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In this study, soft computing models were used to predict Cu(II) adsorption on activated Phragmites aus-
traliswaste (PAC) and commercial activated carbon (CAC). The effects of pH, adsorbent dose, contact time,
initial concentration, and temperature were evaluated in batch mode. Cu(II) adsorption of both adsor-
bents was better described by the pseudo-second-order kinetic and Langmuir isotherm models. The max-
imum adsorption capacity was found as 48.31 mg/g and 45.46 mg/g for PAC and CAC, respectively. From
thermodynamics, Cu(II) adsorption onto PAC and CAC had an exothermic, randomness, feasible, and
spontaneous nature, as physical adsorption. Desirability levels were above 90% in the optimization of
the adsorbent parameters that constitute the Mamdani Fuzzy Inference System (MFIS) and Feed-
Forward Neural Network (FFNN) inputs. FFNN and MFIS showed superior prediction performance with
an error percentage of less than 1% in 2 of 6 experimental designs and were successful with a percentage
error of approximately 2–3% in 2 of them. In others, the error percentage of 6–8% was at a level that indi-
cates acceptable and competitive prediction performance. As a result of the hypothesis tests, it was pro-
ven that there was no statistically significant difference between PAC and CAC.
� 2023 The Korean Society of Industrial and Engineering Chemistry. Published by Elsevier B.V. All rights

reserved.
Introduction

Copper is one of the most frequently encountered heavy metal
pollutants, which are released as a result of industrial activities.
Copper is important for human life, but its excessive intake causes
health problems such as kidney deformation, anemia, gastroin-
testinal problems, and lung cancer. Therefore, the drinking water
standard set by USEPA is a maximum of 1.3 ppm [1–3]. Different
technologies such as chemical precipitation, membrane processes,
advanced oxidation, and adsorption are applied to remove heavy
metals from wastewater. The adsorption process that does not pro-
duce toxic sludge, is more economical and simple operating,
achieves high removal efficiency, and is a better option in heavy
metal removal as an environmentally friendly old technology used
in water and wastewater treatment [4–6]. In recent years, many
studies have been performed to find materials that are low-cost
and easily available locally as an alternative to the activated carbon
frequently used in the adsorption process. Some of them are agro-
industrial wastes [7–9], natural materials [6,10,11], biopolymers
[12,13], and nanoparticles [14–17]. Studies have been carried out
to use them as an alternative sorbent for the removal of various
pollutants, instead of being disposed of due to a large number of
agricultural wastes and their easy availability, their cheap, renew-
able, and high carbon contents [18–21]. Moreover, the preparation
of activated carbon which has a porous structure, mechanical
strength, and high adsorption capacity from agricultural wastes,
and its usage to remove different types of pollutants in water/
wastewater were reported by some researchers [22–27].

In this study, harvest wastes of the Phragmites australis plant,
which is very abundant and is considered waste nowadays, and
the use of activated carbon obtained from these wastes as an alter-
native adsorbent were investigated for Cu(II) removal. Various
agro-wastes have been evaluated for Cu(II) removal from aqueous
solutions/wastewaters but before, the activated Phragmites aus-
tralis has been used in very few studies. Reuse of Phragmites aus-
tralis waste will reduce the amount of solid waste that needs to
be managed. In addition, the success achieved in the removal of
special pollutants in aquatic environments will also contribute to
the improvement of water quality. The reuse of these wastes is
very important to prevent potential environmental pollution.
aste by
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https://doi.org/10.1016/j.jiec.2023.08.031
mailto:fulya.temel@giresun.edu.tr
https://doi.org/10.1016/j.jiec.2023.08.031
http://www.sciencedirect.com/science/journal/1226086X
http://www.elsevier.com/locate/jiec
https://doi.org/10.1016/j.jiec.2023.08.031
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Statistical-based approaches such as Response Surface Method-
ology (RSM) have been usually applied to model the adsorption
process under changing operating conditions [28,29]. However,
in recent years, artificial neural networks (ANNs) as a soft comput-
ing technique, that can reveal non-linear relationships between
inputs and outputs based on machine learning, and can procure
appropriate models by learning the data structure, especially by
their hidden layers. Although artificial neural networks have been
applied in many studies for the evaluation of time-dependent data
[30,31], they have been the subject of a limited number of studies
in the literature for modeling and optimization of the adsorption
process [32–39]. Fuzzy inference systems (FIS) is also another soft
computing technique. Although not very common in the literature,
adaptive neuro-fuzzy inference systems (ANFIS) were used for
some pollutant removal in modeling the adsorption process [40–
43]. In this study, Cu(II) adsorption performances of activated
Phragmites australis waste and commercial activated carbon were
modeled by using Feed-Forward Neural Networks (FFNN) and
Mamdani Fuzzy Inference Systems (M�FIS) which have almost
never been applied in the adsorption process. The nonlinear rela-
tions by FFNN and fuzzy relations with MFIS were modeled and
modeling performances were evaluated in terms of root mean
square error (RMSE), median absolute percentage error (MdAPE),
median absolute error (MdAE) performance criteria, unlike the
other modeling tools. Moreover, the soft computing models used
as prediction tools are simulations of the process, the process
parameters were optimized through these simulations by Genetic
Algorithm (GA).

