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ABSTRACT: 
The adsorption kinetics of acetic acid from aqueous solution onto raw and activated baobab (RB, 
AB) and tamarind (RT, AT) biosorbents of Dhofar were systematically investigated to evaluate 
the influence of biosorbent activation on adsorption performance and mechanism. Experimental 
data were analyzed using linear forms of eight kinetic models, including pseudo-first order 
(PFO), pseudo-second order (PSO), Elovich (EV), Brouers-Sotolongo (BS), Weibull (WB), Hill 
(HL), intra-particle diffusion (IPD), and Boyd (BY) models. Model performance was assessed 
through comprehensive error analytical parameters, including sum of squared errors (SSE), mean 
squared sum of errors (MSSE), standard error (SE), average absolute relative deviation (AARD), 
determination coefficient (R2) and correlation coefficient (R), chi-square test (χ²), and bias (b) 
factor. Among the adsorption kinetic models, the PSO and BS models demonstrated superior 
agreement with experimental data for most biosorbents, as evidenced by lower SSE and AARD 
values, highlighting the dominant chemisorption and heterogeneous adsorption behavior. 
Diffusion models, such as the IPD and BY models, revealed that adsorption was partly controlled 
by both boundary layer effects and intra-particle diffusion, with diffusion playing a more 
significant role in raw biosorbents. Activation of the biosorbents enhanced adsorption capacity 
and modified the kinetics, suggesting increased availability of active sites and improved surface 
accessibility. These findings demonstrate that error analysis based on kinetic models provides a 
robust framework for evaluating adsorption performance and mechanism.  
Keywords: Adsorption, Acetic acid, Baobab, Tamarind, Kinetics, Diffusion  
 
INTRODUCTION: 
Wastewater is a byproduct of domestic, industrial, and agricultural activities and contains a wide 
range of physical, chemical, and biological contaminants. If released into the environment 
without proper treatment, wastewater can severely affect aquatic and terrestrial life [1]. High 
levels of organic matter consume dissolved oxygen during degradation, leading to oxygen 
depletion in water bodies, which threatens fish and other aquatic organisms [2]. Toxic substances, 
nutrients, and pathogens present in wastewater can disrupt ecosystems, spread diseases, and 
contaminate drinking water sources, ultimately posing risks to human health and food security 

[3,4]. 
 
Organic acids are common constituents of wastewater, especially from food processing, 
pharmaceutical, textile, and fermentation-based industries. These acids, such as acetic, formic, 
lactic, and propionic acids, contribute significantly to the chemical oxygen demand (COD) and 
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biological oxygen demand (BOD) of wastewater[5,6]. High concentrations of organic acids can 
lower pH levels, making the wastewater corrosive and harmful to biological treatment systems[7]. 
Acidic conditions may inhibit microbial activity, reduce treatment efficiency, and cause damage 
to pipes, reactors, and infrastructure. Additionally, organic acids can increase the solubility and 
mobility of heavy metals, intensifying their toxic effects on living organisms[8,9]. 
 
Several treatment methods are used to remove or reduce organic acids in wastewater[7]. 
Biological treatment processes, such as activated sludge systems and anaerobic digestion, are 
commonly applied due to their cost-effectiveness and ability to degrade biodegradable organic 
acids. However, these methods can be sensitive to pH fluctuations and high organic loading 
rates[10]. Physicochemical methods, including chemical neutralization, membrane filtration, 
advanced oxidation processes, and adsorption, are also employed, especially when wastewater 
contains high-strength or non-biodegradable organic acids[11]. The selection of treatment method 
depends on wastewater characteristics, regulatory standards, and economic considerations[12,13]. 
 
Adsorption has gained significant attention as an effective wastewater treatment technique due 
to its simplicity, flexibility, and high removal efficiency. This method involves the accumulation 
of pollutants onto the surface of a solid adsorbent, such as activated carbon, biochar, zeolites, or 
modified natural materials[14,15]. Adsorption is particularly beneficial for treating wastewater with 
low to moderate concentrations of organic acids and for polishing effluents after biological 
treatment. It does not produce harmful byproducts, requires relatively simple operation, and can 
be adapted for different types of contaminants by selecting appropriate adsorbents[16,17]. In this 
context, the Dhofar region of Oman is rich in naturally abundant and renewable biomass and 
mineral resources, which remain largely underutilized for environmental applications[18,19]. 
Utilizing such locally available materials as adsorbents offers a sustainable and cost-effective 
alternative to commercial products while supporting region-specific wastewater treatment 
solutions[20-22]. 
 
The effectiveness of adsorption processes is strongly influenced by contact time, adsorbent 
dosage, pollutant concentration, and system conditions. Therefore, kinetic modelling of 
adsorption plays a crucial role in wastewater treatment design and optimization[23,24]. Kinetic 
models help describe the rate of adsorption, identify the controlling mechanisms, and predict 
system performance under different operating conditions[25,26]. Understanding adsorption kinetics 
allows engineers to design efficient treatment units, minimize costs, and ensure compliance with 
environmental regulations. Consequently, kinetic modelling is essential for advancing 
adsorption-based technologies and improving sustainable wastewater treatment practices[27-30]. 
 
