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a b s t r a c t
In the present work, a new carboxylate-functionalized pine cone was prepared using isopropylidene 
malonate in a solvent-free reaction. It was then characterized by the FT-IR, X-ray diffraction, scan-
ning electron microscopy, and Brunauer–Emmett–Teller analysis techniques. The performance of the 
modified adsorbent was investigated for the removal of the safranin-O (SO) and methyl violet (MV) 
dyes from the single and binary solutions. The maximum adsorption capacity for SO and MV in the 
single solution was 208.0 and 225.0 mg/g, respectively, whereas these values were, respectively, 112.30 
and 116.7 mg/g for the binary solution. This value is much higher than those reported by some other 
researchers. The kinetic studies revealed that this bio-sorption is a chemisorption process. In continu-
ation, the experimental factors involving the initial solution pH, adsorbent dosage, dye concentration, 
and contact time were used as the input variables to the artificial neural network (ANN) and random 
forest (RF) models to predict the removal percentage of SO and MV in the binary mixture. The valida-
tion of these models was tested using a test set of 81 data points. The statistical parameters involved in 
the prediction of the removal percentage of the test set confirmed that the ANN model had a substan-
tially better and a more accurate prediction with respect to the RF model.
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1. Introduction

Nowadays more than one hundred thousand types of 
commercial dyes are produced and utilized in the world 
[1]. It has been reported that a large amount of them are lost 
during their production and dyeing procedure, which create 
a significant volume of dye-containing effluents [2]. Of these, 
safranin-O (SO) and methyl violet (MV) are two kinds of cat-
ionic dyes that are extensively utilized as the coloring agents 
in the textile, paper, leather, and pharmaceutical industries 
[3]. In spite of their widespread applications, the major dis-
advantages associated with these colored effluents are skin 
sensitivity, eye infections, and stomach pain [3]. Dyes are the 

first and most undesirable pollutants of water [4,5]. Therefore, 
their removal from effluents prior to their discharge to the 
natural environment is of great importance. So far different 
methods have been offered to treat wastewaters contami-
nated by these colored compounds. Owing to its simplicity 
of design and suitability for diverse types of dyes, adsorption 
using eco-friendly materials has been recognized as a prom-
ising technique [5,6,7]. Activated carbon, as the most com-
monly used adsorbent, has two major drawbacks. Its first 
shortcoming is that it is prepared from expensive materials 
such as wood. Its second drawback is that its regeneration 
is difficult [7,8]. Recently, much attention has been given to 
bio-adsorbents due to their low cost, easy availability, and 
low toxicity. Nevertheless, the adsorption capacities of most 
reported bio-adsorbents are low. Chemical modification 
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can introduce some functional groups such as the carboxyl 
and amine ones onto the surface of bio-sorbents to improve 
their adsorption capacity [9,10]. In the present work, iso-
propylidene malonate was used as modifier because of the 
following reasons: (i) it is non-toxic, stable, commercially 
available; (ii) it can easily react with nucleophilic functional 
groups such as hydroxyl and amine; (iii) its melting point 
is low and can participate in a solvent-free reaction, (iv) the 
yield of its reaction is often above 80% [11,12].

It should be noted that the prediction of water quality, 
as the output of a water treatment plant, is difficult because 
the input water quality changes continuously [13]. In a water 
treatment plant, the output of an adsorption process, which 
is the removal percentage or adsorbed amount of pollutant 
per unit mass of the adsorbent, is severely dependent on the 
experimental parameters such as the initial pH, dye concentra-
tion, contact time, and adsorbent dose [5,13]. Unfortunately, 
the accomplishment of an experimental testing is often costly 
and time consuming. Modeling using computational tech-
niques can solve this problem. Modeling is a simplification of 
reality and is very suitable to obtain information about how a 
process behaves without carrying out practical experiments 
[14–16]. Nowadays different computational methods such as 
the artificial neural network (ANN), neuro-fuzzy inference 
system, and random forest (RF) methods are employed to 
model the adsorption processes [5,15,16]. These methods are 
very suitable when the complexity of the underlying mech-
anism of the process is very high and cannot be explained 
by statistical techniques [17]. In this work, the simultaneous 
adsorption of SO and MV onto modified pine cone was mod-
eled using the ANN and RF techniques. The main advantage 
of these methods is that mathematical explanation is not 
required for the phenomena involved in the process, and the 
relationship between the input and output data is obtained 
using the examples given to it [5,13]. Also using this method, 
one can obtain information about the relative importance of 
the parameters driving the sorption process [5,17].

In order to investigate the adsorption behavior of a dye 
mixture, it is necessary to determine the concentrations of the 
dyes present in the dye mixture simultaneously [2]. Among 
the most widely used analytical methods, the spectrophoto-
metric techniques are cheaper and simpler. However, over-
lapping absorption peaks limit the use of the traditional 
spectrophotometric techniques [2,18]. Fortunately, the multi-
variate calibration methods expand the applicability of spec-
trophotometric methods for a multi-component analysis [19]. 
The advantage of a multi-component analysis using multi-
variate calibration is its speed in the determination of the 
components present in a mixture, avoiding the preliminary 
separation step [20]. Among the different methods available 
for a multivariate calibration, partial least squares regression 
(PLSR) can be used to analyze the data with strongly co-linear 
(correlated), noisy and numerous X-variables [21]. Because 
in this technique, the new predictor variables, termed as the 
latent variables, are created as the linear combination of the 
original predictor variables, and consequently, the dimen-
sionality of data is reduced. This method requires a calibra-
tion set, where the relationship between the spectra (X) and 
the component concentration (Y) is realized from a set of ref-
erence samples, followed by a prediction step in which the 
results obtained from the calibration are used to determine 

the component concentrations using the sample UV-visible 
spectrum [19,22].

