively. These
values were found to be within range reported in the literature. The R2 values were close to
1.00 compared to those found by the ANN and ANFIS models (Ghaedi et al., 2014; Baghban
et al., 2017& Rego et al., 2018).
Table 2. Comparison of performance values for TB adsorption onto NB and MB using ANFIS model
Training
Test
ANFIS
2
models
MSE
RMSE
R
STD
MSE
RMSE
R2
STD
genfis1
genfis2
genfis3

NB

0.0002

0.0133

0.9962

0.0134

0.0142

0.1193

0.6615

0.1163

MB

0.0001

0.0102

0.9979

0.0102

0.0077

0.0879

0.8206

0.0874

NB

0.0001

0.0099

0.9979

0.0099

0.0049

0.0698

0.8932

0.0697

MB

0.0001

0.0099

0.9985

0.0099

0.0031

0.0557

0.9358

0.0558

NB

0.0009

0.0294

0.9824

0.0295

0.0019

0.0431

0.9483

0.0433

MB

0.0011

0.0314

0.9804

0.0314

0.0021

0.0463

0.9461

0.0459

Langmuir, Freundlich and Temkin isotherms were plotted for NB and MB adsorbents at
different temperatures (Figures not given), and the results of these models were given in
Table 3.
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R2 values for the three isotherms were relatively high for both NB and MB. The Langmuir
isotherm results obtained from NB and MB adsorbents were compared and it was seen that
the R2 values of MB were higher than that of NB for all studied concentration and
temperatures. Besides, the obtained constants of three isotherms (KL, KF, KT) and the
determined qm values of MB were higher than that of NB for TB adsorption (Table 3). In the
Langmuir isotherm, qm represents the maximum adsorption of TB with monolayer capacity.
The maximum adsorption capacity was found as 48.7805 mg/g and 117.6471 mg/g for NB
and MB, respectively (at 323 K). It can be stated that the maximum adsorption capacity found
in this study is relatively higher than that of the reported many studies. qm values for the
removal of TB from aqueous solution were determined as 50 mg/g and 5.28 mg/g by using
multi-wall carbon nanotube and pomegranate peel, respectively (Hamad & Hanan 2018;
Raoufi & Aghaie 2017). The separation factor RL (1/(1 + KLCo)) which indicates the
adsorption was favourable or not was calculated at various temperatures and given in Table 3.
Values of RL obtained for both NB and MB were between 0 and 1 which supported the
applicability of Langmuir model. In the Freundlich model, when the temperature was raised
from 298 K to 323 K, KF values increased which supported endothermic nature of the
adsorption, and 1/n values decreased which confirmed the favorably adsorption of TB onto
NB and MB. The plots of Temkin isotherm have positive slopes for NB and MB adsorbents
which are implies a repulsive lateral interaction exists in the adsorption layer (Cheng et al.,
2015). The values of B which was related to the heat of adsorption obtained using Temkin
isotherm model increased with increasing temperature and supported higher adsorption
capacity (Table 3). B values were calculated as 13.0970 J/mol and 14.0490 J/mol for NB and
MB, respectively (323 K).
Table 3. Isotherm parameters of TB adsorption onto NB and MB
Temp

NB

MB

Langmuir

(K)

KL
(L/g)

298

0.1105

308

0.1424

323
298

qm
(mg/g)

Freundlich

Temkin

RL

R2

KF
(L/g)

1/n

R2

KT
(L/g)

B
(J/mol)

