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Abstract: Due to its excellent textural features, non-toxicity, low cost and high uptake capacity, biochar
has been synthesized from various biomasses and utilized as a biosorbent to remove hexavalent
chromium (Cr6+) from contaminated water. Herein, activated eucalyptus biochar (AEB) was prepared
via a pyrolysis-chemical activation process and then used as a less expensive biosorbent to adsorb Cr6+

ions from an aqueous solution. Proximate, ultimate, Fourier transform infrared (FTIR) spectroscopy,
scanning electron microscopy (SEM), and Brunauer–Emmett–Teller (BET) analyses were employed
in appraising the biosorbent characteristics. Furthermore, response surface methodology (RSM)
and adaptive neuro-fuzzy inference system (ANFIS) were applied to establish the best operating
conditions. Based on the results obtained, there was little discrepancy between the observed data
and the data predicted by RSM and ANFIS approaches. In terms of prediction accuracy, ANFIS
(MAE = 2.512 and R2 = 0.9200) was superior to RSM (MAE = 2.512 and R2 = 0.9002). Under
best-optimized conditions (initial Cr6+ concentration = 38.14 mg/L, biosorbent dosage = 1.33 g/L and
pH = 4.35), which were offered by the ANFIS–ACO technique, the maximum percentage removal
of 99.92 ± 0.18% was achieved. The AEB performed exceptionally well due to its better textural
characteristics, well-developed porous framework, and dominance of active surface functional groups,
which were confirmed by BET, SEM, and FTIR analyses. The comparison of RSM, ACO and GA for
process parameter optimization has not been reported in the open literature for Cr6+ adsorption by
AEB and hence has been shown in this study.

Keywords: hexavalent chromium; adsorption; biochar; optimization; response surface methodology;
adaptive neuro-fuzzy inference system

1. Introduction

Recently, indiscriminate discharge of wastewater has enhanced the contamination of
water resources, posing a serious problem to humans and the environment [1]. Generally,
wastewater often contains heavy metal ions such as lead, copper, zinc, cadmium, and
aluminum, manganese, to mention a few [2,3]. Chromium compounds, which can penetrate
water bodies through wastewater being disposed of by electroplating, tanning, and textile
industries, are highly toxic [4,5]. In a diluted solution, chromium occurs in two forms,
namely, Cr3+ and Cr6+. The former has medical benefits, while the latter is more toxic
because it is highly soluble in water [6]. Based on the World Health Organization standard,
the concentration of Cr6+ ions must not exceed 0.05 mg/L, whereas the acceptable Cr6+ level
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in surface water is 0.1 mg/L. Thus, there is a need for industries to treat their wastewater
to reduce Cr6+ to permissible levels before disposing to the environment [1].

Removal of Cr6+ ions from effluent can be achieved either by coagulation, reverse
osmosis, photocatalysis, solvent extraction or adsorption [7,8]. Out of these treatment
methods, adsorption is commonly employed owing to its simplicity, high efficiency and
easy operational conditions [9]. Recently, the adsorptive removal of Cr6+ from an aque-
ous environment by biomass-based adsorbents, such as Eichhornia crassipes [10], chicken
bone [11], Fox nutshell [12], Leucaena leucocephala seed pod [13], and agro-waste [14], has
been reported. Among the waste and biomasses used as sources of adsorbents for heavy
metal ions removal from effluent, eucalyptus tree bark has hemicellulose, lignocellulose,
and carbonaceous material, which can offer double benefits of minimization of waste and
synthesis of a biosorbent with low cost than commercially made sorbents [5,15].

For a cost-effective adsorption process, it is necessary to model and optimize the
pertinent process parameters involved. Utilization of one variable at a time (OVAT) to
study a multivariable system is not suitable because it is cumbersome and error-prone.
Therefore, employing predictive modeling tools such as response surface methodology
(RSM) and artificial intelligence techniques, including artificial neural network (ANN) or
adaptive neuro-fuzzy inference system (ANFIS), would overcome all the downsides of
OVAT. To improve and execute the process model, the RSM effectively combines statistical
and mathematical methodologies [16–18]. It may be used to assess the magnitude of the
effects of several variables and their interactions, even in the presence of very complicated
interactions [19]. However, RSM can only be employed to approximate quadratic functions
and hence cannot capture the nonlinear behavior of multivariate systems. Hence, a more
robust and reliable modeling technique such as ANFIS is necessary to handle the complexity
and nonlinearity behavior of bioprocess systems.

The ANFIS method, developed by Jang [20], combines the skills of a fuzzy infer-
ence system and an adaptable neural network (FIS). These are neural networks’ simple
learning processes, computational power, and fuzzy systems’ capacity to explain uncer-
tainty [21]. Albeit ANFIS has been used to model many chemical processes, it has seldom
been used to model the adsorption process. Several reports exist on the utilization of
RSM [5,22–25], RSM, and ANN [26–30] for the modeling and improvement of several
biosorption and adsorption procedures used to remove heavy metals. These reports also
provided a comparative evaluation of these modeling techniques in which the ANN tech-
nique often outperformed the RSM technique in predictive capability. While ANFIS has
been singly used to model some adsorption processes [31,32] and has also been compared
with ANN [33], information on the use of RSM and ANFIS to simulate the adsorption
process for the removal of heavy metals like hexavalent chromium remains elusive.

Optimization of the pertinent process parameters is the critical stage after process mod-
eling [34]. Process parameter optimization is a necessary step that significantly boosts the
process’s efficiency [35]. RSM optimization algorithm, like other traditional optimization
algorithms, is an optimization technique that is performed locally because it can only locate
the local optimal [36]. RSM’s optimization process is based on the traditional deterministic,
steepest ascent gradient-based approach [35], which presumes that the response surface
is nearly quadratic because the nature of the function near an optimal is quadratic [36].
Alas, if the quadratic model is far from an optimal value, it may not accurately mimic the
behavior of the function [34]. Thus, a more robust optimization algorithm such as genetic
algorithm (GA) or ant colony optimization (ACO) is needed that can find the solution
space globally.