Therefore the main objectives of the current work were as 
follow: (i) determination of the concentration of the cationic 
SO and MV dyes in a binary mixture using the PLS method; 
(ii) modification of pine cone powder (PCP) with carboxylic 
groups, and characterization of the modified PCP by FT-IR 
spectroscopy, X-ray diffraction (XRD), and scanning electron 
microscopy (SEM); (iii) assessment of the applicability of the 
modified pine cone for the removal of the dyes; (iv) analy-
sis of the isotherms and kinetics participating in the sorption 
procedure; (v) evaluation of the recovery of the proposed 
adsorbent; (vi) modeling the sorption behavior of the cited 
dyes at different experimental conditions using the ANN and 
RF methods.

2. Experimental

2.1. Materials, instruments, and software

Pine cone (PC) was collected from the campus of 
Shahrood University of Technology, Shahrood, Iran. SO 
(molecular formula = C20H19N4Cl, molecular weight = 
350.85, maximum wavelength = 518 nm) and MV (molecular 
formula = C24H28N3Cl, molecular weight = 393.96, maxi-
mum wavelength = 586 nm), 2,2-isopropylidene malonate, 
hydrochloric acid (HCl), sodium hydroxide (NaOH), sodium 
chloride (NaCl), sodium bicarbonate (NaHCO3), and ethanol 
(C2H6O) were supplied from Merck (Germany). 1 g/L of the 
stock solution of each dye (SO and MV) was prepared, and 
the required diluted solutions were prepared daily by dilut-
ing the appropriate volumes of their stock solutions with 
double-distilled water. The pH measurements were made 
using a Metrohm 744 pH meter. To record the UV-visible 
spectra, a double beam UV-visible spectrophotometer 
(Rayleigh UV-2601) was used. The surface features and func-
tional groups of the carboxyl-modified pine cone powder 
(CMPCP) were investigated using a scanning electron micro-
scope (MIRAW TESCAN) and an FT-IR spectrophotometer 
(WQF-520), respectively. The XRD patterns were recorded 
using Unisantis XRD diffractometer (XMD300, Germany). A 
gas sorption system (Belsorp-Max, BEL Japan, Inc.) was used 
to determine the surface area and porosity of the adsorbent 
before and after modification. The PLS, ANN, and RF pro-
grams were written in the MATLAB (Mathworks Inc., Natick, 
MA, USA) software and run on a personal computer.

2.2. Preparation of adsorbent 

PC is known to have a lot of hydroxyl groups that can 
react with 2,2-isopropylidene malonate to create ester bonds, 
introducing carboxyl groups to PC [12]. In this regard, PC 
was ground in a domestic grinder and treated with sodium 
hydroxide to remove impurities such as wax, lignin, and 
natural fats [6]. Then 5 g of the alkaline-treated bio-sorbent 
that was neutralized was mixed with 15 g of isopropylidene 
malonate and heated at 110°C in a round-bottom flask 
equipped with a reflux condenser in an oil bath, stirred mag-
netically. After 4 h, the mixture was cooled at room tempera-
ture and rinsed with distilled water and sodium hydrogen 
bicarbonate solution to wash and neutralize the modified 
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biomass. Finally, the CMPCP was oven dried at 110°C for the 
subsequent experiments. The chemical reaction involved is 
demonstrated in Fig. 1.

2.3. Simultaneous analysis of SO and MV in their binary mixture

For the simultaneous analysis of SO and MV, a binary 
mixture of these two dyes (4 mg/L) was prepared and its 
zero-order absorption spectrum was recorded (Fig. 2). As 
one can see in this figure, due to the spectral overlapping, an 
accurate determination of the SO and MV dyes in their binary 
mixture was not possible by the direct UV-visible absorbance 
measurement. To overcome this problem, the PLS multivar-
iate calibration method was used. A calibration set of binary 
mixtures was designed using a square experimental domain 
with seven levels for the two dyes. The concentration of each 
dye in the standard solutions lay in their linear dynamic 
range. This subset was used to optimize the number of latent 
variables. The second subset (an external test set with seven 
samples) was employed for validation of the constructed 
model. A combination of the calibration set and the test set is 
demonstrated in Tables 1 and 2, respectively.

The optimum number of latent variables (scores or fac-
tors) for each dye was determined using the leave-one-out 
cross-validation technique [19,23]. Minimization of root 
mean square error (RMSE) was selected as a criterion in the 
optimization process. This statistical parameter is defined as 
follows: 

RMSE =
−( )∑ C C

n

i i


2

 (1)

where Ci is the theoretical concentration of analyte i, Ci

^  is 
the estimated (predicted) concentration of analyte i, and n is 
the number of calibration samples. In this regard, RMSE was 
calculated for the first latent variable, which built the PLS 
model in the calibration step. Then the second latent variable 
was added and RMSE was computed again. For 1–25 latent 
variables (half the number of standards plus one [19]), the 
computations were reiterated. The number of latent variables 
giving the minimum RMSE was chosen for modeling. This 
process was applied for each dye in the prediction solutions, 
and the optimum number of latent variables was estimated. 
In our particular case, the number of latent variables of 2 was 
obtained as the optimum value for each dye (Fig. 3). In con-
tinuation, the accuracy of the PLS method was checked using 
the external test, which was not present in the calibration set, 
and the results obtained are tabulated in Table 2. The results 

Fig. 2. Zero-order absorption spectra for SO and MV in single 
and binary solutions.
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Fig. 1. Reaction route used to obtain CMPCP.

