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Abstract 
The effects of process variables on naphthalene adsorption on bentonite clay–cetyltrimethylammonium bromide 

(CTAB)–chitosan matrix were investigated in this study.  The independent variables are initial concentration ( A ), 

adsorbent dosage ( B ), contact time (C ), temperature (D ) and pH ( E ) while the response variable is the % 

removal of naphthalene.  The adsorption process was modelled and optimised using the response surface 
methodology (RSM)–central composite design (CCD), artificial neural network (ANN)–back propagation (BP) and 

ANN–particle swarm optimization (PSO) algorithms.  The interactive terms of A  and B ,  B  and E , C  and E , 

and D and E  give a synergistic effect on the adsorption process.  On account of p –value, temperature and 

adsorbent dosage are the most influential single terms.  Among the square terms, adsorbent dosage was found to 
be the most controlling factor while adsorbent dosage and contact time were the most significant interactive factors 
for the adsorption process.  The RSM–CCD, ANN–BP and ANN–PSO aptly modelled and optimised the process 

variables.  However, the ANN-PSO algorithm excelled over the RSM–PSO and ANN–BP owing to its highest 2R  value 
of 0.9803, least value of the error functions considered and percentage error of validation.  Hence, ANN-PSO is 
projected for the optimisation studies of naphthalene adsorption on the synthesised bentonite clay–
cetyltrimethylammonium bromide (CTAB)–chitosan matrix. These approaches enable scalable and data-driven 
solutions, which minimise costly trial-and-error experiments for treating industrial wastewater contaminated with 
persistent pollutants of PAHs. 
  

 Keywords: Naphthalene adsorption, bentonite clay–CTAB–chitosan matrix, RSM–CCD, ANN–BP, ANN–PSO, error 
functions 
 

1.0 INTRODUCTION   

he steady transition from scanty to copious industrial outfit of different sectorial 
classifications and global human population growth has paved way for the hike in the 

releases of harmful pollutants, and its concomitant degradation of the environment 
(Puszkarewicz and Kaleta, 2020).  One of such pollutants with widespread negative impacts on 
the environment is the polycyclic aromatic hydrocarbons (PAHs), which include naphthalene, 
anthracene, phenanthrene and pyrene, amongst others.  These PAHs have been ranked 
dangerous owing to their devastating environmental impacts (El-Zahhar and Idris, 2022; Al-
Salman et al., 2023; Yemele et al., 2024).  Hence, they are placed on a red alert by concerned 
health related organization like World Health Organization (WHO), International Agency for 
Research on Cancer (IARC) and European Environment Agency (EEA).  Institutes and 
administrations saddled with the safety of workers like Occupational Safety and Health 
Administration (OSHA), National Institute for Occupational Safety and Health (NIOSH) and the 
American Conference of Governmental Industrial Hygienists (ACGIH) have equally branded and 
listed PAHs as special hazardous substance whose exposure should be at the barest minimum 
within the working hours (NMAM, 2019; ACGIH, 2010).  According to U.S. Environmental 
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Protection Agency, the international standards of PAHs in wastewater should be within the range 
of 0.001–0.004 ppm (Law et al., 2022).  PAHs are simply organic compounds whose structural 
framework is mainly the fusion of at least two benzene rings void of substituents (Emoyan et al., 
2011). The rings are uniquely positioned in linear and angular posture, which are characterised 
with hydrogen atom on their outer brim (Batchamen Mougnol et al., 2022). They are known to 
be hydrophobic, persistent, non-ionizable, highly toxic, carcinogenic, mutagenic, teratogenic and 
possess low rate of degradation and low volatility value (Sabah and Ouki, 2017; Okoro et al., 
2019; da Costa et al., 2022).  Their prevalence in every segment of the environment, especially 
the aquatic, is traced to anthropogenic activities (Frescura et al., 2020; Alharbi et al., 2023).  The 
classifications of PAHs in terms of molecular weight are categorised as low and high molecular 
weight. Those with between two and three benzene rings (such as naphthalene and anthracene) 
are within the bracket of low molecular weight PAHs while those with more than three benzene 
rings are in the purview of the high molecular weight PAHs like pyrene (Arikan et al., 2022).  The 
combustion of biomass, fossil fuel, wastes from petrochemical and textile industries, 
vandalization of oil pipeline leading to full scale leakages and unmanaged accidental spills 
common in some oil producing nations have heightened the menace of PAHs on the 
environment (Zango et al., 2019). 
  
The regions of Niger Delta in Nigeria are currently bedevilled with severe environment challenges 
owing to the proliferations of PAHs in aquatic bodies arising from the huge activities of oil 
exploration, illegal bunkering of oil and poor handling or operation of modular refining (Zulaihah 
et al., 2020; Taiwo et al., 2021; Ivwurie and Okiriguo, 2022).  More so, the report of the Nigerian 
Bureau of statistics in 2020 attests to it (Ike et al., 2022).  These aforementioned ominous 
activities among others have left much effect on sea foods and by extension to humans.  Hence, 
the Niger Delta is on the brink of environmental abyss.  The exercise tailored toward cleaning of 
the affected areas is still ongoing but on a struggling note and inadequate.  The presence of 
polycyclic aromatic hydrocarbons (such as naphthalene and anthracene) in aqueous solution of 
petroleum wastewaters is evident with their peculiar exasperating properties for two, three and 
four ring structures (Yakout et al., 2013).  Many processes have been employed for the treatment 
of water contaminated with PAHs like bioremediation (Agarry et al., 2013), sonocatalytic method 
(Suresh et al., 2022), degradation by oxidation (Tentori et al., 2021), photocatalytic method 
(Peng et al., 2018), coagulation (Rosinska and Dabrowska, 2018), membrane filtration (Gong et 
al., 2017; Urbano et al., 2021), and liquid phase plasma method (Kim et al., 2022).   
 