The present study was performed to understand the adsorption
mechanisms of activated Phragmites australis (PAC) and commer-
cial activated carbon (CAC) for Cu(II) removal from aqueous solu-
tions and to predict and optimize the Cu(II) adsorption process
by using feed-forward neural networks (FFNN) and Mamdani fuzzy
inference systems (M�FIS). The scopes of the present study were
as follows: (i) to understand the Cu(II) adsorption mechanism by
kinetic and isotherm models, (ii) to decide the adsorption suitabil-
ity by the thermodynamic parameters, (iii) to compare Cu(II)
removal performances of both adsorbents, (iv) to prove the predic-
tion abilities of soft computing based prediction models; (v) to
compare the model results by RMSE, MdAPE, and MdAE, (vi) to
evaluate the performances via some properties of regression anal-
ysis; and (vii) to optimize the outputs of the best model.
Materials and methods

Materials

Phragmites australis waste was obtained from the villagers
engaged in the reed trade. Phragmites australis were collected from
the Kızılırmak Delta in Bafra plain westerly of Samsun, Turkey. The
dried reed plants in air seasoning were ground in a mill and sieved.
Particles in the range of 0.425–0.600 mmwere used to produce the
activated carbon. The sieved biomass in the range of 0.425–
0.600 mm was placed in a specially-made reactor. The reactor
was a stainless steel cylinder with dimensions of 4.5 cm diameter,
8.30 cm in-depth, and 0.5 cm wall thickness. The carbonization
process was carried out at 600 �C of temperature for 1 h. It was
taken into a closed combustion reactor during the carbonization
process to be activated with 99.0% NaOH (Merck) at a ratio of
1:3. The obtained product was washed with distilled water to
decrease pH value from 13 to 6–7, and dried in the oven at
105 �C for 24 h [44]. The obtained product was coded as ‘‘PAC”.

The other adsorbent used in the study was commercial active
carbon (CAC) (Merck). CAC had 12.01 g/mol of molecular mass
2

and was produced by activating coal. Synthetic wastewater was
prepared by using CuSO4.5H2O (Merck) in analytical grade.

Methods

The effects of adsorbent dose, pH, contact time, initial concen-
tration, and temperature on Cu(II) adsorption capacities of PAC
and CAC were investigated by the batch equilibrium technique.
Experiments were performed with 100 mg/L synthetic wastewater
at a stirring speed of 150 rpm using an orbital mixer (JULABO
SW22) at room temperature. The phases of the mixture were sep-
arated by using 0.45 lm of filter paper. Cu(II) concentration was
analyzed by an atomic adsorption spectrophotometer (HACH
LANGE DR6000). The removal efficiency (RE) and the amount of
Cu(II) adsorbed per gram adsorbent were calculated by Eqs. (1)
and (2), respectively.

RE %ð Þ ¼ Ct � C0

C0
� 100 ð1Þ

q ¼ C0 � Ctð ÞV
M

ð2Þ

where, C0 is the initial Cu(II) concentration (mg/L), Ct is Cu(II) con-
centration in t time,M is the adsorbent amount (g), V is the wastew-
ater volume (L), and q is the quantity of the adsorbate exchanged
per unit mass of the adsorbent.

Kinetic and isotherm models

Kinetics
Elovich model expresses chemisorption that occurs on adsor-

bent materials with heterogeneous structures. Its linear equation
is given in Eq. (3). a is the chemisorption rate (mg/g min), b is a
coefficient related to the surface coverage and activation energy
for chemisorption (g/mg), t is contact time (min), qt is the sorption
capacity of adsorbents (mg/g) [6],

qt ¼
1
b
ln abð Þ þ 1

b
lnt ð3Þ

The intraparticle diffusion model explains the adsorbate trans-
fer to the adsorbent particles [45]. In Eq. (4), kid is the rate constant
(mg/g h1/2), C is a coefficient related to the boundary layer dimen-
sion, qt is the sorption capacity of adsorbents (mg/g), and t is con-
tact time (h).

qt ¼ kidt1=2 þ C ð4Þ
Pseudo first-order reaction model assumes that the physical

adsorption and the occupancy rate of the adsorption zones in the
adsorbent are directly proportional to the number of unused zones
[46]. The linear equation is given in Eq. (5). Here, qt is the sorption
capacity of adsorbents (mg/g), qe, is the equilibrium sorption
capacity of adsorbents (mg/g), k1 is the rate coefficient of Lager-
green (1/min), and t is contact time (min).

ln qe � qtð Þ ¼ lnqe � k1t ð5Þ
Pseudo second-order reaction model assumes that chemical

sorption is dominant by using electron exchange between the sor-
bate and the sorbent in the sorption process [47]. The linear equa-
tion is presented in Eq. (6). Here, qt is the sorption capacity of
adsorbents (mg/g), qe, is the equilibrium sorption capacity of
adsorbents (mg/g), k2 is the adsorption velocity constant of the
model (g/mg min), h is the inlet sorption ratio (mg/g min) and t
is contact time (min) (Eq. (7)).

t
qt

¼ 1
k2:q2

e
þ t
qe

ð6Þ
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h ¼ k2:q2
e ð7Þ
Isotherms
Langmuir model assumes that the sorption process is homoge-

neous, monolayer, and energetically equivalent on the adsorbent
surface [48]. The model equation is given in Eq. (8). Here, qe, is
the equilibrium sorption capacity of adsorbents (mg/g), KL is a
model constant that gives the measurement of the affinity between
adsorbate and adsorption sites (L/mg), Ce is the concentration of
adsorbate (mg/L), C0 is inlet concentration of adsorbate (mg/L),
qm is the calculated sorption capacity of adsorbents (mg/g), and
RL is a separation factor that uses to explain the interaction
between the adsorbent and adsorbate (dimensionless) (Eq. (9)).