Table 1
Combination of different mixtures of SO and MV used in 
 calibration set

Sample SO  
(mg/L)

MV  
(mg/L)

Sample SO  
(mg/L)

MV  
(mg/L)

1 0.20 0.20 26 0.20 10.00
2 10.00 2.00 27 2.00 4.00
3 0.20 4.00 28 6.00 2.00
4 8.00 0.20 29 0.20 0.50
5 0.20 8.00 30 0.50 10.00
6 6.00 10.0 31 2.00 2.00
7 0.20 2.00 32 4.00 2.00
8 0.50 0.50 33 8.00 10.00
9 10.00 6.00 34 0.20 6.00
10 0.50 2.00 35 2.00 0.20
11 0.50 4.00 36 0.50 0.20
12 10.00 10.00 37 10.00 0.20
13 8.00 4.00 38 6.00 6.00
14 6.00 0.50 39 0.50 6.00
15 4.00 10.00 40 10.00 8.00
16 4.00 8.00 41 2.00 10.00
17 2.00 0.50 42 4.00 0.20
18 8.00 2.00 43 0.50 8.00
19 2.00 6.00 44 8.00 0.50
20 2.00 8.00 45 10.00 0.50
21 6.00 0.20 46 8.00 8.00
22 6.00 8.00 47 10.00 4.00
23 4.00 6.00 48 8.00 6.00
24 4.00 0.50 49 4.00 4.00
25 6.00 4.00
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obtained show that the PLS method can satisfactorily predict 
the concentration of dyes in their binary mixture solution. 
Therefore, for the subsequent experiments, the PLS method 
was used to determine the SO and MV concentrations in their 
binary mixture.

2.4. Batch dye adsorption studies

Dye adsorption studies were performed by mixing a 
known amount of the adsorbent with 50 mL of the dye solu-
tion of definite concentration in a series of 100-mL beakers 
in a single solution or a binary mixture of the dyes. The pH 
values for these solutions were adjusted, and then the solu-
tions were agitated using a magnetic stirrer at 200 rpm at 
25°C ± 2°C to investigate the effects of the parameters that 
influenced the adsorption process. Then at a pre-selected 
time interval, a certain amount of the sample (2 mL) was cen-
trifuged at 3,500 rpm for 1 min. The dye concentration in the 
supernatant solution was analyzed spectrophotometrically. 
The SO and MV concentrations in the single and binary solu-
tions were determined using the direct calibration and PLSR 
methods, respectively. The individual removal percentage 
(R, %) and the adsorbed amount of each dye per weight of the 
adsorbent at equilibrium (qe,i) can be calculated using Eqs. (2) 
and (3), respectively [14].

R
C C
C
i e i

i

=
−

×
( ), ,

,

0

0

100  (2)

q
C C V

We i
i e i

,
, ,=
−( )0  (3)

where C0,i is the initial dye concentration (mg/L), Ce,i is the 
residual dye concentration at equilibrium (mg/L), V is the 
volume of the solution (L), and W is the mass of the dry 
adsorbent

3. Results and discussion

3.1. Characterization of PC and CMPCP

In order to identify the functional groups on CMPCP and 
the mechanism of adsorption between the adsorbent and 
adsorbate [24], the FT-IR spectra for PC and CMPCP (Fig. 4) 
were recorded in the range of 400–4,000 cm–1. Before adsorp-
tion, the broad band at around 3,418 cm–1 can be attributed to 
the O–H stretching vibration of the hydroxyl groups in cel-
lulose. The well-defined peaks at 2,931 cm–1 and 1,460 cm–1 
are characteristics of the C–H bond stretching and bending 
vibrations of the methyl and methylene groups, respec-
tively [25,26]. The peaks observed at 1,730 and 1,624 cm–1 are 
related to the stretching vibration of the C=O bond due to the 
non-ionic and ionic carboxyl groups, respectively [25]. As it 
can be seen in Figs. 4(C) and (D), for CMPCP in the acidic or 
basic form, two new peaks appeared at 1,159 and 1,748 cm–1. 

The former can be assigned to the C–O stretching vibration 
in the ester [27–29] and the latter can be attributed to the C=O 
bond, which is the overlap of the absorption at 1,750 cm–1 of 
C=O bond in the ester and that at 1,712 cm–1 of carboxylic acid 
[27,28]. After treatment of the adsorbent with NaHCO3, the 
asymmetric and symmetric stretching vibrations of carbox-
ylate groups (COO−) at 1,608 and 1,380 cm–1 increased. This 
indicates that some of the carboxylic groups were converted 
to the carboxylate ions. Also the absence of peaks at 1,792 and 
1,753 cm–1 for CMPCP confirmed that the modified adsorbent 
is free from the unreacted isopropylidene malonate.

