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Abstract
In this study, NiO/Rosa Canina-L seeds activated carbon nanocomposite
(NiO/ACNC) was prepared by adding dropwise NaOH solution (2 mol/L) to raise the suspension
pH to around 9 at room temperature under ultrasonic irradiation (200 W) as an efficient method
and characterized by FE-SEM, FTIR and N2 adsorption-desorption isotherm. The effect of
different parameters such as contact time (0-120 min), initial metal ion concentration (25-200
mg/L), temperature (298, 318 and 333 K), amount of adsorbent (0.002-0.007 g) and the
solution’s initial pH (1-7) on the adsorption of Pb (II) was investigated in batch-scale
experiments. The equilibrium data were well fitted by Langmuir model type 1 (R2>0.99). The
maximum monolayer adsorption capacity (qm) of NiO/ACNC was 1428.57 mg/L.
Thermodynamic parameters (∆G°, ∆H° and ∆S°) were also calculated. The results showed that
the adsorption of Pb (II) onto NiO/ACNC was feasible, spontaneous and exothermic under
studied conditions. In addition, a fuzzy-logic-based model including multiple inputs and one
output was developed to predict the removal efficiency of Pb (II) from aqueous solution. Four
input variables including pH, contact time (min), dosage (g) and initial concentration of Pb (II)
were fuzzified using an artificial intelligence-based approach. The fuzzy subsets consisted of
triangular membership functions with eight levels and a total of 26 rules in the IF-THEN
approach which was implemented on a Mamdani-type of fuzzy inference system. Fuzzy data
exhibited small deviation with satisfactory coefficient of determination (R2>0.98) that clearly
proved very good performance of fuzzy-logic-based model in prediction of removal efficiency of
Pb (II). It was confirmed that NiO/ACNC had a great potential as a novel adsorbent to remove
Pb (II) from aqueous solution.
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1. Introduction
Commonly, heavy metals are present broadly in nature at natural background
concentrations. Due to the mining, smelting and processing of metals, heavy metal cations such
as lead, mercury, cadmium and cobalt are inserted into environments such as atmosphere, water,
and soil, which cause critical environmental pollution [1]. Whereas Pb (II) has toxic effects on
the living organisms, industrial effluents should be treated before discharging into environment
for protection of public health and environmental surroundings [2,3].
Several methods have been used for separation of heavy metals from aqueous
solutions such as reverse osmosis, pre-concentration, solvent extraction, ion exchange and
adsorption. Amongst these methods, adsorption has changed to one of the most preferable
methods for separation of heavy metal cations because of its high performances and costeffectiveness [4]. In spite of possessing these features, most of adsorbents are not effective
(because of diffusion limitation or the lack of enough surface active sites) or have shown
problems like high cost of prices, difficulties of separation from wastewater, and generation of
secondary wastes. Considering such disadvantages, recently nanoparticles have confirmed high
adsorption efficiency for metal ions removal [5-8].
Previous studies found that the modification of adsorbents by loading of nanoparticles
could greatly enhance the adsorption of pollutants. For example, Ghaedi et al. showed that the
loading of palladium, silver and zinc oxide nanoparticles on activated carbon increased the
removal of congo red from aqueous solution [5]. Gupta and Nayak found that the modification of
orange peel powder with Fe3O4 nanoparticles increased the removal of cadmium [6]. Hashemian
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and Salimi applied chemical co-precipitation method for loading CuFe2O4 on sawdust for the
removal of cyanine acid blue from aqueous solution [7]. Zhang et al. modified Fe3O4@SiO2
nanoparticles to attain a novel mercaptopropyl functionalized sorbent (Fe3O4@SiO2–SH) by
hydrolyzation of Na2SiO3 for the removal of mercury from aqueous solution [8].
NiO nanoparticles and several other components have illustrated unique behavior
according to their size and morphology for the removal of pollutants from aqueous solutions.
Therefore, studies on the synthesis of NiO nanoparticles have increased during the past decade
using different methods including puttering, chemical precipitation, sol-gel, chemical vapor
deposition, microwave assisted and anodic arc plasma [9]. Many researchers have done the
synthesis of nanoparticles in high temperature such as Gupta and Nayak (Fe3O4 nanoparticles at
90 °C) [6], Hashemian and Salimi (cadmium telluride nanoparticles@CuFe2O4 at 60 °C) [7], Jin
et al. (cetyltrimethylammonium bromide (CTAB) modified magnetic nanoparticles
(Fe3O4@CTAB) at 80 °C) [10] and Ghaedi et al. (Pd nanoparticles (Pd NPs) at 80 °C, Ag
nanoparticles (Ag NPs) at 50 °C, ZnO nanorods (ZnO NRs) at 70 °C and copper oxide on
activated carbon at 75 °C) [5,11]. As a promising route for preparation of various nanomaterials
including metallic and ceramic particles, sonochemical methods have recently been
acknowledged [12,13]. Ultrasonic irradiation has also been used for removal of metals from
aqueous solution [14-16].
Utilization of multiple computational techniques for various proposes such as
modeling and solving problems, has recently gained remarkable interests among researchers
especially in the field of science and engineering. These soft computing techniques can precisely
design and solve the dominant problems available in every process according to real operational
conditions. In fact, nowadays, modeling has turned into one of the most valuable tools for
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operational design and optimization of processes, examining the controlling strategies at a
rational cost. Modeling not only helps to develop a comprehensive understanding of a process
but also has a great potential in prediction and solving problems such as decreasing operational
costs in particular processes such as adsorption process in wastewater treatment plants. The
outputs of a model are a series of predicted data and can be considered as operating data
