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INTRODUCTION 
 
Chromium pollution is driven by the rapid industrial growth and 
the cycling of chromium between its trivalent (Cr(III)) and 
hexavalent (Cr(VI)) forms, and it remains a pressing global 
environmental challenge as chromium, especially the hexavalent 
form is highly toxic and carcinogenic. Industries that deal with 
metallurgical processing, electroplating, leather tanning, dye 
production, and steel fabrication is the global chromium main 
uses, and it is from these industries that, through the release of 
Cr(VI) through improper waste handling, fugitive emissions, and 
contaminated effluents, represent the major source of chromium 
pollution [1]. The anionic chromate/dichromate species are very 
mobile and represent the toxicity of Cr(VI) in soils and waters. 
This mobility allows chromium to readily migrate and 
bioaccumulate, posing risks to aquatic life and human health via 

ingestion, inhalation, and dermal exposure. The persistence of 
chromium pollution sources, particularly in areas near mining, 
electroplating, and industrial zones in developing countries, is 
attributed to regulatory gaps and uneven monitoring [2]. In 
Malaysia, industrial estates, electroplating workshops, and 
leather facilities are major sources of chromium pollution, and is 
a reflection of a mix of historical and contemporary pressures. 
Chromium pollution contributes Cr(VI) and Cr(III) to surface 
waters and sediments, with a disproportionate impact on rural 
and peri-urban communities through contaminated groundwater 
and downstream effluents [2].  
 

In Malaysia, elevated chromium concentrations are found in 
river systems near industrial clusters. This highlights the 
necessity for robust and improved effluent treatment, more 
integrated water quality management, and regular monitoring to 
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 Abstract 
This study investigates the adsorption of hexavalent chromium ions (Cr(VI)) onto sugarcane 
bagasse, employing nonlinear regression to evaluate isothermal models. The experimental data 
were reanalyzed by converting initial concentrations to equilibrium concentrations (Ce), revealing 
a monolayer adsorption behavior with a maximum adsorption capacity (Qm) plateauing at 5.75 
mg/g. A series of isotherm models was fitted to the data using nonlinear regression, and 
performance was assessed using multiple error functions. While most models showed good fits, 
the Koble-Carrigan, Henry, and Dubinin–Radushkevich models were excluded due to poor 
convergence or high error. The Multiobjective Optimization on the Basis of Ratio Analysis 
(MOORA) method was employed for model ranking, identifying the Jovanovic, Toth, Redlich–
Peterson and Fritz–Schlunder III models as the top performers. The determined maximum 
adsorption capacity (QmJ) based on the Jovanovic isotherm was found to be 5.84 mg/g, which is 
very close to the experimental maximum (5.75 mg/g) observed in the experimental data. The 
binding constant (KJI = 0.02 L/mg) indicates that the affinity was weak. The narrow 95% CI 
indicates a close fit of the model to the raw data. Despite robust modeling, the limited dataset (n 
= 8) introduces uncertainty in parameter estimation, underscoring the need for larger datasets. 
This study also emphasizes MOORA's potential in adsorption science as an efficient multi-
criteria model selection tool. 
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safeguard ecosystems and public health [2]. The toxicity of 
chromium is species-dependent. Cr(III) is less toxic due to its 
limited water solubility; however, it is essential in trace amounts 
as a cofactor of enzymes, but becomes hazardous at elevated 
exposure levels. On the other hand, Cr(VI) species have strong 
oxidative capabilities and have the ability to cross cell 
membranes. This makes this species highly toxic, mutagenic, and 
carcinogenic. Long-term exposure to Cr(VI) can lead to 
respiratory problems, kidney damage, and developmental effects, 
highlighting the need for more stringent standards for discharge 
and lifecycle risk assessments in its remediation [1]. 
The ongoing demand for chromium in steel alloys, corrosion-
resistant coatings, and tanning agents has created a paradox: it is 
essential for modern industry, but at the same time, it also 
presents substantial environmental trade-offs when found at 
excessive levels in the environment. This issue has motivated 
researchers to shift toward sustainable practices, which include 
more advanced treatment technologies and holistic, circular 
approaches to manage or remediate chromium pollution and 
waste [3]. 
 

Chromium remediation techniques include chemical 
reduction, electrochemical treatment, precipitation, ion 
exchange, and bioremediation. Among these methods, 
biosorption—utilizing natural or engineered biological materials 
as adsorbents to remove Cr(VI) from polluted environments—
offers several prominent benefits, including low operating costs, 
compatibility with low-energy processes, and the potential for 
regenerating and reusing adsorbents. These advantages make it 
particularly attractive in developing and underdeveloped 
countries [4–7]. 
 