The crystallography of PCP and CMPCP was determined 
using X-ray diffractograms (Fig. 5). For PCP, the main charac-
teristic peaks for cellulose (I) were detected at 2θ = 15.7°, 21.3°, 
and 34.4° [30]. This spectrum confirms that PCP basically has 
the structure of crystalline cellulose. After modification, a 
small shift in the cellulosic peaks and a significant decrease in 
their intensities were observed, which could be attributed to 
the reduction in the crystalline cellulose content [30,31].

Fig. 6 shows the SEM micrographs for PCP and 
CMPC. The surface texture of powdered pine cone prior 

Table 2
Values for real and predicted concentrations of SO and MV in 
their binary mixture obtained by PLS method

Theoretical (mg/L) Measured (mg/L) Error

CSO CMV CSO CMV SO MV

0.20 1.00 0.20 1.07 0.00 0.07
0.30 0.30 0.33 0.32 0.03 0.02
3.00 3.00 2.91 2.85 –0.09 –0.15
5.00 3.00 5.14 3.02 0.14 0.02
7.00 7.00 6.53 6.99 –0.47 –0.01
7.00 5.00 7.19 5.33 0.19 0.33
6.00 5.00 6.23 4.65 0.23 –0.45

Fig. 3. RMSE of training data vs. number of latent variables.
Fig. 4. FT-IR spectra for (A) 2,2-isopropylidene malonate, (B) PC, 
(C) CMPCP in acidic form, and (D) CMPCP in basic form.
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to modification was observed to be smooth and less undu-
lated, while the surface morphology of powder pine cone 
after modification was observed to be more undulated. The 
Brunauer–Emmett–Teller (BET) analysis data were given in 
Table 3. The specific surface area for CMPCP (0.323 m2/g), 
which was calculated using the BET equation, was 2.4 times 
as much as that of PCP (0.132 m2/g), and could provide a 
larger contact area to adsorb more dye molecules. Moreover, 
the average pore diameter of CMPCP was 55.5 nm, indicating 
that CMPCP was a mesoporous material [14].

3.2. Effect of initial pH on adsorption of SO and MV dyes

Since the solution pH can affect the surface charges 
of the adsorbent as well as the degree of ionization of the 
adsorbate, it is considered as a key parameter in an adsorp-
tion procedure [25,32]. In this work, the effect of the initial 
pH value on the adsorption of the SO and MV dyes onto 
CMPCP was investigated by mixing 50 mL of 50 mg/L of 
each dye solution with 0.015 g of CMPCP at various pH val-
ues in the range of 3–9, and their removal percentage was 
given in Fig. 7. According to the results obtained, adsorption 

of the dyes onto CMPCP is controlled by a pH-dependent 
mechanism. This behavior suggests that the grafted car-
boxyl groups (–COOH) are probably responsible for the 
adsorption of the cationic dyes. The pKa values accounted 
for the fact that the carboxyl groups are between 3.5 and 
5.5 [25,27]. Consequently, due to the protonation of these 
functional groups at an acidic pH, the sorption of cationic 
species decreases. However, at higher pH values, they are in 
the deprotonated form (COO–), and interact effectively with 
the cationic dye molecules, and subsequently, the removal 

 
 

Fig. 5. X-ray diffractograms for (A) PC and (B) CMPCP.
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Fig. 6. SEM images for (A) PCP and (B) CMPCP.

Table 3
Physico-chemical parameters for PC and CMPC

Parameter Adsorbent
PC CMPC

BET surface area (m2/g) 0.132 0.323
Total pore volume (cm3/g) 0.00051 0.0044
Mean pore diameter (nm) 15.51 55.52
Micropore volume (cm3/g) 0.030 0.073
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percentage increases. As it could be seen in Fig. 7, a little 
amount of adsorption was observed in a highly acidic 
medium. This observation suggests that the other interac-
tions such as the Van der Waals forces, hydrogen bonding 
between the deprotonated amine groups (–N(CH3)2) in the 
dye molecules, and the hydroxyl group of COOH present in 
the adsorbent surface are responsible for the adsorption of 
the dye molecules in highly acidic media.

3.3. Effect of contact time

The removal of SO and MV vs. contact time was sur-
veyed to specify the adsorption equilibrium time. Plot of the 
experimental data (Fig. 8) indicate that the adsorption pro-
cess involves two steps. The first step displays a fast adsorp-
tion, whereas the second one shows a gradual pattern until 
the equilibrium is established. The high amount of adsorbed 
dye molecules in the primary stage was due to the number 
of available active sites present in the surface layer of the 
bio-adsorbent [14,33]. After this stage, the active sites are 
gradually occupied by the dye molecules and do not lead to 
significant differences in the adsorption rate. This short time 
required to achieve the equilibrium implies that the proposed 

adsorbent has a potential for its application in the removal of 
textile dyes.