A genetic algorithm (GA) is a non-deterministic or stochastic model which utilizes an
evolutionary algorithm based on modeling the biological process of natural selection. The
algorithm’s primary components are the fitness function, population of the chromosome,
selection of chromosomes, crossover, and mutation. GA has been integrated with RSM and
ANFIS to optimize some adsorption processes [37,38]. ACO is a metaheuristic optimization
technique based on stochastic models like GA. It employs the foraging principle of ant
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colonies which locate the shortest route between food and the ants’ territory [39]. This is
achieved by ants communicating indirectly through chemical pheromone trails, which the
algorithm utilizes to interpret optimization problems [40]. It is worth noting that, to the
best of our knowledge, there is no report on the use of GA and ACO in conjunction with
RSM and ANFIS for the optimization of hexavalent chromium adsorption onto eucalyptus
tree bark-derived pristine.

Thus, this current work aimed to model the hexavalent chromium adsorption process
by employing RSM and ANFIS techniques to evaluate their predictive efficacy. The central
composite design (CCD) of RSM was engaged to examine the individual and interactive
influence of Cr6+ concentration (mg/L), sorbent amount (g/L), and pH on the removal
percentage of Cr6+. Statistical parameters such as mean relative percentage deviation
(MRPD), mean absolute error (MAE), correlation coefficient (R), coefficient of determination
(R2), root mean square error (RMSE), hybrid fractional error function (HYBRID), Marquart’s
percentage standard deviation (MPSD), Chi-square (x2), and adjusted R2 were employed to
assess the developed RSM and ANFIS models. In order to establish the best combination of
pertinent parameters for the efficient removal of Cr6+, optimization was conducted using
the desirability function approach of RSM, RSM coupled with GA or ACO (RSM–GA,
RSM–ACO), and ANFIS coupled with GA or ACO (ANFIS–GA, ANFIS–ACO).

2. Materials and Methods
2.1. Materials

Eucalyptus bark was collected from a solid waste bin in Ado–Ekiti, Nigeria. Analytical-
grade chemical compounds, including zinc chloride (ZnCl2, 98%), sodium hydroxide
(NaOH, 99.9%), tetraoxosulphate (H2SO4, 98%), and potassium dichromate (K2Cr2O7,
99%), used in this study were bought from LOBA Chemie Company, India. A standard
solution of Cr6+ ions (1 g/L) was prepared by adding 2.829 g of K2Cr2O7 to 1 L of deionized
water until the solid completely dissolved. Various solutions used for adsorption studies
were prepared by diluting the standard solution with deionized water.

2.2. Preparation and Characterization of Biochar-Based Adsorbent

The method used in preparing the biochar-based adsorbent was reported by Gorzin
and Abadi [1]. The collected eucalyptus barks were rinsed in clean water, dried in an
oven at 80 ◦C for 6 h and then pyrolyzed at 500 ◦C for 1.5 h and a heating rate of
5 ◦C/min in a furnace. After that, the pyrolyzed sample was ground with the aid of
mortar and pestle and then sieved using a sieve size of 0.3 mm to obtain the desired particle
size. For the activation of the biochar, the sieved material was soaked in 200 mL of 3 M
aqueous solution of ZnCl2 in a beaker and stirred on a magnetic stirrer at 60 ◦C for 5 h.
After activation, the solution was filtered, and the product obtained was washed seven
times until the pH of the washed water was neutral. The washed sample finally dried
at 110 ◦C for 24 h, and the activated biochar obtained will henceforth be referred to as
activated eucalyptus biochar (AEB).

The prepared (AEB) samples before and after use for Cr6+ removal from aqueous
solution were analyzed to gain insights into their properties. Fourier transform infrared
(FTIR) spectrophotometry was employed to determine the functional groups of the adsor-
bent samples. An FTIR spectrophotometer (Perkin–Elmer) was used for measuring the
absorption of different infrared light wavelengths emitted by the analyzed samples. Ad-
sorbent samples were ground and blended with 0.1 wt.% potassium bromide (KBr) before
analysis. The spectra were recorded from 4000 to 400 cm−1. A scanning electron microscope
(SEM; Quanta 200F, The Netherlands) was used to evaluate the surface morphology of
the adsorbent samples at an accelerating voltage of 15.0 kV. The Brunauer–Emmett–Teller
(BET) surface area measurements were carried out under N2 adsorption–desorption at
77 K using a Micromeritics surface area analyzer (Model ASAP 2010, USA) to determine the
surface area and pore size distribution of the adsorbent. Prior to analysis, the sample was
degassed at 250 ◦C for 6 h to remove any adsorbed molecules from the pores and surfaces.
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2.3. Adsorption Studies

The procedure used in conducting the adsorption study in the current work was similar
to the method reported in our previous work [5]. Treatment of Cr6+ ions contaminated
water via a batch mode adsorption process was conducted in 100 mL flasks with the
needed amount of AEB and 50 mL of the Cr6+ with varied concentrations and pH. The
flask contents were agitated in a constant temperature shaker for 3 h at 150 rpm. After
treatment, the solution was filtered, and the concentration of Cr6+ left in the filtrate was
measured using a flame atomic absorption spectrophotometer (AAS, Buck scientific model
210-VGP, USA). The adsorption capacity at equilibrium (qe) and percentage removal (Y)
were evaluated using Equations (1) and (2) [5].

qe =
(C o − Ce)V

m
(1)

Y =
Co − Ce

Co
× 100% (2)

where Co—initial Cr6+ ions concentration, Ce—equilibrium concentration, V—solution
volume, m—adsorbent mass.

2.4. Model Development
2.4.1. RSM Model Development

The CCD of RSM was utilized to obtain the design of experimental runs using Stat-
Ease Inc.’s Design-Expert version 7.0.0. The design considered three significant process
parameters at five different factor levels (−α, −1, 0, +1, +α), as shown in Table 1. Cr6+

concentration (mg/L), sorbent amount (g/L), and pH were the three parameters studied.
Table 1 shows the generated experimental condition by CCD. To accommodate for the
design’s orthogonality, the alpha/axial point was set at 1.31607. Five center points were
utilized to establish the design’s validity, while the axial points demonstrated the design’s
rotatability [41]. To reduce systematic error, the experimental runs were performed ran-
domly [42]. Equation (3) is a general second order that was employed to represent the
relation between the response and the input parameter.