The premise of biosorption as the best method in 
environmental friendliness and cost are due to several 
advantages: (1) economic feasibility since its processing uses 
simple process requirements and it is also a low-cost feedstocks; 
(2) compared with physico-chemical methods, biosortpion is 
considered a reduced energy consumption process; (3) 
biosorption uses minimal chemical additives and also minimal 
waste generation; and (4) it has a potential for recycling of 
adsorbent, and also metal recovery, which enables a circular use 
of chromium resources. Biosorption aligns well with the UN's 
Sustainable Development Goals by preserving ecosystem 
integrity, leveraging waste materials, and offering scalable 
solutions—in Malaysia and beyond, through pilot plants and 
decentralized treatment systems [8,9].  
 

In Malaysia, agricultural biomass such as sugarcane bagasse 
(SB) is increasingly recognized as a highly cost-effective 
adsorbent for removing xenobiotics, including heavy metals like 
chromium, from wastewater. In Malaysia, chromium biosorption 
using agricultural byproducts e.g., tea waste (TW), coconut shell 
(CS), orange peel (OP) [5] rice husk carbon [10], coconut coir 
[4], coconut husk [6], Ananas comosus (AC) peel, Parkia 
speciosa (PS) pods and Psidium guajava (PG) peel [11], 
including sugarcane bagasse [12].  
 

Sugarcane cultivation is historically an extensively 
cultivated agricultural commodity in Malaysia, and the resulting 
bagasse is abundantly available and inexpensive to procure, often 
treated as agricultural waste. This makes SB an ideal for low-cost 
environmental remediation strategies. SB possesses reactive 
functional groups, high surface area, and adequate porosity that 
can enhance its adsorption capacity for toxicants such as Cr(VI), 
dyes, and antibiotics [12–19]. The use of SB in biosorption of 
pollutants aligns with Malaysia's sustainability goals by 
valorizing agricultural waste and minimizing landfill use. The 

synergy between economic feasibility, protection of the 
environment, and circular economy makes sugarcane bagasse a 
premier adsorbent for xenobiotic removal in the Malaysian 
context. In this work, the adsorption of chromium on sugarcane 
bagasse is modeled using various isotherms, and the best model 
is selected based on MOORA analysis. 
 
METHODS 
 
Data acquisition and fitting 
Figure 4b data from a previously published study [13] was 
digitized using the freeware Webplotdigitizer 2.5 [20]. The 
program's digitization capabilities have garnered accolades for 
their reliability [21]. Then, Curve-Expert Professional (Version 
2.6.5, copyright Daniel Hyams), a program for curve fitting, was 
used to perform nonlinear regression on the data. MATLAB 
software package (Mathworks, Massachusetts, USA) was used to 
resolve the implicit equations.   
 
Isotherms 
Due to the low number of data points, only models (Table 1) with 
parameters limited to three were deemed appropriate to prevent 
overfitting. 
 
Statistical analysis 
This study employed the following statistical discriminatory or 
error functions tests; HQ (Hannan and Quinn's Criterion) [22], 
Bias Factor (BF), Accuracy Factor (AF) [23], root-mean-squared 
error (RMSE), adjusted coefficient of determination (R²) [24], 
corrected Akaike Information Criterion (AICc) [25,26], 
Marquardt's percent standard deviation (MPSD) [27–29] and 
Bayesian Information Criterion (BIC) [30]. In general, n is the 
total number of observations, Obi and Pdi are the predicted and 
observed values, and p is the total number of parameters of the 
model [31]. 
 
RMSE was calculated using the following formula; 
 
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �∑ (𝑃𝑃𝑃𝑃𝑖𝑖−𝑂𝑂𝑂𝑂𝑖𝑖)2𝑛𝑛

𝑖𝑖=1
𝑛𝑛−𝑝𝑝

     (Eqn. 1) 

 
BF and AF were calculated using the following formula; 
 
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 10 �∑ 𝑙𝑙𝑙𝑙𝑙𝑙𝑛𝑛

𝑖𝑖=1
(𝑃𝑃𝑃𝑃𝑖𝑖/𝑂𝑂𝑂𝑂𝑖𝑖)

𝑛𝑛
�  (Eqn. 2) 

 
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 10 �∑ 𝑙𝑙𝑙𝑙𝑙𝑙𝑛𝑛

𝑖𝑖=1
|(𝑃𝑃𝑃𝑃𝑖𝑖/𝑂𝑂𝑂𝑂𝑖𝑖)|

𝑛𝑛
� (Eqn. 3) 

 
AICc was calculated using the following formula; 
 
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 2𝑝𝑝 + 𝑛𝑛ln �𝑅𝑅𝑅𝑅𝑅𝑅

𝑛𝑛
� + 2(𝑝𝑝+1)+2(𝑝𝑝+2)

𝑛𝑛−𝑝𝑝−2
  (Eqn. 4) 

 
BIC was calculated using the following formula; 
 
