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Abstract
One specific advantage of using palmitic acid (PA) in biodiesel (Fatty Acid Methyl Esther, FAME)
production is its availability and high cetane number. To produce FAME, the methodological steps
followed in this study involved the sourcing and preparation of doum palm shell (DPS), carbonization
and sulfonation of the biochar, and subsequent esterification of PA while DPS serves as catalyst. The
objectives are to systematically explore the catalytic potential of DPS to optimize the biodiesel conversion
by varying some process parameters, including methanol/oil ratio (8:1 to 12:1), reaction time (60-180 min)
and catalyst load (1-5 wt.%). Ab initio, a Fourier Transform Infrared (FTIR) spectroscopy of the prepared
DPS catalyst and char revealed the presence of sulfonic acid groups crucial for enhancing the acidic nature
and catalytic activity of the catalyst, as well as the carbonyl groups which facilitates the esterification
reaction. A sister characterization method known as the Atomic Force Microscopy (AFM) suggest that the
biomass catalyst has a moderately rough surface with substantial peaks and valleys, that enhance FAME
conversion. Later on, several statistical metrics, 3D surface plot, contour lines, fitted plot and a quadratic
model relating the 3 factors and the response, helped in the selection of optimal combination. Under
100% desirability corresponding to 97.83% biodiesel conversion, Design Expert 7.0.0 points to 4.24 wt.%,
10.57:1 and 126.67 min as optimal combinations of catalyst load, methanol-oil ratio and reaction time,
respectively, also in line with a validated experimental efficiency of 98.01%. Based on the aforementioned
meritorious properties of the PA and DPS used, a biodiesel with better oxidative stability, lower levels of
polyunsaturated fatty acids, longer shelf life and improved performance in diesel engines, is expected.
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1. Introduction
A systematic exploration of alternative catalysts for biodiesel (FAME) production is crucial for
developing more efficient and sustainable energy sources. Doum palm shell (DPS) and related extract
were previously used as adsorbent [1], [2], [3]; as reinforcement material [4], [5], [6], [7], [8] and;
investigated for their thermal properties [9], [10], [11]. DPS utilization as a catalyst in biodiesel
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production represents a novel approach that is poised at addressing several gaps in previous research.
While significant work has been conducted on various feedstock and catalysts, the potential of DPS,
particularly when sulfonated, was brought to limelight in a study [12]. Transesterification, though
widely used, poses challenges such as the need for high-quality feedstock with low free fatty acid
(FFA) content and the formation of soap [13], which complicates the process. Esterification, on the
other hand, can directly convert FFAs into biodiesel, making it more suitable for feedstock with
high FFA content. A closer inclination to the use of DPS for biofuel production [14], reported the
kinetics and thermodynamic study of the pyrolysis step. Palmitic acid (PA – hexadecanoic acid), a
saturated fatty acid prevalent in many oils and fats, is significant due to its abundance and ease of
conversion into FAME. The presence of PA in various feedstock offers a reliable source for biodiesel
production, especially when efficient catalysts like the DPS catalyst are used. PA is produced through
several methods, primarily involving extraction from natural sources such as animal fats (lard, tallow)
and plant oils (palm oil, palm kernel oil, coconut oil). It can also be synthesized chemically via
hydrolysis of triglycerides, where fats and oils are broken down with water, heat, and a catalyst,
or through hydrogenation of unsaturated fats. Industrial production methods include fractionation
and distillation of fatty acids from palm oil [15] and various oleochemical processes that modify
natural oils and fats to isolate and purify PA. These methods ensure a reliable supply of PA for diverse
applications, including food, cosmetics and biodiesel production. Doum palm (Hyphaenethebaica) is
native to various regions and can be found in countries such as Egypt, Sudan, Nigeria, Chad, Mali,
Niger, Somalia, Kenya, Tanzania, Senegal, and Ethiopia. Among them, Sudan is recognized as the
largest producer of doum palm. These countries, predominantly located in North and East Africa,
provide environments conducive to the growth of the doum palm, making the DPS readily available
for use in various applications, including as a catalyst in biodiesel production.

