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INTRODUCTION 
 
The accelerated growth of industries and mining activities has 
intensified chromium contamination, largely due to the 
transformation and circulation of the metal between its trivalent 
[Cr(III)] and hexavalent [Cr(VI)] states. Of the two, Cr(VI) has a 
more pronounced toxicity and carcinogenic nature. The 
predominant applications of chromium in industry is in 
electroplating, leather tanning, pigment and dye manufacturing, 
steel production, and metallurgical operations. These industrial 
sectors are the primary contributors to environmental pollution 
of chromium, as the mismanagement of industrial waste and 
unregulated emissions, as well as the discharge of effluents, have 
resulted in Cr(VI) polluting the surrounding ecosystem [1,2]. The 
anionic chromate/dichromate species are highly mobile, allowing 
chromium to migrate and accumulate, posing risks to aquatic life 

and human health. Chromium pollution is particularly 
problematic in areas near mining, electroplating, and industrial 
zones in developing countries [3]. In Malaysia, pollution from 
chromium is predominantly found in industrial zones, such as 
leather-processing plants and electroplating activities, where a 
regulatory gap and infrequent monitoring are the causes of its 
pollution. The release of chromium into the ecosystem ultimately 
affects rivers, streams, and sediments. The rural and peri-urban 
populations are the main zones affected by chromium pollution 
[3].  
 

This pollution underscores the need for enhanced effluent 
treatment, regular monitoring to protect ecosystems and public 
health, and a more comprehensive water quality treatment system 
[3]. Hexavalent chromium [Cr(VI)] exhibits a strong oxidizing 
power and the ability to penetrate cellular membranes, which 
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 ABSTRACT 
Chromium toxicity, present at elevated levels, poses a challenge for its remediation. The use of 
agricultural spent biomass as an adsorbent is one of the best mitigation efforts to date. This study 
investigates the adsorption of hexavalent chromium ions (Cr(VI)) onto Sugarcane Bagasse–
Lemongrass Blend, and employs nonlinear regression to evaluate several isothermal models. The 
performance of the models was assessed using multiple error functions. While most models 
showed good fits, the Koble-Carrigan, Henry, and Dubinin–Radushkevich models showed poor 
convergence or high error. The Multiobjective Optimization on the Basis of Ratio Analysis 
(MOORA) method was employed for model ranking, as the error function analysis yielded 
inconsistent results. MOORA indicated that the Toth, Freundlich, and Fritz–Schlunder III models 
were the top performers. The Toth model calculated the maximum adsorption capacity of qmT of 
0.91 mg/g, which is slightly lower than the experimental maximum of 1.21 mg/g. The Toth 
exponent nT = 0.72 value is closer to unity, suggesting a relatively homogeneous surface with 
adsorption behavior that resembles the Langmuir model. Despite robust modeling, the limited 
dataset 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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accounts for its severe toxicity. Cr(VI) is recognized in research 
as a mutagenic and carcinogenic compound. Its prolonged 
exposure has been linked to respiratory disorders, renal 
impairment, and adverse embryonic development [1]. Chromium 
is essential for modern industry, but at the same time, it is highly 
hazardous when found at excessive levels in the environment. 
Hence, this issue has motivated researchers to find better 
sustainable practices, which include more holistic and advanced 
treatment technologies. A circular approach is increasingly being 
used to manage or remediate chromium pollution and waste [2]. 
 

 
(a) 

 
(b) 

 
Fig. 1. Sugarcane bagasse (a) and lemongrass cutting (b) wastes. 
 

Strategies developed to mitigate chromium contamination 
range from chemical reduction and electrochemical processes to 
precipitation, ion exchange, and biological approaches. Among 
these, biosorption is being intensively explored, as it employs 
natural or engineered biomaterials to remove Cr(VI) from 
polluted systems. Biosorption is relatively low in operational 
costs, has minimal energy requirements, and can be regenerated. 
These attributes make biosorption very appealing, especially for 
resource-limited regions [4–7]. In addition, biosorption aligns 
well with the UN's Sustainable Development Goals in preserving 
ecosystem integrity, reducing waste materials, and is highly 
scalable [8,9].  
 