R2

40.9836

0.3116

0.9617

6.6933

0.4747

0.9435

0.5302

12.1090

0.9478

43.8596

0.2599

0.9123

8.2334

0.4524

0.9529

0.6381

12.7990

0.9688

0.1252

48.7805

0.2853

0.9570

10.7984

0.3875

0.9809

0.6782

13.0970

0.9611

0.0474

97.0874

0.5131

0.9655

6.7924

0.6124

0.9100

1.0494

13.1720

0.9654

308

0.0539

108.6957

0.4808

0.9476

8.3469

0.6037

0.8705

1.4745

13.5480

0.9650

323

0.0824

117.6471

0.3775

0.9893

12.6999

0.5329

0.8940

2.2470

14.0490

0.9850

The PFO, PSO and IPD model plots were shown in Figure 6 for NB and MB adsorbents,
and the results of parameters were given in Table 4. Experimental and calculated qe values for
MB were higher than that of NB, and the calculated qe values at 323 K were higher than that
of 298 K and 308 K for both NB and MB. R2 coefficients were higher than 0.98 with
experimental and calculated qe values very close to each other indicating that this adsorption
process well fit the PSO than the PFO and IPD kinetic models for both NB and MB (Figure 6(a and b)). Polyethyleneimine modified bentonite and natural bentonite and/or cetyl trimethyl
ammonium bromide modified bentonite were used for some dye removal, and similar results
were found (Huang et al., 2017 & Du et al., 2017). In addition, kinetic data obtained from dye
adsorption processes by using various adsorbents were better fit PSO model than other kinetic
models due to the higher values of R2 (Yagub et al., 2014).
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Figure 6. PFO (a), PSO (b) and IPD (c) plots for the adsorption of TB onto the NB and MB
(Co = 20 mg/L, 323 K).

In the IPD model, a relatively high R2 values were obtained for both NB and MB. This
indicated that the model can be used to describe the mechanism of adsorption kinetics. The
IPD plots (Figure 6-c) were linear and did not pass through the origin. This deviation from the
origin can be owing to the changing of the mass transfer rate in the initial and ﬁnal process of
the adsorption. This was explained that the transfer of TB molecules has occurred some steps
such as external diffusion from the aqueous phase to the surface of the adsorbents, internal
diffusion on the NB and MB surfaces, intra-particle pore diffusion and adsorption on the pore
surfaces.
The intra-particle diffusion of TB molecules into the pores of the adsorbents was a slow
process, and intra-particle pore diffusion was involved in the adsorption of TB onto both the
NB and MB (Koyuncu & Kul 2020). Therefore, it can be stated that the intra-particle
diffusion included in the adsorption process but was not only a rate controlling step.
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Table 4. The PFO, PSO and IPD kinetic parameters of TB adsorption onto the MB and NB
(equilibrium time 110 min, Co = 20 mg/L)

Kinetic model

Temp (K)

Kinetic parameter

MB

NB

298
308
323

qe exp (mg/g)
qe exp (mg/g)
qe exp (mg/g)
k1 (min-1)
qe cal (mg/g)
R2
k1 (min-1)
qe cal (mg/g)
R2
k1 (min-1)
qe cal (mg/g)
R2
k2 (g/mg.min)
qe cal (mg/g)
R2
k2 (g/mg.min)
qe cal (mg/g)
R2
k2 (g/mg.min)
qe cal (mg/g)
R2
kid (mg/g.min0.5)
C
R2
kid (mg/g.min0.5)
C
R2
kid (mg/g.min0.5)
C (mg/g)
R2

16.237
17.811
18.624
0.0197
10.9496
0.9208
0.0201
9.7299
0.9443
0.0227
8.9058
0.9544
0.00430
16.0772
0.9829
0.00489
17.5131
0.9841
0.00740
18.5528
0.9969
0.9727
5.5443
0.9728
1.0653
5.9486
0.9866
0.9252
8.8433
0.9728

14.981
15.233
16.813
0.0175
11.8924
0.9153
0.0462
13.6864
0.9236
0.0209
17.0713
0.9248
0.00219
15.1057
0.9756
0.00271
15.6739
0.9618
0.00298
17.0649
0.9878
1.2292
1.1993
0.9678
1.2854
2.6694
0.8930
1.3538
2.0254
0.9894