 Adsorption process is one of the mass transfer operations currently being employed for the 
treatment of wastewater containing PAHs due to its simplicity of design, ease of operation, less 
financial implication and availability of variants of adsorbent materials with high chelating 
characteristics and adsorptive capacity (Manyangadze et al., 2020; Al-Alam et al., 2020; Xu et al., 
2021; Danesh et al., 2021; Emezie et al., 2022; Garbal et al., 2022; Radoor et al., 2022; Avila et 
al., 2022; Raaj et al., 2022; Sayed et al., 2022; Asadu et al., 2022).  The use of natural, synthetic 
polymeric materials and modified clay minerals in the form of organic–inorganic hybrid clay like 
bentonite clay–chitosan is considered very potent for the treatment of effluent contaminated 
with PAHs especially those modified with surfactant with the view of arresting their hydrophobic 
nature (Soltani et al., 2019; Satouh et al., 2021), as well as for aqueous solutions studded with 
other forms of pollutants (Gil et al., 2021; Yeo et al., 2023). 
 
 The adsorption of PAHs on the active sites of an adsorbent depends on the PAHs’ molecular 
weights, solubility, melting point, boiling point, vapour pressure and logarithmic n-octanol/water 
partition coefficients (Llyas et al., 2021; Zhao et al., 2023).  The other vital process variables 
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influencing the adsorption of adsorbate on an adsorbent include initial adsorbate concentration, 
adsorbent dosage, temperature and pH (Atemkeng et al., 2021, Darwish et al., 2022; Prabhahar 
et al., 2022).  Most available studies that had delved into the adsorption of PAHs have not given 
much attention on the interactive effects of these process variables (Queiroz et al., 2023).  The 
common tool to investigate the interactive effect of process variables, which is sparingly 
reported in the literature, is the response surface methodology (RSM).  The response surface 
methodology is a compilation of mathematical and statistical methods for experimental design, 
analysis and evaluation of the interactive effects of process variables aimed at predicting target 
response and obtaining process optimum condition despite the complexities sometimes 
involved (Domgas et al., 2023). The use of multivariate statistics techniques like response surface 
methodology–central composite design (RSM–CCD) and artificial neural network with back 
propagation algorithm (ANN–BP) is commonly applied due to the fact that it saves time, cost and 
operates relatively with a handful of experimental runs as against the one factor at a time (OFAT) 
approach (Dahlan et al., 2022).  RSM can model processes effectively with mainly quadratic 
features and sometimes perform poorly for complex processes which gives room for the use of 
other modelling tools like ANN. The artificial neural network (ANN) is one of machine learning 
tools that act like the operation of the biological neural networks embedded in the human brain. 
The three distinct layers of ANN is associated with weights and biases that enable the network 
to establish input-output data relationship. The weights and biases values are being updated 
after each training cycle using algorithms with back propagation (Al–Alam et al., 2024). The high 
generalisation ability and vast application of ANN in most fields is attributed with the training 
back propagation algorithm. However, the training algorithms relatively have slow convergence 
rate and they are usually locked in local optima, which can be averted with the use of metal 
heuristics algorithms such as particle swarm optimisation algorithm to achieve suitable weights 
and biases for improved predictability at low computational time (Alizamir and Sobhanardakani, 
2018; Nayagam et al., 2023).  Hence, for high accuracy of prediction and to achieve optimum 
condition in any process, hybrid modelling tools are used (Bello and Olafadehan, 2021). 
 
 In this study, the process variables of initial concentration, adsorbent dosage, contact time, 
temperature and pH associated with the adsorption of naphthalene on bentonite clay–
cetyltrimethylammonium bromide (CTAB)–chitosan matrix are modelled using RSM–CCD, ANN–
BP, and ANN–PSO algorithms.  The process variables were equally optimised from the empirical 
equations developed with the aid of particle swarm optimisation algorithm for design purposes 
and application in the treatment of effluents from crude oil exploration activities contaminated 
with organic hydrophobic compounds. 
 

2.0 MATERIALS AND METHOD 

2.1 Materials 
The materials used in this study include bentonite clay, cetyltrimethylammonium bromide 
(CTAB), chitosan, Whatman filter paper (125 mm∅) and distilled water.  The chemical is analytical 
grade of naphthalene, obtained from Lobe Chemie, PVT India while the essential reagents are 
NaOH with molecular weight of 40 g/mol and purity of 98%, supplied by Merck, India; 
hydrochloric acid of 36.5-38% composition, specific gravity 1.18, ethanol (absolute 
concentration of 98%), purchased from BDH laboratories, England.  All chemicals were not 
subjected to further treatment.  The tools/equipment are weighing balance, mechanical shaker, 
measuring cylinder, beakers, conical flasks, constant temperature stirrer, pH meter, double 
Lamp UV-Vi spectrophotometer, 212-𝜇m sieve, scanning electronic morphology (SEM)–energy 
dispersive X-ray spectroscopy (EDX), Fourier-Transform infrared spectroscopy (FTIR), X-ray 
diffraction (XRD) and X-ray fluorescence (XRF).  
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2.2 Method 
2.2.1 Preparation of adsorbent 
The adsorbent is a blend of bentonite clay and chitosan treated with surfactant.  The bentonite 
clay was obtained from South West of Nigeria and was transformed from the natural calcium 
bentonite clay to sodium bentonite clay after undergoing some pre-treatment process to 
remove unwanted materials (Olafadehan and Bello, 2022).  The chitosan was derived from 
African giant snail (Archachatina marginata) shell waste using the chemo–thermal process under 
optimised condition after undergoing key pre-treatment operations like washing, drying, 
pulverization and sieving, as reported in the works of Bello and Olafadehan (2021) and 
Olafadehan et al. (2022).  
2.2.2 Characterisation of adsorbent   