In Malaysia, agricultural biomass such as sugarcane bagasse 
(SB) and lemongrass is increasingly recognized as a highly cost-
effective adsorbent for removing xenobiotics, including heavy 
metals like chromium, from wastewater. Several adsorbents for 
chromium biosorption using agricultural byproducts have been 
explored in Malaysia e.g., Ananas comosus (AC) peel, Parkia 
speciosa (PS) pods and Psidium guajava (PG) peel [10], tea 
waste (TW), coconut shell (CS), orange peel (OP) [5], rice husk 
carbon [11], coconut husk [6], sugarcane bagasse [12] and 
lemongrass [13]. Both lemongrass and sugarcane cultivation are 
extensively cultivated as agricultural commodities in Malaysia, 
and the resulting waste biomass is abundantly available and 
inexpensive to procure, often treated as agricultural waste. This 
makes both biomass ideal for low-cost environmental 
remediation strategies via biosorption [12,14–20]. The use of 
these biomasses in biosorption of pollutants aligns with 
Malaysia's sustainability goals by valorizing agricultural waste 
and minimizing landfill use. In this work, the adsorption of 
chromium on a sugarcane bagasse–lemongrass blend is modeled 
using various isotherms, and the best model is selected based on 
a multiobjective optimization analysis. 
 
 
 

METHODS 
 
Data acquisition and fitting of isotherm models 
Figure 12 data from a previously published study [13] was 
digitized using the freeware Webplotdigitizer 2.5 [21]. The 
program's digitization capabilities have garnered accolades for 
their reliability [22]. 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. Due to the low number of data 
points, only models (Table 1) with parameters limited to three 
were deemed appropriate to prevent overfitting. 
 
Table 1. Mathematical models in the remodelling data [23,24]. 
 
Isotherm p Formula Ref. 
Henry's law 1 𝑞𝑞𝑒𝑒 = 𝐻𝐻𝐶𝐶𝑒𝑒 [25] 

Langmuir 2 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑏𝑏𝐿𝐿𝐶𝐶𝑒𝑒
1 + 𝑏𝑏𝐿𝐿𝐶𝐶𝑒𝑒

 
[23] 

Jovanovic 2 𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚(1− 𝑒𝑒−𝐾𝐾𝑗𝑗𝐶𝐶𝑒𝑒) [26] 

Freundlich 2 𝑞𝑞𝑒𝑒 = 𝐾𝐾𝐹𝐹𝐶𝐶𝑒𝑒
1
𝑛𝑛𝐹𝐹 

[27] 

Dubinin-
Radushkevicha 

 
 
 
 
 
 
 

2 
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[28,29] 
 
 
 
[30,31] 

    

Koble-
Corriganc 3 𝑞𝑞𝑒𝑒 =

𝐴𝐴𝐶𝐶𝑒𝑒𝑛𝑛

1 + 𝐵𝐵𝐶𝐶𝑒𝑒𝑛𝑛
 

 

[32] 

Temkina 3 𝑞𝑞𝑒𝑒 =
𝑅𝑅𝑅𝑅
𝑏𝑏𝑇𝑇

{𝑙𝑙𝑙𝑙(𝑎𝑎𝑇𝑇𝐶𝐶𝑒𝑒)} [33,34] 

Redlich-
Peterson 3 𝑞𝑞𝑒𝑒 =

𝐾𝐾𝑅𝑅𝑅𝑅1𝐶𝐶𝑒𝑒
1 + 𝐾𝐾𝑅𝑅𝑅𝑅2𝐶𝐶𝑒𝑒

𝛽𝛽𝑅𝑅𝑅𝑅
 [35] 

Sipsc 3 𝑞𝑞𝑒𝑒 =
𝐾𝐾𝑠𝑠𝑞𝑞𝑚𝑚𝑚𝑚𝐶𝐶𝑒𝑒

1
𝑛𝑛𝑆𝑆

1 + 𝐾𝐾𝑠𝑠𝐶𝐶𝑒𝑒
1
𝑛𝑛𝑆𝑆

 

[36] 