Ce

qe

� �
¼ 1

qmKL

� �
þ Ce

qm

� �
ð8Þ

RL ¼ 1
1þ KLC0ð Þ ð9Þ

Freundlich model assumes that the sorption process is hetero-
geneous, the exponential distribution of active sites and their ener-
gies on the adsorbent surface [49]. The linear equation is given in
Eq. (10). Here, qe is the equilibrium sorption capacity of adsorbents
(mg/g), Ce is the concentration of adsorbate (mg/L), KF is a constant
related to the adsorbent capacity (mg/g), n gives the adsorption
intensity dependent on the degree of heterogeneity (L/g).

log qe ¼ logKF þ 1
n

� �
logCe ð10Þ

Tempkin model assumes that the adsorption process is uni-
formly distributed and the heat of adsorption of molecules
decreases linearly [50]. The linear equation is shown in Eq. (11).
Here, Ce is the concentration of adsorbate (mg/L), qe is the equilib-
rium sorption capacity of adsorbents (mg/g), R is the gas coefficient
(8.3145 J/mol K), T is the solution temperature (K), b is a constant
dependent on the adsorption heat(J/mol), KT is the equilibrium
binding coefficient related to the binding energy.

qe ¼
RT
b

lnKT þ RT
b

lnCe ð11Þ

Dubinin–Radushkevich model is a general isotherm model used
to test the adsorption nature. The empirical equations are listed in
Eqs. (12) and (13) [10]. Here, qe is the equilibrium sorption capacity
of adsorbents (mg/g), qm is the equilibrium sorption capacity of
adsorbents (mg/g), b is a coefficient based on the adsorption
energy (mol2/kj2), e is Polanyi potential based on the equilibrium
adsorbate concentration, R is the gas coefficient (8.3145 J/mol K),
T is the solution temperature (K), Ce is the concentration of adsor-
bate (mg/L)

lnqe ¼ lnqm � be2 ð12Þ

e ¼ RTln 1þ 1
Ce

� �
ð13Þ
Fig. 1. Flow chart for soft computing–based prediction models.
Soft computing

The concept of soft computing (SC) introduced by Zadeh [51],
unlike traditional computing, deals with approximate models and
offers satisfactory solutions for complex real-life problems. Oppo-
site to hard computing (HC), soft computing takes a flexible
approach to imprecision, uncertainty, and partial truth in prob-
lems. The SC generally includes techniques such as fuzzy logic,
genetic algorithms, and artificial neural networks [52]. While the
HC modeling process is based on numerical modeling, the SC mod-
3

eling process is based on approximate modeling. The flow chart for
soft computing–based prediction models was given in Fig. 1.
Artificial neural networks - Feed Forward Neural Networks
An artificial neural network is a soft computing technique that

reflects the behavior of the human brain, allowing the modeling
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mechanism to recognize patterns and solve problems in various
fields. The most common ANN kind is Feed-Forward Neural Net-
work as a multilayer perceptron neural network introduced by
Werbos [53] and improved by Rumelhart et al. [54]. FFNN has no
mechanism that includes loops and is called feed-forward because
information only moves forward in the network.

Mamdani fuzzy inference systems
In a special issue or problem, reaching a particular result based

on specific pieces of evidence associated with logic can be
described as inference. Fuzzy inference systems are based on fuzzy
logic and are widely used for various problems such as prediction,
modeling, and process control. Mamdani fuzzy inference systems
(MFISs) proposed by Mamdani [55] operate the inference process
based on rules supplied by experienced human operators or by
internal relations of data.

Genetic algorithm
In this study, after fitting both soft computing prediction tools

to data patterns, the parameter values that would yield the highest
adsorption rates have been reached with the genetic algorithm
(GA), developed by John Holland [56] and improved by De Jong
[57], via an optimization process. The GA based on natural selec-
tion is a soft computing technique for solving both constrained
and unconstrained optimization problems.
Results and discussions

Effects of pH, adsorbent dose, and contact time

In addition to affecting the physicochemical structure of adsor-
bents, it is known that the solution pH value significantly affects
the behavior of metal ions in aqueous media such as redox reac-
tions, precipitation, hydrolysis, complexation with ligands, and
thus the adsorption behavior of metal ions [11,16,58]. In this study,
the effects of initial pH on Cu(II) adsorption by PAC and CAC adsor-
bent materials were performed to determine the optimum pH
value. The works were conducted by different pH values (3.01,
5.07, 7.25, and 9.05) of the solution containing 100 mg/L Cu(II)
ion with adsorbent doses of 6 g/L at room temperature and
200 rpm for 1 h. The initial pH value of the Cu(II) solution was
determined as 5.07 and pH adjustment was made by using 1 M
H2SO4 and NaOH solutions for the others. Fig. 2(a) shows the
effects of initial pH values for Cu(II) adsorption on both adsorbents.
From Fig. 2(a), the adsorption capacity of both adsorbent materials
increased with the increase of initial pH. At pH 7.25, the removal
efficiencies of PAC and CAC were determined as 96.78 and
96.85%, respectively. The Cu(II) adsorption of PAC and CAC was
not significantly changed with the increasing pH. At the first pH
value of the Cu(II) solution, the removal efficiencies were 80.57%
for PAC and 88.44% for CAC. The studies focused on Cu(II) removal
with different adsorbents have reported that the removal efficien-
cies reach the optimum level when the initial pH value of the solu-
tion was in the range of 5–7 [5,59]. The obtained results for both
adsorbents conformed to the previous studies. According to the
results obtained from the experiments for both adsorbents, pH 5
and 7 were used for all further experiments. Thus, the adsorption
capacities of both adsorbent materials at both pH values were
compared.