E(%) = ∂o + ∂1B1 + ∂2B2 + ∂3B3 + ∂12B1B2 + ∂13B1B3 + ∂23B2B3 + ∂11B1
2 + ∂22B1

2 + ∂11B1
2 (3)

where E represents the removal percentage (%); ∂o is the intercept term; ∂1, ∂2, ∂3 are the
linear term coefficients; ∂12, ∂13, ∂23 are the interaction coefficients; ∂11, ∂22, ∂33 are the
quadratic term coefficients; and B1, B2, B3 are the actual independent variables. Multiple
regressions were used to fit the coefficients of Equation (3) to experimental data. The
model’s performance was assessed employing ANOVA (analysis of variance) and the
significance test. The Pareto chart and 3D response surface plots were generated using the
Statistica 12 software package.

Table 1. Operating parameter experimental ranges and levels.

Factor Description Level

−α −1 0 +1 +α

B1 Cr(VI) concentration (mg/L) 7.4 20 60 100 112.6
B2 Sorbent amount (g/L) 0.07 0.2 0.6 1.0 1.13
B3 pH 3.1 4 7 10 10.9

2.4.2. ANFIS Model Development

First order Takagi–Sugeno method Fuzzy Inference System (FIS) was utilized in this
work due to its applicability and widespread acceptance. The Takagi–Sugeno IF-THEN rule
for the current adsorption process governed the FIS. The ANFIS model’s overall structure
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is comprised of six distinct layers, including an input layer (Cr6+ concentration, sorbent
amount and pH), a fuzzy operator layer (gbellmf in this work), a normalized/product layer
in which the application method is embedded (Hybrid in this work), an output aggrega-
tion layer, a defuzzification layer, and an output layer (percentage removal of Cr(VI)) as
displayed in Figure 1. The detailed parameters employed for the ANFIS are illustrated
in Tables 2 and 3. The parameters of the nodes in the fuzzification and defuzzification
layers are trained to become adaptive, but the nodes in the product, output and normalized
layers are fixed [43]. Figure 1 displays the ANFIS architecture employed in this study. The
MATLAB function genfis1, based on grid partitioning, was used to develop the FIS that was
used with ANFIS, utilizing generalized bell-shaped (gbellmf ) as the membership function.
The hybrid approach, which combines least-squares estimation and a back-propagation
algorithm, was used to simulate the network [44]. Using the “randperm” function, all the
data were randomly partitioned into two sets: 60% to train and 40% to check the network.
This procedure has also been reported in the work of Franco et al. [44]. The development of
the ANFIS model using the gbellmf has been explicitly reported in our previous work [45].

Table 2. Parameters for ANFIS, GA, and ACO for the adsorption process.

ANFIS Property

Type of fuzzy Sugeno
Input/output 3 a/1 b

Membership function gbellmf
And type Product
Or type Probabilistic

Implication type Product
Aggregation type Sum
Optimization type Hybrid

Epochs 15
Number of rules 27

Linear/nonlinear parameter number 27/27
Total number of parameters 54

Genetic algorithm Value/comment Ant colony optimization Value

Population size 5–20 Ant population size 10–30
Scaling function Rank pheromone persistence coefficient 0.8

Selection Stochastic uniform Iteration number 10–30
Crossover function 0.8 penalty factor 0.5

Mutation Constraint dependent
Crossover Constraint dependent

a dennotes the set of input parameters; whereas, b is the output paramter.

Table 3. The variables used in the ANFIS sensitivity analysis.

Factor Minimum Nominal Maximum

Cr6+ concentration 7.4 60 112.6
Sorbent amount 0.07 0.6 1.13

pH 3.1 7 10.1
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2.5. Optimization of Process Parameters

The RSM polynomial equation was solved using the desirability function technique
to determine the ideal optimal conditions for achieving the highest percentage removal.
In an effort to perform optimization using GA or ACO, the model developed was utilized
as the fitness or objective function, which is used to determine an individual’s quality
in the population in the case of GA and to measure the quality of ants in the colony in
the case of ACO. The Design Expert version 7.0.0 was used for the RSM optimization,
whereas a toolbox containing GA in MATLAB 2018a was employed for optimization with
GA. For the ACO, codes were developed in MATLAB 2018a to perform the optimization.
The response, i.e., removal percentage, was set to the maximum for all the optimization
techniques while the operating variables were defined in the ranges examined. Table 2
shows the salient features utilized for GA and ACO optimization. The prediction by the
five optimization types was verified in the laboratory by conducting a triplicate experiment
and comparing the mean values obtained with the prognosticated values. The toolkit of
fuzzy logic contained in MATLAB R2018a (MathWorks Inc., Natick, MA, USA) was utilized
to complete the entire ANFIS modeling.

2.6. Appraisal of the Developed RSM and ANFIS Models

Based on the following statistical parameters: mean relative percentage deviation
(MRPD), mean absolute error (MAE) correlation coefficient (R), coefficient of determina-
tion (R2), root mean square error (RMSE), hybrid fractional error function (HYBRID),
Marquart’s percentage standard deviation (MPSD), Chi-square (x2), and adjusted R2

(Equations (4)–(11)), the created RSM and ANFIS models’ performance was evaluated [33,34].

R =

√√√√1− ∑n
i=1(yp − ye)2

∑n
i=1(yp − ye

m)
2 (4)

R2 = 1− ∑n
i=1(y

p − ye)2

∑n
i=1(yp − ye

m)
2 (5)

Adjusted_R2 = 1−
[(

1− R2
)
× n− 1

n− v− 1

]
(6)
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RMSE =

√
1
n

n

∑
i=1

(yp − ye)2 (7)

MAE =
1
n

∣∣∣∣∣ n

∑
i=1

(yp − ye)

∣∣∣∣∣ (8)

HYBRID =
100

n− v

n

∑
i=1

(yp − ye)2

ye (9)

MRPD =
100
n

(
n

∑
i=1

|(ye − yp)|
ye

)
(10)

χ2 =
n

∑
i=1

(yp − ye)2

ye (11)

where ye is the measured value of the removal percentage of Cr6+, yp is the prognosticated
value by RSM and ANFIS models, ye

m is the average value of ye, n is the experimental
number of points, and v is the number of variables.