The adsorption kinetics of the dyes in the single and 
binary systems was analyzed by the pseudo-first order 
and pseudo-second order rate models (as the most well-
known ones). The pseudo-first order equation based on the 
equilibtium data is generally expressed as [34]:

log( ) log
.

q q q
k t

e t e− = − 1

2 303
 (4)

in which the variables qe and qt are the adsorbed amounts of 
a dye at equilibrium (mg/g) and time t (min), respectively, 
and k1 (min–1) is the adsorption rate constant. The values for k1 and 
qe were computed using the slope and intercept of the straight-
line plots of log(qe – qt) against t, respectively. As demonstrated 
in Table 4, the calculated qe (qe,cal) values for both dyes in the sin-
gle and binary systems were far away from the experimental 
ones. This result confirms that the adsorption reaction is not 
related to pseudo-first order kinetic model. Thus it was essential 
to apply another model to fit the experimental data. Therefore, 
the adsorption data were related to the pseudo-second order 
kinetic model, expressed as follows [34,35]:

t
q k q q

t
t e eq

= +
1 1

2
2  (5)

The experimental data showed a better agreement 
with the pseudo-second order kinetic model for both dyes 
in terms of R2 > 0.99. Furthermore, the qe,cal values from the 
pseudo-second order model were more consistent with the 
qe,exp values (Table 4). For this reason, it can be concluded that 
the pseudo-second order kinetic model is more appropriate 
to describe the adsorption behavior of the cited dyes. The 
compatibility with the pseudo-second order kinetic model 
shows that adsorption of the dye molecules onto the adsor-
bent is chemisorption [5], and confirms that the functional 
groups are involved in the adsorption process.

The pseudo-first order and pseudo-second order models 
could not forecast the rate limiting step for the SO and MV 

  
 

Fig. 8. Effect of contact time on removal percentage of dyes for different amounts of CMPCP (50 mL of 50 mg/L of (A) SO and 
(B) MV at pH = 7).

Fig. 7. Effect of pH on removal percentage of dye with 0.015 g 
CMPCP (50 mL of 50 mg/L of dye at 25°C ± 2°C and a contact 
time of 25 min).
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adsorption [36]. For this reason, the experimental data were 
analyzed by the intra-particle diffusion model, as follows:

q k t ct d= +
1
2  (6)

where kd and c are the intra-particle diffusion rate constant 
and thickness of boundary layer, respectively. These values 
were acquired using the slope and intercept of the plot of qt 
vs. t1/2. Usually the intra-particle diffusion model contains two 
parts that are accredited to the phenomena such as the initial 
surface adsorption and the subsequent intra-particle diffu-
sion [38]. If the value for c is zero (the respective plot of qt 
against t1/2 passes through the origin), and then the adsorption 
rate is controlled by the intra-particle diffusion. If the plots do 
not pass through the origin, this is indicative of some degrees 
of boundary layer control and shows that the intra-particle 
diffusion is not the only rate limiting step [37]. Based on the 
results obtained (Fig. 9; Table 5), in the adsorption of SO and 
MV onto the proposed bio-sorbent some other mechanism 
along with intra-particle diffusion is also involved.

3.4. Adsorption isotherms

Every adsorbent has a distinctive adsorption pattern for a 
specific adsorbate that can be stated using the mathematical 

equations called the sorption isotherms [38]. The applicability 
of a sorption process as a unit operation is determined using 
the physio-chemical parameters derived from these isotherms 
[39]. There are different isotherms available to describe the 
equilibrium data for the adsorption of dye onto a solid sur-
face. In this work, the two most commonly used isotherm 
models, namely Langmuir and Freundlich, were chosen to 
evaluate the sorption of dyes onto CMPCP. The Langmuir 
model, which is the most frequently applied one, is based on 
the monolayer sorption, and can be explained as follows [37]:

q
q k c
k c
l e

l e
eq

max=
+1

 (7)

where qmax, kl, and Ce are the maximum adsorption capac-
ity (mg/g), Langmuir constant (L/mg), and concentration of 
adsorbate at equilibrium (mg/L), respectively.

The empirical Fruendlich isotherm was the second model 
employed in this work. This model, which is in the following 
form, describes a multi-layer adsorption on the adsorbent 
with a heterogeneous energy distribution of active sites [40].

q k cf e
n

eq =
1

 (8)

 
 

 
Fig. 9. Intra-particle diffusion plot for adsorption of SO and MV dyes onto 0.035 g of CMPCP (50 mL of 50 mg/L of dye concentration 
at pH = 7) in single and binary systems.

Table 4
Kinetic parameters involved in adsorption of SO and MV onto prepared adsorbent in single and binary systemsa

System C (mg/L) Pseudo-first order Pseudo-second order 

qe,exp (mg/g) qe,cal (mg/g) k1 (min–1) R2 qe,cal (mg/g) k2 (min/mg/g) R2

Single
SO 50 69.62 29.18 0.187 0.9035 71.43 0.0187 0.9999
MV 50 67.09 23.53 0.232 0.8787 68.96 0.026 0.9997

Binary
SO 50 66.1 44.86 0.241 0.9469 71.42 0.0083 0.9985
MV 50 63.47 39.25 0.23 0.9183 68.03 0.0099 0.9989

aConditions: adsorbent dosage of 0.7 g/L and pH 7.0.
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In this equation, the variables qeq, Kf, Ceq, and n are the 
equilibrium dye uptake (mg/g), relative sorption capac-
ity ((mg/g) (L/mmol)1/nF), equilibrium concentration of dye 
(mg/L), and sorption intensity, respectively.

The isotherm constants of each model were calculated 
using the non-linear least squares method in the Matlab soft-
ware (Table 6). In this procedure, the statistical parameter 
RMSE, defined by Eq. (9), was applied as the criterion for 
evalution of the accuracy of the prediction and the quality 
of fittness of the experimental data. The model that had the 
lowest RMSE was chosen as a superior one.