providing a transparent perspective of the process in full scale [17].
Different soft computing techniques include fuzzy inference system (FIS) [18],
artificial neural networks (ANN) [19], adaptive neuro-fuzzy inference system (ANFIS) [20],
least square-support vector method (LS-SVM) [11], response surface methodology (RSM) [21],
random forest (RF) [22], imperialist competitive algorithm (ICA) [23], firefly algorithm (FA),
and genetic algorithm (GA) [24]. Among these, fuzzy logic methodology is one of the accurate
and powerful modeling techniques which was successfully applied in the fields of ecology and
environment for mapping, modeling, evaluation and prediction applications [25]. Fuzzy
inference system was employed in prediction of removal efficiency of pollutants [26], primary
warning systems [27], assessments of water quality [28], and local sustainability assessments
[29]. However, there are few papers reported in literatures regarding the utilization of fuzzy logic
techniques in the field of heavy metals removal from aqueous solutions and wastewaters.
Rahmanian et al. [30] conducted a fuzzy modeling to predict lead removal from aqueous solution
using micellar-enhanced ultrafiltration (MEUF). Therefore, fuzzy model can be used for
environmental fields specifically for the prediction of adsorption process.
In this study, NiO/ACNC was synthesized by ultrasound-assisted in situ chemical
precipitation technique at room temperature and characterized using FE-SEM, FTIR and N2
adsorption-desorption isotherm. Then, the removal of Pb (II) from aqueous solution was
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investigated by batch method and the uptake of metal ions onto nanocomposite was studied for
determination of equilibrium, kinetic and thermodynamic parameters. Also, a Mamdani type of
fuzzy inference system was applied for forecasting the removal efficiency of Pb (II) and the
comparison between fuzzy and experimental data was also accomplished. The effects of four
significant variables such as pH, contact time (min), adsorbent dosage (g) and initial
concentration of Pb (II) (mg/L) were assessed and the importance of each factor in the process of
Pb (II) adsorption on sorbent (NiO/ACNC) was obtained using sensitivity analysis.
2. Materials and methods
2.1. Materials and instruments
All chemicals and reagents used were of analytical reagent grade. Nickel nitrate
hexahydrate (Ni(NO3)2.6H2O), potassium hydroxide (KOH), zinc chloride (ZnCl2) and Pb (II)
nitrate hexahydrate (Pb(NO3)2.6H2O) were purchased from Merck, Germany. The stock solution
of Pb (II) (1000 mg/L) was prepared by dissolving Pb (II) nitrate hexahydrate in deionized water.
The working solutions of desired concentrations were prepared by appropriate dilution of the
stock solution. The initial pH of the test solutions was adjusted to the desired value, using 0.1 M
HNO3 or 0.1 M NaOH. After adsorption experiments, the supernatant liquids were filtered with
Whatman #42 filter paper. The Pb (II) concentrations in the solutions were measured by a Flame
Atomic Absorption Spectrometer (GBC, SensAA Dual, Australia).
2.2. Preparation of activated carbon
Activated carbon was prepared from Rosa Canina-L seeds obtained from Arak, Iran.
After being separated from the fruit, the seeds were washed with deionized water three times in
order to remove the impurities, then dried in an oven at 110 °C and finally sieved to 100–120
mm. The activated carbon was prepared in the following steps [31]: 50 g of ground sample was
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soaked in 50 mL concentrated solution of ZnCl2 for a few hours at room temperature. After
being washed with deionized water and filtrated, the sample was put in a an oven at 110 °C
overnight and it was finally activated under nitrogen (N2) atmosphere in the furnace at 400 °C for
3 h.
2.3. Preparation of NiO/ACNC
NiO/ACNC with mass ratio of 1:10 was prepared using ultrasound-assisted in situ
chemical precipitation technique. The activated carbon was added into a 100 mL solution
containing 0.7 mol/L nickel nitrate hexahydrate (Ni(NO3)2.6H2O) at room temperature and
stirred for 15 min. Under ultrasonic irradiation (200 W) at room temperature, NaOH solution (2
mol/L) was added dropwise to raise the suspension pH to around 9 and the irradiation was
continued for 30 min. The prepared composite was repeatedly washed with deionized water, and
then dried in an oven at 50 °C for 24 h and calcined at 500 °C for 4 h.
2.4. Characterization and analyses
The BET (Brunauer-Emmet-Teller) surface area was measured using N2 adsorption
at liquid nitrogen temperature (−196 °C) in Belsorp-max (Rubotherm/BEL Japan). The
morphology of product was observed using a field emission scanning electron microscopy (FESEM) (S-4160, Hitachi, Japan). The surface chemical properties of NiO/ACNC were determined
by Fourier transform infrared spectroscopy (FTIR) analysis using Shimadzu-8400s spectrometer,
Japan.
2.5. Pb (II) adsorption experiments
The effect of solution pH on the adsorption of Pb (II) was investigated by adding
0.005 g of NiO/ACNC into 50 mL of Pb (II) solution. The primary concentration of ion was 100
mg/L and the mixtures were shaken for 120 min. The experiments were also done with the
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various amounts of the sorbent from 0.002 to 0.007 g while the pH of the solutions was constant
at optimum value. For isotherm experiments, 0.005 g of the sorbent was added into 50 mL of Pb
(II) solution. The primary concentrations of ions were 25 to 200 mg/L and the mixtures were
shaken at room temperature (25 °C). Thermodynamic parameters were investigated at different
temperatures (25, 45 and 60 °C) while the primary concentration of ion was 100 mg/L. For
kinetic experiments, 0.005 g of the sorbent was added to 50 mL of Pb (II) solution. The primary
concentration of Pb (II) was 100 mg/L and the mixtures were shaken at different times (5-120
min). After ending contact time, samples were filtered through Whatman #42 filter paper, and
then the residual concentration of Pb (II) was determined by atomic absorption spectrometer. The
adsorption capacity and percentage removal of Pb (II) ion by NiO/ACNC were calculated by the
bellowing equations:

qe =

C0 − Ce
×V
m

% Re moval =

(1)

C0 − C e
× 100
C0

(2)

where C0 (mg/L) and Ce (mg/L) are the concentration of Pb (II) ion before and after adsorption
tests, respectively, qe is the adsorption capacity of Pb (II) ion, V (L) is the solution volume of Pb
(II) ion, and m (g) is the amount of NiO/ACNC.

2.6. Adsorption of Pb (II)
2.6.1. Equilibrium adsorption isotherms studies
In this part of the research, the adsorption capacity of NiO/ACNC was evaluated by
isotherm models such as Langmuir, Temkin, Freundlich and Dubinin Radushkevich (D-R).
Langmuir model describes quantitatively the formation of a monolayer adsorbate on
the outer surface of adsorbent and after that no further adsorption takes place. It represents the
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equilibrium distribution of adsorbate between the solid and liquid phases [32]. It is defined by
the following equation:
qe =

q m K LCe
(1 + K L C e )

(3)

This equation can be remodeled and rearranged into four different linear types by the following
equations [33]:
Type 1

Ce
C
1
=
+ e
qe q m K L qm

(4)

Type 2

1  1
=
qe  qm K L

(5)

Type 3

 1
qe = qm − 
 KL

 qe

 Ce

(6)

Type 4

qe
= K L q m − K L qe
Ce

(7)

 1
1

+
 C e qm

where qe is the adsorption capacity at equilibrium (mg/g), qm is the maximum adsorption capacity
(mg/g), Ce is the equilibrium concentration of metal ions in solution (mg/L) and KL is Langmuir
constant (L/mg). The values of isotherm constants (qm and KL) are defined from the slope and
intercept of the linear plots of equations (4), (5), (6) and (7).
Weber and co-workers expressed the characteristic and feasibility of Langmuir isotherm
in term of dimensional factor, RL, which is defined by the following equation [34]:
RL =

1
1 + K L C0

(8)

10

Where KL is Langmuir constant and C0 is the initial concentration of Pb (II). The RL value
depicts the shape of the isotherm. Favorable amount of adsorption can be reached with a RL
between 0 and 1.
RL> 1

Unfavorable

RL = 1

Linear

RL< 1

Favorable

RL = 0

Irreversible

Freundlich model is an empirical relationship describing the uptake of metal ions onto a
heterogeneous surface by multilayer adsorption, and assumes that different sites with several
adsorption energies are involved [35]. It is expressed by the bellowing equation:

log q e = log K F +

1
log C e
nF

(9)

where KF is Freundlich constant (mg/g) and nF is Freundlich exponent related to the adsorption
intensity (dimensionless). The values of isotherm constants (KF and nF) are defined from the
intercept and slope of the linear plot of ln qe versus ln Ce, respectively. The nF parameter, which
is known as the heterogeneity factor, can be used to illustrate whether the adsorption is linear
(nF=1), a chemical process (nF> 1) or a physical process (nF<1). In contrast, the values of nF<1
and nF>1 indicate a normal Langmuir isotherm and cooperative adsorption, respectively [36].
Temkin model, which is related to the heat of adsorption of all molecules in the layer)
is expressed by the bellowing equation:
q e = B ln K T + B ln C e

(10)
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here B =

RT
b

where b and KT are isotherm constant (J/mol) and equilibrium binding constant (L/g),
respectively. The values of isotherm constants (KT and B) are defined from the intercept and the
slope of the linear plot of qe versus ln Ce, respectively [35].
Dubinin–Radushkevich (D–R) model is also applied to estimate the porosity, free
energy and the characteristics of adsorbents. D–R isotherm does not assume a homogeneous
surface or constant adsorption potential [37]. D–R linear form can be shown the bellowing
equation:

ln q e = ln Q m − K D ε 2

(11)

where KD is a constant related to the adsorption energy, Qm is the theoretical saturation capacity,
and ε is the Polanyi potential, which is calculated from Eq. (12).
ε = RT ln(1 +

1
)
Ce

(12)

where KD and Qm are isotherm constant (mol2/kJ2) and adsorption capacity (mg/g), respectively.
The values of isotherm constants (Qm and KD) are defined from the intercept and slope of the
linear plots of ln qe versus ε2, respectively. The mean free energy of adsorption (E), for
transferring one mole of target from infinity in solution to the surface of the solid, is calculated
from the KD value using the bellowing equation [38]:
E=

1
2K D

(13)

2.6.2. Adsorption kinetics studies

In this part of the research, the sorption procedure of Pb (II) ions onto NiO/ACNC was
tested with pseudo-first-order, pseudo-second-order, intra-particle diffusion and Elovich models.
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A Lagergren pseudo-first-order model is based on the assumption that the rate of
adsorbate seizing the adsorption sites is proportional to the amount of untaken adsorption sites. It
can be expressed by the bellowing equation:
log(q e − q t ) = log q e −

k 1t
2.303

(14)

where qe is the adsorption capacity at equilibrium (mg/g), qt is the adsorption capacity at the time
of t (mg/g), and k1 is first-order rate constant (1/min). The values of kinetic constants (qe and k1)
are defined from the slope and intercept of the linear plot of log (qe-qt) versus t, respectively.
Pseudo-second-order model is deduced based on the hypothesis that adsorbent
adsorbs the adsorbate chemically. It can be expressed by the following equation:
dq t
dt

= k 2 (q e − q t ) 2

(15)

Eq. (15) can be linearized into four different linear types by the following equations [33]:
Type 1

t
1
1
=
+
t
2
qt k q
qe
2 e

(16)

Type 2

1  1
=
qt  k 2 qe2

(17)

Type 3

 1
q t = q e − 
 k 2q e

Type 4

qt
= k 2 qe2 − k 2 qe qt
t

 1  1
  +
 t  qe
 qt

 t


(18)

(19)
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where qt is the adsorption capacity at the time of t (mg/g) and k2 is the second order rate constant
(g/(mg.min)). The values of kinetic constants (qe and k2) are defined from the slope and intercept
of the linear plots of equations (16), (17), (18) and (19) [39].
Intra-particle diffusion model is used to identify the adsorption process of ions by the
following equation [40]:
q t = k i t 0.5 + I

(20)

where qt is adsorption capacity at the time of t (mg/g), ki is second-order rate constant (g/mg.min)
and I indicates the thickness of the boundary layer (mg/g). The values of kinetic constants (ki and
I) are defined from the slope and intercept of the linear plot of qt versus t0.5, respectively.
In order to describe the adsorption procedure as a group of reaction mechanisms
including diffusion in the mass of dissolution, surface diffusion and activated catalytic surfaces,
Elovich model [41, 42] is applied in the following form:
q t = β ln(αβ) + β ln t

(21)

It is postulated that Elovich constants (α and β) represent the initial adsorption rate (g/mg.min2)
and the desorption constant (mg/g.min), respectively. Elovich constants can be calculated from
the plot of qt versus ln t.
2.6.3. Adsorption thermodynamics studies
The Gibbs free energy change (∆Go) is an indication of spontaneity of a chemical
reaction and therefore is an important criterion for spontaneity. Reactions occur spontaneously at
a given temperature if ∆Go is a negative quantity. The free energy of a sorption reaction,
Enthalpy (∆Ho) and entropy (∆So) are calculated using the following equations [43]:
Kd =

qe
Ce

(22)
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ln K d =

∆S o ∆H o
−
R
RT

(23)