2.7. Sensitivity Analysis of the Operating Parameters on Model Response

Sensitivity analysis is a method for figuring out how different modeling factors con-
tribute and is weighted. Additionally, it is utilized to choose an operating variable for
future experiments, model improvements, or field of research [46]. Sensitivity analysis
assesses and explains how modifications to the input values influence the model’s output
values.

The ANFIS model sensitivity study was carried out by assessing the maximum value
of each input factor while maintaining the nominal values of the other input factors (most
frequent values). This guarantees an adequate evaluation of how input factors affect the
response (percentage removal). Table 3 displays the inputs that were utilized to calculate
the sensitivity study for the ANFIS model.

The RSM model’s sensitivity study was carried out utilizing the sum of squares
computed for the model and individual factor [42]. According to Equation (9), they were
utilized to compute the percentage contribution of each participating parameter to assess
its relevance level on the output (percentage removal) (Equation (12)).

%Contrbutiono f inputvariable =
SoSindiviual

SoSoverall (12)

where SoSindividual and SoSoverall , respectively, stand for the sum of squares of each variable
and the sum of squares of all the variables.

3. Results and Discussion
3.1. AEB Analysis

The proximate, ultimate, and textural properties of the prepared AEB sample were
evaluated, and the obtained results are listed in Table 1. The elements contained in the
AEB sample, which comprised mainly of carbon (68.7%), oxygen (26.4%), and hydrogen
(2.97%), confirm that the studied sample is a carbonaceous material. Notably, the ratios
of C to H and C to O were higher, suggesting that impregnation of ZnCl2 on biochar
increased the number of active functional groups on the adsorbent and contributed to the
retention of H and O contents. This may have enhanced the hydrophilicity of the prepared
modified biochar, thereby potentially facilitating the adsorption of C6+, as reported by
previous researchers [47,48]. It is worthy of note that the presence of Zn in the AEB
sample was due to the activating agent (ZnCl2), which could not be completely washed
off during the washing of the activated sample, similar to the observation reported by
Ngaosuwan et al. [48]. This could be the reason why complete decolorization of the Cr6+
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solution was noticed after adsorption, as Zn has good optical properties, which eminently
enhanced the uptake capacity of the biosorbent. Furthermore, the activated biochar showed
good textural qualities as its specific surface area, pore volume, and pore diameter were
large, as indicated in Table 4.

Table 4. Properties of the prepared AEB sample.

Ultimate Property Composition (%)

C 68.68
H 2.97
N 0.92
O 26.37
Zn 1.23

Textural and proximate properties Value

Specific surface area (m2/g) 217.29
Pore volume (cm3/g) 0.21

Pore diameter (Å) 49.91
Ash content (%) 2.12
Humidity (%) 58.7

Figure 2 displays the IR spectra of fresh and Cr6+ loaded AEB samples. The absorp-
tion bands revealed three major surface functional groups: carboxylic, hydroxyl, and
amine groups. The difference in the peak intensity is a result of the contact of Cr6+ with
the adsorbent surface functional groups. It is noticed that a band at 3533 cm−1—which
was ascribed to the complexation between the hydroxyl (–OH) group—was reduced to
3529 cm−1 after Cr6+ removal by AEB [1,49]. The unchanged peak noticed at 1604 cm−1

on both spectra of fresh and Cr6+ loaded was attributed to the –C=O (carboxylic) group,
whereas the peak at 1456 cm−1, which was shifted to 1436 cm−1, might be due to the
complexation between Cr6+ ions and –COOH bending functional group on the AEB sur-
face [47,50]. Notably, the peak at 811 cm−1 (CH out-of-plane deformation) observed earlier
on fresh AEB spectrum disappeared after Cr6+ adsorption, indicating that the functional
groups are actively involved in the adsorption of the metal ions [51]. Furthermore, the
peak at 552 cm−1 shifted to 573 cm−1 as a result of the complexation of Cr6+ with a
C-O-H twist [52].
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SEM micrographs of AEB samples prior to and after Cr6+ adsorption are displayed in
Figure 3. As observed in Figure 3a, numerous well-developed pores were noticed on the
surface of the fresh adsorbent. These pores signified a better possibility for the adsorption
of hexavalent chromium. However, the surface of the Cr6+ loaded AEB clearly indicated
that the adsorbent was covered with chromium ions. A similar observation (in terms of
the development of numerous pores in the adsorbent) has been reported in the work of
Kabir et al. [15]. They attributed the formation of pores in the adsorbent to several mech-
anisms, including depolymerization, partial solubilization, and evaporation of key con-
stituents in the adsorbent.
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3.2. RSM Model Analysis for the Adsorption Process

Table 5 illustrates the results of the adsorption technique used to remove hexavalent
chromium from ZnCl2-modified biochar. The table shows both the measured and prognosti-
cated values. The percentage removal prediction varied from 11.90 to 92.05% (Table 2).

Table 5. CCD, actual and predicted values for the adsorption process.

Run No. Cr(VI) Biosorption Process Parameters Observed Removal
Percentage (%)

Predicted Removal
Percentages (%)

Cr(VI) Concentration,
(mg/L)

Sorbent Amount,
(g/L) pH RSM ANFIS

1 112.6 0.6 7.0 71.8 68.7 71.8
2 7.4 0.6 7.0 46.5 42.4 46.5
3 20 0.2 4.0 59.3 62.0 59.3
4 100 0.2 10 62.6 65.3 62.6
5 60 0.07 7.0 56.4 53.4 56.4
6 20 1.0 10 28.9 31.6 28.9
7 60 0.6 10.9 16.1 11.9 16.1
8 60 1.13 7.0 95.1 92.1 95.1
9 60 0.6 3.1 53.2 50.0 53.2
10 100 1.0 4.0 25.6 28.3 25.6
11 60 0.6 7.0 69.9 61.8 60.2
12 60 0.6 7.0 43.6 61.8 60.2
13 60 0.6 7.0 58.8 61.8 60.2
14 60 0.6 7.0 59.3 61.8 60.2
15 60 0.6 7.0 69.3 61.8 60.2
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The ANOVA in Table 6 was performed to investigate the observed data’s fit to the
proposed quadratic model, which is shown in Equation (13).