RMSE exp cal=
−∑( ), ,q q
n

e e
2

 (9)

As one can understand from the results obtained (Fig. 10; 
Table 6), the Langmuir isotherm is more appropriate.

The extended-Langmuir adsorption isotherm and the 
Sheindorf–Rebuhn–Sheintuch isotherm (Freundlich-type 
multi-component isotherm) [14] were utilized to fit the equi-
librium data of the SO and MV binary mixture.
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where q c q ke t
j

e j i j, max, ,, , , and are the adsorbed amount of com-
ponent i in the presence of component j, equilibrium concen-
tration, maximum adsorption capacity (mg/g), and Langmuir 
constant (L/mg) for component j, respectively, acquired 
through a non-linear analysis employing the MATLAB soft-
ware (Table 7). kf,i and ni are the Freundlich isotherm constants 
derived from the single-component isotherm and θij is the 

Table 5
Parameters of intra-particle model in adsorption of SO and MV onto prepared adsorbent in single and binary systems 

Systema C (mg/L) Step 1 Step 2
Kid (step 1)(mg/g min½) c(step 1) (mg/g) R2

(step 1) Kid (step 2) (mg/g min½) c(step 2) (mg/g) R2
(step 2)

Single
SO 50 20.71 18.80 0.9733 1.74 60.78 0.9429
MV 50 23.11 14.913 0.9639 0.8482 62.95 0.9569

Binary
SO 50 20.26 6.64 0.9532 1.074 60.70 0.8087
MV 50 18.63 8.36 0.9530 0.78 59.35 0.8123

aConditions: adsorbent dosage of 0.7 g/L and pH 7.0.

Table 6
Constants of isotherms computed by non-linear least squares 
method for adsorption of SO and MV in a single solution

Isotherms Parameters DYE
SO MV

Freundlich kf 65.87 68.25

n 3.56 3.41
R2 0.9430 0.9010
RMSE 12.65 18.84

Langmuir qmax 208.0 225.0
kl 0.245 0.2528
R2 0.9827 0.9739
RMSE 6.035 9.70

A 

B 

Fig. 10. Adsorption isotherm models for removal of (A) SO and 
(B) MV from single solutions.
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competitive coefficient, which is estimated by a non-linear 
fitting. The results obtained (Table 7) show that the extend-
ed-Langmuir isotherm can describe the equilibrium data rea-
sonably for both dyes in binary mixtures.

3.5. Effect of ionic strength

Due to the consumption of salt in the dyeing process, 
the effluents delivered from textile industries often contain a 
high amount of different ions. These ionic species can affect 
the bio-sorption ability of CMPCP. For this requirement, 
NaCl, which is often used as a stimulator [41], was added to 
50 mL of the binary solution (50 mg/L) at pH = 7 in the con-
centration range of 0.00–0.3 M. The results obtained (Fig. 11) 
imply that the removal percentage decreases with increase 
in the salt concentration. This manner, which is consistent 
with the ones obtained in the analysis of pH effect, can be 
described based on the competition between the Na+ ions and 
the cationic dyes for the same binding sites on the adsorbent 
surface [5]. Increasing the ionic strength of the solution led to 
condense the electrical double layer surrounding the adsor-
bent surface, and therefore, prevent the approach of dye 
molecules through electrostatic forces [5,42]. To resolve this 
problem, one can utilize a more quantity of CMPCP.

3.6. Possible mechanism

Based upon the structure of the dyes, the functional 
groups (confirmed by the FT-IR spectra), and the kinetic 
studies, the possible mechanism can be expressed as follows:

(i) Movement of dye molecules from bulk of the solution to 
the boundary layer of the adsorbent and accumulation 
on the surface of CMPCP.

(ii) Adsorption of the molecules on the active sites of 
CMPCP via electrostatic forces and Van der Waals forces 
or formation of hydrogen bonds between the nitrogen 
atoms present in the structure of the dyes and the car-
boxyl or hydroxyl substituents present on the surface of 
CMPCP.

(iii) Intra-particle diffusion of dye species into the pores of 
CMPCP.

Consequently, based on the above-mentioned steps, both 
the physical and chemical forces are involved in the adsorp-
tion of the cited cationic dyes.

3.7. Regeneration of prepared adsorbent

As mentioned earlier, there is a competition between H+ 
ions and the cationic dyes for binding to the carboxyl groups 
present on the adsorbent. Consequently, for regeneration 
of the exhausted bio-sorbent, HCl (0.1 M) was used as the 
eluent. Due to the high solubility of the dye molecules in 
organic solvents [43] and the competition between Na+ ions 
and the cationic dyes for the same binding sites on the adsor-
bent surface, the NaOH–ethanol solution was also selected as 
the regenerating solvent. The results obtained showed that 
the re-adsorption efficiency reduced to 65% after the first 
regeneration cycle with HCl. Du et al. [44] have attributed 
this effect to the damage of ester bonding in acidic solution, 
while the adsorption efficiency was 80% even after three 
cycles with NaOH–ethanol. Thus the adsorbent shows a suit-
able efficiency with NaOH–ethanol, as the eluent.