The synthesised adsorbent was characterized in terms of morphological examination, elemental 
composition, functional group and bonds presents, crystallinity and chemical compositions via 
scanning electronic morphology (SEM)–energy dispersive X-ray spectroscopy (EDX),(aided by 
JOEL-JSM 7600F), Fourier-transform infrared spectroscopy (FTIR), (enabled with the use of  
Nicolet IS10 model device) and X-ray diffraction (XRD) (carried out using  Rigaku D/Max-111C X-
ray diffractometer) and X-ray fluorescence (facilitated by TEFA ORTEC automatic X-ray F 1610, 
Maharashtra, India), respectively (Olafadehan et al., 2022). 
2.2.3 Batch adsorption experiment 
The investigation of the removal of the naphthalene using the synthesized bentonite clay–
cetyltrimethylammonium bromide (CTAB)–chitosan matrix as adsorbent was carried out in the 
batch mode.  The preparation of the stock solution involves the dissolution of 5 g of naphthalene 
in 1000 mL of distilled water and glacier ethanol solution mixed in ratio 3:2 to avert the challenge 
of incomplete dissolution and loss due to volatilisation (Balati et al., 2015).  The remaining 
concentrations required were prepared by serial dilution.  The solution containing the adsorbent 
was agitated in a mechanical shaker (JP Selecta SKU 3000974) for 45 min while the residual 
concentration was determined with the use of double lamp UV-Vi spectrophotometer 
(Thermo/Milton Roy Spectronic 21D) at maximum wavelength of 270 nm for naphthalene.  The 

percentage removal of naphthalene, NTR% , was calculated using Eq. 1. 
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where 0c  and ec  are the initial and equilibrium concentration of naphthalene in the aqueous 

solution respectively (mg/L). 
2.2.4 Optimisation of process variables 
The process variables were optimised using RSM–CCD, ANN–BP, and ANN–PSO. 
 
2.2.5 Response surface methodology–central composite design (RSM–CCD) 
The design of experiment adopted for the single component adsorption system was the central-
composite design (CCD) using design expert software to achieve the optimum and viable 
conditions of the process variables for efficient adsorption of naphthalene.  The factors 

considered are initial concentration ( A ), adsorbent dosage ( B ), contact time (C ), temperature 
(D ) and pH ( E ) while the response variable is the % removal of naphthalene.  The parameters 
were adjusted in accordance with the settings of experimental design involving five process 
variables with five (5) levels as depicted in Table 1.  With the aid of Design Expert V13.0 (Stat-
Ease, Inc., Minneapolis, MN, USA), the response surface methodology generates a second order 
quadratic empirical model that correlates the process variables and the response, which is given 
in Eq. 2. 
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where Y  represents the response known as dependent variable; 0  the constant coefficient, 

i , ii , , ji ,  the coefficients for linear, quadratic and interactive effects respectively, iX , jX  

the independent variables, and   the error. 
Table 1: Factors range for the design of experimental range and levels for the single component 
system 

Control factors )2(−−  -1 0 +1 )2(++  

Initial concentration, A  (mg/L) 15 30 45 60 75 

Adsorbent dosage, B  (g) 0.25 0.5 0.75 1 1.25 

Contact time, C  (min) 15 30 45 60 75 

Temperature, D  (oC) 35 50 65 80 95 
pH, E  3 5 7 9 11 

 
The ANN is indeed the predominant artificial intelligence used for correlating the input-output 
data. The algorithm determinately captures the operation of the nervous system and the human 
brain (Hussain et al., 2022).  The reports from the literature widely regard the ANN as a reputable 
tool for mapping linear and non-linear input-output data marked as either simple or complex 
(Afroozeh et al., 2018; Moreno and Salazar, 2018).  The ANN algorithm is essentially made up of 
three layers consisting of neurons acting as processing unit knitted together by weights and 
biases accompanied by selected activation functions for transfer of processed data (Asfaram et 
al., 2016).  The number of the input and output layers is directly related to the number of input 
and output variables respectively while that of the hidden layer depends largely on trial-and-
error procedures to arrive at a suitable learning architecture.  The input layer receives the input 
variables in form of normalized values to avoid negative scale effect.  The received values are 
then ushered to the hidden layers after being weighted and sum with a constant term as bias, 
which aid quick convergence of results at the output layer (Chittoo and Sutherland, 2020).  The 
cycle continues by updates in weights facilitated by the chosen activation function and back 
propagation training algorithm, until a minimum possible error value between the predicted and 
actual data is achieved (Ganesapillai et al., 2022; Faisal et al., 2022).  The relationship between 
the inputs and the forecasted outputs is simply described by Eq. 3 (El-Hanandeh et al., 2021). 