𝐵𝐵𝐵𝐵𝐵𝐵 = 𝑛𝑛In �𝑅𝑅𝑅𝑅𝑅𝑅

𝑛𝑛
� + 𝑘𝑘In(𝑛𝑛)    (Eqn. 5) 

 
HQC was calculated using the following formula; 
 
𝐻𝐻𝐻𝐻𝐻𝐻 = 𝑛𝑛𝑛𝑛𝑛𝑛 �𝑅𝑅𝑅𝑅𝑅𝑅

𝑛𝑛
� + 2𝑘𝑘In(In 𝑛𝑛)   (Eqn. 6) 

 
Adjusted coefficient of determination (R²) was calculated using 
the following formula; 
 
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 (𝑅𝑅2) = 1 − 𝑅𝑅𝑅𝑅𝑅𝑅

𝑆𝑆𝑌𝑌
2         (Eqn. 7) 

 
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 (𝑅𝑅2) = 1 − (1−𝑅𝑅2)(𝑛𝑛−1)

(𝑛𝑛−𝑝𝑝−1)
   (Eqn. 8) 
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MPSD was calculated using the following formula; 
 
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = 100� 1

𝑛𝑛−𝑝𝑝
∑ �𝑂𝑂𝑂𝑂𝑖𝑖−𝑃𝑃𝑃𝑃𝑖𝑖

𝑂𝑂𝑂𝑂𝑖𝑖
�
2

𝑛𝑛
𝑖𝑖=1    (Eqn. 9) 

 
 
Table 1. Mathematical models in the remodelling data [32,33]. 
 
Isotherm p Formula Ref. 
Henry's law 1 𝑞𝑞𝑒𝑒 = 𝐻𝐻𝐶𝐶𝑒𝑒 [34] 

Langmuir 2 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑏𝑏𝐿𝐿𝐶𝐶𝑒𝑒
1 + 𝑏𝑏𝐿𝐿𝐶𝐶𝑒𝑒

 
[32] 

Jovanovic 2 𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚(1 − 𝑒𝑒−𝐾𝐾𝑗𝑗𝐶𝐶𝑒𝑒) [35] 

Freundlich 2 𝑞𝑞𝑒𝑒 = 𝐾𝐾𝐹𝐹𝐶𝐶𝑒𝑒
1
𝑛𝑛𝐹𝐹 

[36] 

Dubinin-
Radushkevicha 

 
 
 
 
 
 
 

2 
 
 
 
 
 
 
 

Incorrect form 

𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒 �−𝐾𝐾𝐷𝐷𝐷𝐷 �𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 �1 +
1
𝐶𝐶𝑒𝑒
��
2

� 

correct form 

𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒�−𝐾𝐾𝐷𝐷𝐷𝐷 �𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ��
𝐶𝐶𝑠𝑠
𝐶𝐶𝑒𝑒
���

2

� 

[37,38] 
 
 
 
[39,40] 

    

Koble-
Corriganc 3 𝑞𝑞𝑒𝑒 =

𝐴𝐴𝐶𝐶𝑒𝑒𝑛𝑛

1 + 𝐵𝐵𝐶𝐶𝑒𝑒𝑛𝑛
 

 

[41] 

Temkina 3 𝑞𝑞𝑒𝑒 =
𝑅𝑅𝑅𝑅
𝑏𝑏𝑇𝑇

{𝑙𝑙𝑙𝑙(𝑎𝑎𝑇𝑇𝐶𝐶𝑒𝑒)} [42,43] 

Redlich-
Peterson 3 𝑞𝑞𝑒𝑒 =

𝐾𝐾𝑅𝑅𝑅𝑅1𝐶𝐶𝑒𝑒
1 + 𝐾𝐾𝑅𝑅𝑅𝑅2𝐶𝐶𝑒𝑒

𝛽𝛽𝑅𝑅𝑅𝑅
 [44] 

Sipsc 3 𝑞𝑞𝑒𝑒 =
𝐾𝐾𝑠𝑠𝑞𝑞𝑚𝑚𝑚𝑚𝐶𝐶𝑒𝑒

1
𝑛𝑛𝑆𝑆

1 + 𝐾𝐾𝑠𝑠𝐶𝐶𝑒𝑒
1
𝑛𝑛𝑆𝑆

 

[45] 

Toth 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝐶𝐶𝑒𝑒

�𝐾𝐾𝑇𝑇 + 𝐶𝐶𝑒𝑒
𝑛𝑛𝑇𝑇�𝑛𝑛𝑇𝑇

 [46] 

Hillc 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝐶𝐶𝑒𝑒

𝑛𝑛𝐻𝐻

𝐾𝐾𝐻𝐻 + 𝐶𝐶𝑒𝑒
𝑛𝑛𝐻𝐻 

[47]  