Toth 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝐶𝐶𝑒𝑒

�𝐾𝐾𝑇𝑇 + 𝐶𝐶𝑒𝑒
𝑛𝑛𝑇𝑇�𝑛𝑛𝑇𝑇

 [37] 

Hillc 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝐶𝐶𝑒𝑒

𝑛𝑛𝐻𝐻

𝐾𝐾𝐻𝐻 + 𝐶𝐶𝑒𝑒
𝑛𝑛𝐻𝐻 

[38]  

Khan 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑏𝑏𝐾𝐾𝐶𝐶𝑒𝑒

(1 + 𝑏𝑏𝐾𝐾𝐶𝐶𝑒𝑒)𝑎𝑎𝐾𝐾 
[39] 

BET 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝛼𝛼𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒

(1 − 𝛽𝛽𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒)(1− 𝛽𝛽𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒 + 𝛼𝛼𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒) [40] 

Vieth-Sladek 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝑏𝑏𝑉𝑉𝑉𝑉𝐶𝐶𝑒𝑒

(1 + 𝑏𝑏𝑉𝑉𝑉𝑉𝐶𝐶𝑒𝑒)𝑛𝑛𝑉𝑉𝑉𝑉 
[41] 

Radke-
Prausnitz  

3 𝑞𝑞𝑒𝑒 =
𝐴𝐴𝑅𝑅𝑅𝑅𝐵𝐵𝑅𝑅𝑅𝑅𝐶𝐶𝑒𝑒

𝛽𝛽

𝐴𝐴𝑅𝑅𝑅𝑅 + 𝐵𝐵𝑅𝑅𝑅𝑅𝐶𝐶𝑒𝑒
𝛽𝛽−1 

[42–44] 

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

𝑡𝑡
𝜏𝜏�

𝛼𝛼
�
−2

� 
[45–47] 

Fritz-
Schlunder-III 3 𝑞𝑞𝑒𝑒 =

𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝐾𝐾𝐹𝐹𝐹𝐹𝐶𝐶𝑒𝑒
1 + 𝐾𝐾𝐹𝐹𝐹𝐹𝐶𝐶𝑒𝑒

𝑛𝑛𝐹𝐹𝐹𝐹 [48] 

Fowler-
Guggenheima,b 

 3 

 

𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚
𝐾𝐾𝐿𝐿𝐶𝐶𝑒𝑒𝑒𝑒

𝛼𝛼𝑞𝑞𝑒𝑒
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚

1 + 𝐾𝐾𝐿𝐿𝐶𝐶𝑒𝑒𝑒𝑒
𝛼𝛼𝑞𝑞𝑒𝑒
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚

 

[49] 

Moreau 
3 𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚

𝑏𝑏𝐶𝐶𝑒𝑒 + 𝑙𝑙𝑏𝑏2𝐶𝐶𝑒𝑒2

1 + 2𝑏𝑏𝐶𝐶𝑒𝑒 + 𝑙𝑙𝑏𝑏2𝐶𝐶𝑒𝑒2
 

[50] 

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 [51,52]. 
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Statistical analysis 
This study employed the following statistical discriminatory or 
error functions tests; HQ (Hannan and Quinn's Criterion) [53], 
Bias Factor (BF), Accuracy Factor (AF) [54], root-mean-squared 
error (RMSE), adjusted coefficient of determination (R²) [55], 
corrected Akaike Information Criterion (AICc) [56,57], 
Marquardt's percent standard deviation (MPSD) [58–60] and 
Bayesian Information Criterion (BIC) [61]. 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 [62]. 
 
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

𝑆𝑆𝑌𝑌2
       (Eqn. 7) 

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

(𝑛𝑛−𝑝𝑝−1)
  (Eqn. 8) 

 
MPSD was calculated using the following formula; 
 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = 100� 1
𝑛𝑛−𝑝𝑝

∑ �𝑂𝑂𝑂𝑂𝑖𝑖−𝑃𝑃𝑃𝑃𝑖𝑖
𝑂𝑂𝑂𝑂𝑖𝑖

�
2

𝑛𝑛
𝑖𝑖=1   (Eqn. 9) 

 
 