∆G o = −RT ln K d

(24)

where R is the universal gas constant (8.314 J/mol.K) and T is the absolute temperature (K).
By drawing a plot of ln Kd versus 1/T, the values of ∆Ho and ∆So are determined.
2.7. Fuzzy logic methodology
Fuzzy model is known as one of the strongest techniques to determine the input-output relation
in complex nonlinear systems under uncertain and vague situations. First-time fuzzy logic model
was presented by Zadeh [44] as an attempt to create systems more similar to the spirit of human
thinking. The reasonable prediction of water quality is impossible for an expert using solely his
mind or experience. In reality, the final result is under influence of complex environmental
conditions and this problem is relevant to “principle of incompatibility” [45]. Experts’
knowledge plays an important role in fuzzy model to develop a system. In a fuzzy inference
system, the obtained knowledge by experts and other effective factors are defined in the format
of fuzzy rules. A fuzzy inference system has three significant sections including membership
functions, fuzzy set operations, and inference rules.
The precise understanding of each part is necessary in order to develop an index based on fuzzy
logic. Elements of the set that present the situation are adjusted through suitable membership
functions and consequently the situations of uncertainties are properly determined in fuzzy logic.
The subset of membership function is composed of membership degree whose value changes
between 0 and 1 (highest level) for each element [45]. Similarity rate of element x of the base set
X in the fuzzy set A is expressed by the membership function µA(x) of x in A. The universe of
discourse X is to include the dependent elements in x so that for every certain x, a set of ordered
pairs is achieved by a fuzzy set A [46].
15

A = {( x, µ A ( x)) x ∈ X }

0 ≤ µ A ( x) = 1

(25)

There are various forms of membership functions of fuzzy sets such as triangular, trapezoidal,
bell-shaped, sigmoidal, etc. The determinative factor in selecting the shape of membership
functions in fuzzy models is the nature of the system [25]. One of the most prevalent
membership functions used in versatile applications is the triangular shape. The advantages of
triangular shape of membership functions are its simplicity in design and implementation, and
also its applicability with little data [47].
There are basically two types of fuzzy inference systems, Mandani-type [48] and TakagiSugeno-type [49], applied for controlling and prediction of different processes. Mamdani’s fuzzy
inference method is the most common and applicable fuzzy methodology due to its simple
representation and interpretation of fuzzy rules [50]. Fuzzy logic models utilize expert
knowledge and merge them into fuzzy rules format. In the other words, a set of user-supplied
rules are defined as human language in fuzzy logic model. These rules are further converted to
mathematical equivalents by fuzzy systems [51]. Therefore, the most important properties of
fuzzy logic models are their simplicity and flexibility. Some problems with imprecise and
incomplete data and complex nonlinear functions can be solve by fuzzy logic [52].
The calculation of noisy and distorted multivariate data can be better accomplished using fuzzy
logic in comparison to ANNs. Additionally, in fuzzy modeling, based on the expert knowledge, a
set of fuzzy rules called rule base is established in the training phase. Interpretation of results in
fuzzy model is also easier than that in ANNs [53]. Furthermore, in fuzzy model, fuzzy set
operators are responsible for regulating the relationships between that fuzzy subsets. There are
several fuzzy set operators useable in various fuzzy logic systems. Three basic operators are
intersection (AND), union (OR), and negation (NOT) whose equations are presented below:
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AND : µ A∩ B ( x) = µ A ( x) ∩ µ B ( x) = min(µ A ( x), µ B ( x))

(26)

OR : µ A∪ B ( x) = µ A ( x) ∪ µ B ( x) = max(µ A ( x), µ B ( x))

(27)

NOT : µ A ( x ) = 1 − µ A ( x )

(28)

The fuzzy if-then rules (fuzzy propositions) describe the relationships among the input and
output in fuzzy models. In order to find the logical solution to a specific problem domain, in the
absence of accurate first principle knowledge, fuzzy rules use suitable reasoning and fuzzy sets
[54]. In Mamdani scheme as a type of fuzzy relational model, every fuzzy rule is defined in the
format of IF-THEN relationships. Every rule is composed of two parts; the first part is an “if”
that is called antecedent and the second part is “then” that is called the consequent. The structure
of Mamdani models is followed by rule base. Rule base, as shown below, consists of linguistic
variables like X, Y and Z:
Ri: if X is Ai and Y is Bi,. . . then Z is Ci,. . ., i = 1. . .n
In each specific input (x0.y0), the value of output Z or C is determined. The structure of model
can be developed manually but the ultimate model will not change or get optimized. According
to defined rules, the final performance of Mamdani fuzzy model is the production of a fuzzy
membership function as an output. The approach of fuzzy model is not solely based on data set.
Thus, gaining a precise result out of a generalized fuzzy model for future prediction is achievable
if the adequate proficiencies are available regarding the system being investigated [55].
Generally, there are three steps in each fuzzy expert system model namely Fuzzification,
inference engine (decision making logic), and defuzzification as displayed in Fig. 1.
3. Results and discussion

3.1. Characterization of NiO/ACNC
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The FE-SEM images of the Rosa Canina-L seeds, prepared activated carbon and
NiO/ACNC are shown in Figs. 2 (a) and 2 (b). As can be seen from these figures, the sample has
a smooth surface without porous structure before activation. Figs. 2 (c) and 2 (d) show a
heterogeneous and porous surface that is suitable for loading of nanoparticles. It can be seen
from Fig. 3 (a) that the surface of activated carbon is covered by a layer of NiO nanoparticles.
Fig. 3 (b) indicates that the particles are formed homogeneous and nearly spherical, with the

sizes less than 100 nm in diameter. The morphology of the nanocomposite in Figs. 3 (c) and 3
(d) indicates that the agglomeration in some spots may be due to the sorption of Pb (II) ions.
Fig. 4 (a) illustrates the FTIR spectrum of NiO/ACNC. It can be confirmed that

there is Ni–O band at 461.75 cm-1 in sample [56-58]. The main bands in the FTIR spectrum of
the NiO/ACNC are at 2924.97, 1618.02, 1384.06, 1118.90, 834.23, 702.16, 570.75, 529.31 and
461.75 cm-1 related to aliphatic C–H groups, stretching vibration of –C–CH2 groups, N–O nitro
compound, N–H stretch, the interlayer anion (nitrate), C–H of aromatics, alkyl halides, the Fe–O
vibration and Ni–O band, respectively. Fig. 4 (b) shows the FTIR spectrum of NiO/ACNC in the
presence of Pb (II). It is clear from Fig. 4 (b) that after removal of Pb (II) by NiO/ACNC, the
peak positions are changed or disappeared.
As far as the specific surface area and pore size distribution have an important
influence on the sorption performance of sorbent, thus, N2 adsorption–desorption isotherm of
NiO/ACNC was measured at −196 °C to determine the mentioned factors. Results are shown in
Fig. 5. It can be seen from Fig. 5 (a) that the adsorption-desorption isotherm of NiO/ACNC