Fourier Transform Infrared Spectroscopy (FTIR) analysis usually reveal the presence of sulfonic
acid groups, which are critical for enhancing the acidic nature and catalytic activity of the catalyst.
These functional groups play a vital role in facilitating esterification reactions by providing active sites
for proton donation. Moreso, characterizing the DPS catalyst by Atomic Force Microscopy (AFM)
will reveal the surface morphology and roughness of the catalyst [16]. Normally, an increased surface
area enhances catalytic activity by providing more active sites for reaction. Hence, this research
aims to solve the absence of an optimized FAME production in the literature using a sulfonated DPS
catalyst, in the esterification of PA. Ideally, the optimization of the biodiesel production process can
be conducted using Design Expert and Central Composite Design-Response Surface Methodology
(CCD-RSM) [17], [18], [19], [20], [21]. A detailed description of the application of CCD in
optimization have been presented [22]. This approach allowed for the systematic variation and
optimization of critical process parameters, including methanol/oil ratio, reaction time, and catalyst
load. These factors are pivotal in determining the efficiency of the esterification process [23],
[24]. An optimal methanol/oil ratio ensures sufficient methanol is available for the reaction, while
appropriate reaction times and catalyst loads maximize conversion rates without unnecessary resource
expenditure. The significance of finding the optimal conditions for these parameters cannot be
overstated. Achieving high biodiesel conversion rates ensures the process is economically viable and
scalable. The use of DPS as a catalyst not only provides a sustainable solution but also leverages local
resources, reducing dependency on conventional catalysts and enhancing the overall sustainability of
FAME production. Therefore, the objectives of this study are to explore the potential of sulfonated
DPS as a catalyst for the esterification of PA and to optimize key process parameters using advanced
methodologies to enhance the efficiency and sustainability of biodiesel production. The main interest
in using DPS in biodiesel production lies in its high catalytic activity due to sulfonation, which
provides abundant acidic sites for esterification and transesterification. Because it enhances reaction
efficiency, aligns with the chemical mechanism and effectively converts PA into FAME through
proton donation and stabilization of intermediates.
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2. Materials andmethod
The entire study was guided by the designed flow chart shown in Figure 1. It depicts the basic steps
involved in the production of FAME and the optimization study proper.

Figure 1: Modelled Experimental and Result Analysis Flowchart.

2.1 DPS Sourcing
Already, studies have proven the relative availability of doum palm fruit in Nigeria [25], [26]. Doum
palm shell (DPS) was locally gotten from a farm in Yola metropolis. Yola is located between latitude
9.2035°N and longitude 12.4954°E in Adamawa State, North-East, Nigeria. It was cleaned and
processed prior to its subsequent utilization.

2.2 Carbon Based Sulfonated Catalyst (CBSC) Preparation
About 500g of DPS was cleaned, crushed and put into a container. It was then placed in an oven for 2
h at 110°C to eliminate its water content. CBSC was prepared by a two-step process: carbonization
and sulfonation. First, DPS was obtained and pyrolyzed in a tube furnace under inert condition
at 250°C for 1.5 h. It was quenched with water and allowed to cool at room temperature. The
resultant char also obtained was ground using a pestle and mortar into fine powder [27]. Precisely,
20g of the DPS biochar was sulphonated in a 3-necked round bottom flask using 200 mL of fuming
sulfuric acid (H2SO4) at 130°C for 8 h under nitrogen (N2) flow, with a constant mixing using
magnetic stirrer at 600 rpm, in semblance [28]. After cooling to room temperature, the sulfonated
DPS was washed with distilled water filtered using suction pump and oven-dried at 105℃ for 15h.
The washing of the sulfonated char was carried out to remove excess sulphate ions.

2.3 FTIR Spectroscopy of DPS-CBSCs
Chemical composition of the CBSC solid residues before and after the pre-treatments were analyzed
by attenuated total reflection–(ATR-FTIR). ATR-FTIR was conducted using a Thermo scientific
PIKE Nicolet IS5, with built-in diamond-germanium ATR single reflection crystal. Samples were
pressed firmly against the diamond surface using a screw-loaded anvil. Sample spectra were obtained
using 32 scans in the wave number range of 650-4000 cm–1 at a spectral resolution of 4 cm–1.



86 Haruna Mavakumba Kefas et al.

2.4 AFM for Nanoparticle Characterization
AFM version 3.8.1.9 was used so as to obtain a 3D characterization of nanoparticles with sub-
nanometer resolution. Nanoparticle size distributions were directly calculated from the AFM images.