Application of Multiobjective Optimization by Ratio Analysis 
(MOORA) in Modeling 
MOORA, or Multiobjective Optimization by Ratio Analysis, is a 
multi-criteria decision-making (MCDM) method for ranking 
models. MOORA identifies the optimal model by simultaneously 
evaluating multiple performance metrics [63, . In MOORA, the 
normalization of the decision matrix is the first step to ensure 
comparability among different performance metrics. 
Normalization uses 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 aggregation of the normalized values was then carried out 
using a ratio system approach. Summation of the beneficial 
criteria (those that should be maximized, adjR2) is subtracted 
from the summation of non-beneficial criteria (the rest of the 
error functions) using the following formula: 
 
𝑌𝑌𝑖𝑖 = ∑ 𝑋𝑋𝑖𝑖𝑖𝑖′ −𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ∑ 𝑋𝑋𝑖𝑖𝑖𝑖′𝑛𝑛𝑛𝑛𝑛𝑛−𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  (Eqn. 11)  
 
Where Yi is the final score for the ith model 
 

If a particular evaluation criterion is found to be more 
significant than others, weighted ratios can be introduced to the 
analysis. Nevertheless, in this study, the approach of weighting 
was not used since no clear consensus exists in the literature 
regarding the relative importance of the error functions being 
assessed. The procedure thus ranks models according to their 
overall performance scores, where a higher score indicates better 
predictive capability. The top score model was deemed the most 
suitable under the defined decision framework. A fair and 
transparent comparison of kinetic models is achieved using this 
structured approach. This approach enables multiple assessment 
metrics to be incorporated in the identification of the best model. 
 
RESULTS AND DISCUSSION 
 
The fitting of various isotherm models to the equilibrium data of 
the adsorption isotherm of Cr (VI) using a blend derived from 
sugarcane bagasse and lemongrass [13], as determined by 
nonlinear regression, is shown in Figs. 2–21. The results showed 
that all these models provided good data fits, except for the 
Koble-Carrigan, Henry, and Dubinin–Radushkevich models. The 
error function analysis showed that the Toth model was the most 
frequently selected as the best model, as shown in Table 2. To 
further confirm this, the Multiobjective Optimization on the 
Basis of Ratio Analysis (MOORA) method was applied. 
MOORA systematically evaluates and ranks the performance of 
the adsorption isotherm models (Table 3). As expected, the 
MOORA scores indicated that the Toth model was the best with 
a score of 1.0396, reinforcing the earlier error function analysis.  
 

The Toth equation effectively explains the heterogeneity and 
Langmuir-type behavior of the system. The second best was the 
Freundlich with a score of 0.7387). This is followed by the Fritz–
Schlunder III model in third place with a score of 0.7331. Despite 
this, its very large confidence interval values in earlier fits 
highlight potential limitations in reliability despite its 
competitive MOORA score. The Radke–Prausnitz and Khan 
models occupied the fourth and fifth positions, respectively, with 
a close performance, having scores of nearly 0.731. The Redlich–
Peterson model ranked sixth. In the mid-range, models such as 
Brouers–Sotolongo were 7th, Vieth–Sladek were 8th, and Sips 
and Hill were tied at 9th due to the reason explained. In these 
models, having the same rank, the Standard Competition Order 
(SCO) ranking method was then applied, where the subsequent 
rank was skipped [52]. In the original study on Cr (VI) adsorption 
onto a sugarcane bagasse–lemongrass blend [13], the Freundlich 
model was found to be a better fit than the Langmuir model based 
on the error function R² and χ².  
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Fig. 2. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Dubinin-Radushkevic model. 
 

 
Fig. 3. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Henry model. 
 

 
Fig. 4. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Langmuir isotherm model. 
 

 
Fig. 5. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Freundlich isotherm model. 
 

 
Fig. 6. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Temkin isotherm model. 

 
Fig. 7. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Koble-Corrigan isotherm model. 
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Fig. 8. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Jovanovic isotherm model. 
 

 
Fig. 9. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Redlich-Peterson isotherm model. 
 

 
Fig. 10. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Sips isotherm model. 
 

 
Fig. 11. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Toth isotherm model. 
 

 
Fig. 12. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Hill isotherm model. 
 