indicates a type IV isotherm including a type H3 hysteresis loop (at p/p0>0.4) pursuant to the
IUPAC classification [59-61]. According to this result, mesoporous structure exists in the
sorbent. Pore size distribution of the sample obtained from Barrett-Joyner-Halenda [BJH] model
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is shown in Fig. 5 (b). The BJH pore size distribution reveals that the NiO/ACNC presents a
wide pore size distribution from 1.2 to 95.2 nm with the pore diameter peaks of 1.2, 2.7, 6.05,
10.65 and 18.93. The wide pore size distribution can be useful for the penetration and adsorption
of ions; therefore, the percentage removal and rate of adsorption process increase [62]. The
surface area and pore analysis of NiO/ACNC are listed in Table 1.

3.2. Effect of solution pH and dose of NiO/ACNC
The pH of a solution can have effects on surface charge and the degree of hydrolysis
of metal ions [63]. The sorption behavior of the adsorbent was investigated by change in the
solution pH while other parameters such as dosage, contact time, concentration and temperature
were constant. As can be seen in Fig. 6 (a), by increasing the pH value from 1 to 7, the
percentage removal and adsorption capacity of Pb (II) are increased from 0.04 to 91.70 % and
from 0.5 to 1100.5 mg/g, respectively. At the solution pH value beyond 5 for Pb (II) ion, its
removal by sorption onto sorbent along with co-precipitation or even coagulation may occur,
causing the percentage removal beyond 91 % [64]. Therefore, pH=5 was chosen as an optimum
pH for further experiments in this study.
An optimum adsorbent dose is needed to increase the interactions between metal
ions and adsorbent sites [65]. Fig. 6 (b) shows the changes in percentage removal and adsorption
capacity of Pb (II) by increasing the adsorbent dose from 0.002 to 0.007 g. It can be seen in Fig.
6 (b) that the percentage removal of Pb (II) is increased from 69.41% to 89.62% by any increase

in NiO/ACNC dose, while the adsorption capacity of Pb (II) decreases from 2082.5 to 768.21
mg/g. When adsorbent dose increases, the density of reactive groups on the external surface of
adsorbent for metal binding increases. Moreover, the increase in adsorbent dose may affect on
concentration gradient between adsorbent surface and internal groups due to change in solution
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concentration [66]. The decrease in adsorption capacity may be as a result of intrusion existing
between binding sites and adsorbent, or shortage of metal ions in solution with respect to
available binding sites. In addition, overlapping of sorption sites due to overcrowding of
adsorbent can decrease adsorption capacity [65].

3.3. Effect of initial concentration and equilibrium adsorption isotherms
The percentage removal and adsorption capacity of Pb (II) onto NiO/ACNC at
various initial concentrations from 25 to 200 mg/L are shown in Fig. 7 (a). It can be seen from
Fig. 7 (a) that the adsorption capacity increases by increasing initial concentration until it

reaches to equilibrium state while the percentage removal decreases that may be due to a high
collision efficiency between the metal ions and the adsorbent at lower initial concentrations and
the shortage of available sites for metal ions adsorption onto sorbent surface that prevents further
adsorption of metal ions at higher initial metal ion concentrations [67]. The equilibrium
parameters are presented in Table 2. According to Table 2 and by comparing the correlation
coefficients of four isotherm models (Langmuir, Temkin, Freundlich and DubininRadushkevich), it is clear that Langmuir isotherm model type 1 has the highest correlation
coefficient. The maximum adsorption capacity of Pb (II) was estimated using different types of
Langmuir model and found to be 1428.57, 1428.57, 1315.8 and 1383.770. It is in agreement with
the reports in the literatures that used other nanoparticle adsorbents [68-70]. It can be seen from
Table 2 that the values of RL are in the range of 0-1 (0.098, 0.091, 0.078 and 0.070 based on

Langmuir isotherm models type 1, 2, 3 and 4, respectively), confirming the favorable uptake of
Pb (II) ions. It is clear that the value of n is greater than 1 (2.309), indicating that the sorption
intensity is favorable. The Temkin adsorption potential (B ln KT) of NiO/ACNC is 0.103 kJ/mol
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that is smaller than 8 kJ/mol, illustrating that the bond between Pb (II) and the adsorbent surface
is not very strong [33]. The calculated value of adsorption free energy (E) is 0.656 kJ/mol.

3.4. Effect of contact time and adsorption kinetics
The changes in Pb (II) adsorption capacity onto NiO/ACNC at 100 mg/L initial Pb
(II) concentration are presented in Fig. 7 (b). As can be seen in Fig. 7 (b), in the early stages of
Pb (II) adsorption, the adsorption process occurs rapidly, which is probably because of the
abundant availability of active sites on the adsorbent. However, the adsorption process becomes
slower due to a gradual decrease in the number of active sites in the bulk of solution. The
equilibrium state is achieved in a short time after a contact time of 80 min for Pb (II) adsorption.
The constants and correlation coefficients obtained from the kinetic models for Pb
(II) adsorption onto NiO/ACNC are indicated in Table 3. By comparing the R2 and qe values
obtained from the kinetic models, it can be mentioned that in the case of pseudo-first-order
model, the R2 values are relatively small and the experimental qe values are in agreement with
the calculated values from the linear plot, while the R2 values are greater than 0.95 for all types
of pseudo-second-order models and the values of experimental qe and calculated qe are very close
to each other. The plot of qt versus t1/2 for Pb (II) adsorption by NiO/ACNC does not fit the
experimental data; therefore, intra-particle diffusion is not the only rate-limiting step. The low
values of correlation coefficient (R2) for Elovich model ascertain the unsuitability of this model
for Pb (II) adsorption by NiO/ACNC.