Khan 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑏𝑏𝐾𝐾𝐶𝐶𝑒𝑒

(1 + 𝑏𝑏𝐾𝐾𝐶𝐶𝑒𝑒)𝑎𝑎𝐾𝐾 
[48] 

BET 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝛼𝛼𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒

(1 − 𝛽𝛽𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒)(1 − 𝛽𝛽𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒 + 𝛼𝛼𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒) [49] 

Vieth-Sladek 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝑏𝑏𝑉𝑉𝑉𝑉𝐶𝐶𝑒𝑒

(1 + 𝑏𝑏𝑉𝑉𝑉𝑉𝐶𝐶𝑒𝑒)𝑛𝑛𝑉𝑉𝑉𝑉 [50] 

Radke-
Prausnitz  

3 𝑞𝑞𝑒𝑒 =
𝐴𝐴𝑅𝑅𝑅𝑅𝐵𝐵𝑅𝑅𝑅𝑅𝐶𝐶𝑒𝑒

𝛽𝛽

𝐴𝐴𝑅𝑅𝑅𝑅 + 𝐵𝐵𝑅𝑅𝑅𝑅𝐶𝐶𝑒𝑒
𝛽𝛽−1 

[51–53] 

Brouers–
Sotolongo 3 𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚 �1 − �1 + (0.5) �

𝑡𝑡
𝜏𝜏�

𝛼𝛼
�
−2

� 
[54–56] 

Fritz-
Schlunder-III 3 𝑞𝑞𝑒𝑒 =

𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝐾𝐾𝐹𝐹𝐹𝐹𝐶𝐶𝑒𝑒
1 + 𝐾𝐾𝐹𝐹𝐹𝐹𝐶𝐶𝑒𝑒

𝑛𝑛𝐹𝐹𝐹𝐹 [57] 

Fowler-
Guggenheima,b 

 3 

 

𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚
𝐾𝐾𝐿𝐿𝐶𝐶𝑒𝑒𝑒𝑒

𝛼𝛼𝑞𝑞𝑒𝑒
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚

1 + 𝐾𝐾𝐿𝐿𝐶𝐶𝑒𝑒𝑒𝑒
𝛼𝛼𝑞𝑞𝑒𝑒
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚

 

[58] 

Moreau 
3 𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚

𝑏𝑏𝐶𝐶𝑒𝑒 + 𝑙𝑙𝑏𝑏2𝐶𝐶𝑒𝑒2

1 + 2𝑏𝑏𝐶𝐶𝑒𝑒 + 𝑙𝑙𝑏𝑏2𝐶𝐶𝑒𝑒2
 

[59] 

Unilan  3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚

2𝑏𝑏𝑈𝑈
𝑙𝑙𝑙𝑙 �

𝑎𝑎𝑈𝑈 + 𝐶𝐶𝑒𝑒𝑒𝑒𝑏𝑏𝑈𝑈
𝑎𝑎𝑈𝑈 + 𝐶𝐶𝑒𝑒𝑒𝑒−𝑏𝑏𝑈𝑈

� 
 

Note  
aModels that include ln(Ce), implicit equation or any logarithmic function involving Ce will fail 
or produce NaN (undefined) results when Ce = 0. Therefore, data points where Ce = 0 should be 
excluded from the analysis. 
bImplicit equation or function.  
cThe Hill, Liu (omitted), Sips, and Koble–Corrigan isotherm models will be presented in their 
traditional forms to preserve their historical context and conceptual distinctions, despite their 
underlying equality [60,61]. 
 
Application of Multiobjective Optimization by Ratio Analysis 
(MOORA) in Modeling 
The Multiobjective Optimization by Ratio Analysis (MOORA) 
was employed for multi-criteria decision-making (MCDM) in the 
modeling exercise since a mixture of error function superiority is 
often found for the top models. This approach facilitates the 
selection of the optimal model by simultaneously evaluating 
multiple performance metrics [62,63]. The methodology consists 

of the first step, which is the normalization of the decision matrix 
to ensure comparability among different performance metrics. 
The decision matrix was then normalized. Given that these 
metrics may have varying units and magnitudes, normalization 
needs to be carried out using the following equation: 
 
𝑋𝑋𝑖𝑖𝑖𝑖′ = 𝑋𝑋𝑖𝑖𝑖𝑖

�∑ 𝑋𝑋𝑖𝑖𝑖𝑖
2𝑛𝑛

𝑖𝑖=1

      (Eqn. 10) 

Where Xij is the original value of the jth metric for the ith model, 
and Xiij is the normalized value. 
 