 
Fig. 13. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Khan isotherm model. 
 

https://doi.org/10.54987/jebat.v5i2


JEMAT 2024, Vol 12, No 2, 83-93 
https://doi.org/10.54987/jemat.v12i2.1115   

- 88 - 
This work is licensed under the terms of the Creative Commons Attribution (CC BY) (http://creativecommons.org/licenses/by/4.0/). 

 

 
Fig. 14. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the BET isotherm model. 
 

 
Fig. 15. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Vieth-Sladek isotherm model. 
 

 
Fig. 16. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Radke-Prausnitz isotherm model. 
 

 
Fig. 17. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Brouers-Sotolongo isotherm model. 
 

 
Fig. 18. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Fritz-Schlunder III isotherm model. 
 

 
Fig. 19. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Unilan isotherm model. 
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Fig. 20. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
modelled using the Moreau isotherm model. 
 

 
Fig. 21. Cr (VI) adsorption onto sugarcane bagasse–lemongrass blend 
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–lemongrass blend. 
  

Model p MPSD RMSE R2 adR2 AICc BIC HQC BF AF 
1 Henry 1 197.32 0.252 0.75 0.707 -14.745 -21.07 -21.68 0.563 1.851 
2 Langmuir 2 26.58 0.133 0.92 0.881 -18.587 -30.43 -31.66 0.950 1.145 
3 Freundlich 2 77.34 0.057 0.98 0.972 -32.076 -43.92 -45.15 1.027 1.039 
4 Temkin 3 29.12 0.173 0.80 0.658 -4.497 -25.59 -27.44 1.109 1.186 
5 Koble-Carrigan 2 315.29 0.177 -16.59 -23.63 -14.000 -25.84 -27.07 1.001 1.138 
6 Jovanovic 2 10.56 0.147 0.90 0.864 -16.959 -28.80 -30.03 0.898 1.196 
7 Redlich-Peterson 3 9.77 0.064 0.98 0.963 -20.477 -41.57 -43.42 1.027 1.039 
8 Sips 3 21.51 0.063 0.98 0.964 -20.742 -41.84 -43.68 1.027 1.039 
9 Toth 3 9.72 0.032 0.99 0.990 -31.524 -52.62 -54.47 0.999 1.033 
10 Hill 3 21.51 0.063 0.98 0.964 -20.742 -41.84 -43.68 1.027 1.039 
11 Khan 3 9.94 0.063 0.98 0.964 -20.689 -41.78 -43.63 1.028 1.039 
12 BET 3 173.39 0.106 0.94 0.900 -12.342 -33.44 -35.28 1.049 1.090 
13 Vieth-Sladek 3 9.94 0.063 0.98 0.961 -20.578 -41.67 -43.52 1.022 1.074 
14 Radke-Prausnitz 3 9.94 0.063 0.98 0.964 -20.693 -41.79 -43.63 1.028 1.039 
15 Brouers–Sotolongo 3 11.16 0.063 0.98 0.964 -20.539 -41.63 -43.48 1.028 1.039 
16 Fritz-Schlunder III 3 9.78 0.063 0.98 0.964 -20.742 -41.84 -43.68 1.027 1.039 
17 Unilan 3 29.61 0.122 0.93 0.881 -10.038 -31.13 -32.98 1.016 1.073 
18 Fowler-Guggenheim 3 54.58 0.063 0.98 0.965 -20.580 -41.68 -43.52 0.959 0.959 
19 Moreau 3 39.34 0.189 0.88 0.793 -3.078 -24.17 -26.02 0.797 0.797 
20 Dubinin-Radushkevic 2 17.71 0.18 0.81 0.74 -14.00 -25.84 -27.07 1.00 1.14 
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 Toth 1.03960 1 
2 Freundlich 0.73865 2 
3 Fritz-Schlunder III 0.73312 3 
4 Radke-Prausnitz 0.73121 4 
5 Khan 0.73111 5 
6 Redlich-Peterson 0.72479 6 
7 Brouers–Sotolongo 0.72356 7 
8 Vieth-Sladek 0.71921 8 
9 Sips 0.70571 9 
10 Hill 0.70571 9 
11 Fowler-Guggenheim 0.62407 11 
12 Langmuir 0.35491 12 
13 Unilan 0.31011 13 
14 Jovanovic 0.30446 14 
15 Dubinin-Radushkevic 0.18800 15 
16 Temkin 0.06995 16 
17 BET 0.06418 17 
18 Moreau 0.00054 18 
19 Henry -0.66699 19 
20 Koble-Carrigan -2.54 20 
 