3.5. Effect of temperature and adsorption thermodynamics
The temperature dependence of Pb (II) adsorption onto NiO/ACNC is shown in Fig. 7 (c).
Increasing temperature from 25 to 60 °C leads to a decrease in equilibrium adsorption capacity.
According to Eq. (23), a plot of ln Kd versus 1/T (Fig. 8) is a straight line that can be used for
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calculation of ∆Ho and ∆So. The values are listed in Table 4. The negative value of ∆H° (-34.098
kJ/mol) shows that the adsorption process is exothermic in nature while the positive value of ∆So
suggests an increase in disorder at the solid–liquid interface. In addition, the negative values of
∆G° (Table 4) calculated from Eq. (24) confirm that Pb (II) adsorption onto NiO/ACNC is

spontaneous and thermodynamically favorable.

3.6. Adsorption-desorption process
Adsorption-desorption experiments were performed three times to check the reusability of
the nanocomposite. Firstly, a solution of nitric acid (HNO3, 0.2 M) was used to desorb Pb (II)
from NiO/ACNC, and then the nanocomposite was washed with deionized water to reach to
neutral pH. After three cycles of adsorption–desorption, the removal efficiency of Pb (II) is
shown in Fig. 9. As can be seen in Fig. 9, NiO/ACNC has a potential to be used repeatedly at
least for three adsorption-desorption cycles with insignificant decrease in its removal efficiency.

3.7. Comparison with various adsorbents
The differences between the maximum monolayer adsorption capacity of
NiO/ACNC and other adsorbents reported in the literatures for Pb (II) adsorption are shown in
Table 5. As can be seen in Table 5, the adsorption capacity of NiO/ACNC for Pb (II) is much

higher than other reported adsorbents.

3.8. Development of fuzzy model
Fuzzy logic modeling was carried out by MATLAB 2014a and developed using four input
variables including pH, contact time (min), adsorbent dosage (g), and initial concentration of Pb
(II) (mg/L) with ranges considered between [0, 8], [0, 120], [0, 0.008] and [0, 200], respectively.
As demonstrated in Fig. 10, the only output variable of fuzzy model is the removal efficiency of
Pb (II) (%) whose range is between [0, 100]. The membership functions determined for input
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variables (pH, t, D, C) are called VVL, VL, L, LM, M, H, VH and VVH, with their names
referring to “very very low”, “very low”, “low”, “low medium”, “medium”, “high”, “very high”
and “very very high”, respectively. In addition, the membership functions applied for the output
variable (removal efficiency of Pb(II) (%)) are called VVL, VL, L, LM, LM1, M, M1, MH, H,
VH and VVH which are the abbreviated forms of “very very low”, “very low”, “low”, “low
medium”, “low medium one”, “medium”, “medium high”, “high”, “very high” and “very very
high”, respectively (Fig. 10). Triangular shape of membership functions (MFs) were chosen for
all input and output variables. The similarity of membership functions in this modeling lets us
follow the common mathematical definition of triangular MFs. It expresses that the triangular
curve has a functional relationship with vector x, depending on three scalar parameters a, b and
c:
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The above function can be changed to a compact form as in Eq. (30). The locations of
parameters a and c are at the “feet” of the triangle while parameter b locates the “peak” [30].
, , ,   = max min  ,  ), 0)
 

(30)

Fig. 11 is the scheme of Mamdani fuzzy inference system (FIS) applied in this study which

clearly shows the performance of the model in every four steps comprising of fuzzification of the
input variables, rule evaluation, aggregation of the rule outputs, and defuzzification. In the first
step, the crisp inputs (numerical inputs) are taken and their degrees are determined using selected
membership functions for finding suitable fuzzy sets. Further in the second step, the produced
fuzzified inputs are taken and applied as the antecedent of the fuzzy rules. A fuzzy rule with
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several antecedents produces a single number after antecedent evaluation using the fuzzy
operators such as AND, OR and NOT. The consequent membership function is under direct
influence of this number (the true value). Aggregation is the third step in which the membership
functions of all rule consequents are combined into a single fuzzy set and as a result, a total
output is produced. In this step, the prevalent inference methods such as max-min, max-product
and sum-product are applied. The aggregation operator is demonstrated using either max or sum
while the fuzzy implication operator is shown via either min or prod. Among these, the max-min
inference method is known as one of the best methods in calculation of fuzzy relations with the
ability of representing a computationally good and expressive setting for constraint propagation
[30]. In the other words, the aggregation process is the production of one fuzzy set for each
output variable using input variables consisting of the list of membership functions.
Defuzzification is the final step in fuzzy inference process where a crisp number – as an ultimate
output of a fuzzy system – is produced from the aggregated output of fuzzy sets. One of the most
common defuzzification methods is the centroid technique [26]. The mathematical equation of
center of gravity (COG) is shown in below:
!"# =

$ %& '.)
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where µA(x) is the membership function of x in fuzzy set A.
The relationship between the input variables including pH, contact time (min), dosage (g), and
initial concentration of Pb (II) (mg/L), and removal efficiency of Pb (II) (%) as the output
variable was generated by 26 fuzzy model rules and consequently, three-dimensional surfaces of
the fuzzy model rules were formed as illustrated in Fig. 12. The prediction on the removal
efficiency of Pb (II) (%) as a response variable to each of the input variables was conducted
using fuzzy logic model in Matlab software. As displayed in Fig. 13, there is a small diversion

24

between predicted and experimental data, clearly confirming the acceptable performance of
fuzzy inference system. In addition, the correlation coefficient (R2) of over 0.98 proves good
agreement between the predicted data obtained from dynamic simulation and experimental data
(Fig. 14). The list of all experimental and predicted data plus the full information of four input
variables in each run is presented in Table 6. The accuracy of the predicted data gained from
fuzzy model was assessed by calculating several significant parameters such as mean squared
normalized error (MSE), root mean squared error (RMSE), average relative error (ARE),
absolute average relative error (AARE), standard deviation (SD), and correlation coefficient
(R2). The values of MSE, RMSE, ARE, AARE, SD and R2 were computed by fuzzy model as
reported in Table 7. Results clearly approved the remarkable capability of the proposed fuzzy
model for forecasting the removal efficiency of Pb (II). The values of MSE, RMSE, ARE,
AARE, SD and R2 were calculated using below equations:
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Also, the fuzzy model used in this work was compared with other relevant models applied in
previous studies in the field of pollutions removal from queues solutions. Table 8 indicates the
summery of information including type of adsorbent and the predicted results of various models
employed in adsorption process. The evaluations demonstrate that the developed statistical
model used in this study had reasonably precise performance in comparison to other models.
Briefly, the fuzzy logic model effectively detected the complex non-linear relationships between
important variables existing in adsorption process.