E(%) = + 77.17− 0.75B1 − 6.29B2 + 2.08B3 − 0.98B1B2 + 0.26B1B3 + 8.01B2B3
− 0.0022B1

2 + 38.35B1
2 − 1.95B1

2 (13)

Table 6. ANOVA and the significance test for each regression coefficient.

Parameter SoS dF MS F-Value p-Value

B1 320.045 1 320.045 2.82832 0.1534
B2 748.845 1 748.845 6.61773 0.0499
B3 688.205 1 688.205 6.08184 0.0568

B1 × B2 460.21 1 460.21 4.06699 0.0998
B1 × B3 1848.2 1 1848.2 16.333 0.0099
B2 × B3 171.512 1 171.512 1.51569 0.2730

B2
1 74.4126 1 74.4126 0.6576 0.4543

B2
2 235.768 1 235.768 2.08354 0.2085

B2
3 1937.76 1 1937.76 17.1244 0.0090

ANOVA

Model 5121.4 9 569.045 5.02879 0.0450 significant
Residual 565.787 5 113.157

Lack of Fit 110.559 1 110.559 0.97146 0.3801 not significant
Pure Error 455.228 4 113.807

R2 0.9005
Adjusted R2 0.7214

R 0.9487
Adequate precision 9.096

B1—Cr6+ concentration, B2—sorbent amount, B3—pH, SoS—sum of squares, dF—degree of freedom, MS—mean square.

The p-value and F-value were used to assess the quadratic model significance and
process variables. The significance of the coefficients was established by the p-value [34]. A
95% confidence level was established, suggesting that p-value terms less than 0.05 were
significant and those >0.05 were deemed insignificant. The quadratic model was shown to
be significant by ANOVA due to its low p-value (0.0451) and F-value of 5.03. Furthermore,
it was also observed that the significant terms are quadratic terms of the pH, the interaction
between Cr6+ concentration and pH, and a linear term of sorbent amount, while other
terms are insignificant. These results are in line with the results obtained from the Pareto
graphic (Figure 4). Any term with a longer bar corresponds to a significant term, while
any bar not up to the reference line (p = 0.05) is not significant [53]. In assessing model
quality and reliability, the adjusted R2, R, and R2 are vital. The validity of the associated
model depends on the closeness of R2 towards unity [54]. The quadratic model’s strong
R2 (0.9005), R (0.9487), and adjusted R2 (0.7213) demonstrate the model’s ability to reliably
predict the experimental data [53]. The adjusted R2 demonstrated the quadratic model’s
suitability. The graph in Figure 5 further verifies this result. The data are near the regression
line, showing a relationship between the predicted and measured values in the plot.

It is preferable to have a sufficient adequate precision value of at least 4 because this
shows that the selected model has adequate model effectiveness to navigate the design
space. Therefore, the quadratic model’s acceptability and the model’s reliability in predict-
ing the removal percentage were supported by the adequate precision of 9.096. The lack
of fit F-value of 0.97 indicates that it is insignificant in comparison to the pure error. The
likelihood that noise is responsible for the lack of fit F-value is 38.01%. Since we desire a
good model fit, a non-significant lack of fit is preferred.
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Synergistic Impacts of Factors on the Removal of Cr6+ Using the RSM Model

The major goal of this study was to maximize Cr6+ biosorption from aqueous solutions
utilizing ZnCl2-modified biochar as adsorbents and, as a result, improve the uptake of
adsorbate removal. The surface and contour plots in Figure 6 were built to demonstrate the
interaction effects of the adsorption process variables on the efficacy of removing Cr6+.
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• Influence of pH and Cr6+ concentration

Figure 6a illustrates the surface and contour plots of the percentage removal of Cr6+ as
a function of pH and concentration of Cr6+. From the plots, it is obvious that both pH and
Cr6+ concentration have an impact on the removal percentage. At maximum pH value and
very low Cr6+ concentration, the degree of removal percentage was insignificant, while at
low pH value and sufficient amount of Cr6+ concentration, the removal percentage was
noticed to be significant. At a considerable amount of these two interacting factors, the
percentage removal significantly increased. When the Cr6+-contaminated solution was
treated using modified biochar, a rise in Cr6+ uptake was seen with increasing concentration,
indicating that the surface sites for sorption were mostly still available and had not yet been
saturated [55]. It was also seen that beyond a certain level of pH, it has a negative influence
on the removal percentage. These observations agree with some previous studies [1,50,56].

• Influence of pH and sorbent amount

Figure 6b shows the 3D and contour plots of percentage removal as a function of pH
and sorbent amount. The collaborative interaction of pH and sorbent amount influenced
the removal percentage, as seen in the plots. Both input factors influence the removal
percentage, as depicted in the surface plot. As the amount of the adsorbate is increased
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with respect to the pH amount, it was observed that the removal percentage increased. The
amount of adsorbent used is crucial to the biosorption process since it dictates how much
adsorbate will be extracted [1]. Furthermore, in the biosorption process, a solution’s pH
is crucial, and changes in pH during the removal of adsorbate are linked to changes in
removal uptake [52]. From the surface and contour plots, a minimum pH level is needed
to achieve a good degree of removal percentage at a sufficient sorbent amount. The high
percentage of removal achieved at a low pH level in this study is in line with some previous
studies [1,5,56].

• Influence of Cr6+ concentration and sorbent amount

Figure 6c displays the surface and contour plots of the Cr6+ concentration and sorbent
amount in relation to the removal percentage. The plots showed that there is significant
interaction between the Cr6+ concentration and sorbent amount, which affects the removal
percentage. Evidently, from the plots, as the sorbent amount and Cr6+ concentration are
simultaneously increased, the removal percentage also increased. Maximum percentage
removal is seen at a sorbent amount range of 0.2–1.2 g/L and Cr6+ concentration up to
100 mg/L when both surface and contour plots are considered. The lowest sorbent amount
and Cr6+ concentration result in the lowest removal percentage (Figure 6c). The study
by Yusuff et al. [5] support the observation of increasing percentage removal as sorbent
amount and Cr6+ concentration increase.