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where y  is the predicted output, n  the number of neurons in the hidden layer, )(xi  the non-

linear activation such as tangent sigmoid (tansig), log-sigmoid (logsig) and linear (purelin), i  

and i  the weights and biases respectively.  Models generated using artificial intelligence usually 

gives high prediction accuracy resulting to close proximity between the actual experimental 
values and the predicted values (Okoji et al., 2021). 
2.2.6 Particle swarm optimisation 
The particle swarm optimisation (PSO) is credited to Eberhart and Kennedy (1995).  This 
optimization technique is a heuristic and population-based stochastic algorithm that mimics the 
social behaviour of animals typically flocking birds and swarm of insects (Wang et al., 2022; Karri 
and Sahu, 2018).  It is simply a numerical technique, which is based on the motion of virtual 
particles assumed as each intelligent social animals and the collection called swarm exploring a 
space within a multidimensional space to locate a suitable point as the minimum or maximum 
of an optimisation problem.  It also works on the premises that each particle flies through the 
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multidimensional space, adjusting its position in every step with individual consciousness and 
that of other neighbours toward achieving a collective optimum solution (Rossides et al., 2021).  
The expressions that represent the update of the velocity and position of the particles in the N-
dimensional space is given in Eqs. 4 and 5 respectively (Yadav and Roy, 2023). 
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where the superscript k  is the number of iterations, and Ni ,...,2,1= ;N indicating the swarm 

population or size. k

iV and k

iP  are the respective initial velocity and position of the particles, 
1+k

iV and 1+k

iP  are the updated velocity and position respectively of the particles , 1c and 2c  are 

regarded as the cognitive and social parameters that indicate the respective extent of local 

search and global , w  is the weight that reflects the initial velocities of the particles, 
k

ibestp ,  is 

best known position of each particle while 
k

ibestG , is the best position of the entire swarm, 1r  and 

2r  are random  numbers at the interval of  0 to 1.  The PSO algorithm is easy to implement, has 

limited number of parameters, simple to calculate and is less dependent on the set of initial 
points. Detailed information can be found in the works of Satyobroto (2011), and El-Shorbagy 
and Hossaniem (2018). 
2.2.7 ANN-PSO algorithm 
For the ANN-PSO hybrid algorithm, the particle swarm algorithm replaces the role of Levenberg-
Marquardt algorithm such that each particle within the poll of populations identifies with the 
variables associated with the fitness function in order to achieve optimum value of weights and 
biases for the purpose of maximisation or minimisation (Shariati et al., 2019). The update of 
weights and biases at any instance is a reflection of the change in velocity and position of the 
swarm of particles in the N–dimensional space of operation.  The ANN–PSO algorithm is 
succinctly illustrated with the flowchart shown in Figure 1. 
2.2.8 Error functions 
The predictive accuracy of the regression models can be performed via computing the various 
error functions, given in our previous studies (Olafadehan et al., 2025), which are used to 
compare the experimental % removal of naphthalene,

eiY ,
, with the corresponding predicted 

values, 
piY ,

. 

3.0 RESULTS AND DISCUSSION 

3.1 Characterisation and physicochemical properties of adsorbent 
The chitosan and adsorbent matrix were characterised in terms of the morphology, identification 
of bonds and chemical properties, and elemental composition are reported in details elsewhere 
(Olafadehan et al., 2023).  The physiochemical characteristics of bentonite clay–
cetyltrimethylammonium bromide (CTAB)–chitosan matrix such as specific gravity, moisture 
content, bulk density, particle density, porosity, tapped density, Hauser ratio, iodine number, 
pore volume, pHzpc, BET surface area, cation-exchange-capacity (CEC), Barrett-Joyner-Halender 
(BJH) pore diameter, total pore volume, micro pore volume and swell/degree of expansivity are 
highlighted in Table 2. 
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Figure 1: ANN-PSO flowchart 
 
3.2 Response surface methodology (RSM) 
Table 3 displays the coefficients estimation for the % removal of naphthalene.  The variance 
inflation factor (VIF) is a term that quantifies the multi-collinearity intensity in the model.  In 
Table 3, its values are approximately 1 for all the factors investigated, which is indicative of the 
fact that these factors are orthogonal and no significant multi-collinearity was observed for all 
factors under consideration (Bieda et al., 2023).  For the fit statistics carried out for % removal 

of naphthalene, the coefficient of determination, 2R , was obtained as 0.9552. Conventionally, 
2R  value greater 0.9 is adjudged to be a good fit (Azeez et al., 2022).  The adjusted 2R  was 

calculated accordingly as 0.8737.  Also, the variation between predicted 2R  and the adjusted 2R  
is less than 0.4 for the adsorption of naphthalene.  The profound closeness translates to a 
reasonable agreement (Azhar-ul-Haq et al., 2022). 
 
 
  



Journal of Engineering Research, Vol. 31, No. 1, March 2026 
 

118 

 

Table 2: Physiochemical properties of the produced bentonite clay–CTAB–chitosan matrix 
adsorbent 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Table 3: Coefficients estimation for quadratic model of % removal of naphthalene 

Factor 
Coefficient 
estimate 

Df 
Standard 

error 
95% CI 

Low 
95% CI High VIF 

Intercept 82.22 1 0.9608 80.11 84.34  

A  1.06 1 0.4917 -0.0242 2.14 1.0000 

B  -2.09 1 0.4917 -3.18 -1.01 1.0000 

C  0.0087 1 0.4917 -1.07 1.09 1.0000 

D  -3.06 1 0.4917 -4.15 -1.98 1.0000 

E  1.90 1 0.4917 0.8226 2.99 1.0000 

AB  1.93 1 0.6022 0.6072 3.26 1.0000 
AC  0.4074 1 0.6022 -0.9180 1.73 1.0000 

AD  -1.67 1 0.6022 -3.00 -0.3451 1.0000 

AE  -0.1964 1 0.6022 -1.52 1.13 1.0000 
BC  -3.94 1 0.6022 -5.26 -2.61 1.0000 

BD  -1.44 1 0.6022 -2.77 -0.1193 1.0000 

BE  2.52 1 0.6022 1.19 3.84 1.0000 
CD  -0.6129 1 0.6022 -1.94 0.7125 1.0000 
CE  2.57 1 0.6022 1.24 3.89 1.0000 

DE  1.59 1 0.6022 0.2606 2.91 1.0000 
2A  1.48 1 0.4448 0.5002 2.46 1.02 
2B  -2.10 1 0.4448 -3.08 -1.13 1.02 
2C  0.0476 1 0.4448 -0.9313 1.03 1.02 
2D  0.8364 1 0.4448 -0.1425 1.82 1.02 
2E  1.17 1 0.4448 0.1875 2.15 1.02 