3.9. Sensitivity analysis
In order to evaluate the relative importance of each input parameters on the output variable of
fuzzy model, a sensitivity analysis was carried out. This analysis was done separately for each
input variable in a way that one input parameter was changed in equal intervals of a given point
while the other input variables were kept constant. It was observed that the rate of changes for
every input parameter rather than the output variable was different (Fig. 15). In comparison to
the other three assessed input variables, pH of aqueous solution showed higher effectiveness on
removal efficiency of Pb (II). As indicated in Fig. 15, the sensitivity of removal efficiency (R %)
rather than contact time (min) had the lowest amount (3.51%) compared to the other variables of
the adsorption process. This can be easily interpreted through the time curve versus removal
efficiency. A considerable part of the adsorption was carried out in the first 60 minutes (steep
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slope) and thereafter, particularly in the range of experiments, the amount of adsorption growth
was low (mild slope).
4. Conclusions

NiO/Rosa Canina-L seeds activated carbon nanocomposite was successfully
synthesized by ultrasound-assisted in situ chemical precipitation technique and characterized
using FE-SEM, FTIR and N2 adsorption-desorption isotherm. The effect of some factors such as
solution pH, amount of adsorbent, contact time, initial metal ions concentration and temperature
on adsorption efficiency was investigated by batch method. The equilibrium data were well fitted
by Langmuir isotherm type 1, and Pb (II) adsorption capacity onto NiO/ACNC was 1428.57
mg/g. Pb (II) adsorption was rapid within 30 min of contact time. The kinetic of Pb (II)
adsorption onto NiO/ACNC was based on the assumption of pseudo-second-order model type 1.
Thermodynamic parameters showed that Pb (II) adsorption onto NiO/ACNC was feasible,
spontaneous and exothermic. According to the experimental data, a Mamdani type of fuzzy
inference system was developed by means of 26 if-then rules, and applied to forecast the removal
performance of sorbent. Results showed that the proposed fuzzy logic model favorably predicted
the removal efficiency of Pb (II) with correlation coefficient of over 0.98. We suggest that extra
input and output variables be considered to reach a more realistic prediction of removal
efficiency of Pb (II). Also, a mixture of different membership functions (MFs) can be used in
proposed fuzzy logic based model for increasing the accuracy of prediction. Based on the
experimental and predicted data, NiO/ACNC can be used as an effective adsorbent for Pb (II)
adsorption from aqueous solution.
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Caption for the figures
Fig. 1. Fuzzy inference system.
Fig. 2. FE-SEM image of (a) crushed Rosa Canina-L seeds (b) crushed Rosa Canina-L seeds

with more zoom (c) after activation of Rosa Canina-L seeds (d) after activation of Rosa Canina-

L seeds with more zoom.
Fig. 3. FE-SEM image of (a) NiO/ACNC (b) NiO/ACNC with more zoom (c) Pb (II)-

NiO/ACNC (d) Pb (II)-NiO/ACNC with more zoom.
Fig. 4. FTIR spectrum of (a) NiO/ACNC before adsorption and (b) NiO/ACNC after adsorption.
Fig. 5. (a) N2 adsorption-desorption isotherm of NiO/ACNC and (b) BJH plot of NiO/ACNC.
Fig. 6. (a) Effect of pH on Pb (II) adsorption by NiO/ACNC (b) Effect of adsorbent dose on Pb

(II) adsorption by NiO/ACNC.
Fig. 7. (a) Effect of initial concentration on Pb (II) adsorption by NiO/ACNC (b) Effect of

contact time on Pb (II) adsorption by NiO/ACNC (c) Effect of temperature on Pb (II) adsorption
by NiO/ACNC.
Fig. 8. Ln Kd versus 1/T for determination of enthalpy and entropy changes of the sorption

process.
Fig. 9. Adsorption-desorption process.
Fig. 10. Fuzzy membership functions of input and output variables (pH, contact time (min),

adsorbent dosage (g), initial concentration of Pb (II) (mg/L) and Pb (II) removal efficiency (%)).
Fig. 11. Input-output map of fuzzy inference system (FIS) modeled for prediction of Pb (II)

removal efficiency (%).
Fig. 12. Three dimentional surfaces of fuzzy model rules for Pb (II) removal efficiency (%).
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Fig. 13. Response of fuzzy inference model; the effect of (a) pH, (b) contact time (min), (C)

adsorbent dosage (g) and (d) initial concentration of Pb (II) (mg/L) on Pb (II) removal efficiency
(%).
Fig. 14. Comparison between the experimental data of Pb (II) removal efficiency (%) and the

predicted data using fuzzy inference model.
Fig. 15. Relative importance of each input parameter on Pb (II) removal efficiency.
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Table 1. Surface area and pore analysis of NiO/ACNC.

SBET (m2/g)

47.178

VBET (cm3/g)

10.839

SBJH (m2/g)

0.0264

VBJH (cm3/g)

0.1005

Vp,total (cm3/g)

0.1108

dp,av (nm)

9.3906
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Table 2. Adsorption isotherms of Pb (II) ions

Model

Type 1

Type 2

Langmuir

Type 3

Type 4

Freundlich

Temkin

Parameter

Values

KL (L/mg)

0.109

qm (mg/g)

1428.571

R2

0.986

RL

0.098

KL (L/mg)

0.118

qm (mg/g)

1428.571

R2

0.983

RL

0.091

KL (L/mg)

0.142

qm (mg/g)

1315.8

R2

0.882

RL

0.078

KL (L/mg)

0.125

qm (mg/g)

1383.770

R2

0.882

RL

0.070

KF

239.883

1/nF

0.433

R2

0.918

KT

0.369

B

281.39

B ln KT

103.88

R2

0.969
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Dubinin–Radushkevich

KD

1.161

Qm

968.356

E

0.656

R2

0.873
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Table 3. Adsorption kinetics of Pb (II) ions

Initial concentration (mg/L)
Model

Pseudo-first-order

Pseudo-second-order

Type 1

Type 2

Type 3

Type 4

Intra particle diffusion

Elovich model

Parameter
50

100

qe(exp) (mg/g)

442.5

925.5

qe (mg/g)

184.671

202.162

k1 (min -1)

0.026

0.019

R2

0.884

0.474

qe(exp) (mg/g)

442.5

925.5

qe (mg/g)