Recent research demonstrates diverse approaches to acetic acid adsorption across polymeric, 
environmental, carbonaceous, metallic, and zeolitic systems, highlighting the importance of 
surface chemistry and intermolecular interactions[31-33]. Polymeric ion-exchange resins have been 
shown to be highly effective for removing organic acid impurities from non-aqueous 
solvents[34,35]. Anasthas and Gaikar (2001) reported that styrene–divinylbenzene resins 
functionalized with tertiary and quaternary amines exhibited high selectivity and adsorption 
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capacity for acetic acid in ethyl acetate and ethanol. This behavior was attributed to specific 
hydrogen-bonding interactions between acetic acid and amino groups, underscoring the 
suitability of ion-exchange resins for solvent purification applications. Also, at environmental 
interfaces, adsorption of acetic acid on ice has been investigated using combined experimental 
and molecular simulation methods[36]. Picaud et al. (2005) demonstrated that acetic acid adsorbs 
on ice predominantly as dimers in the gas phase, with adsorption increasing at lower 
temperatures. Molecular dynamics simulations revealed that strong surface interactions can 
dissociate dimers, stabilizing monomeric species on the ice surface. These findings provide 
mechanistic insights relevant to atmospheric and surface chemistry[37].  
 
Low-cost adsorption strategies have also been explored using agricultural waste–derived 
activated carbons. Dina et al. (2012) showed that zinc chloride–activated maize cob carbons 
possess favorable surface properties and adsorption capacities comparable to commercial 
carbons. Adsorption data fitted multiple isotherm models, confirming favorable sorption and 
highlighting the role of surface area and pore structure. Moreover, surface science studies have 
further elucidated acetic acid behavior on metals[38]. Hofman et al. (2020) found that acetic acid 
adsorbs molecularly on Ni(110) at low temperatures, while higher temperatures promote 
dissociation to bidentate acetate species and subsequent decomposition. These processes depend 
strongly on coverage and temperature, with implications for catalytic reactions. Finally, 
adsorption on acidic zeolites has been examined using spectroscopic and theoretical tools[39] 
Gomes et al. demonstrated that acetic acid adsorbs molecularly on H-Beta zeolite, primarily via 
carbonyl interaction with Brønsted acid sites, forming stable complexes relevant to esterification 
catalysis[40]. Overall, these studies highlight the versatility of adsorption mechanisms for acetic 
acid and the critical influence of surface functionality, temperature, and molecular configuration 
across applications. 
 
Although extensive studies have explored the adsorption of organic acids, particularly acetic acid, 
on diverse materials such as ion-exchange resins, activated carbons, metals, ice surfaces, and 
zeolites, most existing investigations are either focused on non-aqueous systems, atmospheric or 
surface chemistry, or catalytic applications rather than realistic wastewater matrices[17,33,39]. 
Moreover, many adsorption studies emphasize equilibrium behavior and mechanistic surface 
interactions, with comparatively limited attention given to adsorption kinetics under aqueous, 
pH-variable, and multicomponent wastewater conditions[34,35]. The dynamic influence of 
operational parameters on adsorption rates, rate-controlling mechanisms, and process scalability 
remains insufficiently understood, especially for low-cost or sustainable adsorbents intended for 
wastewater treatment. Additionally, the integration of kinetic modeling with practical wastewater 
treatment objectives has not been comprehensively addressed. The novelty of the present study 
lies in systematically investigating the adsorption kinetics of organic acids in aqueous wastewater 
systems using an appropriate adsorbent under controlled yet environmentally relevant conditions. 
By combining experimental adsorption data with kinetic modeling, this work aims to elucidate 
the dominant mass-transfer and surface-reaction mechanisms governing organic acid removal. 
Such an approach bridges the gap between fundamental adsorption studies and applied 
wastewater treatment design, providing insights necessary for optimizing adsorption units and 
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enhancing process sustainability.  
 
From the above analysis of literature and research gap, the aim of the present study is to remove 
acetic acid from its aqueous solution using biosorbents prepared from waste baobab and tamarind 
trees in Dhofar. The objectives are as follows: (i) To prepare raw and activated biosorbents from 
waste baobab and tamarind trees in Dhofar; (ii) To investigate the effect of time on adsorption 
capacity for removal of acetic acid from its aqueous solution using raw and activated biosorbents 
from waste baobab and tamarind trees in Dhofar; and (iii) To analyze mechanistic kinetic models, 
pseudo-first order (Lagergren), pseudo-second order, Elovich, Brouers-Sotolongo, Weibull, Hill, 
Boyd, and intra-particle diffusion models, for adsorption of acetic acid on biosorbents. 
 
MATERIALS AND METHODS: 
Materials: 
All chemicals used were of analytical grade and employed without further purification. Glacial 
acetic acid (≥99%, Sigma-Aldrich) was used to prepare the adsorbate solutions. Distilled water 
was used for all solution preparations and washing steps. Raw and activated biosorbents were 
prepared from locally sourced materials of Dhofar. 
 
Preparation of adsorbate: 
A 1.0 M acetic acid stock solution was prepared by diluting analytical-grade glacial acetic acid 
with distilled water. Specifically, 28.5 mL of acetic acid was accurately measured using a 
calibrated volumetric pipette and transferred into a 500 mL volumetric flask. Distilled water was 
then added gradually to the flask until the final volume reached 500 mL, corresponding to a total 
of 471.5 mL of water. The solution was thoroughly mixed to ensure homogeneity and 
subsequently used as the adsorbate for all adsorption experiments. Required working solutions 
of lower concentrations were prepared by appropriate dilution of the stock solution with distilled 
water prior to use. 
 