Ratio System Analysis 
The normalized values were then aggregated using a ratio system 
approach. Beneficial criteria (those that should be maximized, 
adjR2) were summed up, while non-beneficial criteria (the rest of 
the error functions) or those that should be minimized were 
subtracted using the following formula: 
 
𝑌𝑌𝑖𝑖 = ∑ 𝑋𝑋𝑖𝑖𝑖𝑖′ −𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ∑ 𝑋𝑋𝑖𝑖𝑖𝑖′𝑛𝑛𝑛𝑛𝑛𝑛−𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  (Eqn. 11)  
 
Where Yi is the final score for the ith model 
 

In circumstances where certain criteria were deemed more 
crucial than others, weighted ratios are recommended to be 
incorporated into the analysis. The suggestion for incorporating 
Weighted Ratios is not carried out at this point in time, as the 
consensus on which error functions listed above have priority 
over the others has not been documented in the literature. The 
final step is ranking models based on their aggregated 
performance scores. Higher scores indicated superior 
performance. The model with the highest value was considered 
the most optimal based on the given decision criteria. This 
methodology allowed for an objective and systematic 
comparison of kinetic models, facilitating the identification of the 
best-performing model while considering multiple performance 
metrics simultaneously. 
 
RESULTS AND DISCUSSION 
 
Several models were applied to the equilibrium data of Garg et 
al. (2007) using nonlinear regression. Data from the publication 
was converted to the standard Ce instead of the initial 
concentration.  
 

 
Fig. 1. Equilibrium adsorption of chromium to sugarcane bagasse. 
 

What can be observed from the experimental adsorption 
data is that the equilibrium adsorption capacity (Qe) increases 
with increasing equilibrium concentration (Ce) until a plateau is 
reached. At low Cr (VI) concentrations (2.5–61 mg/L), the Qe 
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was found to rise almost linearly from 0.25 to 3.90 mg/g, 
indicating a strong initial affinity of the sugarcane bagasse 
surface for Cr(VI). Beyond the value of Ce = 192.5 mg/L, Qe was 
observed to reach a maximum value of 5.75 mg/g. This suggests 
that a saturation of available binding sites has occurred. This 
plateau indicates the finite number of adsorption sites, which is 
typical of a monolayer adsorption process. The fitting of the 
various isotherms is shown in Figs. 2–20, where all of these 
models were found to show good data fits, with the exception of 
the Koble-Carrigan, Henry, and the Dubinin–Radushkevich 
model, of which the latter failed to converge. Based on the error 
function analysis shown in Table 2. The Multiobjective 
Optimization on the Basis of Ratio Analysis (MOORA) approach 
was employed to compare the effectiveness of the adsorption 
isotherm models, as presented in Table 3. The top five models in 
descending order were found to be the Jovanovic, Toth, Redlich-
Peterson, Fritz-Schlunder III and Khan (sharing the spot with 
Vieth-Sladek and Radke Prausnitz) in descending order, while 
both Hill, and Sips models shared the same ranked in the form of 
the SCO or the Standard Competition Order (1-2-2-4), where 
when two ranks are tied, they received the same rank and the next 
rank will be skipped one rank [61,64]  
 
 

 
Fig. 2. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Henry model. 
 

 
Fig. 3. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Langmuir isotherm model. 
 

 
Fig. 4. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Freundlich isotherm model. 
 

 
 
Fig. 5. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Temkin isotherm model. 
 

 
 
Fig. 6. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Koble-Corrigan isotherm model. 
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Fig. 7. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Jovanovic isotherm model. 
 

er  
Fig. 8. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Redlich-Peterson isotherm model. 
 

 
Fig. 9. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Sips isotherm model. 
 

 
Fig. 10. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Toth isotherm model. 
 

 
Fig. 11. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Hill isotherm model. 
 

 
Fig. 12. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Khan isotherm model. 
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Fig. 13. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
BET isotherm model. 
 

 
Fig. 14. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Vieth-Sladek isotherm model. 
 

 
Fig. 15. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Radke-Prausnitz isotherm model. 
 

 
Fig. 16. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Brouers-Sotolongo isotherm model. 
 

 
Fig. 17. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Fritz-Schlunder III isotherm model. 
 

 
Fig. 18. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Unilan isotherm model. 
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Fig. 19. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Moreau isotherm model. 
 

 
Fig. 20. Cr (VI) adsorption onto sugarcane bagasse modelled using the 
Fowler-Guggenheim isotherm model. 
 
Table 2. Error function analysis for the fitting of the isotherm of Cr (VI) 
adsorption onto sugarcane bagasse. 
  