3.3. ANFIS Model Analysis for the Adsorption Process

For the ANFIS modeling, the generated datasets by CCD were employed, as displayed
in Table 2. The percentage removal prediction varied from 16.10 to 95.10% (Table 5).
The full data set was randomly grouped into training (60%) and checking (40%) sets to
avoid overfitting the model. The network was trained over a hundred epochs. The input
membership function was gbellmf, while that of the output was constant. A total of 15 epoch
iterations were employed throughout the whole dataset to train the experimental data
with no tolerance for error. RMSE was 5.5089 for the overall dataset, with 27 fuzzy rules
and 27 nonlinear parameters. Table 2 highlights the main characteristics of the ANFIS
model. The estimated RMSE result for the checking (0.2805) and training (0.2290) depict
the reliability of the developed ANFIS model. The ANFIS model’s predictive potency
is shown in Figure 7, along with the measured and prognosticated values of percentage
removal during the training and checking stages. The predicted values and the measured
values were in reasonable agreement. The computed R (0.9591), R2 (0.9199), and adjusted
R2 (0.8908) values (Table 7)—which are all reasonably high—depict that the developed
ANFIS model was statistically reliable and precise. This can be attributed to the ability
of the neuro-fuzzy systems to combine the duo predictive potency of neural and fuzzy
intelligence. The parity graph of the overall datasets in Figure 8 further elucidates this
result. The results closely follow the regression line, demonstrating a substantial link
between the predicted and measured values in the Figure 8.

Table 7. RSM and ANFIS model comparison using different statistical pointers.

Pointer RSM ANFIS

R 0.9488 0.9591
R2 0.9002 0.9200

Adjusted R2 0.8639 0.8908
RMSE 6.1575 5.5090
MAE 4.7057 2.5120

MRPD 10.3616 4.5950
HYBRID 103.0904 74.1853

χ2 12.3708 8.9022
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3.4. Evaluation of the Two Models’ Predictive Effectiveness

Several statistical pointers were calculated (Table 6) to gauge how well the ANFIS
and RSM models predicted the percentage removal of Cr6+ for the adsorption process. For
both models, the correlation (R) between the measured and predicted values is strong,
in which the computed values for the ANFIS model are higher than that of the RSM
model. The high R2 values show that the models match the data well [14]. The R2 was
verified for overestimation employing adjusted R2. The adjusted R2 values of the two
models’ show that the computed R2 was not overestimated, indicating their importance.
The common error functions, such as RMSE (5.5089) and MAE (2.5120) in the case of the
ANFIS model, were lower than that of the RSM model (RSME = 6.1574, MSE = 4.7057). The
other pointers used to measure the accuracy of the models, such as MRPD (10.3616) and
HYBRID (103.0904) computed for the RSM model, are higher than that of the ANFIS model
(MRPD = 4.5950, HYBRID = 74.1853). The low value of these pointers (MRPD and HYBRID)
is desirable for good model fitness. For the RSM and ANFIS models, Pearson’s Chi-square
(χ2), which was used to ascertain whether the measured values significantly deviate from
the prognosticated values, was computed to be 12.3708 and 8.9022, respectively. These
pointers allow us to draw the conclusion that the ANFIS model accurately represented the
experimental data and provided a meaningful measuring scale for evaluating the quality
of fit. So, in terms of predicting the Cr6+ removal percentage on ZnCl2-modified biochar,
the ANFIS model fared better than the RSM model. Furthermore, this observation was
buttressed by the plot depicted in Figure 9, which clearly showed that for the ANFIS model,
greater alignment between the predicted and measured values was observed in comparison
to the RSM model. Prior works that compared the two methodologies noted that the ANFIS
model fared better than the RSM model [57,58].
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3.5. Results of Operating Parameter Optimization

To determine the ideal process input variable combination for the Cr6+ percentage
removal, the following techniques were used: RSM, RSM–ACO, RSM–ACO, ANFIS–GA,
and ANFIS–ACO. Table 8 displays the optimal values that each approach predicted. The
optimization results were verified and summarized in Table 8, along with the best inde-
pendent variables. The sequence in which the optimization procedures are performed, as
shown in Table 8, is ANFIS–ACO, ANFIS–GA, RSM–ACO, RSM–GA, and RSM. At a Cr6+

concentration of 38.14 mg/L, sorbent amount of 1.33 g/L and pH of 4.35, and maximum
percentage removal of 99.8%, ANFIS–ACO gave the best optimal blend of process factors.
This can be attributed to the statistical pointer assessments showing that the ANFIS model
is superior to the RSM model. It was also observed that the prediction by the global opti-
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mization techniques for the current work outstripped that of the RSM model due to the
robustness of the GA and ACO to search for solution space globally. The superiority of
these global optimizations, due to their robustness, has been previously reported in some
chemical processes [59,60].

Table 8. Optimal condition prediction and validation of models.

Optimization
Technique

Cr(VI) Con-
centration

(mg/L)

Sorbent
Amount

(g/L)
pH

Predicted
Percentage

Removal (%)

Observed
Percentage

Removal (%)

RSM 99.10 1.00 9.30 94.95 97.14 ± 0.32
RSM–GA 50.46 1.12 6.27 95.28 98.28 ± 0.67

RSM–ACO 35.68 1.09 5.94 97.72 98.05 ± 0.05
ANFIS–GA 40.31 1.12 5.85 97.92 98.63 ± 0.82

ANFIS–ACO 38.14 1.33 4.35 99.80 99.92 ± 0.18

3.6. Result of the Sensitivity Study

The sensitivity study conducted on the percentage removal of Cr6+ showed that all the
operating parameters have an impact on the percentage removal of Cr6+. The result showed
that the pattern of the relative impact of individual operating parameters on percentage
removal for both is the same, although with a different result. The most influencing
operating variable on the percentage removal for models is sorbent amount with RSM
(42.62%), ANFIS (47.06%), then pH with RSM (39.17%), ANFIS (38.84%), and lastly, the
concentration of Cr6+ with RSM (18.21%) and ANFIS (14.10%), as shown in Figure 10. All
the examined operating variables have an influence on the percentage removal of the heavy
metal, and none could be disregarded.
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This crucial role of the sorbent amount is likely due to the fact that more binding sites
become available for the Cr(VI) ions to bind to the adsorbent as the number of sorbents
increases—leading to a greater overall removal efficiency. Based on this finding, wastewater
treatment facilities aiming to remove this pollutant would need to carefully consider this
parameter, in addition to the pollutant Cr6+ concentration, which is usually the first factor
to be ascertained. Further techno-economic assessments are required to establish the cost-
effectiveness and the potential of the developed adsorbent to be commercially implemented
on an industrial scale.