2.5 Esterification of Palmitic Acid
PA esterification reaction was carried out using the conventional reflux method. As used by re-
searchers, a 250 mL of three-necked round bottom flask was used and sub immersed in an oil bath
[29], [30]. The condenser was coupled with round bottom flask to re-condense the evaporated
methanol (CH3OH). Essentially, 3 g of PA was mixed with the calculated amount of CH3OH and
catalyst. The suspension was then refluxed at a certain temperature with a stirring speed of 600 rpm,
faster, but close to 660 rpm optimal value reported [31]. Based on the procedure described [32], the
catalyst was separated from the suspension by centrifugation for 5 min, at the end of the process.
The CH3OH was then separated and recovered from the product. Lastly, the separated product (PA
methyl ester – FAME) was collected.

2.6 Computation of FFA Conversion
FFA conversion of the PA was calculated based on the difference between the acid value of the
feedstock and acid value of the product. This FFA was according to Equation 1 (AOCS 5a-40 standard
method) [30, 34]. The biodiesel conversion (%) was computed for several runs using Equation 2 [33].

FFA Conversion (%) =
AVf – AVp

AVf
× 100 (1)

Biodiesel Conversion (%) =
FFAf – FFAp

FFAf
× 100 (2)

Where, AVf and AVp stands for the acid value of the feedstock and acid value of the product,
respectively, and FFAf and FFAp are FFA of the feed and the product, respectively.

2.7 Biodiesel Optimization using RSM
Process variables including methanol-oil ratio, reaction time and catalyst load were varied from 8:1 to
12:1, 60-180 min and 1-5 wt.% (Table 1), respectively in order to determine the optimal combination
for a higher FAME production using RSM. Briefly, RSM is a statistical and mathematical technique
used to model and analyze the relationships between multiple independent variables and one or
more response variables. It is particularly useful for optimizing processes by developing a functional
relationship through designed experiments and visualizing interactions via response surfaces. It is
worthy of note that the molar ratio used herein was an arbitrary range, due to the fact that lower
(4:1 to 8:1 3:1 to 9:1) or higher (13:1 34:1) range can also be experimented [34], [35], [36], [37].
The variables was based on a reaction temperature of 65℃ used [38], because conventional range
reported in the literature is 55-65℃ [12, 41, 42]. In the Design Expert tool, the factors were named
A, B and C; standing for methanol-oil ratio, reaction time and catalyst load, respectively.

Table 1: Range of the Selected Process Variable for Biodiesel Optimization

Factor Low Actual High Actual Low Coded High Coded Mean Std. Dev.

A 8 12 -1 1 10 1.414214
B 60 180 -1 1 120 42.42641
C 1 5 -1 1 3 1.414214
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Automatically, the mean and standard deviation for the respective minimum and maximum data
entrance were computed and recorded, as shown in Table 1.

2.8 Design of Experiment and Statistical Analysis
In the Design Expert 7.0.0 application, a Study Type ‘Response Surface’, Randomized Subtype and a
Quadratic Design Model were initiated for 20 runs of Central Composite Design (CCD) data and
an Import Data Design Type (User-defined). This is expected to give a table of predicted results
called design of experiment (DOE) for the 3 factors and 1 response (biodiesel conversion). A second
order quadratic model was acquired to describe the precise correlation between the response and the
independent variables [41]. The empirical correlation between the biodiesel conversion (%) in terms
of coded independent factors was obtained and the statistical analysis of the model was evaluated
using analysis of variance (ANOVA).

Essentially, Factorial Design (Fact) was used to explore main effects of factors A, B, and C, as
purely employed in 30 runs DOE [42]. Axial Design or ‘Axial’ tests the robustness of the optimal
conditions found in the factorial design; while the Central Composite Design (Center), explores
the response surface more thoroughly around the optimal conditions identified. Practically, the
total number of experiments conducted was 20(= 2k + 2k + 6) [43], where k is the number of
independent variables, including 8 factorial points, 6 axial points and 6 center points. Further analysis,
through statistical modeling like regression or optimization algorithms, was explored to identify
optimal conditions for maximizing FAME conversion while considering resource efficiency and
environmental impact.