 
 

S/No. Parameters Values 

1 Specific gravity 0.7179 
2 Moisture content (%) 3.04 
3 Bulk density(g/cm3) 0.8367 
4 Particle (true) density (g/cm3) 3.7397 

5 Porosity 0.7557 
6 Tapped density 0.9136 
7 Hausner ratio 1.0919 
8 Iodine number (mg/g) 1682 
9 Pore (void) volume 0.8272 
10 pHzpc 7.20 
11 BET surface area(m2/g) 1668.00 
12 Methylene blue surface area (m2/g) 1,984.05 
13 Cation exchange capacity (millieq/100g) 4840 
14 Barrett-Joyner-Halender (BJH) pore diameter (Å) 20.82 
15 Total pore volume (cm3/g) 0.8682 
16 Micro pore volume (cm3/g) 0.3219 
17 Swell/degree of expansivity (%) 97.76 
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Table 4 shows the fit of statistics for the adsorption process.   
Table 4: Fit of statistic for naphthalene adsorption on the matrix adsorbent 

Statistic              Value 

Standard Deviation                2.41 
Mean              83.29 
C.V. %                 2.89 

2R                  0.9552 

Adjusted 2R                  0.8737 

Predicted 2R                  0.5686 

Adeq Precision               16.2431 

 
The measure or degree of signal to noise ratio is known as adequate precision (Adeq Precision).  
The recorded value for naphthalene adsorption was 16.2431, which deciphers that the model is 
apt to navigate the design space since it is greater than 4, which is the least desirable value 
(Nguyen et al., 2022).  The coefficient of variation (CV), also regarded as normalized root-mean 
square deviation (NRMSD), describes the ratio of standard error in predicting the mean value of 
the experimental response and it measures the repeatability of the model.  The low value of CV 
obtained as 2.89 for naphthalene adsorption implies that the experiment was carried out with 
high precision.  It equally gives an impression of high reliability and reproducibility (Onukwuli 
and Nnanwube, 2022). 
 

The developed prediction equation for the adsorption process expressed in terms of percentage 

removal of naphthalene ( NTR% ) is given in Eq. 6. 

EDCBARNT 89843.13311945.0265192.098945.55460702.025391.129% −−++−=  

            BDBCAEADACAB 385254.004987.1006546.0007425.0001811.0515367.0 −−−−−+  

           22 66295.33006574.0052868.008515.0002724.003183.5 BADECECDBE −+++−+   

            222 2916.000371.0000212.0 EDC +++                                                                                                          (6) 

The essence of the model developed in Eq. 6 is to enable predictions about NTR% for the 

specified levels of each process variables.  For the single effect, A , D , andE  show an 

antagonistic effect on the NTR%  while B  and C  provide a synergetic effect due to their 

associated negative and positive signs respectively.  The interaction of initial concentration and 
adsorbent dosage ( AB ), initial concentration and pH ( AE ), adsorbent dosage and pH (BE ), 
contact time and pH (CE ) and temperature and pH (DE ) provides a synergetic effect while the 

other interactions were antagonistic.  The square factors of initial concentration, 2A , of contact 

time, 2C , of temperature, 2D , and of pH, 2E , show synergistic effects while the square factor 

of adsorbent dosage, 2B , show antagonistic effect on the % removal of naphthalene. 
 

Table 5 shows the results of the analysis of variance (ANOVA) for the response ( NTR% ) in the 

adsorption process.  The ANOVA test is usually carried out to study the influence of all process 
variables on the design variables.  It is also used alongside with the Fisher variance ratio ( F ) and 
significance probability, p , value to ascertain the significance of the model equation and terms 

embedded in the model developed. The results present that the developed model with large F
-values (Fisher variance ratio) of 11.72 with corresponding p -values of < 0.0001 for % removal 

of naphthalene is regarded as more significant and translates that the model’s terms are relevant 
since 05.0p  (Nagababu et al., 2022).  It is also worthy of note that the lack of fit associated 

with pure error for percentage removal for naphthalene recorded a value of 0.4257 indicating 
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that the lack of fit is not significant.  Equally, the chance of reaching this high value of F -value 
could result due to noise is 83.59% for the percentage removal of naphthalene (Tai et al., 2021).  
On account of the p -value (< 0.05), the adsorbent dosage, temperature and initial pH solution 

are significant while initial concentration and adsorption contact time were statistically not 
significant for the single term factors.  For the interactive terms, initial concentration and 
adsorbent dosage ( AB ), initial concentration and temperature ( AD ), adsorbent dosage and 
contact time (BC ), adsorbent dosage and pH (BE ) and contact time and pH (CE ) were 

significant for the interactive terms.  The square terms of initial concentration, 2A , of adsorbent 

dosage, 2B , of temperature, 2D , and of initial pH solution, 2E , were statistically significant 

while the square terms of contact time, 2C , was not statistically significant. 
 