Another parameter affecting the adsorption process is the
adsorbent amount. The effect of different applied amounts of both
adsorbents on Cu(II) removal was investigated and compared. The
effectiveness of 10 different adsorbent doses ranging from 0.5 to
8 g/L on Cu(II) removal was determined as results of studies carried
out at a stirring speed of 200 rpm, room temperature, pH 5, pH 7
4

for 1 h with 100 mg/L of initial concentration and presented in
Fig. 2(b). Cu(II) removal increased with increasing the amount of
both adsorbents from 0.5 g/L to 8 g/L. This increase can be
explained directly related to the increase in the contact surface
[60,61]. As a result of the studies conducted with both PAC and
CAC at pH 5, it was observed that Cu(II) removal increased rapidly
up to 6 g/L, and then the increase slowed down. At this pH value,
removal efficiencies for 6g/L of adsorbent dose were determined
as 80.43% for PAC and 89.54% for CAC. Similarly, in the experiments
performed in pH 7, the adsorption performances of both adsor-
bents increased rapidly until a dose of 3 g/L, however, there was
no significant rise in Cu(II) removal efficiencies with an increasing
dose. The removal efficiencies determined at pH 7 and 3 g/L of
adsorbent doses were 80.01 and 92.27% for PAC and CAC, respec-
tively. When the amounts of Cu(II) adsorbed per unit weights of
the adsorbents were evaluated, they were calculated as 0.67 mg/
g and 0.75 mg/g for PAC and CAC, respectively with 6 g/L of adsor-
bent dose at pH 5. At 3 g/L of adsorbent dose and pH 7, these values
were found to be 1.29 mg/g and 1.48 mg/g, respectively. Cu(II)
adsorption was not changed significantly between 6 g/L and 8 g/
L of adsorbent doses at pH 5, and 3 g/L and 8 g/L of adsorbent doses
at pH 7. The reason for this was that almost all Cu(II) ions bind to
the adsorbents and equilibrium was established between Cu(II)
ions bound to the adsorbent and Cu(II) ions in the solution [58].
Hence, the optimum adsorbent doses of PAC and CAC at pH 5
and 7 were selected as 6 g/L and 3 g/L for subsequent experiments,
respectively.

The effects of contact time ranging between 10 and 240 min on
Cu(II) adsorption for both adsorbents were carried out to deter-
mine the equilibrium time at room temperature, stirring speed of
200 rpm, initial Cu(II) concentration of 100 mg/L, the optimum
pH values, and with the optimum adsorbent doses (Fig. 2(c)). The
removal efficiencies and the amount of removed substance per unit
adsorbent (qt) increased in the first 60 minutes for both pH values
and both adsorbents. Between the 60th and 240th minutes, the qt
value remained constant, that is, there were no important
improvements in adsorption processes. When qt values were eval-
uated at pH 5 and 60th min, they were found as 15.76 mg/g and
17.21 mg/g for PAC and CAC, respectively. At pH 7, these values
were calculated as 29.18 mg/g for PAC and 32.71 mg/g for CAC,
and an increase in qt values was observed. As seen in Fig. 2(c),
although the equilibrium times of both adsorbents were the same
at the optimum pH values, the amount of adsorbed Cu(II) ions per
unit adsorbents increased approximately twice. Similarly, it was
determined that the removal efficiencies were approximately the
same for both adsorbents at both pH values with the increase in
contact time. The removal efficiencies were 82.50% for PAC and
90.10% for CAC at pH 5 while these values were calculated as
82.58% and 92.57% at pH 7, respectively. Therefore, the removal
and qt values at 60th min were given as equilibrium values.

Effect of temperature

It is known that the amount of Cu(II) adsorbed varies depending
on the initial ion concentration. The adsorption performances of
PAC and CAC were investigated at different initial concentrations
ranging from 100 to 1000 mg/L in three different temperatures
(30, 40, and 60 �C). These experiments were carried out at opti-
mum pH values and optimum adsorbent dosages with a stirring
speed of 200 rpm for 1 h. The effects of two different operating
conditions as temperature and the initial Cu(II) concentrations
were presented together. The comparisons of the effects of temper-
ature at pH 5 and pH 7 for PAC and CAC as a function of initial con-
centration are given in Fig. 3.

From Fig. 3, Cu(II) removal showed the same trend for both
adsorbents at pH 5 and 7. Cu(II) removal decreased with an



Fig. 2. The comparison of the effects of pH (a), adsorbent dose (b), and contact time (c) on Cu(II) adsorption.

Fig. 3. The comparison of the effects of temperature at pH 5 (a) and pH 7 (b) for PAC and at pH 5 (c) and pH 7 (d) for CAC.
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increase in temperature and initial concentration. However, for
PAC and CAC, the maximum removal efficiencies were achieved
with an initial concentration of 300 mg/L in all trials conducted
5

at pH 5 and 7. The maximum adsorption capacities of PAC for 30,
40, and 60 �C at 300 mg/L of Cu(II) concentration were determined
as 25.03 mg/g, 21.71 mg/g, and 17.01 mg/g at pH 5, 47.98 mg/g,
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42.12 mg/g and 32.95 at pH 7, respectively. Moreover, the Cu(II)
removal of PAC decreased from 49 to 31% at pH 5, and from 47%
to 32% at pH 7 as the temperature was increased from 30 �C to
60 �C. The maximum adsorption capacities of CAC for 30, 40, and
60 �C were 26.11 mg/g, 20.11 mg/g, and 17.48 mg/g, and Cu(II)
removal was found as 51, 39, and 34% at pH 5, respectively. At
pH 7, the maximum adsorption capacities of CAC increased to
57.11 mg/g, 43.82 mg/g, and 39.55 mg/g, and the removal effi-
ciency was achieved 56%, 43%, and 38% for 30 �C, 40 �C, and
60 �C, respectively. Similar results were also reported in Cu(II)
removal of cationic surfactant-modified bentonites [62] and natu-
ral clay [63] from the aqueous solution by the adsorption process.
The removal efficiencies of PAC and CAC decreased with an
increase in Cu(II) concentration. Lower removal efficiencies were
obtained as a result of the interaction of Cu(II) ions in the solution
with the binding sites of the adsorbents and reaching the satura-
tion of the adsorption sites. Therefore, the adsorption perfor-
mances of adsorbents can be effectively increased by the dilution
of wastewater containing high metal concentrations.
Kinetics and isotherms