Model p MPSD RMSE R2 adR2 AICc BIC HQC BF AF 
1 Henry 1 197.317 1.973 0.428 0.332 18.21 11.89 11.27 0.46 2.35 
2 Langmuir 2 26.583 0.266 0.987 0.981 -7.50 -19.34 -20.57 1.01 1.05 
3 Freundlich 2 77.344 0.773 0.860 0.804 9.59 -2.25 -3.48 1.00 1.15 
4 Temkin 3 29.122 0.291 0.987 0.976 3.83 -17.26 -19.11 1.01 1.05 
5 Koble-Carrigan 2 315.291 0.196 0.428 0.199 -12.34 -24.18 -25.41 0.99 1.05 
6 Jovanovic 2 10.561 0.106 0.998 0.997 -22.27 -34.11 -35.34 1.00 1.03 
7 Redlich-Peterson 3 9.774 0.098 0.999 0.998 -13.63 -34.73 -36.58 0.99 1.03 
8 Sips 3 21.515 0.215 0.993 0.988 -1.01 -22.10 -23.95 0.99 1.05 
9 Toth 3 9.725 0.097 0.999 0.998 -13.71 -34.81 -36.66 0.99 1.03 
10 Hill 3 21.515 0.215 0.993 0.988 -1.01 -22.10 -23.95 0.99 1.05 
11 Khan 3 9.944 0.099 0.999 0.997 -13.36 -34.45 -36.30 1.00 1.02 
12 BET 3 173.385 1.734 -0.222 -1.138 32.38 11.28 9.44 0.97 1.28 
13 Vieth-Sladek 3 9.944 0.099 0.999 0.997 -13.36 -34.45 -36.30 1.00 1.02 
14 Radke-Prausnitz 3 9.944 0.099 0.999 0.997 -13.36 -34.45 -36.30 1.00 1.02 
15 Brouers–Sotolongo 3 11.160 0.112 0.998 0.997 -11.51 -32.61 -34.45 0.99 1.03 
16 Fritz-Schlunder III 3 9.776 0.098 0.999 0.998 -13.63 -34.73 -36.57 0.99 1.03 
17 Unilan 3 29.610 0.296 0.986 0.976 4.10 -16.99 -18.84 1.02 1.05 
18 Fowler-

Guggenheim 
3 54.582 0.546 0.960 0.930 13.89 -7.21 -9.05 0.88 0.88 

19 Moreau 3 39.337 0.393 0.980 0.965 8.65 -12.45 -14.30 0.92 0.92 
Note: 
RMSE Root mean Square Error 
adR2 Adjusted Coefficient of determination 
p no of parameters 
AF Accuracy factor 
BF Bias factor 
BIC Bayesian Information Criterion 
AICc Adjusted Akaike Information Criterion 
HQC Hannan–Quinn information criterion 
 
 

Table 3. Ranking of isothermal models based on MOORA.  
 

No Model MOORA 
Score 

Rank 

1 Jovanovic 1.43735 1 
2 Toth 1.31919 2 
3 Redlich-Peterson 1.31549 3 
4 Fritz-Schlunder III 1.31543 4 
5 Khan 1.30642 5 
6 Vieth-Sladek 1.30642 5 
7 Radke-Prausnitz 1.30642 5 
8 Brouers–Sotolongo 1.23483 8 
9 Langmuir 0.83680 9 
10 Sips 0.81234 10 
11 Hill 0.81234 10 
12 Temkin 0.60365 12 
13 Unilan 0.59130 13 
14 Moreau 0.38048 14 
15 Fowler-Guggenheim 0.09942 15 
16 Koble-Carrigan 0.01442 16 
17 Freundlich -0.13409 17 
18 Henry -1.81516 18 
19 BET -2.07700 19 

 
The Jovanovic isotherm assumes a limited quantity of 

uniform adsorption sites that are devoid of the lateral interaction 
effect. The determined maximum adsorption capacity (QmJ) was 
found to be 5.84 mg/g, which is very close to the experimental 
maximum (5.75 mg/g) observed in the experimental data. The 
binding constant (KJI = 0.02 L/mg) indicates that the affinity was 
weak. The narrow 95% CI indicates a close fit of the model to the 
raw data (Table 4). The Langmuir model also assumes a 
monolayer adsorption site. The observed maximum adsorption 
capacity (QmS = 6.79 mg/g) was found to slightly overestimate 
the experimental plateau, implying moderate binding based on 
the low Langmuir constant (kL = 0.02 L/mg) (Table 4).  
 

The Redlich–Peterson model, gave parameters kRP1 (L/g) = 
0.10, kRP2 (L/mg)/g) = 0.0001, and BRP = 1.28. The isotherm 
combines features of both Langmuir and the Freundlich 
isotherms. The value of the exponent BRP, which is close to 
unity, indicates the system trends toward Langmuir-like behavior. 
This is evident from the experimental data. The flexibility of this 
model allows fitting across the full Ce range (Table 4). The Toth 
model accounts for heterogeneity in adsorption sites.  
 