Table 5: Analysis of variance (ANOVA) for quadratic model of naphthalene removal using 
bentonite clay–CTAB–chitosan adsorbent 

Source Sum of 
Squares 

Df Mean 
Square 

F –value p –value 
 

Model 1360.23 20 68.01 11.72 < 0.0001 Significant 
A  (initial 
concentration) 

26.87 1 26.87 4.63 0.0545 
 

B (adsorbent dosage) 105.24 1 105.24 18.14 0.0013 
 

C  (contact time) 0.0018 1 0.0018 0.0003 0.9861 
 

D  (temperature) 225.28 1 225.28 38.83 < 0.0001 
 

E  (pH) 87.08 1 87.08 15.01 0.0026 
 

AB  59.76 1 59.76 10.30 0.0083 
 

AC  2.66 1 2.66 0.4578 0.5126 
 

AD  44.65 1 44.65 7.70 0.0181 
 

AE  0.6170 1 0.6170 0.1063 0.7505 
 

BC  248.00 1 248.00 42.74 < 0.0001 
 

BD  33.39 1 33.39 5.76 0.0353 
 

BE  101.28 1 101.28 17.45 0.0015 
 

CD  6.01 1 6.01 1.04 0.3307 
 

CE  105.55 1 105.55 18.19 0.0013 
 

DE  40.25 1 40.25 6.94 0.0233 
 

2A  64.17 1 64.17 11.06 0.0068 
 

2B  129.85 1 129.85 22.38 0.0006 
 

2C  0.0666 1 0.0666 0.0115 0.9166 
 

2D  20.52 1 20.52 3.54 0.0868 
 

2E  39.91 1 39.91 6.88 0.0237 
 

Residual 63.83 11 5.80 
   

Lack of Fit 21.58 6 3.60 0.4257 0.8359 not significant 
Pure Error 42.24 5 8.45 

   

Cor Total 1424.05 31 
    

The plot of predicted % removal of naphthalene versus actual (experimental) values is depicted 
in Figure 2.  Herein, the data points are reasonably spread around the straight line, which 
indicates an excellent correlation the predicted and experimental values of % removal of 
naphthalene. 
3.3 Two–dimensional interactions of process variables 
 Figures 3a–3d show the 2–dimensional interactions of the process variables for % removal of 
naphthalene. The spherical, elliptical and curvature shapes portend a reasonable degree of 
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interaction of the process variables involved in the adsorption of naphthalene on the prepared 
bentonite clay–cetyltrimethylammonium bromide (CTAB)–chitosan matrix. 

 
Figure 2: Experimental values versus RSM predicted values of % removal of naphthalene 
 
 
 
 
 
 
 
 
 
 

                                                    (a)                                                                      (b) 

 

 

 

 

 

 

                                                         (c)                                                                                     (d) 

Figure 3: Two–dimensional diagram of the interaction of (a) contact time and adsorbent 
dosage, (b) initial pH of solution and temperature, (c) temperature and adsorbent dosage, and 
(d) initial concentration and temperature 

3.4 Three–dimensional interactions of process variables 
Figures 4a and 4b depict the respective three–dimensional diagram of the interaction of contact 
time and adsorbent dosage, and initial pH of solution and temperature.  In Figure 4a, other 
factors (initial concentration = 45 mg/L, temperature = 65oC and pH = 7) were held constant. 
Both interacting factors exhibit a synergetic effect on the response (% removal of naphthalene).  
It is observed that the percentage removal of naphthalene increases rapidly as the contact time 
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and adsorbent dosage increase.   This could be attributed to the availability of more active sites 
and sufficient contact time for the adsorbate uptake (Li et al., 2022).  The interaction of initial 
pH of solution and temperature gave a contrasting effect on the response.  There was a sharp 
increase in the percentage removal of naphthalene as the pH increases while a slight decrease 
was observed as the temperature increases, keeping other factors constant (initial concentration 
= 45 mg/L, adsorbent dosage = 0.75 g and contact time = 45 min) as depicted in Figure 4b. The 
slight decrease with temperature portends that the adsorption process is favoured at low 
temperature.  A similar result is reported by Albayati and Kalash (2020).  The increase with pH 
suggests the effect of deprotonation of the functional groups associated with chitosan in the 
adsorbent matrix. 
 

 
 
 
 
 
 
 
 
 
 
 
                                                    (a)                                                                                 (b)                                      
Figure 4: Three–dimensional diagram of the interaction of (a) contact time and adsorbent 
dosage, and (b) initial pH of solution and temperature 
 
Figures 5a and 5b show the three–dimensional diagram of the interaction between temperature 
and adsorbent dosage with the inclusion of the effect of initial concentration and temperature 
of adsorption.  Figure 5 shows a similar trend with Figure 4.  The interaction of temperature and 
adsorbent dosage displayed a converse effect on the percentage removal of naphthalene, as 
depicted in Figure 5a.  As the adsorbent dosage increases while the temperature decreases, the 
percentage removal of naphthalene increases on the premises that other factors remained 
constant (initial concentration = 45 mg/L, contact time = 45 min and pH = 7).  With the values of 
0.75 g of adsorbent dosage, 45 min of contact time and initial pH solution held constant, the 
interaction of initial concentration and temperature on the amount of naphthalene uptake is 
depicted in Figure 5b.  The effect clearly illustrates a reasonable degree of the naphthalene 
removed as the initial concentration increases with a corresponding decline in temperature. This 
is an indication that the percentage removal of naphthalene thrives more at low temperature, 
relatively high pH value, adsorbent dosage and increased period of contact between the 
adsorbate/adsorbent systems. 
3.5 Artificial neural network (ANN) 
The ANN algorithm was carried out in a MATLAB environment (MATLAB 2022a, MathWorks, Inc, 
MA, USA). The data were normalized to avoid the effect of wide range of parameters involved; 
to avert the problem of overfitting and to give room for the training of the network to reach 
convergence with least-mean square error.  The appropriate or optimized architectural network 
was obtained.  That is the suitable number of neutrons or hidden layers, activation function for 
the input and output layer and the training algorithms with the least training and validation error 
were ascertained.  The data was split into three parts for training (75%), testing (15%) and 
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validation (10%).  Ten hidden layers, tansig activation function for both input and output layer 
trained with Levenberg-Marquardt (trainlm) algorithm characterized the optimized network, 
which produced the least-mean square (MSE) value of 1.33 as depicted in Figure 6. 
 