3.8. Modeling

3.8.1. Modeling simultanous removal of SO and MV 
in a binary solution by artificial neural network model

Nowadays, the ANN has attracted much attention for 
modeling adsorption processes to attain experimental infor-
mation for designing new large-scale processes [45]. The 
ANN has the ability to simulate the relationships between 
input and output data using examples provided to it [5]. 
A full and detailed discussion of the ANN model has been 
given in our previous works [5,16,46].

In this work, a fully-connected three-layer feed-forward 
ANN with error back-propagation learning algorithm that 
undergoes supervised training was employed to predict the 
removal percentage of SO and MV in their binary mixture as 
a function of the pH, adsorbent dosage, initial concentration, 
and contact time. The architecture of this network is shown 
in Fig. 12. As one can see in this figure, the first layer with 
four neurons, which relates to the pH (3, 5, and 7), adsorbent 
dosage (0.015, 0.025, and 0.035 g), initial concentration (20, 50, 
90, and 130 mg/L), and contact time (1–25 min), is recognized 

Table 7
Values for multi-component isotherm constants in a binary 
 system

Isotherms Parameters Dye
SO MV

Sheindorf– 
Rebuhn–Sheintuch

aij 0.951 1.238
R2 0.5355 0.9427
RMSE 23.04 8.23

Extended- 
Langmuir

qmax 112.30 116.70
kl,1 0.5733 0.4597
kl,2 5.54 × 10–13 1.46 × 10–13

R2 0.9085 0.9946
RMSE 11.43 2.83

Fig. 11. Effect of ionic strength on removal percentage of SO 
and MV.
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as the input layer. The second layer is named as the hidden 
layer (whose number of neurons must be optimized). The 
last layer with one neuron, which matches to the removal 
percentage, is known as the output layer. Connection of the 
neurons of each layer to the neurons of the subsequent layer 
is made by an adjustable parameter called weight. In these 
networks, the output yi is calculated based on Eq. (12):

y f f x w b w bi j h i i ij j j= ∑ ∑ + +0 1 1( ( )  (12)

where i denotes the ith neuron in the input layer; j is the jth 
neuron in the hidden layer; f0 and fh are the activation functions 
for the output and hidden layers, respectively; wij is the weight 
connecting the ith neuron to the jth neuron; wj1 is the weight 
between the jth neuron in the hidden layer to the neuron in the 
output layer; and bj and b1 are the bias for neuron j and output 
neuron, respectively. During the training process with differ-
ent training algorithms, the weights and biases were changed 
to minimize the error between the predicted and real yi.

3.8.1.1. Optimization of ANN parameters In order to select 
the most suitable ANN model, the factors affecting the ANN 
performance such as the number of neurons available in the 
hidden layer, type of training function, and transfer function 
must be optimized. For this requirement, the data set (com-
prising of 324 data points) was randomly separated into the 
training set (75%) and test set (25%), respectively [47]. The 
training set was used to train and optimize the weights and 
biases by the leave-one-out cross-validation technique [5,46]. 
According to this procedure, one sample was removed from 

the training set, and the network was trained using the 
remaining 242 samples, and then used for prediction of the 
removed sample. The process was reiterated for the 243 sam-
ples available in the training set. Then the mean sum square 
error (MSE) between the experimental removal percentage 
(yi) and the predicted one � iy  was calculated based on Eq. (13) 
for all the existing samples (N) in the training set, and the 
optimal values for the ANN factors were determined based 
on the minimization of this parameter [5].

MSE =
−

=
∑( )y

N

yi i
i

N



2

1  (13)

Unfortunately, there were no theoretical or empirical rules 
that could enable us to determine the number of  hidden layers. 
However, for most ANN applications, one hidden layer can 
interpret any input–output structure [5,46]. Thus a three-layer 
ANN including the input, output, and one hidden layer was 
selected in this work. To optimize the values for the remaining 
factors, different ANN configurations with different node val-
ues in the hidden layer (from 2 to 10), various training functions 
such as Levenberg–Marquardt (LM), Bayesian regularized 
(BR), scaled conjugate gradient (SCG), and non-linear transfer 
functions (as the hyperbolic tangent or logarithmic sigmoid) 
were constructed, and MSE minimization of the training set 
was selected as a criterion in the optimization of parameters. 
According to the results obtained (Tables 8 and 9), the ANN 
configuration having the LM training function and non-linear 
hyperbolic tangent function had the lowest MSE for both dyes.

Fig. 12. Topology of ANN model.
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3.8.2. Modeling simultaneous removal of SO and MV 
in a binary solution by RF model

The RF model is an ensemble machine learning technique 
proposed by Breiman. This method was developed based on 
a combination of a lot of unpruned regression trees [48]. Each 
tree is grown on a separate training dataset that is a bootstrap 
replicate of the original data [49]. In each bootstrap sample, 
the data is randomly split into the in-bag data (for training the 
RF model) and out-of-bag (OOB) data (for evaluation of the 
prediction error of the model).

The adjustable parameters of this algorithm are ntree, 
mtry, and node size. The ntree parameter refers to the 
number of regression trees, while mtry and node size are the 

number of input variables (predictors) and the minimum size 
of terminal nodes, respectively [14,15].

The stages of accomplishment of an RF regression model 
can be described as follows:

(i) Among the training data, around two-third of samples 
were chosen as the bootstrap sample (in-bag samples) 
with random replacement, and 1/3 of samples were left-
out as the OOB data.