4. Conclusions

In order to remove Cr(VI) from aqueous solutions, this work examined the adsorption
behavior of activated eucalyptus biochar (AEB) made from the bark of eucalyptus trees.
The AEB had a superior surface area, a well-developed porous structure, and a predomi-
nance of active surface functional groups, which were confirmed by BET, SEM, and FTIR.
Furthermore, the effectiveness of ANFIS and RSM in modeling the Cr6+ adsorption process
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was examined in this work. Using GA, ACO, and RSM, the input operating factors involved
in the adsorption process were sequentially optimized. Various statistic pointers were used
to evaluate the models’ performance, and it was established that they could accurately
describe the process. ANFIS, with R = 0.9591 and MAE = 2.5120, was superior to RSM, with
R = 0.9487 and MAE = 4.7057 in terms of prediction accuracy. At a Cr6+ concentration of
38.14 mg/L, sorbent amount of 1.33 g/L, pH of 4.35, and maximum percentage removal
of 99.8%, ANFIS–ACO gave the best optimal combination of the operating variables. The
sensitivity study revealed that all the input factors had a significant impact on the percent-
age removal of Cr6+, with the sorbent amount having the most influence, followed by pH
and then Cr6+ concentration. The results of modeling and optimization have clearly shown
that future cost-effective adsorption processes can be achieved by optimizing the process
parameters using suitable global optimization techniques. The results obtained herein were
also in agreement with recent similar studies in the literature. Incorporating other machine
learning technologies, such as extreme learning machines, will be useful for the study of
adsorption processes as it has been used in other biochemical separation processes. Other
global optimization algorithms, such as cuckoo search and particle swarm optimization,
can also be integrated into these machine learning algorithms to obtain the most favorable
combination of operating parameters.
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33. Zafar, M.; Aggarwal, A.; Rene, E.R.; Barbusiński, K.; Mahanty, B.; Behera, S.K. Data-Driven Machine Learning Intelligent Tools for
Predicting Chromium Removal in an Adsorption System. Processes 2022, 10, 447. [CrossRef]

34. Betiku, E.; Odude, V.O.; Ishola, N.B.; Bamimore, A.; Osunleke, A.S.; Okeleye, A.A. Predictive capability evaluation of RSM,
ANFIS and ANN: A case of reduction of high free fatty acid of palm kernel oil via esterification process. Energy Convers. Manag.
2016, 124, 219–230. [CrossRef]

35. Myers, R.H.; Montgomery, D.C.; Christine, M. Anderson Cook, CM: Response Surface Methodology: Process and Product Optimization
Using Designed Experiments; John Wiley & Sons: New York, NY, USA, 2009.

36. Chen, M.-J.; Chen, K.-N.; Lin, C.-W. Optimization on response surface models for the optimal manufacturing conditions of dairy
tofu. J. Food Eng. 2005, 68, 471–480. [CrossRef]

37. Alhothali, A.; Khurshid, H.; Mustafa, M.R.U.; Moria, K.M.; Rashid, U.; Bamasag, O.O. Evaluation of Contemporary Computational
Techniques to Optimize Adsorption Process for Simultaneous Removal of COD and TOC in Wastewater. Adsorpt. Sci. Technol.
2022, 2022, 7874826. [CrossRef]

http://doi.org/10.1016/j.jece.2017.03.035
http://doi.org/10.1080/25765299.2019.1567656
http://doi.org/10.1016/j.molliq.2021.118327
http://doi.org/10.3103/S1067821218050103
http://doi.org/10.1007/s40831-021-00396-6
http://doi.org/10.1016/j.renene.2021.06.039
http://doi.org/10.1016/j.molliq.2021.117890
http://doi.org/10.1016/j.cej.2008.09.040
http://doi.org/10.1109/21.256541
http://doi.org/10.1109/20.822535
http://doi.org/10.1016/j.desal.2008.10.025
http://doi.org/10.1016/j.biortech.2010.08.001
http://www.ncbi.nlm.nih.gov/pubmed/20739179
http://doi.org/10.1016/j.cej.2006.09.002
http://doi.org/10.1002/clen.200900033
http://doi.org/10.1002/ep.12028
http://doi.org/10.1016/j.eti.2021.101952
http://doi.org/10.1080/00194506.2013.829257
http://doi.org/10.1002/ep.13260
http://doi.org/10.1007/s13201-018-0790-y
http://doi.org/10.1016/j.jwpe.2015.01.002
http://doi.org/10.1002/ep.13597
http://doi.org/10.3390/pr10030447
http://doi.org/10.1016/j.enconman.2016.07.030
http://doi.org/10.1016/j.jfoodeng.2004.06.028
http://doi.org/10.1155/2022/7874826


Environments 2023, 10, 55 19 of 19

38. Onu, C.E.; Ohale, P.E.; Ekwueme, B.N.; Obiora-Okafo, I.A.; Okey-Onyesolu, C.F.; Onu, C.P.; Ezema, C.A.; Onu, O.O. Modeling,
optimization, and adsorptive studies of bromocresol green dye removal using acid functionalized corn cob. Clean. Chem. Eng.
2022, 4, 100067. [CrossRef]

39. Ramachandran, A.; Rustum, R.; Adeloye, A.J. Review of anaerobic digestion modeling and optimization using nature-inspired
techniques. Processes 2019, 7, 953. [CrossRef]