 
Isothermal Modeling of Cr(VI) Adsorption 
The Toth model calculated the maximum adsorption capacity of 
qmT of 0.91 mg/g. This value is lower than the experimental 
maximum of 1.21 mg/g. The confidence interval of 0.866–0.956 
mg/g was narrow, confirming that this underestimation is 
consistent across the model. Furthermore, the Toth exponent nT 
= 0.72 (95% CI: 0.675–0.765) value is closer to unity, suggesting 
a relatively homogeneous surface with adsorption behavior that 
resembles the Langmuir model. The Freundlich model, in 
contrast, yielded a comparable adsorption capacity estimate 
(qmF = 1.179 mg/g) and a Freundlich constant (KF = 0.94), with 
nF = 2.43. The high value of nF (>1) points to favorable 
adsorption and moderate surface heterogeneity. The Fritz–
Schlunder III model returned a maximum adsorption capacity of 
0.94 mg/g; however, the fitted equilibrium constant KF was very 
large (6.27 × 10^8), suggesting instability and poor reliability of 
the model. The exponent nFS = 0.59 (95% CI: 0.491–0.685) 
suggests suboptimal fitting when compared with Freundlich or 
Langmuir models. 
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The Langmuir model aligned well with the experimental 
maximum, with the predicted highest capacity at 1.39 mg/g (95% 
CI: 0.838–1.947 mg/g). This value supports the hypothesis of 
monolayer adsorption on a relatively homogeneous set of active 
sites. The Langmuir constant kL = 2.46 L/mg showed a wide 
confidence interval (−0.185 to 5.108), which suggests a moderate 
affinity between Cr(VI) ions and the sugarcane bagasse–
lemongrass surface if the model is true. The Toth model 
underpredicts adsorption capacity but trends toward Langmuir-
type behavior. The Fritz–Schlunder III appears unsuitable for this 
dataset. In this study, the limited number of data points (<10) 
constrains statistical reliability, although the fits remain within 
the range which is typically reported in adsorption research. 
 
Table 4. Isothermal models' constants for Cr(VI) adsorption onto a 
sugarcane bagasse–lemongrass blend.   
 
Model Para-

meter Unit Value [13] 
value 95% CI 

Toth 
qmT

 

KT 
 

nT 

(mg g-1) 

(mg/L)nT 

nT 

0.91 
-0.03 
0.72 

 0.866 to 0.956 
-0.04 to -0.01 
0.675 to 0.765 

Freundlich 
isotherm 
 

KF 

nF
  

qmF * 

(mg g−1.L mg−1)1/n 

(L mg-1)  
mg g-1 

0.94 
2.43 
1.179 

0.9237 
0.4246 

0.859 to 1.012 
1.973 to 2.887 
 

Fritz-
Schlunder 
III 

qmFS 
KFS 
nFS 

mg g-1 

 

 

0.94 
627149475.2 
0.59 

 0.838 to 1.034 
Too large 
0.491 to 0.685 

Langmuir QmS  
kL  

(mg/g) 
(L/mg) 

1.39 
2.46 

1.4397 
2.1289 

0.838 to 1.947 
-0.185 to 5.108 

*Estimated using the Halsey rearrangement. 
 

In the assessment of Cr(VI) adsorption by diverse 
agricultural biomasses via sorption capacity measurements and 
isotherm model selection, the results indicated substantial 
disparities among the agricultural biomass materials (Table 5). 
The Langmuir model was the best fit for nearly all agricultural 
biomasses, such as sorghum stem powder and casuarina fruit 
powder, which had low sorption capacities of 0.68 mg/g and 0.70 
mg/g, respectively [63]. It is likely that these adsorbents exhibit 
low Qm values due to their small surface area and likely few 
active functional groups for interacting with chromium ions. 
 