The estimated maximum adsorption capacity for the Toth 
model was 64.04 mg/g, and when compared to the experimental 
maximum value of 5.75 mg/g suggested that the value was 
unrealistically high. In addition, coupled with the wide 
confidence interval (−4.95 to 133.0) (Table 4), this indicates that 
the Toth model is not suited for this dataset, which may be due to 
the limited heterogeneity of adsorption sites in sugarcane bagasse 
for Cr(VI). Furthermore, the near unity for the exponent nT 
(1.107) indicates a nearly homogeneous site distribution, which 
also points toward Langmuir-type behavior. The raw data and 
fitted constants collectively indicate that Cr(VI) adsorption onto 
sugarcane bagasse may follow a monolayer adsorption pattern 
with a moderate binding affinity.  

 
The Jovanovic and Langmuir models provide good 

estimates of the maximum adsorption capacity, aligning closely 
with the experimental value of 5.75 mg/g. Furthermore, the 
Redlich–Peterson model also fits well, and this reinforces the 
Langmuir-like nature of the process. A caveat to all of these 
interpretations is that the number of datasets needs to be very 
high, close to 15 or more, to be reliable. However, most reports 
on the interpretation of isothermal modelling rarely have datasets 
with more than 8 samples, which is a common issue in adsorption 
research. 
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Table 4. Isothermal models' constants for Cr (VI) adsorption onto 
sugarcane bagasse.   
Model Parameter Value 95% CI Lower 95% CI 

Upper 
Jovanovic 
 

QmJ (mg/g) 

KJ1 

5.84 
0.02 

5.64  
0.01  

6.05 
0.02 

Langmuir QmS (mg/g) 
kL   (L/mg) 

6.79 
0.02 

6.09  
0.01 

7.56 
0.02 

Redlich-
Petersen 

kRP1 (L/g) 
kRP2 (L/mg)/g) 
BRP 

0.10 
0.0001 
1.28 

0.084 
0.0004 
1.15  

0.11 
0.05 
1.39 

Toth 
qmT  (mg g-1) 

KT  (mg/L)nT 

nT 

64.04 
259.11 
1.107 

-4.95 to 133.0 
87.84 to 430.37 
1.09 to 1.24 

64.04 
259.11 
1.107 

 
MOORA standardizes performance ratings across criteria 

and is also characterized by its simplicity and computational 
efficiency, thereby obviating the need for intricate pairwise 
comparisons or distance computations. The use of MOORA 
facilitates clear and swift assessment through the management of 
criteria with varying units and scales via structured 
normalization. In various model ranking tasks, MCDM has been 
successfully and widely utilized, including the assessment of 
Software Reliability Growth Models (SRGMs) [65], however, its 
application in adsorption model selection remains scarce [61].  

 
The MOORA score, when calculated to seven decimal 

places, yields identical values for both the Hill and Sips models, 
reinforcing the notion that these two models are numerically 
equivalent. [60] demonstrated that the Hill and Sips models are 
structurally the same. The application of MOORA for ranking 
models based on multiple error functions in the adsorption field 
is expected to increase, as more studies have reported the use of 
several error functions in addition to the classical coefficient of 
determination (R²). For example, in the studies on CO₂ adsorption 
onto activated carbon, the use of error functions such as the 
coefficient of determination (R²), error sum of squares 
(ERRSQ/SSE), average relative error (ARE), chi-square test (χ²), 
hybrid fractional error function (HYBRID), Marquardt's percent 
standard deviation (MPSD), and error of average bias (EABS) 
were employed as error functions to find the best model. The 
authors demonstrate that the HYBRID model is the best, 
achieving a better fit than the Langmuir isotherm in six out of the 
eight error functions evaluated [66]. In this scenario, the use of 
MOORA would be beneficial in assessing the rank.  
 

A notable constraint of nonlinear modeling is that limited 
datasets (like the eight data points utilized in this study) may 
inadequately represent adsorption behavior as discussed above. 
An insufficient dataset increases the chances of recording random 
noise instead of recognizing authentic adsorption patterns. This 
often results in overfitting and unreliable parameter estimation of 
adsorption models, as well as incorrect interpretation of the 
mechanisms of adsorption. Limited datasets reduce statistical 
power and causes wide confidence intervals. To address these 
challenges, resampling techniques such as bootstrapping, Monte 
Carlo simulations, and sensitivity analysis can be employed to 
enhance model robustness, leading to greater insight into 
adsorption behavior [67]. 
 
Jovanovic isotherm 
The Jovanovic isotherm model assumes adsorption occurs 
through the formation of a monolayer on a homogeneous 
adsorbent surface, and in this manner, it is a specialized 
adsorption isotherm, similar to the Langmuir model. However, 
the model obviates the need for lateral interactions between 
adsorbed molecules. One distinctive feature of the Jovanovic 
isotherm is that it takes into account of surface binding vibrations 
of the adsorbed species. Hence, this aspect acknowledges the 

dynamic nature of the adsorbed molecules, where the adsorbate 
exhibits vibrational movements even when interacting with the 
adsorption sites. The inclusion of surface binding vibrations 
introduces a more holistic view of the adsorption process, 
recognizing that adsorbed molecules are subject to vibrational 
energy states and are not entirely static. By taking this overview, 
the outcome is a tie-in to adsorption energy, and therefore, affects 
the adsorption capacity and kinetics [35].  
 