40. Blum, C. Ant colony optimization: Introduction and recent trends. Phys. Life Rev. 2005, 2, 353–373. [CrossRef]
41. Tan, I.; Ahmad, A.; Hameed, B. Preparation of activated carbon from coconut husk: Optimization study on removal of 2, 4,

6-trichlorophenol using response surface methodology. J. Hazard. Mater. 2008, 153, 709–717. [CrossRef]
42. Ishola, N.B.; Okeleye, A.A.; Osunleke, A.S.; Betiku, E. Process modeling and optimization of sorrel biodiesel synthesis using

barium hydroxide as a base heterogeneous catalyst: Appraisal of response surface methodology, neural network and neuro-fuzzy
system. Neural Comput. Appl. 2019, 31, 4929–4943. [CrossRef]

43. Souza, P.; Dotto, G.; Salau, N. Artificial neural network (ANN) and adaptive neuro-fuzzy interference system (ANFIS) modelling
for nickel adsorption onto agro-wastes and commercial activated carbon. J. Environ. Chem. Eng. 2018, 6, 7152–7160. [CrossRef]

44. Franco, D.S.; Duarte, F.A.; Salau, N.P.G.; Dotto, G.L. Adaptive neuro-fuzzy inference system (ANIFS) and artificial neural network
(ANN) applied for indium (III) adsorption on carbonaceous materials. Chem. Eng. Commun. 2019, 206, 1452–1462. [CrossRef]

45. Yusuff, A.S.; Ishola, N.B.; Gbadamosi, A.O.; Thompson-Yusuff, K.A. Pumice-supported ZnO-photocatalyzed degradation of
organic pollutant in textile effluent: Optimization by response surface methodology, artificial neural network, and adaptive
neural-fuzzy inference system. Environ. Sci. Pollut. Res. 2022, 29, 25138–25156. [CrossRef] [PubMed]

46. Mashaly, A.F.; Alazba, A. ANFIS modeling and sensitivity analysis for estimating solar still productivity using measured
operational and meteorological parameters. Water Sci. Technol. Water Supply 2018, 18, 1437–1448. [CrossRef]

47. Liu, L.; Li, Y.; Fan, S. Preparation of KOH and H3PO4 modified biochar and its application in methylene blue removal from
aqueous solution. Processes 2019, 7, 891. [CrossRef]

48. Ngaosuwan, K.; Goodwin, J.G., Jr.; Prasertdham, P. A green sulfonated carbon-based catalyst derived from coffee residue for
esterification. Renew. Energy 2016, 86, 262–269. [CrossRef]

49. Gorzin, F.; Ghoreyshi, A.A. Synthesis of a new low-cost activated carbon from activated sludge for the removal of Cr (VI) from
aqueous solution: Equilibrium, kinetics, thermodynamics and desorption studies. Korean J. Chem. Eng. 2013, 30, 1594–1602.
[CrossRef]

50. Pal, D.B.; Singh, A.; Jha, J.M.; Srivastava, N.; Hashem, A.; Alakeel, M.A.; Abd_Allah, E.F.; Gupta, V.K. Low-cost biochar adsorbents
prepared from date and delonix regia seeds for heavy metal sorption. Bioresour. Technol. 2021, 339, 125606. [CrossRef]

51. Hameed, B.; Krishni, R.; Sata, S. A novel agricultural waste adsorbent for the removal of cationic dye from aqueous solutions.
J. Hazard. Mater. 2009, 162, 305–311. [CrossRef]

52. Yusuff, A.S.; Owolabi, J.O.; Igbomezie, C.O. Optimization of process parameters for adsorption of heavy metals from aqueous
solutions by alumina-onion skin composite. Chem. Eng. Commun. 2021, 208, 14–28. [CrossRef]

53. Betiku, E.; Akintunde, A.M.; Ojumu, T.V. Banana peels as a biobase catalyst for fatty acid methyl esters production using
Napoleon’s plume (Bauhinia monandra) seed oil: A process parameters optimization study. Energy 2016, 103, 797–806. [CrossRef]

54. Mahanty, S.; Chatterjee, S.; Ghosh, S.; Tudu, P.; Gaine, T.; Bakshi, M.; Das, S.; Das, P.; Bhattacharyya, S.; Bandyopadhyay, S.; et al.
Synergistic approach towards the sustainable management of heavy metals in wastewater using mycosynthesized iron oxide
nanoparticles: Biofabrication, adsorptive dynamics and chemometric modeling study. J. Water Process. Eng. 2020, 37, 101426.
[CrossRef]

55. Malkoc, E.; Nuhoglu, Y.; Dundar, M. Adsorption of chromium (VI) on pomace—An olive oil industry waste: Batch and column
studies. J. Hazard. Mater. 2006, 138, 142–151. [CrossRef] [PubMed]

56. Bashir, S.; Zhu, J.; Fu, Q.; Hu, H. Comparing the adsorption mechanism of Cd by rice straw pristine and KOH-modified biochar.
Environ. Sci. Pollut. Res. 2018, 25, 11875–11883. [CrossRef]

57. Dehghani, M.H.; Gholami, S.; Karri, R.R.; Lima, E.C.; Mahvi, A.H.; Nazmara, S.; Fazlzadeh, M. Process modeling, characterization,
optimization, and mechanisms of fluoride adsorption using magnetic agro-based adsorbent. J. Environ. Manag. 2021, 286, 112173.
[CrossRef]

58. Ishola, N.B.; Adeyemi, O.O.; Adesina, A.J.; Odude, V.O.; Oyetunde, O.O.; Okeleye, A.A.; Soji-Adekunle, A.R.; Betiku, E.
Adaptive neuro-fuzzy inference system-genetic algorithm vs. response surface methodology: A case of optimization of ferric
sulfate-catalyzed esterification of palm kernel oil. Process Saf. Environ. Prot. 2017, 111, 211–220. [CrossRef]

59. Jisieike, C.F.; Ishola, N.B.; Latinwo, L.M.; Betiku, E. Crude rubber seed oil esterification using a solid catalyst: Optimization by
hybrid adaptive neuro-fuzzy inference system and response surface methodology. Energy 2022, 263, 125734. [CrossRef]
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