Preparation of raw and activated baobab and tamarind biosorbents: 
Raw biosorbents were prepared from dried leaves of baobab (Adansonia digitata) and tamarind 
(Tamarindus indica) of Dhofar collected from Wadi Hanna and Taqah, respectively, in Dhofar 
governorate, Oman. The collected leaves were first air-cleaned separately to remove adhering 
dust and surface impurities and subsequently sun-dried for five days to ensure complete moisture 
removal. After drying, unwanted materials such as petioles, bark fragments, and other foreign 
matter were manually removed[20,41]. The cleaned leaves were ground using a domestic blender 
to obtain fine powder. The ground materials were sieved through a 1.0 mm mesh screen, and the 
fractions passing through the sieve were collected as raw biosorbents and stored in airtight 
containers for further use. The coarse fractions retained on the sieve were discarded. 
 
Chemical activation of both raw biosorbents was carried out using sulfuric acid. For each 
material, 25 g of the raw biosorbent powder was mixed with 75 mL of 4.0 M sulfuric acid to 
form a homogeneous paste. The mixture was allowed to stand for 1 h to facilitate chemical 
activation[42]. Following activation, the biosorbents were thoroughly washed with distilled water 
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until the washings were free of excess acid. The washed materials were then sun-dried for five 
days to ensure complete removal of moisture. After drying, the final masses of the activated 
baobab and tamarind biosorbents were recorded and the materials were used in subsequent 
adsorption experiments. The yield of each activated biosorbent was calculated as the ratio of the 
final dried mass to the initial mass of the corresponding raw biosorbent, as given in Equation (1). 
Yield % = !"##	%&	"'()*"(+,	-)%#%.-+/(	

!"##	%&	."0	1%0,+.	
	× 100       (1) 

 
Effect of contact time on adsorption capacity for acetic acid removal from its aqueous 
solution using raw and activated baobab and tamarind biosorbents: 
Batch adsorption experiments were conducted to investigate the effect of contact time on the 
removal of acetic acid using raw and activated baobab and tamarind biosorbents. Standard 
solutions of acetic acid were prepared by diluting their 1.0 M stock solutions with distilled water 
to obtain the desired concentrations in 50 mL aliquots placed in four separate 250 mL conical 
flasks[43]. A fixed mass of biosorbent (0.1 g) was added to each flask, corresponding to raw 
baobab (RB), activated baobab (AB), raw tamarind (RT), and activated tamarind (AT) 
biosorbents. The mixtures were agitated on a magnetic stirrer at 150 rpm at room temperature 
(~25 °C) for predetermined time intervals. At each time interval of 2 min, 10 mL of the 
supernatant was withdrawn, filtered through Whatman No. 42 filter paper to remove suspended 
biosorbent particles, and analyzed for residual acetic acid concentration using a UV–Vis 
spectrophotometer at 210 nm. The experiments were repeated until equilibrium was reached, as 
indicated by no significant change in the measured concentration of acids. All measurements 
were performed in triplicate to ensure reproducibility. The residual concentrations obtained from 
UV–Vis analysis were used to calculate the adsorption capacity at any time t (qt), as given in 
Equation (2). 
𝑞( =

(3!4	3"	)	6
7

		  (2) 
where, C0 and Ct are the initial and time-dependent concentrations of the acid (mol.L−1), V is the 
volume of the solution (L), and m is the mass of the biosorbent (g). This procedure allowed 
systematic evaluation of the adsorption kinetics and comparison of the performance of raw versus 
activated biosorbents. Kinetic studies were performed by monitoring the change in acetic acid 
concentration at various contact times.  
 
Analytical method for residual acetic acid in aqueous solution: 
The residual concentration of acetic acid in aqueous solutions after adsorption was determined 
using a UV–Vis spectrophotometer (Model: UV-1800, Shimadzu) at a wavelength of 210 nm, 
which corresponds to the characteristic absorption of the carboxyl group. Prior to analysis, 
samples were filtered through Whatman No. 42 filter paper to remove any suspended biosorbent 
particles[44]. A calibration curve was prepared using standard acetic acid solutions of known 
concentrations ranging from 0.1 to 1.0 M. Each standard solution was measured in triplicate, and 
the absorbance was plotted against concentration to obtain a linear calibration curve with a 
correlation coefficient (R²) above 0.995. Sample absorbances were then measured under identical 
conditions, and their concentrations were determined from the calibration curve. All 
measurements were conducted at room temperature (~25 °C). For quality control, blank samples 
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containing only distilled water were analyzed to account for baseline absorbance, and all readings 
were corrected accordingly. 
 
Kinetic models used in the adsorption of acetic acid from its aqueous solution using raw 
and activated biosorbents from waste baobab and tamarind trees in Dhofar: 
Pseudo-first order (PFO) model 
The pseudo-first order (Lagergren) kinetic model assumes that the adsorption rate is proportional 
to the number of unoccupied sites on the biosorbent surface and is mainly applicable to physical 
adsorption at the initial stage, as shown in Equation (3): 

log(𝑞+ − 𝑞() = log 𝑞+ − -
8#

9.;<;
. 𝑡 (3) 

where, qe is equilibrium adsorption capacity (mol.g-1), K1 is pseudo-first order rate constant 
(min-1), and t is time (min)[35]. 
  