 
 
 
 
 
 
 
 

 

 
 

 
           (a)                                                                                 (b) 

Figure 5: Three–dimensional diagram of the interaction of (a) temperature and adsorbent 
dosage, and (b) initial concentration and temperature of naphthalene 
 

 
Figure 6: Mean square values against hidden layers 
 
The regression plots give an insight of the anticipated outputs of any network after the training 

process.  With regards to the training process, the coefficient of determination, 2R , of 0.91054, 
0.99994 and 0.99998 were obtained for the training, validation and test, respectively, with an 
overall average value of 0.96699, as shown in Figure 7.  It is observed that the values are close 
to the 45o diagonal line, which indicates great proximity between the experimental and the 
network outputs.  
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Figure 7: Regression plot of training, validation, test and average result  
 
The weights and biases of the network of ANN is given in Table 6.   
Table 6: Weights and biases of the network of ANN–BP algorithm 

Neuron  1 2 3 4 5 6 7 8 9 10 

Input 1 (Wi1) -0.4625 -0.3591 6.2339 1.2553 2.7725 1.0138 0.7591 -5.2979 1.1132 -3.6926 

2 2.7524 0.2375 -0.2930 -0.5076 2.531 3.0974 1.9416 -0.4805 2.6861 2.0504 
3 1.5528 0.7349 1.7865 -0.0802 -3.1078 -2.6197 2.8457 1.3278 -0.3308 2.3517 
4 -0.3721 -0.3446 -4.3995 -3.8004 2.5958 3.8917 -0.6956 2.5186 2.3 0.5859 
5 1.2770 -0.9141 4.8591 -0.5848 4.3836 3.0893 -0.3946 -0.5363 0.5294 -2.3268 
Output weights 0.5162 0.2232 3.2208 0.4397 0.9806 0.7909 0.6778 0.9321 -1.3784 -4.4076 
Input bias, ib  2.9735 3.98 -7.3803 -2.4152 -2.0183 -8.4738 1.8722 -3.3142 -0.4147 -4.2890 

Output bias, jb    0.2331 

The weights and biases consist of input layers and output layers for specific number of neutrons.  
The empirical equation can be developed from the weights and biases obtained from the 
network as expressed in Eqs. 7–9 taking cognisance of the activation functions. 
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1

2
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                                                                                                          (8) 

where n  is the number of neurons. 

iiiiiii bxwxwxwxwxwE +++++= 5544332211                                                                                                (9)  

3.6 ANN–PSO Analysis 
For the hybrid ANN–PSO algorithm, the hidden layers were varied between 5 and 15 neutrons 
to achieve the best trained network. As depicted in Figure 8, nine hidden layers gave the best 
network configuration with least MSE value of 1.31. This was achieved when 

1c  is 1.5, 
2c  is 2.5, 

w  is 0.1350 within tolerance value of 0.0334 at maximum iteration of 1000.  Figure 8 shows the 

regression plot of the trained hybrid algorithm with 2R value of 0.98062.  However, for the ANN–
PSO algorithm, the weights and biases are presented in Table 7, and the empirical equation 
obtained is given in Eq. 10. 
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7654321 7769.02659.01112.11287.00797.12984.16561.0 FFFFFFFy PA −−+−++=−  

           98 6861.05135.0 FF −+                                                                                                                (10) 

where ii EF = . 

Table 7: Weights and biases of the network of ANN–PSO 
Neuron  1 2 3 4 5 6 7 8 9 

Input 1 (Wi1) -1.500 -1.5000 0.478 -1.5000 0.1479 -1.5000 -1.5000 -1.5000 -0.2975 

2 -0.5628 -1.5000 0.0269 -0.8231 0.6928 1.5000 0.3735 1.5000 -1.5000 
3 0.6640 0.7156 -0.0216 1.5000 -1.500 -0.2085 -0.7427 -1.5000 -1.5000 
4 0.7440 -1.4093 1.1186 1.5000 1.3998 1.5000 1.5000 1.5000 -1.1098 
5 -1.5000 -0.3758 0.2873 1.5000 1.5000 1.5000 1.5000 1.5000 1.5000 
Output weights -0.6561 1.2984 1.0797 -0.1287 1.1112 -0.2659 -0.7769 0.5135 -0.6861 
Input bias, ib  1.500 0.3396 -1.500 1.0493 -0.0377 -1.5000 0.4226 -1.5000 -1.4733 

Output bias, jb    1.500 

 
3.7 Model comparison 
The comparison between the experimental values and the predicted values of RSM–CCD, ANN–
BP and ANN–PSO models are shown in Figure 9.  Excellent agreements were achieved between 
the predicted and experimental values. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 8: Regression plot of trained hybrid    Figure 9: Comparison of the experimental values         
ANN–PSO algorithm                                            of % removal of naphthalene with the RSM–CCD,  
                                                                                  ANN–BP and ANN–PSO predicted values 
 
To ascertain the accuracy of the models and evaluate the most fitted to the experimental values 
of % removal of naphthalene, the various error functions were used.  Table 8 shows the values 
of the error functions computed for the RSM–CCD, ANN–BP and ANN–PSO models.  The results 
show clearly that ANN–PSO hybrid algorithm exhibits high generalization ability than RSM–CCD 
and ANN–BP algorithm due to the relatively low error functions’ values obtained.  The algorithm 
with the consistent lowest values depicts the most fitted (Yadav et al., 2022). 
3.8 Optimisation and validation 
The PSO like other meta heuristic algorithms runs as a minimisation approach.  For maximisation 
of the process variables, the objective function is an equivalent minimisation as given in Eq. 11. 