The Freundlich and Toth models are the most suitable 
models for dried water hyacinth root and sugarcane bagasse–
lemongrass blends, which can adsorb 1.28 mg/g and 1.44 mg/g, 
respectively. The low values indicate that they have only a 
moderate potential for use. This remodelling study showed that 
the Toth model exhibited a more accurate fit for the adsorption 
data than the Langmuir and the Freundlich models. For the 
typical agricultural biomass, the Toth model more accurately 
depicts biosorbent surfaces that are likely to be heterogeneously 
distributed. The binding sites within the sugarcane bagasse–
lemongrass composite can vary due to differences in 
experimental design, different sub-species, preparation methods, 
blending ratios, and particle sizes, which may have led to a lower 
Qm value compared to earlier Langmuir-based findings [13]. The 
adsorption performance of olive leaves pruning waste and 
chemically modified teff straw was best modelled using the 
Langmuir model with Qm values of 3.90 mg/g and 5.10 mg/g, 
respectively [64,65]. Surface modification techniques may 
generate additional active sites, leading to improved sorption 
results.  
 

The Langmuir model was also utilized in modelling the 
adsorption behavior of soy hull, with a maximum adsorption 
capacity of 7.29 mg/g (Blanes et al., 2016). The high porosity and 
numerous hydroxyl and carboxyl functional groups in soy hulls 
likely facilitate strong electrostatic bonding with Cr(VI), thereby 
enhancing its adsorption capacity. 

The research findings indicate that basic agro-wastes such 
as sorghum and casuarina fruit possess minimal adsorption 
capacity, whereas soy hull, olive leaves, and modified teff straw 
exhibit significantly enhanced potential as adsorbents. The 
research substantiates that sugarcane bagasse–lemongrass 
composites serve as economical biosorbents, despite exhibiting 
lower Qm values compared to alternative materials. Additionally, 
the Toth model offers a a superior representation of the system's 
heterogeneity. The results show that blended biomasses require 
additional chemical or physical modifications to enhance their 
ability to adsorb, ultimately reaching levels comparable to those 
of high-performance materials. 
 
Table 5. Comparison of agricultural biomass adsorbents for Cr(VI) 
removal, highlighting the best-fitting isotherm models, maximum 
adsorption capacities (Qm), and relevant literature references. 
 

Agriculture biomass 

Best 
isotherm 
model 

Cr (VI) Qm 
(mg/g) 

Ref 

Sorghum stem powder Langmuir 0.68 [63] 
Casuarinas fruit powder Langmuir 0.70 [63] 
Dried water hyacinth root 
(DWHR) 

Freundlich 1.28 [66] 

Olive leaves Chemlali pruning 
waste (OLC) 

Langmuir 3.90 [64] 

Teff straw-based Langmuir 5.10 [65] 
Soy hull Langmuir 7.29 [67] 

Sugarcane bagasse–lemongrass 
blend 

Freundlich 
 

1.4397 
(Langmuir) 
 

[13] 

Sugarcane bagasse–lemongrass 
blend Toth 0.91 

This 
study 

 
In the MOORA method, performance values are converted 

into a common normalized scale. MOORA is recognized for 
being both straightforward and computationally light in its 
approach. The use of MOORA evades the utilization 
complexities of pairwise evaluations or distance-based 
calculations in the traditional popular method. Through the 
application of normalization, MOORA can compare efficiently 
the diverse criteria expressed in different units. MOORA falls 
under the umbrella of MCDM or Multi-criteria decision-making 
techniques. It has been widely applied to rank competing models, 
such as in the evaluation of Software Reliability Growth Models 
(SRGMs), and has only recently been applied to biosorption [52] 
and biodegradation [68].   
 

The MOORA score for the Hill and Sips models yields 
identical values, and this reinforces the notion that the two 
models are numerically equivalent [51]. A notable constraint of 
nonlinear modelling, as in this study, is that limited datasets may 
inadequately represent adsorption behavior, as discussed above. 
To address these limitations, resampling techniques such as 
parametric bootstrapping [69], Monte Carlo simulations, and 
sensitivity analysis can be employed to enhance model 
robustness, leading to greater insight into adsorption behavior 
[70]. 
 