Pseudo-Second order model 
The pseudo-second-order kinetic model assumes that the adsorption rate is controlled by 
chemical interactions between the adsorbate and the biosorbent and depends on the availability 
of active sites, as shown in Equation (4): 
(
="
=	 >

8$=%$
+	 >

=%
	𝑡  (4) 

where, K2 is pseudo-second order rate constant (mol-1.g-1.min-1)[35]. 
 
 Elovich model 
The Elovich model is used to describe adsorption processes on energetically heterogeneous 
surfaces where the activation energies vary for different adsorption sites. The model is 
represented by Equation (5): 
𝑞( =

?/(@A)
A

+ ?/ (
A

  (5) 

ln 𝑡 = 𝑞(𝛽 − 𝑙𝑛(𝛼𝛽) 
where, a is initial adsorbate adsorption rate (mol∙g−1∙min−1), b is adsorption constant (g∙mol−1), 
Initial adsorption rate (α) and adsorption constant (β) can be evaluated from a linear plot of qt 
versus ln t[35]. 
 
Brouers-Sotolongo fractal kinetic model 
The Brouers-Sotolongo fractal kinetic model is used to describe adsorption processes occurring 
on heterogeneous surfaces, such as nanomaterials, where complex geometric and energetic 
factors influence sorption kinetics. The model is expressed as shown in Equation (6):  
𝑞( =	𝑞+(1 − exp(−𝑘𝑡)")  (6) 
where, n is apparent reaction order, k is rate constant (min-1), a is global fractal time index due 
to supposed fractal diffusion and sorption kinetics arising from geometric and energetic 
heterogeneity of adsorbent[45,46]. 
 
Weibull kinetic model 
The Weibull kinetic model is commonly used to describe adsorption processes on heterogeneous 
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surfaces and systems with complex sorption kinetics. The model is expressed as shown in 
Equation (7): 

𝑞( =	𝑞+ -1 − exp -−
(
B
.
"
.  (7) 

where 𝜏C<% = 		𝜏(ln 2)>/", τ50% represents the time required to adsorb one-half of the maximum 
adsorbed quantity[47]. 
 
Hill kinetic model 
The Hill kinetic model describes adsorption processes on heterogeneous surfaces, particularly 
when cooperative effects influence the rate of adsorption, as shown in Equation (8): 

𝑞( =	𝑞+ -
((/B)&

>F((/B)&
.  (8) 

where, 𝜏 = 	 (𝑘9	,"=')
4>/" and 𝜏C<% = 𝜏[47].  

 
Intra-particle diffusion model: 
The intra-particle diffusion model (Weber-Morris model) is used to identify whether diffusion 
within the pores of the adsorbent is the rate-limiting step in the adsorption process. The model is 
expressed in Equation (9) as: 
𝑞( =	𝐾HIJ	𝑡>/9	 + 𝐶   (9) 
where KIPD is intra-particle diffusion constant (mol∙g−1.min-1/2), 𝐶 = Thickness of boundary layer 
(mol.g-1)[47]. 
 
Boyd model 
The Boyd model is used to determine the rate-controlling step in adsorption processes, 
distinguishing whether external mass transfer or internal diffusion is the slow step, as shown in 
Equation (10): 
𝐵( = 𝐵𝑡 = −0.4977 − ln -1 − ="

=%
.  (10) 

where B is Boyd rate constant[47]. 
 
Error analytical parameters for kinetic modelling of adsorption of acetic acid using raw 
and activated baobab and tamarind biosorbents: 
In kinetic modelling of adsorption processes, statistical error analysis is essential to evaluate the 
adequacy, reliability, and predictive capability of proposed kinetic models. For the adsorption of 
acetic acid onto raw and activated baobab and tamarind biosorbents, error analytical parameters 
are used to quantify the deviation between experimentally observed values and model-predicted 
values. These parameters provide insight into goodness-of-fit, model accuracy, and consistency, 
thereby supporting the selection of the most appropriate kinetic model[48,49]. 
 
Residual or error sum of squares (absolute) 
Residual or error sum of squares (SSE), as given in Equation (11), measures the total squared 
deviation between experimental observations and model predictions. It directly reflects the 
overall discrepancy of the kinetic model from experimental data. Lower SSE values indicate a 
better fit of the kinetic model to experimental adsorption data. 
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𝑆𝑆𝐸 = ∑ (𝑌% − 𝑌1)9/
)K>  (11) 

where Yo and Yp are experimental and predicted values of adsorption capacity[49]. 
 
Error variance of the estimate (MSSE) 
Error variance of the estimate (MSSE), as given in Equation (12), represents the average squared 
error per degree of freedom and accounts for the number of fitted parameters in the model. It 
provides a normalized measure of model error. Smaller MSSE values signify higher model 
precision and reliability. 
𝑀𝑆𝑆𝐸 = LLM

/41
 (12) 

where n is number of experimental data considered for analysis, and p is number of model 
parameters[49]. 
 
Standard error of the estimate (SE) 
Standard error of the estimate (SE), as given in Equation (13), indicates the dispersion of 
experimental data points around the predicted values and is expressed in the same units as the 
response variable. Lower SE values suggest closer agreement between experimental and 
predicted adsorption kinetics[49]. 

𝑆𝐸 = HLLM
/41

 (13) 

 
Absolute average deviation (AARD) 
Absolute average deviation (AARD), as given in Equation (14), evaluates the average relative 
deviation between experimental and predicted values, making it particularly useful for comparing 
models across different data scales. Lower AARD values (typically < 10%) indicate excellent 
model performance[49]. 

𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒	𝑎𝑣𝑒𝑟𝑎𝑔𝑒	𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛	𝐴𝐴𝑅𝐷 = >
/
∑ |O(4O)|

O(
/
)K>  (14) 

 
Determination coefficient (R2) 
Determination coefficient (R2), as given in Equation (15), quantifies the proportion of variance 
in the experimental data explained by the kinetic model. It is a primary indicator of goodness-of-
fit. R² values closer to 1 indicate superior model accuracy[49]. 

𝐷𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛	𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡	𝑅9 =
∑ (O)4OQ))$*
+,#

∑ (O)4OQ))$*
+,# F∑ (O(4O)$*

+,#
 (15) 

 
Correlation coefficient (R) 
Correlation coefficient (R), as given in Equation (16), measures the strength of the linear 
relationship between experimental and predicted adsorption data. R values approaching unity 
indicate strong correlation and good predictive capability[49]. 

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛	𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡	𝑅 = H
∑ (O)4OQ))$*
+,#

∑ (O)4OQ))$*
+,# F∑ (O(4O)$*

+,#
 (16) 

 
Chi-square (c2) test  



109 International Journal of Cognitive Computing in Engineering 6 (2) (2025) 

 

 

The chi-square (c2), as given in Equation (17),  test evaluates the statistical significance of the 
difference between observed and predicted values, weighted by the experimental values. Lower 
χ² values indicate minimal deviation and a better fit between the kinetic model and experimental 
data[49]. 

𝐶ℎ𝑖 − 𝑠𝑞𝑢𝑎𝑟𝑒	𝜒9 = ∑ (R+4M+)$
*
+,#

M+
 (17) 

 
Bias 
Bias), as given in Equation (18), assesses the systematic tendency of a model to overpredict or 
underpredict experimental adsorption data. A bias value close to 1 indicates negligible systematic 
error and unbiased model predictions[49]. 
𝐵𝑖𝑎𝑠	𝑏 = 𝑒𝑥𝑝(>

/
∑ ln	(O(

O-
/
)K> )) (18) 

RESULTS AND DISCUSSION: 
Biosorbent yield: 

Table 1. Yield of activated biosorbents from raw powder for baobab and tamarind 
Source of 

biosorbent 
Mass of raw 
powder (g) 

Mass of activated 
biosorbent (g) 

Yield (%) 

Baobab  25 11.11 44.44 
Tamarind  25 14.00 56.00 

 
Table 1 shows the yield of activated biosorbents derived from two sources: Baobab and 
Tamarind. Yield represents the efficiency of converting raw biosorbent into its activated form, 
quantified as a percentage of the total mass of the original raw material used. The data indicates 
that for every 25 grams of raw baobab powder, 11.11 grams of activated biosorbent were 
produced, resulting in a yield of 44.44%. The yield shows moderate efficiency of conversion 
from raw powder to activated biosorbent. Similarly, for tamarind, 25 grams of raw powder 
resulted in 14.00 grams of activated biosorbent, giving 56% yield. Tamarind is a more efficient 
biosorbent source, yielding a higher percentage of activated material compared to baobab. 
 
Effect of contact time on adsorption capacity for acetic acid removal from its aqueous 
solution using raw and activated biosorbents from waste baobab and tamarind trees: 
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Figure 1. Effect of contact time on adsorption capacity for acetic acid removal from its 

aqueous solution using raw and activated biosorbents from waste baobab and tamarind 
trees (AB: Activated baobab, AT: Activated tamarind, RB: Raw baobab, RT: Raw 

tamarind) 
 

Figure 1 shows the effect of time on adsorption capacity of raw and activated baobab and 
tamarind biosorbents for removal of acetic acid from its aqueous solution. Adsorption capacity 
increases gradually with the contact time. After 2 min, the capacity increases to 0.112, 0.094, 
0.063, and 0.030 mol/g, respectively, for AB, AT, RB and RT, indicating that the biosorbent 
quickly starts to capture acetic acid within the first few minutes, and further increasing to 0.333, 
0.252, 0.224, and 0.083 mol/g, respectively, at 10 min[20]. As time continues, from 10 to 20 min, 
the adsorption capacity reaches equilibrium during this period at 0.353, 0.259, 0.244, and 0.087 
mol/g, respectively, at 14, 12, 14, and 12 min, for AB, AT, RB, and RT. The initial rapid increase 
means that the biosorbent is very effective at adsorbing acetic acid in the early stages. After about 
10 min, the increase slows down, suggesting that most of the available adsorption sites are filled. 
The biosorbents are effective in removing acetic acid in the order of AB>AT>RB>RT. The more 
rapid adsorption of acetic acid by baobab biosorbents compared to tamarind is likely due to 
higher surface area, greater porosity, and a larger number of accessible functional groups on 
baobab, which provide more active sites for binding acetic acid molecules. Additionally, the 
chemical composition of baobab, rich in hydroxyl and carboxyl groups, enhances interactions 
with acetic acid through hydrogen bonding and electrostatic attraction, resulting in faster uptake 
and higher adsorption capacity relative to tamarind[21]. 
 