The adsorption kinetics were tested to understand the adsorp-
tion behaviors of PAC and CAC for Cu(II) adsorption by Elovich,
intra-particle diffusion, pseudo-first-order, and second-order reac-
tion kinetic models. The constants and correlation coefficients of
the kinetic models for Cu(II) adsorption were calculated (see sup-
plementary material). According to the correlation coefficients,
the adsorption of Cu(II) was better described by the second-order
kinetic model. Similar results were observed in many studies
[6,60,62]. The second-order kinetic model depends on the assump-
tion that chemical adsorption is the rate-limiting step in the
adsorption process. It is possible to say that the adsorption behav-
ior occurs through electron sharing between metal ions and adsor-
bents. Consequently, the chemisorption played a dominant role in
Cu(II) adsorption onto PAC and CAC. Moreover, the intraparticle
diffusion model was applied to investigate the diffusion mecha-
nism of the experimental data. Adsorbate transfer to adsorbents
occurs in three stages. These are film diffusion, intraparticle diffu-
sion, and adsorption. If the linear plot of t1/2 versus qt shows multi-
linearity, more than one step affects the adsorption process. First,
adsorbate diffusion takes place from the liquid to the adsorbent
surface, followed by the rate-limiting stage of intra-particle diffu-
sion and the final equilibrium stage. The model graphs obtained
showed that the adsorption took place in two steps. Table 1 also
presents that the intercept (C) values increase with an increase
in pH value, but the regression line did not pass through the origin
(C – 0). The deviations from the original mean that the diffusion of
Cu(II) ions to the adsorbent pores is not the only determining fac-
tor that controlled the adsorption mechanism. Therefore, film dif-
Table 1
A comparison of maximum Cu(II) adsorption capacities of different adsorbents.

Adsorbent qm (mg/g) Reference

Ceratophyllum demersum 6.17 [64]
Myriophyllum spicatum 10.37 [65]
Gracillaria sp. 37.5 [66]
Modified bentonite 50.76 [62]
Natural clay 6.25 [67]
Chitosan/rectorite nano-hybrid composite 20.49 [68]
Chitosan bead-supported MnFe2O4 nanoparticles 43.94 [16]
Black gram husk 27.7 [69]
Functionalized silica 20.5 [70]
Tectona grandis L.f. 15.43 [61]
PAC 48.31 This study
CAC 45.46 This study

6

fusion and intraparticle diffusion were effective steps in Cu(II)
adsorption on PAC and CAC.

Adsorption isotherms are significant in explaining the interac-
tions between molecules or ions of adsorbate and surface sites of
adsorbent. For this, the equilibrium curves are drawn and the most
favorable correlation is determined among the isotherm models
[47,48]. Langmuir, Freundlich, Tempkin, and Dubinin–Radushke-
vich isotherm models were used to understand the Cu(II) adsorp-
tion mechanism of PAC and CAC. The constants of isotherm
models for Cu(II) adsorption were found (see supplementary mate-
rial). According to the correlation coefficients, the Langmuir iso-
therm model showed the linear profile with the highest value of
R2 for the adsorption of Cu(II) on PAC and CAC for all temperatures,
pH values, and adsorbents (R2 > 0.970). The maximum adsorption
capacities, from the Langmuir isotherm for both adsorbents were
found at pH 7. However, the maximum adsorption capacities qm
were estimated to be 48.309 mg/g for PAC at 30�C with 0.996 of
R2 value, while it was determined as 45.455 mg/g for CAC at 40�C
with 0.980 of R2 value. The separation factor, RL, provides informa-
tion about the adsorption nature such as irreversible (RL = 0), favor-
able (0 < RL < 1), linear (RL = 1), or unfavorable (RL > 1). RL values
between 0 and 1 for both adsorbents at all experimental conditions
showed that Cu(II) ions preferred to be attached to the adsorbent
surface and the nature of the adsorption process was favorable.
Langmuir isotherm is a theoretical model that assumes the adsor-
bent exhibits a homogeneous surface, and all sites of the adsorbent
have an equal affinity with the adsorbate. From the results, Cu(II)
adsorption indicates that a homogeneous monolayer formation
occurs on the surface of PAC and CAC.

Maximum adsorption capacities of different adsorbents used for
Cu(II) adsorption were given in Table 1. PAC and CAC used in this
study showed good performance in Cu(II) removal among other
adsorbents. According to Table 1, it was seen that Phragmites aus-
tralis had almost the same adsorption capacity as other alternative
adsorbents. Therefore, it is understood that Phragmites australis can
be evaluated in the adsorption process as an alternative material
for Cu(II) removal.

Adsorption thermodynamics

The Gibbs free energy change (DG�), enthalpy change (DH�),
and entropy change (DS�) are found from the thermal-varying of
KL constant obtained from Langmuir isotherm. The thermodynamic
parameters provide information about an isolated system’s adsorp-
tion behavior and mechanism. DG�, DH�, and DS� values are calcu-
lated as follows [61]:

DG
� ¼ �RTlnKL ð14Þ

DG
� ¼ DH

� � TDS
� ð15Þ

lnKL ¼ DS
�

R
� DH

�

RT
ð16Þ

where T is the absolute temperature (K), and R is the universal gas
constant (8.314 j / mol K). DS� (j/mol K) and DH� (kj/mol) are calcu-
lated from intercept and slope from Van’t Hoff plot that is drawn 1/
T versus lnKL, respectively.