Toth 
The Toth isotherm is a three-parameter model that captures 
adsorption on energetically heterogeneous surfaces, and 
preserves the correct low- and high-concentration limits. In the 
equation, t quantifies heterogeneity, and a smaller t value 
indicates stronger heterogeneity, while t→1 results in the 
Langmuir isotherm. The model remains physically meaningful 
over wide ranges. The model also reproduces Henry's law at low 
Ce values. Toth frequently outperforms Langmuir and Sips for 
dyes and organics in several studies  75], which reflects the 
model's ability to accommodate broad site-energy distributions. 
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At the same time, the models maintain the monolayer capacity 
approach. 
 
Fritz-Schlunder III Model 
The Fritz-Schlunder III model is specifically designed to describe 
multilayer adsorption, coupled with interactions between 
adsorbed molecules on heterogeneous surfaces. This model 
considers the possibility of multilayer adsorption at higher 
concentrations, with qmFS, KFS, and nFS being constants that 
describe the maximum adsorption capacity, the affinity of the 
binding sites, and the interactions between adsorbed molecules, 
respectively. The model aims to provide a more generalized and 
flexible approach to adsorption isotherms, capable of describing 
a wider range of adsorption phenomena than the Langmuir 
model. The Fritz-Schlunder III model, by including a quadratic 
term in the denominator, explicitly accounts for multilayer 
adsorption and interactions among adsorbed molecules. The 
Fritz-Schlunder III model is particularly useful for systems where 
multilayer adsorption and molecule-molecule interactions are 
important. 
 
Langmuir isotherm 
The Langmuir isotherm describes monolayer adsorption of an 
adsorbate onto a homogeneous adsorbent surface, assuming the 
adsorbent has a uniform structure, where all adsorption sites are 
identical and have the same energy [71]. The isotherm model is 
related to Henry's law but is distinct from its foundational 
principles. It is postulated that no further adsorption can occur at 
those sites once a single layer of adsorbate molecules has fully 
covered the surface [72]. The model has been successfully 
utilized as the best model for modeling equilibrium adsorption of 
chromium onto adsorbents [73–86].  
 
Freundlich isotherm 
The Freundlich isotherm model is an empirical equation that 
offers a more flexible approach to describing adsorption 
phenomena. The model represents a heterogeneous adsorbent 
surface where adsorption occurs across multiple layers [87,88]. 
The Freundlich isotherm, unlike the Langmuir isotherm, 
accounts for variations in adsorption site affinities and the 
potential for multilayer adsorption. The Freundlich equation is 
limited in its inability to predict the maximum possible 
adsorption [89]. Estimation of the maximum adsorption can be 
carried out using the Halsey rearrangement by leveraging the last 
Ce data point as an approximation for the maximum adsorption 
capacity. 
 
CONCLUSION 
 
Using various modeling exercises, coupled with numerous error 
functions and MOORA, the adsorption of Cr(VI) onto a 
sugarcane bagasse–lemongrass blend has demonstrated 
characteristics that are consistent with monolayer behavior and 
fits the Toth model well. The saturation of adsorption capacity at 
high equilibrium concentrations is a testament to this. This study 
leverages the use of nonlinear regression instead of the often-
popular linearized forms. In this manner, the study has provided 
accurate fits for most models, with 95% confidence interval 
output. The MOORA method for ranking models introduces a 
structured, unbiased ranking approach and effectively manages 
the multiple error criteria utilized in this study. Despite this, 
which is reiterated in several previous studies, the small dataset 
size remains a limitation. This limitation may introduce statistical 
noise and result in wide confidence intervals, which can 
compromise the estimation of the parameters. Future studies are 
encouraged to incorporate larger datasets to prevent this issue, 
preferably larger than 15. The use of resampling techniques such 

as bootstrapping or Monte Carlo simulation, which can enhance 
robustness, is also recommended. To conclude, this study 
supports the suitability of Langmuir-like isotherms for Cr(VI) 
adsorption onto a sugarcane bagasse–lemongrass blend and also 
validates MOORA as a valuable tool in adsorption model 
selection. 
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