Kinetic models used in the adsorption of acetic acid using raw and activated baobab and 
tamarind biosorbents: 
Table 2 shows the kinetic model parameters for the adsorption of acetic acid onto raw and 
activated baobab and tamarind biosorbents, obtained by fitting the experimental data to various 
kinetic and diffusion models. Kinetic modeling is an essential tool for understanding the 
adsorption mechanism, adsorption rate, and rate-controlling steps of pollutants onto biosorbents. 
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In this study, the adsorption behavior of acetic acid was analyzed using pseudo-first-order (PFO) 
and pseudo-second-order (PSO) models to determine whether physisorption or chemisorption 
governs the process. The Elovich (EV) model was applied to describe adsorption on energetically 
heterogeneous surfaces, while the Brouers–Sotolongo (BS) and Weibull (WB) models were used 
to account for surface heterogeneity and fractal-like adsorption kinetics. The Hill (HL) model 
provided insight into cooperative adsorption behavior among active sites. In addition, the 
intraparticle diffusion (IPD) and Boyd (BY) models were employed to evaluate the contribution 
of pore diffusion and boundary layer resistance to the overall adsorption rate. The combined 
application of these models enables a comprehensive understanding of the adsorption 
mechanism, kinetic efficiency, and the effect of biosorbent activation on acetic acid removal. 
 

Table 2. Model parameters in the adsorption kinetics of acetic acid using raw and 
activated baobab and tamarind biosorbents 

Model Parameters AB AT RB RT 

PFO K1 (min-1) 
qe (mol/g) 

0.6798 
0.4258 

0.6893 
0.3053 

0.4756 
0.2858 

0.9164 
0.1234 

PSO K2 (mol.L-1min-1) 
qe (mol/g) 

2.0077 
0.4475 

1.3487 
0.3347 

3.5491 
0.3981 

0.3341 
0.1013 

EV 
a (mol∙g−1∙min−1) 

b (g∙mol−1) 
8.7575 
0.1077 

12.215 
0.0773 

10.751 
0.0920 

41.330 
0.0237 

BS a 
k (min-1) 

1.2799 
0.1625 

1.2652 
0.1878 

1.3449 
0.1259 

1.2454 
0.1826 

WB 
a 

t (min) 
1.2799 
6.1538 

1.2652 
5.3248 

1.3449 
7.9428 

1.2454 
5.4764 

HL t (min) 
a 

2.9700 
2.1300 

2.7300 
2.2300 

3.3500 
2.0900 

2.8200 
2.1400 

IPD KIPD (mol∙g−1.min-1/2) 

C (mol.g-1) 
0.0839 
0.0265 

0.0628 
0.0257 

0.0649 
0.0021 

0.0196 
0.0097 

BY B (min-1) 0.2045 0.2153 0.1300 0.2809 
 
The PFO rate constant (k1) represents the rate of adsorption governed primarily by physical 
interaction and external mass transfer. The relatively higher k1 value for RT indicates a faster 
initial uptake of acetic acid, while lower values for RB suggest slower surface interaction. 
However, PFO alone does not adequately describe the entire adsorption process, as it generally 
underestimates equilibrium adsorption capacity. 
 
The PSO rate constant (k2) and calculated equilibrium adsorption capacity (qe) indicate that 
chemisorption is the dominant rate-controlling mechanism. The higher k2 values for RB and AB 
suggest stronger adsorbate–adsorbent interactions. The good agreement of qe values confirms 
that adsorption proceeds mainly through electron sharing or exchange between acetic acid and 
surface functional groups. 
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The Elovich parameters α (initial adsorption rate) and β (desorption constant related to surface 
heterogeneity) indicate multilayer adsorption on energetically heterogeneous surfaces. Higher α 
values, especially for RT, reflect rapid initial adsorption, whereas lower β values indicate stronger 
surface binding and lower desorption tendency. 
 
The BS model describes adsorption kinetics on highly heterogeneous and fractal surfaces. The 
parameter a represents the fractal time exponent related to surface heterogeneity, while the rate 
constant k reflects adsorption intensity. Comparable a values across biosorbents indicate similar 
heterogeneity, while higher k values for AT and RT suggest enhanced adsorption rates due to 
surface activation or pore accessibility. 
 
In the Weibull model, the shape parameter a characterizes the distribution of adsorption sites, 
while the scale parameter τ represents the characteristic adsorption time. Lower τ values for AT 
and RT indicate faster adsorption kinetics, confirming improved surface reactivity and mass 
transfer compared to raw biosorbents. 
 
The Hill constant (τ) reflects the time required to reach half of the adsorption capacity, while the 
Hill coefficient (a) indicates cooperative adsorption behavior. Values of a>1 for all biosorbents 
suggest positive cooperativity, implying that adsorption of acetic acid molecules enhances 
subsequent adsorption on neighboring sites. 
 
The intraparticle diffusion coefficient (KIPD) quantifies the diffusion rate of acetic acid within 
biosorbent pores, while the intercept C indicates boundary layer thickness. The non-zero C values 
for all biosorbents confirm that intraparticle diffusion is not the sole rate-limiting step and that 
film diffusion contributes significantly to adsorption kinetics. 
 
The Boyd constant (B) is used to distinguish between film diffusion and particle diffusion 
control. Higher B values for RT and AT indicate faster mass transfer, suggesting that film 
diffusion dominates the initial adsorption stage, followed by intraparticle diffusion at later stages. 
 