DG� provides information about the spontaneity and feasibility
of adsorption. A negative value of DG� indicates that the adsorp-
tion behavior is spontaneous and feasible. DG� value, which is
more negative with an increase in temperature, increases the spon-
taneity and feasibility of adsorption. Thus, a more energetic
adsorption behavior is observed [71]. DH� is an important param-
eter to determine the type of adsorption (physical or chemical pro-
cess) [72]. DH� is the measure of the energy barrier that the
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reacting molecules must overcome. A positive value of DH� indi-
cates that the nature of the adsorption process is endothermic.
Therefore, external energy input is needed in the adsorption pro-
cess [73]. On the other hand, a negative value of DH� means that
the adsorption process has an exothermic nature, and is controlled
by a physical mechanism [6]. DS� shows the characteristic proper-
ties of the reaction (an associative or dissociative mechanism) [74].
A negative DS� value presents that the randomness decreases at
the adsorbent and adsorbate interface after the adsorption process.
If DS� is positive, the randomness of the interface increases [18].

The effects of temperature at pH 5 and pH 7 on Cu(II) adsorption
of PAC and CAC as a function of initial concentration were per-
formed at 30 �C, 40 �C, and 60 �C. Thermodynamic parameters were
determined from Van’t Hoff plots (see supplementary material).

DG values were from �24.99 to �26.23 kJ/mol for PAC and
�5.525 to �10.60 kJ/mol for CAC. Moreover, for PAC, the DG value
was more negative with an increase in the temperature. For CAC,
the DG values were negative and decreased with an increase in
the temperature. It indicated that the spontaneity and feasibility
of Cu(II) adsorption were directly proportional to the temperature,
unlike CAC. Thus, it can be said that the adsorption behavior of PAC
is more energetic than that of CAC. The enthalpy changes found for
PAC and CAC took negative values. DH� values were calculated as
�12.49 kJ/mol for PAC and �5.38 kJ/mol for CAC. The negative val-
ues of DH� indicated that Cu(II) adsorption had an exothermic nat-
ure, and was controlled by a physical mechanism for both
adsorbents. It was determined that the adsorption capacities of
both adsorbents decreased relatively with the increase in temper-
ature. This situation can be explained as the weakening of the
adsorptive forces between the active sites of the adsorbent and
Cu(II) ions [18]. The DS� were calculated as 41.26 j/mol K and
17.22 j/mol K for PAC and CAC, respectively. The positive values
observed for both adsorbents indicated that after the adsorption
process, Cu(II) ions were randomly distributed at the adsorbent
and adsorbent interface.

Modeling of Cu(II) adsorption

The modeling of Cu(II) adsorption from synthetic wastewater
was carried out via three modeling tools. Two of these are soft
computing approaches such as MFIS and FFNN that form the basic
focus of this study too. Another one is RSM, which is based on a sta-
tistical approach and has some rigid assumptions. In the use of
MFIS and FFNN, the datasets were divided into two subsets as
training and testing. pH, adsorbent dose, initial concentration, con-
tact time, and temperature were determined as explanatory vari-
ables to predict Cu(II) adsorption for each experiment. The
summarization of all experiments in the modeling process of Cu
(II) adsorption from synthetic wastewater is presented in Table 2.

Evaluation perspectives
In this study, the evaluation perspectives of the obtained results

can be subsumed under two points of view: (i) comparison in
terms of error criteria of root mean square error (RMSE)(Eq.
(17)), median absolute percentage error (MdAPE) (Eq. (18)) median
absolute error (MdAE) (Eq. (19)), Willmott’s Index (WI) (Eq. (20))
[75], and modified index of agreement (md) (Eq. (21)) [76], and
(ii) investigating some features of a regression model created for
the target values and the obtained predictions values (Eq. (22)).
The regression and the determination coefficients are produced
equal to 1 or very close to 1 for a successful prediction tool. More-
over, it is expected that the confidence interval of the regression
coefficient covers 1.
7

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
p¼1

Targetp � Outputp
� �2vuut ð17Þ

MdAPE ¼ median
Targetp � Outputp

Targetp

�����
�����

 !
; p ¼ 1;2; � � � ;n ð18Þ

MdAE ¼ median Targetp � Outputp
�� ��� �

;p ¼ 1;2; � � � ;n ð19Þ

WI ¼ 1�
Pn

p¼1 Targetp � Outputp
�� ��Pn

p¼1 mean Targetð Þ � Outputp
�� ��þ mean Targetð Þ � Targetp

�� �� ; p ¼ 1;2; � � � ;n

ð20Þ

md¼1�
Pn

p¼1 Targetp�Outputp
�� ��jPn

p¼1 mean Targetð Þ�Outputp
�� ��þ mean Targetð Þ�Targetp

�� ��� �j ;p¼1;2; � � � ;n

ð21Þ

Yp ¼ bbYp þ ep ð22Þ
Comparison of the results via error criteria
RMSE values of the predictors and their performance rankings

for this error criterion were calculated (see supplementary mate-
rial). The soft computing-based MFIS and FFNN produced better
predictions for Cu(II) adsorption. When the two soft computing-
based models were evaluated within themselves, it was seen that
fuzzy-based MFIS outperformed FFNN in 5 of 6 experiments. How-
ever, what should not be overlooked was that FFNN also produced
successful results at a satisfactory level for all experiments.

Moreover, according to the obtained results in terms of MdAPE
andMdAE criteria (see supplementary material), it was seen that in
terms of both criteria, soft computing-based models showed better
predictive performance than RSM for almost all experiments.
Specifically, for experiments 3 and 4, MFIS and FFNN produced pre-
dictions with an error of less than 1%. These errors, for experiments
1 and 2, were obtained at a level of less than 5%. Although the
errors of experiments 5 and 6 exceeded 5% for the whole data
set, they could still be considered reasonable errors and were still
much better than the RSM results. Moreover, the reliability and
consistency of these models were also proved with the successful
performance of the soft computing-based MFIS and FFNN in the
test sets of experiments.