298

PFO

308

323

298

PSO

308

323

298
IPD
308

323

The validity of the kinetic models (PFO, PSO and IPD) was determined by calculating the
RMSE and the deviation (%) between the experimental and calculated qe values (Table 5).
It was found a good agreement between the experimental and the calculated qe values for the
PSO model. The deviations (%) were found as 0.3823 and 1.4983 for the MB and NB,
respectively. These values were lower than that of the PFO and IPD kinetic models (Table 5).
So, it can be stated that the adsorption of TB onto both the MB and NB follows well the PSO
kinetics. In addition, the smaller RMSE values for the PSO and IPD models were shown that
the IPD model was also involved in the explanation of the adsorption mechanism for both the
NB and MB.
Table 5. The model validity evaluation (Co = 20 mg/L, 323 K)
PFO
PSO
IPD
MB
RMSE
9.5762
0.5899
0.2538
Deviation (%)
34.7616
0.3823
0.4145
NB
RMSE
7.8481
0.9753
0.4190
Deviation (%)
40.7006
1.4983
3.5026
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Figure 7. The Arrhenius plots for NB and MB.

From the Arrhenius plots (Figure 7), the values of the activation energy (EA) of TB
adsorption onto NB and MB adsorbents were calculated as 9.5079 kJ/mol and 17.7363
kJ/mol, respectively.

3
2.5

TB-MB
y = -4322.6x + 16.028
R² = 0.9756

TB-NB

ln K

2
1.5
1
y = -2259.7x + 8.6106
R² = 0.8999

0.5
0
0.00305

0.0031

0.00315

0.0032

0.00325

0.0033

0.00335

0.0034

1/T, 1/K
Figure 8. Van’t Hoff plots for the adsorption of TB onto NB and MB.

Thermodynamic parameters assist in describing the mechanism of the adsorption process.
The change of Gibbs free energy ΔG° (kJ/mol) was calculated from Eq.(16). The slope and
intercept of Van’t Hoff plots (Figure 8) gave ΔH° (kJ/mol) and ΔS° (kJ/mol.K), respectively.
The calculated thermodynamic parameters for TB adsorption onto NB and MB were
summarized in Table 6.
Adsorbent
NB

MB

Table 6. Thermodynamic parameters of TB adsorption onto NB and MB
Temp (K)
ΔG° (kJ/mol)
ΔH° (kJ/mol)
ΔS° (kJ/mol.K)
298
-2.7087
308
-2.9728
18.7872
0.0716
323
-4.4630
298
-3.6248
308
-5.3669
35.9381
0.1332
323
-6.9878

R2
0.8999

0.9756
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The ΔG° values were calculated to be in the range of -2.7087  -4.4630 kJ/mol for NB and
-3.6248  -6.9878 kJ/mol for MB. The ΔG° values decreased with rising temperatures which
indicated that this separation process was better at higher temperatures. Besides, the negative
values of the ΔG° showed feasibility and spontaneous nature of the adsorption for both NB
and MB. The ΔH° and ΔS° values were determined as 18.7872 kJ/mol and 0.0716 kJ/mol.K
for NB and 35.9381 kJ/mol and 0.1332J/mol.K for MB, respectively. The positive ΔH° value
indicated that the removal process was endothermic for both NB and MB. It was also
confirmed by increasing qe values with rising temperatures. The positive ΔS° values implied
enhanced randomness at the TB-NB and TB-MB interface and affinity of the NB and MB for
TB (Souza et al., 2019).
CONCLUSION
The adsorption of TB onto the NB and MB adsorbents were investigated under different
experimental conditions. The ANN and ANFIS models were successfully applied to estimate
the removal percentage of TB. Due to the error between the experimental and predicted
outputs, it was determined that ANFIS provided high accuracy and efficiency for the
prediction of TB adsorption. Kinetic studies indicated that the adsorption of TB onto both the
NB and MB was best described by the PSO model and also fitted the IPD. Isotherm studies
showed that the Langmuir and Temkin models were best suited to the experimental data. It
was found that the maximum adsorption capacity and the removal percentage of TB on the
MB were higher than that of the NB. Thermodynamic parameters demonstrated that this
removal process was endothermic, feasible and spontaneous for both the NB and MB.
As a result, it can be stated that the MB can be used as a promising adsorbent for
remediation of wastewater, and the ANFIS model can be applied to estimate the removal
percentage of dyes from aqueous media.
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