Considering each adsorbent, Adsorption of acetic acid on AB is dominated by chemisorption on 
a heterogeneous surface, as supported by PSO, Elovich, BS, and Hill models. Diffusion effects 
contribute but do not control the overall rate. AT exhibits rapid adsorption kinetics and strong 
chemisorptive interaction, with lower Weibull characteristic times and higher Brouers–
Sotolongo rate constants. The mechanism involves surface-controlled adsorption enhanced by 
activation-induced porosity. RB shows chemisorption with significant intraparticle diffusion 
resistance, indicated by lower diffusion constants and higher characteristic times. The adsorption 
process is governed by mixed control involving surface reaction and pore diffusion. RT 
demonstrates fast initial uptake but lower equilibrium capacity, suggesting film diffusion–
assisted chemisorption. Higher Elovich α and Boyd B values indicate strong surface activity with 
diffusion limitations due to lack of activation. 
 
The kinetic analysis confirms that chemisorption on heterogeneous surfaces is the primary 
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mechanism for acetic acid adsorption across all biosorbents, while film diffusion and intraparticle 
diffusion act as secondary controlling steps. Activation significantly enhances adsorption rate, 
surface heterogeneity, and mass transfer efficiency. 
 
Error analytical parameters for kinetic modelling of adsorption of acetic acid using raw 
and activated baobab and tamarind biosorbents: 
Error analysis is essential for evaluating the adequacy of kinetic models in describing acetic acid 
biosorption onto raw and activated baobab and tamarind biosorbents (AB, AT, RB, and RT). 
Statistical error functions such as SSE, MSSE, SE, AARD, χ², together with correlation indicators 
(R² and R), were employed to assess the goodness of fit and predictive reliability of different 
kinetic models (Table 3). Models with lower error values and higher correlation coefficients are 
considered more suitable for describing the experimental data. 
 

Table 3. Error analytical parameters in kinetic modeling of acetic acid using raw and 
activated baobab and tamarind biosorbents 

Model Error 
parameters AB AT RB RT 

PFO 

SSE 
MSSE 

SE 
AARD 

R2 
R 
c2 
b 

0.2094 
0.0233 
0.1525 
0.5963 
0.9712 
0.9855 
0.5146 
0.6530 

0.1027 
0.0114 
0.1068 
0.5234 
0.9887 
0.9943 
0.3368 
0.6776 

0.2943 
0.0327 
0.1808 
1.0527 
0.9857 
0.9928 
0.8218 
0.5117 

0.0088 
0.0010 
0.0313 
0.4816 
0.9184 
0.9583 
0.0935 
0.7043 

PSO 

SSE 
MSSE 

SE 
AARD 

R2 
R 
c2 
b 

0.1031 
0.0115 
0.1070 
0.4246 
0.9759 
0.9879 
0.2959 
0.7255 

0.0134 
0.0015 
0.0386 
0.1916 
0.9907 
0.9953 
0.0627 
0.8473 

0.2680 
0.0298 
0.1726 
1.0640 
0.9759 
0.9879 
0.7721 
0.5225 

0.0230 
0.0026 
0.0506 
0.6603 
0.9774 
0.9886 
0.9859 
3.0573 

EV 

SSE 
MSSE 

SE 
AARD 

R2 
R 
c2 
b 

0.1563 
0.0174 
0.1298 
0.5105 
0.9736 
0.9867 
0.4053 
0.6893 

0.0581 
0.0065 
0.0727 
0.3575 
0.9897 
0.9948 
0.1998 
0.7625 

0.2812 
0.0313 
0.1767 
1.0584 
0.9808 
0.9904 
0.7970 
0.5171 

0.0159 
0.0018 
0.0410 
0.5710 
0.9479 
0.9736 
0.5397 
1.8808 

BS SSE 0.0355 0.0227 0.0693 0.0011 
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MSSE 
SE 