Evaluation of the performance via linear regression analyses
From another point of view, some properties of a simple linear

regression model can be used as evidence of the superior predic-
tive ability of any prediction tool. At this point, it can be estab-

lished Yt ¼ bbY t þ et model and investigated the values of the

regression coefficient (bb) and also the determination coefficient
R2. What is desired here is that these coefficients are 1 or very close
to 1. Regression models were established for the predictions of soft
computing-based models (see supplementary material).

From the shared properties of regression analysis for each
experiment, it was clear that both b and R2 values were fairly close
to 1, as expected. It means that the predictions generated by FINN
andMFIS are quite in harmony with the actual adsorption rates. On
the other hand, 95% confidence intervals of b have a very narrow
frame besides they covered 1, as expected again. All these findings
regarding regression analysis prove that FFNN and MFIS can be
used as elite modeling tools in this prediction problem.

Besides the statistical evidence, some visual graphs can also be
used to bring to light the superior performance of the soft



Table 2
The summarization of all experiments in the modeling process of Cu(II) adsorption.

Experiment Adsorbent Independent Variables # of Membership Function FFNN Architecture

1 PAC A. pH
Adsorbent dose
Initial concentration

3 from 3-1-1
to 3–3-1

2 CAC pH
Adsorbent dose
Initial concentration

3 PAC A. pH
Contact time
Initial concentration

4 CAC A. pH
Contact time
Initial concentration

5 PAC A. pH
Temperature
Initial concentration

6 CAC A. pH
Temperature
Initial concentration

Fig. 4. The scatter plots of actual and predicted adsorption performance for FFNN.
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Fig. 5. The scatter plots of actual and predicted adsorption performance for MFIS.

Oğuzcan Elver, F. Aydın Temel, O. Cagcag Yolcu et al. Journal of Industrial and Engineering Chemistry xxx (xxxx) xxx
computation-based models used in this study. A scatter plot is one
of them. The scatter plot is a mathematical diagram using cartesian
coordinates. In the scatter plot, it is desired that most of the points
constituted by the observed and predicted adsorption rate values
need to be close to a line segment. The scatter graphs established
for two soft computing modeling tools are given in Figs. 4 and 5.

From the figures, the points formed by the observed and pre-
dicted adsorption values are spread almost straight. This can be
considered as further proof of the superior performances of FFNN
and MFIS.

Moreover, the performance of the models can be evaluated by
Heat map, Taylor diagram, Box plot, and Violin plot given in
Fig. 6. Heat map uses to present six performance metrics. Taylor
diagram presents three models to exhibit the closeness between
actual and predicted values using standard deviation and correla-
tion values.

The box plot shows a residual error of three models to demon-
strate the IQR and its characteristics. Violin plots visualize the size
of the violin, IQR, and its characteristics of the box plot for the dis-
tribution of actual and predicted values by three models. As an
9

exemplary evaluation, the results obtained from experiments 3
and 4 modeling process were evaluated by considering these
graphs.

From the heat-map given in Fig. 6(a), it was seen that R2,WI and
md metrics obtained from the MFIS and the FFNN were quite close
to 1 (the region represented in yellow) by the side of the RSM.
Additionally, in terms of RMSE, MdAPE, and MdAE metrics, MFIS
and the FFNN produced values close to 0 (the region represented
in orange) compared to the RSM. Thus, the heat-map created for
all performance metrics proved that the soft computing-based
models outperformed RSM. Another way to visually investigate
the predictive performance of models is to draw a Taylor diagram,
given in Fig. 6(b) that presents correlations between actual and
predicted values besides the standard deviations (SDs). Taylor’s
diagram showed that the SDs of predictions obtained from the
FFNN (green point) and the MFIS (blue point) were quite close to
the SD of actual observations in comparison with the RSM (pink
point). Moreover, the correlation values obtained for the FFNN
and the MFIS were over 0.99, while this value was about 0.90 for
RSM. In that way, it was seen that the Taylor diagram contained



Fig. 6. Heat map (a), Taylor diagram (b), Box plot (c), and Violin plot (d) for Expr. 3 results of PAC adsorption and Expr. 4 of CAC adsorption.
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visual findings to prove the superiority of FFNN and MFIS models
over RSM.

Also, the box plot (Fig. 6(c)) can be used to validate the predic-
tive ability of the models in terms of reliability and validity. In the
10
box plot, RSM had the largest interquartile range (IQR), the largest
maximal relative errors (REs), and the least minimal RE by the side
of the FFNN and the MFIS. But the FFNN and the MFIS had a fairly
narrow IQR, fairly small maximal REs, and fairly large minimal REs.



Table 3
The findings of the optimization process.