 )(1)( xynimisemixJ =                                                                                                                             (11) 

where )(xJ  is the objective function, x  the process variables solution vector

 ( )TEDCBA=  and )(xy  the output from the network. 
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Table 8: Error functions’ values of RSM-CCD, ANN-BP and ANN-PSO models 

Error functions Optimisation techniques 

RSM–CCD ANN–BP ANN–PSO 
2R  0.9531 0.9671 0.9803 

ARE  0.3114 0.2616 0.1997 
MPSD  0.0098 0.0067 0.0038 
RMSE  1.4122 1.2082 0.9364 

2  0.7941 0.5719 0.3382 

ERRSQ  63.8214 46.7139 28.0646 

MAPE  0.01246 0.0027 0.0040 

MPE  1.2477 0.7573 0.5956 

MAE  1.0094 0.6194 0.4971 

HYBRID  0.7885 0.5580 0.3259 
EABS  32.3000 19.8197 15.9970 

ARD  1.2459 0.7453 0.5845 

SEE  1.4585 1.2479 0.9672 
SRE  1.4825 1.2113 0.8892 
NSD  141.2239 120.8225 93.6475 
SEP  1.6955 1.4506 1.1243 

where 2R  the coefficient of determination,  ARE the average relative error, MPSD the 

Marquardt’s percent standard deviation, 2  the normalized chi-square function, ERRSQ the sum 

of error squares, MAPE the mean absolute percentage error, MPE the mean percentage error, 
MAE the mean absolute error, HYBRID the hybrid fractional error function, EABS the sum of 
absolute errors, ARD the absolute relative deviation percent, SEE the standard error of estimate, 
SRE the standard deviation of relative error, NSD the normalized standard deviation, RMSE the 
root mean square error, and SEP the standard error prediction. 
 
The high and low values of the variables serve as the upper and lower bounds respectively.  The 
parameters for optimisation include randomly initiated particles swarm size, )100(=n , 

acceleration coefficients or leaning constants, 21 =c  and 22 =c ,  initial and final weight values 

of 3.0=nmiw and 9.0=xmaw  respectively for maximum iteration, 1000=xmaI .  The weight, w , 

which controls how far a particle will move in a single iteration, I , that changes to improve the 
optimization performance is given in Eq. 12 (Narayanan et al., 2023). 

( )












 −
−=

nmi

xma

nmixma
I

II
www                                                                                                                   (12) 

The optimisation performance is reflected in the fitness value closely linked to MSE.  The fitness 
function versus iteration plot is shown in Figure 10. 
For the RSM-CCD technique, the design expert numerical optimisation option provides the 
optimum process variables for the developed Eq. 6 while the empirical Eqs. 7 and 10 for ANN-BP 
and ANN-PSO techniques respectively were optimized using the PSO algorithm. The results are 
presented in Table 9.  The validation recorded percentage error of 0.602, 0.472 and 0.40 for 
RSM–CCD, ANN–BP and ANN–PSO respectively. This further gives ANN-PSO an edge over RSM-
CCD and ANN-BP considered in this work. 
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                                         (a)                                                                    (b) 
Figure 10: Fitness function and iteration plot for (a) ANN–BP, and (b) ANN–PSO 
 
Table 9: Optimum condition, response and validation for the % removal of naphthalene 

Process 
variables 

A  
(mg/g) 

B  
(g) 

C  (min) D  
(oC) 

E  Predicted 
Value 

Validation 
Value 

RSM–CCD 72.30 0.780 60.00 35.00 8.23 98.99 99.59 
ANN–BP 75.00 0.25 75.00 35.00 7.00 99.10 99.57 
ANN–PSO 75.00 0.25 75.00 30.00 11.00 99.96 100 

 
4.0 CONCLUSION 
In this study, optimization studies of naphthalene adsorption on bentonite clay–CTAB–chitosan 
matrix were carried out using RSM–CCD, ANN–BP and ANN–PSO techniques.  The central 
composite design of experiment was carried out to investigate the effects of process variables 
on the % removal of naphthalene on the synthesized adsorbent matrix.  The ANOVA results show 

that adsorbent dosage (B ), temperature (D ) and pH (E ) are very significant while initial 

concentration ( A ) and contact time (C ) were observed to be insignificant for the adsorption of 
naphthalene on the synthesized bentonite clay–cetyltrimethylammonium bromide (CTAB)–
chitosan matrix.  The interactive terms of initial concentration and adsorbent dosage ( AB ),  
adsorbent dosage and pH ( BE ); contact time and pH (CE ), and temperature and pH (DE ) give 
a synergistic effect on the adsorption process alongside the square terms of initial concentration 

( 2A ), contact time ( 2C ), temperature ( 2D ) and pH ( 2E ).  The RSM–CCD, ANN–BP and ANN–
PSO adequately modelled the adsorption process of naphthalene on the synthesized matrix 
adsorbent. However, ANN-PSO shows superior generalisation ability when compared to that of 
RSM-CCD and ANN-BP on account of the values of the various error functions considered in 
addition to the percentage error of validation at the optimized process variables.  The matrix of 
bentonite clay–cetyltrimethylammonium bromide (CTAB)–chitosan adsorbent can thus be 
effectively used to treat hydrophobic organic compounds.  The limitation of this study is that the 
optimization studies carried out in this study are restricted to the adsorption of one of the 
recalcitrant PAHs (naphthalene) found in industrial wastewater.  The adsorbent employed in this 
study is a hybrid of bentonite clay, CTAB, and chitosan from Archachatina marginata shell 
wastes.  Hence, the results presented herein will not be applicable to other adsorbents, 
especially chitosan from other sources.  Moreover, the model equations and optimum conditions 
obtained herein for percentage removal of naphthalene are inapplicable to other types of PAHs. 
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