AARD 
R2 
R 
c2 
b 

0.0039 
0.0628 
0.1590 
0.9941 
0.9970 
0.0863 
0.8944 

0.0025 
0.0503 
0.1734 
0.9952 
0.9976 
0.0726 
0.8718 

0.0077 
0.0877 
0.3099 
0.9954 
0.9977 
0.1998 
0.7811 

0.0001 
0.0113 
0.1201 
0.9919 
0.9959 
0.0124 
0.9320 

WB 

SSE 
MSSE 

SE 
AARD 

R2 
R 
c2 
b 

0.0355 
0.0039 
0.0628 
0.1590 
0.9941 
0.9970 
0.0863 
0.8944 

0.0227 
0.0025 
0.0503 
0.1734 
0.9952 
0.9976 
0.0726 
0.8718 

0.0693 
0.0077 
0.0877 
0.3099 
0.9954 
0.9977 
0.1998 
0.7811 

0.0011 
0.0001 
0.0113 
0.1201 
0.9919 
0.9959 
0.0124 
0.9320 

HL 

SSE 
MSSE 

SE 
AARD 

R2 
R 
c2 
b 

0.0719 
0.0080 
0.0894 
0.2844 
0.9604 
0.9800 
0.1852 
0.7801 

0.0403 
0.0045 
0.0669 
0.2743 
0.9595 
0.9795 
0.1355 
0.7861 

0.1571 
0.0175 
0.1321 
0.6292 
0.9665 
0.9831 
0.4653 
0.6165 

0.0021 
0.0002 
0.0151 
0.1889 
0.9520 
0.9757 
0.0231 
0.8424 

IPD 

SSE 
MSSE 

SE 
AARD 

R2 
R 
c2 
b 

0.0115 
0.0011 
0.0324 
0.1095 
0.9175 
0.9579 

1 
1 

0.3134 
0.0285 
0.1688 
0.7214 
0.9243 
0.9614 
0.8839 
3.7000 

0.3244 
0.0295 
0.1717 
0.8189 
0.9673 
0.9835 
0.5017 
5.7900 

0.0346 
0.0032 
0.0561 
0.8531 
0.8858 
0.9412 
0.9687 
6.8500 

BY 

SSE 
MSSE 

SE 
AARD 

R2 
R 
c2 
b 

0.0396 
0.0043 
0.0615 
0.1843 
0.9573 
0.9784 
0.4238 
0.8915 

0.1255 
0.0118 
0.0953 
0.3897 
0.9597 
0.9796 
0.3640 
1.7860 

0.1836 
0.0182 
0.1305 
0.5860 
0.9764 
0.9881 
0.3889 
2.3959 

0.0126 
0.0012 
0.0275 
0.3874 
0.9432 
0.9712 
0.3347 
2.8748 

 
The PFO model shows moderate performance across all biosorbents. Although relatively high R² 
and R values (generally >0.91) indicate acceptable correlation with experimental data, the 
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comparatively larger SSE, MSSE, AARD, and χ² values—particularly for raw biosorbents—
suggest noticeable deviations between predicted and experimental uptake. This indicates that the 
PFO model is less capable of accurately describing the overall sorption kinetics, especially during 
later stages of adsorption. 
 
The PSO model demonstrates improved fitting compared to PFO, with lower SSE, MSSE, SE, 
and AARD values for most biosorbents, particularly the activated forms. High R² (≈0.97–0.99) 
and R values confirm a strong agreement between predicted and experimental data. The reduced 
χ² values further indicate that the PSO model effectively captures the adsorption kinetics, 
implying that chemisorption mechanisms may dominate the acetic acid uptake process. 
 
The EV model presents moderate predictive ability. While R² values remain relatively high, the 
error indicators (SSE, AARD, and χ²) are higher than those observed for PSO and BS models. 
This suggests that although the EV model can describe heterogeneous surface adsorption, it does 
not fully represent the kinetic behavior of acetic acid biosorption on these materials. 
 
The BS model exhibits excellent performance across all biosorbents. It records very low SSE, 
MSSE, SE, AARD, and χ² values alongside the highest R² and R values (≈0.99). These results 
indicate minimal deviation between experimental and predicted data, highlighting the strong 
suitability of the BS model in explaining pore diffusion-controlled adsorption of acetic acid on 
both raw and activated biosorbents. 
 
The WB model shows statistical results identical to the BS model in this dataset, with very low 
error values and very high correlation coefficients. This confirms the significant role of 
intraparticle diffusion in the biosorption process. However, despite its good fit, WB alone may 
not fully describe the entire kinetic mechanism, as boundary layer effects are not explicitly 
captured. 
 
The HL model demonstrates moderate accuracy. Although correlation coefficients are reasonably 
high, the higher error parameters compared to BS and PSO models indicate less precise 
predictions. This suggests that diffusion-controlled assumptions of the HL model are only 
partially applicable to the biosorption system studied. 
 
The IPD model shows relatively high SSE, AARD, and χ² values, particularly for activated 
biosorbents, despite acceptable R² values. This indicates that intraparticle diffusion is involved 
but is not the sole rate-controlling step in the adsorption process, limiting the predictive accuracy 
of this model when used independently. 
 
The Boyd model yields low to moderate error values and reasonable correlation coefficients. 
However, higher χ² and AARD values compared to BS and PSO models suggest that film 
diffusion is not the dominant controlling mechanism throughout the adsorption process. 
 
Overall, the BS and WB models exhibit the best predictive performance, characterized by the 
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lowest error values and highest correlation coefficients, indicating excellent agreement with 
experimental data. The PSO model also shows strong predictive capability and reliably describes 
the adsorption kinetics. In contrast, PFO, EV, HL, IPD, and Boyd models display comparatively 
higher errors, suggesting limited applicability or partial control of the adsorption mechanism. 
Consequently, BS and PSO models are identified as the most reliable for predicting acetic acid 
biosorption behavior on raw and activated baobab and tamarind biosorbents. 
 
CONCLUSION: 
Kinetic analysis of acetic acid adsorption onto raw and activated baobab and tamarind 
biosorbents has been executed. Activated biosorbents exhibited higher adsorption capacities and 
faster kinetics, highlighting the positive effect of activation on exposing additional active sites 
and enhancing surface accessibility. Among the kinetic models, the pseudo-second order and 
Brouers-Sotolongo models provided the best fit for most biosorbents, indicating that 
chemisorption and surface heterogeneity govern the adsorption process. Diffusion models, 
including intra-particle diffusion and Boyd models, showed that both boundary layer effects and 
diffusion contribute to the rate-limiting step, with diffusion being more pronounced in raw 
biosorbents. The current analysis relied on reported kinetic parameters, and the study did not 
quantify the number, distribution, or specific chemical nature of active sites. Further 
investigations should include site-specific modeling that explicitly accounts for the number and 
affinity of active sites, as well as adsorption under varying pH, temperature, agitation speed, and 
multicomponent systems. Incorporating nonlinear regression for all kinetic models with 
experimental fitting would improve parameter accuracy and mechanistic understanding. 
Advanced techniques, such as surface characterization and competitive adsorption, could provide 
deeper insight into the structure–activity relationships of biosorbents for practical wastewater 
treatment applications. 
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