Exp. Adsorbent Constraints Optimal
Values

Target
Values

Objective Function
Values

Desirability Predictor

1 PAC 5 � pH � 70:50 � Adsorbentdose � 8:0096:40 � Co � 100:40 6.9997
6.0019
96.6064

97.3205 93.9570 96.40% MFIS

2 CAC 5 � pH � 70:50 � Adsorbentdose � 8:0091:30 � Co � 96:40 6.1217
7.8115
96.1559

97.2095 95.0360 97.50%

3 PAC 5 � pH � 710 � Contacttime � 240106:00 � Co � 114:60 6.7510
124.8334
105.8368

83.4623 83.3517 99.10%

4 CAC 5 � pH � 710 � Contacttime � 240106:00 � Co � 114:60 6.9998
159.5129
105.9991

93.2830 92.8854 99.23%

5 PAC 5 � pH � 730 � Temperature � 6098:20 � Co � 996:50 5.0000
59.0844
98.2000

81.6904 81.0654 99.23%

6 CAC 5 � pH � 730 � Temperature � 6098:20 � Co � 996:50 5.0000
30.0000
98.2000

92.3320 85.3078 92.38%

1 PAC 5 � pH � 70:50 � Adsorbentdose � 8:0096:40 � Co � 100:40 5.0144
7.9998
96.6064

97.3205 93.5317 95.95% FFNN

2 CAC 5 � pH � 70:50 � Adsorbentdose � 8:0091:30 � Co � 96:40 6.9937
7.0365
96.3973

97.2095 97.1466 99.93%

3 PAC 5 � pH � 710 � Contacttime � 240106:00 � Co � 114:60 6.9980
239.1680
114.5570

83.4623 83.0248 96.46%

4 CAC 5 � pH � 710 � Contacttime � 240106:00 � Co � 114:60 6.9976
76.8590
106.0510

93.2830 94.0794 100.00%

5 PAC 5 � pH � 730 � Temperature � 6098:20 � Co � 996:50 5.1271
30.0000
360.0732

81.6904 99.9318 100.00%

6 CAC 5 � pH � 730 � Temperature � 6098:20 � Co � 996:50 6.9999
30.0000
98.2000

92.3320 86.1685 93.32%
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From this point of view, it was said that FFNN and MFIS performed
much more reliably and much more valid performance compared
to RSM.

Finally, the harmony of distribution for the actual observation
and predictions can be observable by a violin plot given in Fig. 6
(d). The harmony of distribution for the actual observation and
predictions can be observable by a violin plot given in Fig. 6(d).
These violin plots clearly showed that, in comparison with the
RSM, the predicted values obtained from the FFNN and the MFIS
were remarkably nearer to the actual values.

Optimization via genetic algorithm

This study suggests the usage of FFNN and MFIS as soft comput-
ing approaches to predict Cu(II) adsorption from synthetic wastew-
ater. The usage of such predictors is crucial for experimental design
and the prediction of the response variable. However, perhaps it is
most important to determine for which input values these estima-
tors will produce the maximum or minimum response. Because
such an acquisition often enables the optimal response variable
value to be obtained without performing new experiments, which
can be very costly and time-consuming. The input parameters
were optimized by the genetic algorithm which is another soft
computing tool. The objective function can be given as follows:

y ¼ f X1;X2;X3ð Þ ð23Þ
In Eq. (23), X1;X2; and X3 are the input parameters of the

adsorption process. y is the response variable i.e., it depicts the
adsorption rate (%) adsorption from synthetic wastewater. Also, f
is a predictor.
11
Table 3 recapitulates the findings of the optimization process.
GA for both software-based prediction tools reached the desirabil-
ity ratios of over 95% except for just two experiments. For example,
for the MFIS, for experiment 2 with the pH of 6.1217, adsorption
dose of 7.8115, and initial concentration of 96.1559 mg/L, the opti-
mized condition leads to maximum Cu(II) removal (95.0360%) with
97.50% desirability. These ratios even are 100% for two experi-
ments. These desirability rates show once again that two soft
computing-based prediction tools can be used with confidence to
predict Cu(II) adsorption. Moreover, these findings also prove that
these prediction tools are functions for predicting the maximum
adsorption performance.
Hypothesis tests

Considering the results of the optimization transaction in detail,
although CAC, under the optimum conditions, had higher adsorp-
tion performance against PAC, this situation was needing proof
by statistical hypothesis tests. The adsorption performances of
CAC and PAC were statistically evaluated with the test of indepen-
dent samples (see supplementary material).

Investigating these results can be done in two ways. The first is
to evaluate the p values, and the second is to consider the 95% con-
fidence interval of the differences. In the first, all p-values were
greater than 0.05. In the second, all of the 95% confidence intervals
of the differences involved the zero value. These findings were evi-
dence that there was no significant difference between the adsorp-
tion performances of CAC and PAC for all experiments.
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Conclusions

In this study, Cu(II) adsorption performances of activated Phrag-
mites australis waste and commercial activated carbon were mod-
eled by soft computing models. The adsorption kinetics and
isotherms were tested and presented the best conformity
pseudo-second-order reaction kinetic and Langmuir isotherm
models. It means that the rate-limiting step is chemisorption
rather than diffusion and a homogeneous monolayer formation
of Cu(II) occurs on the surface of adsorbents. According to the ther-
modynamic parameters, Cu(II) adsorption of both adsorbents had
an exothermic nature and the product was energetically stable
and indicated increasing randomness.

The superior modeling performances of the soft computation-
based approaches were demonstrated by the great harmony
between predicted and observed Cu(II) adsorption. MFIS and FFNN
performed exceptionally well with a relative error of less than 2–
3% in the first four experiments, while in the remaining two exper-
iments these tools again showed successful modeling with a rela-
tive error of 6–7%. These findings are supported by two

parameters (bb and R2) whose values were very close to one,
obtained from the regression models created for the real CU(II)
with the predictions. Moreover, all 95% confidence intervals for
beta include one. In terms of the coefficient of determination, it
is seen that this study performs better (with over 99% R2 values)
than the studies presenting the linear model (under 99% R2 values).

In terms of adsorption performances under optimum condi-
tions, although CAC was more successful than PAC, no statistical
difference was found in Cu(II) removal performances (all 95% con-
fidence intervals cover zero). However, two soft computing-based
predictors, MFIS and FFNN, can be confidently used to predict Cu
(II) adsorption. In optimization of the simulation of the Cu(II)
adsorption process activated by PAC and CAC, desirability levels
of over 95% were achieved in 5 of 6 experiments for both PCA
and CAC. For a single remaining experiment, the desirability rate
was over 90%. Therefore, optimal conditions for experimental
design can be determined by GA without additional experiments
for another soft computing-based approach. The fact that both
MFIS and FFNN are data-driven models means that their perfor-
mance is specific to these datasets. Moreover, the random start also
creates a limitation on their success. These limitations do not mean
that they are not a successful modeling tool, and they can be inves-
tigated from another perspective in another study.
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