434.782

909.090

k2 (g/mg.min)

0.001

0.00006

R2

0.998

0.999

qe (mg/g)

416.666

909.090

k2 (g/mg.min)

0.0008

0.00006

R2

0.981

0.973

qe (mg/g)

427.84

908.68

k2 (g/mg.min)

0.00007

0.00006

R2

0.965

0.958

qe (mg/g)

429.990

912.199

k2 (g/mg.min)

0.0007

0.0005

R2

0.965

0.958

Ki (mg/g.min)

31.56

59.191

I (mg/g)

163.3

431.1

R2

0.663

0.501

α (mg/g.min)

1.253

1.345

β (mg/g)

83.448

166.41

R2

0.874

0.747
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Table 4. Thermodynamic parameters for the adsorption of Pb (II) ions
∆G° (kJ/mol)
∆H° (kJ/mol)

-34.098

∆S° (kJ/mol.K)

-0.0399

25 °C

45 °C

60 °C

-22.135

-21.517

-20.703

Table 5. Comparison of the maximum monolayer adsorption (qm) of Pb (II) onto various adsorbents.

Adsorbent

SBET (m2/g)

qm (mg/g)

Reference

Iron-oxide nano-particles-immobilized sand

–

2.087

[64]

Iron oxide nanoparticles immobilization of
Phanerochaete chrysosporium

–

185.25

[65]

46

63.2

3242.48

[67]

–

50

[68]

–

40.10

[69]

Polymer-modified magnetic nanoparticles

–

166.1

[70]

Magnetite nanoparticles

125.77

3.44

[71]

Chitosan/magnetite nanocomposite beads

–

63.33

[72]

–

585.5

[73]

Fe3O4@SiO2–NH2 nanoparticles

138

361.01

[74]

Iron oxide nanoparticles immobilized
Phanerochaete chrysosporium
Amine-functionalized

–

176.33

[75]

25.94

369.0

[76]

Magnetic carbonaceous nanoparticles

60.0

123.1

[77]

Iron oxidenanoparticles

43

36.0

[78]

NiO/ACNC

47.178

1428.57

This study

Hierarchical calcium carbonate
Magnetic alginate beads based on maghemite
nanoparticles
Amino-functionalized magnetic nanoadsorbent

Nano zerovalent iron nanoparticles graphene
composite

mesoporous Fe3O4 nanoparticles

Table 6. Experimental data and predicted response of fuzzy logic model for removal efficiency of
Pb(II) (%) along with four independent variables.

Run order

pH

Contact time

Dosage

Concentration of

47

Removal efficiency of Pb(II) (%)

(min)

(g×10-3)

Pb(II) (mg/L)

Experimental data

Fuzzy logic

1

1

120

5

100

0.0416

0.0407

2

2

120

5

100

8.3750

8.0061

3

3

120

5

100

68.7910

69.0000

4

4

120

5

100

82.1250

75.3251

5

5

120

5

100

84.0000

79.4051

6

6

120

5

100

87.5410

88.6322

7

7

120

5

100

91.7080

96.0512

8

5

0

5

100

0

0.0011

9

5

5

5

100

61.9720

53.0000

10

5

10

5

100

70.2290

69.0000

11

5

15

5

100

73.2110

69.0000

12

5

20

5

100

77.1100

76.5000

13

5

30

5

100

80.5500

77.3137

14

5

50

5

100

81.0090

81.4744

15

5

80

5

100

82.8440

83.3795

16

5

120

5

100

79.8620

79.4051

17

5

80

2

100

69.4160

69.0000

18

5

80

3

100

71.9160

70.9334

19

5

80

4

100

80.0410

81.3457

20

5

80

5

100

82.3330

83.3795

21

5

80

6

100

85.2500

88.0000

22

5

80

7

100

89.6280

91.0000

23

5

80

5

25

93.2000

96.5000
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24

5

80

5

50

93.1000

96.7276

25

5

80

5

75

91.0660

88.6181

26

5

80

5

100

81.8000

83.3795

27

5

80

5

125

79.6400

82.8829

28

5

80

5

150

79.0330

77.3333

29

5

80

5

200

64.0250

64.0000

Table 7. MSE, RMSE, ARE, AARE and SD for removal efficiency of Pb(II) modeled by Fuzzy
logic.

Response variable

Method

MSE

RMSE

Removal efficiency (%)

Fuzzy

8.9036

2.9839
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% ARE
0.89

% AARE

% SD

2.87

2.99

R2
0.9866

Table 8. Comparison between the current work and other performed models on removal efficiency of

various adsorbents.
Adsorbents

Method

Response

Statistical index

Ref.

variable
Active carbon
(AC)

ANN

Pure and binary
gas absorption

R2= 0.997

[79]

ZnS nanoparticle
loaded on AC

ANN-PSO
MLR

BG dye removal

R2ANN-PSO= 0.9610
R2MLR= 0.9231

[80]

AC

ANN

SY dye removal

R2= 0.998

[81]

ZnS
nanoparticles
loaded on AC

ANN
RSM(CCD)

BG and EB dyes
removal

R2ANN-BG= 0.9589
R2ANN-EB= 0.9455
R2CCD-BG= 0.9645
R2CCD-EB= 0.9527

[82]

Cu nanowires
loaded on AC

ANN, MLR

Malachite green
(MG) removal

R2ANN= 0.9658
R2MLR= 0.8133

[83]

AC

RSM(CCD)

4-CP removal

R2= 0.949

[84]

Fe2O3–ZnO–
ZnFe2O4/ carbon
nano-composite

RSM(CCD)

BPB dye
removal

R2CCD= 0.9947

[85]

SnS-NP-AC

RF

CR dye removal

R2= 0.9793

[86]

CuO–ZnO nanoComposite

GP

DR23, DR80 and
DR81 dyes
removal

R2DR23= 0.9837
R2DR80= 0.9616
R2DR81= 0.9763

[87]

51

(FCZN)
NiO/ACNC

Fuzzy

Pb(II) removal

52

R2= 0.9866

Current work

Highlights
•

NiO/ACNC was prepared by sonochemical method.

•

According to N2 adsorption-desorption, mesoporous structure exists in sorbent.

•

NiO/ACNC has high adsorption efficiency toward Pb (II).

•

Adsorption process was controlled by pseudo-second-order equation.

•

Removal efficiency of Pb (II) was predicted using the developed fuzzy logic
model.
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