Toth 
The Toth isotherm is a three-parameter model that preserves the 
correct low- and high-concentration limits, and captures 
adsorption on energetically heterogeneous surfaces. In the 
equation, t quantifies heterogeneity, where t→1 results in the 
Langmuir isotherm, and a smaller t value indicates stronger 
heterogeneity. It remains physically meaningful over wide ranges 
and reproduces Henry's law at low Ce values. In several studies, 
Toth frequently outperforms Langmuir and Sips for dyes and 
organics, reflecting the model's ability to accommodate broad 
site-energy distributions while maintaining the monolayer 
capacity approach [68,69].  
 
Redlich–Peterson model 
The Redlich–Peterson (RP) isotherm interpolates between 
Langmuir and Freundlich behavior, and is a flexible three-
parameter equation, making it useful for heterogeneous surfaces. 
The heterogeneity exponent γ lies between 0 and 1 in the model. 
The RP reduces to Langmuir when γ = 1, with an apparent 
monolayer capacity. On the other hand, at low Ce it follows 
Henry's law. Due to the correlation of its two parameters, 
nonlinear regression should be performed over the linearized 
forms. The model is hailed as a benchmark for the three-
parameter model, and is widely recommended [70–75]. 
 
Langmuir isotherm 
The Langmuir isotherm describes adsorption that occurs only 
when the adsorbent has a uniform structure, resulting in the 
monolayer adsorption of an adsorbate onto a homogeneous 
adsorbent surface. In the model, all adsorption sites are identical 
and have the same energy [76]. The isotherm model is distinct 
from Henry's law but is related in its foundational principles. 
Once a single layer of adsorbate molecules fully covers the 
surface, it is postulated that no further adsorption can occur at 
those sites, reinforcing the idea of monolayer coverage [71]. The 
model has been successfully utilized as the best model in 
modelling equilibrium adsorption of chromium to adsorbents 
[77–90].  
 
Freundlich isotherm 
The Freundlich isotherm model offers a more flexible approach 
to describing adsorption phenomena, despite it being an 
empirical equation. The model is suitable in systems with a 
heterogeneous adsorbent surface where adsorption can occur 
through multiple layers [91,92]. Unlike the Langmuir isotherm, 
which assumes uniform adsorption sites and monolayer 
coverage, the Freundlich isotherm accounts for variations in 
adsorption site affinities and the potential for multilayer 
adsorption. One major limitation of the Freundlich equation is its 
inability to predict the maximum possible adsorption [93]. In 
addition, it is a more empirical model than a mechanical one. By 
using the Halsey rearrangement of the Freundlich equation, we 
can estimate Qm by leveraging the last Ce data point as an 
approximation for the maximum adsorption capacity. 
 

𝐾𝐾𝐹𝐹 = 𝑞𝑞𝑚𝑚𝑚𝑚

𝐶𝐶𝑒𝑒

1
𝑛𝑛𝐹𝐹

     (Eqn. 12) 
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In the equation, it can be observed that the term Qe has now been 
altered to QmF.  
 
CONCLUSION 
 
Using various modeling exercises, the adsorption of Cr(VI) onto 
sugarcane bagasse has demonstrated characteristics that are 
consistent with monolayer behavior. This is evident from the 
saturation of adsorption capacity at high equilibrium 
concentrations. Leveraging the use of nonlinear regression 
instead of the often-popular linearized forms has provided 
accurate fits for most models, with 95% confidence interval 
output. The Jovanovic, Redlich–Peterson, and Toth isotherms 
align closely with the experimental maximum capacity. The 
application of the MOORA method for ranking models has 
introduced a structured, unbiased ranking approach, which has 
effectively managed the multiple error criteria utilized in this 
study. MOORA is able to identify models with the highest 
statistical reliability, while also simplifying and automating 
decision-making through its computational efficiency. Despite 
this, the small dataset size remains a limitation in not only this 
study but also in others in general, which may introduce 
statistical noise and produce wide confidence intervals that can 
compromise the estimation of the parameters. In order to address 
this issue, future studies are encouraged to incorporate larger 
datasets, preferably larger than 15, and the use of resampling 
techniques such as bootstrapping or Monte Carlo simulation, 
which can enhance robustness. To conclude, this study concurs 
with the suitability of Langmuir-like isotherms for Cr(VI) 
adsorption onto sugarcane bagasse but also supports MOORA as 
a valuable tool in adsorption model selection. 
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