(ii) Decision trees were created using the in-bag samples, 
and at each node of them, a small random subset of 
variables (mtry) was selected instead of using all the 
input variables. This subset has the most suitable split 
of the feature space.

(iii) The node size variable was initialized, and a regression 
model was created based on the ntree, mtry, and node 
size variables.

(iv) Prediction of the desired quantity was carried out 
using each tree for all the existing examples in the OOB 
subset.

(v) The results obtained, which were predicted by each tree 
for each example in the OOB subset, were averaged and 
used as the final predicted output.

(vi) MSE was then calculated for the OOB subset.
(vii) The above steps were repeated, and the optimal values 

for ntree, mtry, and node size were determined by min-
imizing MSE for the OOB subset.

Consequently, based on the steps mentioned, the training 
subset was divided into the in-bag subset and OOB subset. The 
input variables (predictors) to RF were pH, adsorbent dosage, 
initial concentration, and contact time. The output variable 
was the removal percentage (R). Then at different values of 
the node size (from 2 to 9), ntree and mtry simultaneously 
changed ranging from 25 to 500 (with a step size of 25) and 
from 1 to 4 (with a step size of 1.0), respectively, and the crite-
rion in the optimization of the mentioned factors was minimi-
zation of the MSE of OOB samples. MSE of the OOB subset at 
a fixed value of node size = 2 and different values of ntree and 
mtry are shown in Fig. 13. According to these figures, for SO 
at ntree = 150 and mtry = 2, MSE of the OOB data was lessened 
(Fig. 13(A)), whereas for MV at ntree = 275 and mtry = 2, MSE 
of the OOB data was minimized (Fig. 13(B)).

Table 8
Minimum MSEs of ANNs at different training algorithms and 
transfer functions for prediction removal percentage of SO

MSETransfer  
function

Training  
algorithm

Hidden  
layer nodes

Input  
layer nodes

No.

7.68tansigBR441
10.96logsigBR742
4.60tansigLM843

10.49logsigLM844
31.49tansigSCG645
55.43logsigSCG646

Table 9
Minimum MSEs of ANNs at different training algorithms and 
transfer functions for prediction removal percentage of MV

MSETransfer  
function

Training  
algorithm

Hidden  
layer nodes

Input  
layer nodes

No.

5.72tansigBR441
7.79logsigBR942
4.2tansigLM843
6.74logsigLM844
31.94tansigSCG545
35.52logsigSCG646

  

A B

Fig. 13. MSEs of OOB data at node size = 2 and different values of ntree and mtry for (A) SO and (B) MV.
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3.8.3. Validation of models created by RF and ANN methods

The predictive ability of a model is its capability to give 
an acceptable output for a sample that is not presented in the 
learning samples [5]. In this regard, the optimized RF and 
ANN models were used to predict the removal percentage 
of 81 samples in the test set. The accuracy of prediction of 
the constructed models was examined by different statistical 
parameters such as MSE, mean relative error (MRE), and R2, 
which are defined by Eqs. (13)–(15), respectively.

MRE =

−

×
=
∑ ( )y

y

N

yi i

ii

N


1
100

 (14)

R
y y

y y
i

i

2

2

21= −
−( )

−

∑ 

( )
 (15)

where yi, � iy , and N have been previously defined. The val-
ues for these parameters are tabulated in Tables 10 and 11, 
respectively. Based on these values and Figs. 14 and 15, a 
comparison between the ANN and RF models demonstrates 
that the ANN model has a superior ability for prediction of 
the removal percentage of the cited dyes.

Table 10
Statistical parameters for evaluation of accuracy of constructed 
models in forecasting removal percentage of SO

Parameter ANN RF
Training Test set Training Test set

MSE 4.61 5.34 4.78 24.68
MRE 4.57 4.88 5.20 11.41
R2 0.9970 0.9910 0.9957 0.9646

Table 11
Statistical parameters for evaluation of accuracy of constructed 
models in forecasting removal percentage of MV

Parameter ANN RF
Training Test set Training Test set

MSE 4.20 5.19 3.81 18.09
MRE 3.90 3.94 4.14 9.43
R2 0.9933 0.9907 0.9956 0.9748

Fig. 14. Plots of predicted against experimental removal 
percentage values by ANN for (A) SO and (B) MV.

 

 

Fig. 15. Plots of predicted against experimental removal percentage values by RF for (A) SO and (B) MV.
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4. Conclusion

CMPCP, as a low-cost and available adsorbent, was 
succesfully used for the removal of the SO and MV dyes from 
single and binary solutions. The high surface area and the 
functional groups present on CMPCP are resposible for the 
rapid adsorption of the dyes. Analysis of the equilibrium data 
using different isotherms demostrated that the adsorption 
nature of the cited dyes onto CMPCP was more compatible 
with the Langmuir model, and the kinetic of adsorption was 
satisfactorily predicted by a pseudo-second order model. 
Also with respect to the other proposed adsorbent, CMPCP 
displayed a similar or an even better performance. Exhausted 
CMPCP was recoverd using NaOH–ethanol (1%), and the 
investigation showed that after four adsorption–regeneration 
cycles, the regeneration efficiency was at a high level. 
Moreover, modeling the removal percentage as a function 
of the experimental parameters using the ANN and RF 
methods indicated that the ANN method had a higher ability 
in modeling. This results obtained implied that there was a 
non-linear relationship between the experimental parame-
ters and the removal efficiency.
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