3. Result and dicussion
3.1 FTIR Images
FTIR analysis of the DPS catalyst (Figure 2a) and DPS biochar (Figure 2b) reveals distinct differences
and similarities in the functional groups present, which significantly impact their performance
as catalysts in biodiesel production. Both FTIR spectra exhibit peaks corresponding to similar
functional groups, indicating the presence of common chemical structures. Key functional groups
observed in both spectra include: O-H stretching broad peaks around 3200-3600 cm–1 indicating
hydroxyl groups, which are present in both catalysts [3]; C-H stretching peaks around 2800-3000
cm–1 corresponding to aliphatic C-H stretching vibrations, signifying the presence of methyl and
methylene groups [44]; C=O stretching sharp peaks around 1700 cm–1 suggest the presence of
carbonyl groups [33], which are crucial in the catalytic activity for esterification reactions and; C-O
stretching peaks in the range of 1000-1300 cm–1 are indicative of C-O stretching vibrations [45],
associated with alcohols, esters, and carboxylic acids.

However, there are notable differences between the two spectra. First, the DPS catalyst shows
strong peaks around 1000-1200 cm–1, which correspond to sulfonic acid groups (S=O stretching).
These peaks are less pronounced or absent in the DPS biochar. Secondly, peaks around 1500-1600
cm–1 in the DPS biochar indicate aromatic C=C stretching vibrations [46], which are less prominent
in the DPS catalyst. The presence of different functional groups in the DPS catalyst and DPS
biochar affects their efficiency in biodiesel production. For instance, the presence of S=O stretching
significantly enhances the acidic properties of the DPS catalyst, making it more effective in catalyzing
the esterification and transesterification reactions crucial for biodiesel production. The acidic nature
of sulfonic groups facilitates proton donation [32], improving the conversion rates of FFAs to FAME.
While the DPS biochar contains essential functional groups like carbonyl (C=O) and hydroxyl
groups (–OH), the absence or lower intensity of sulfonic acid groups reduces its catalytic efficiency
compared to the DPS Catalyst. The aromatic structures present in the biochar (specifically, –OH)
may contribute to adsorption processes as reported [47], but do not provide the same level of catalytic
activity as the sulfonated catalyst.
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Figure 2: DPS (a) Catalyst and (b) Biochar IR Spectroscopy.

3.2 AFM Images
Atomic Force Microscopy (AFM) analysis of the Doum Shell Catalyst (DSC), as shown in Figure 3,
provides critical info into its surface morphology and topographical characteristics, which are vital
for its application in FAME production. The AFM specifications reveal several important parameters.
An area roughness (Sa) is 2595.4 picometers (pm), indicating a relatively smooth surface at the
nanometer scale. Root mean square roughness (Sq) is 3.4124 nanometers (nm), and the maximum
peak-to-valley height (Sy) is 19.203 nm. As described in research, these values suggest that the DSC
has a moderately rough surface with significant peaks and valleys [48]. The specific scan details, such
as an image size of 50 µm, scan direction (up and down), and the resolution (239 points and lines),
ensure a high-resolution analysis capable of detecting minute surface variations.

In the context of biodiesel production, the surface roughness and topography of the DSC are
crucial. A higher surface roughness increases the surface area available for catalytic reactions, thereby
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Figure 3: Doum Shell Catalyst AFM.

enhancing the catalytic activity. Presence of significant peaks and valleys on the catalyst surface
provides more active sites for the adsorption and conversion of reactants into FAME. This increased
surface area and the presence of active sites are particularly beneficial in the esterification and
transesterification reactions involved in biodiesel production. Furthermore, the specific approach
parameters, such as the setpoint of 20 nanonewtons (nN) and the adaptive PID feedback algorithm,
ensure that the AFM analysis is precise and accurate, providing reliable data on the catalyst’s surface
characteristics. The use of static force operating mode and the specific cantilever type (XYCONTR)
are also optimized for high-resolution imaging of the catalyst’s surface, allowing for detailed analysis
of its morphological features [49].

3.3 RSM Model Statistics
Prior to the forgone analysis, runs 6, 7, 10, 16 and 18 consistently show high conversion rates,
suggesting robust conditions for high biodiesel conversion, as shown in Table 2.

Sum of squares (SS) quantifies the variation in the response variable (i.e., FAME conversion)
that can be attributed to each source. For example, "Mean vs Total" has the highest SS (173,976.5),
indicating the total variability in the data. On the other hand, "Linear vs Mean" has an SS of 258.98,
showing the contribution of linear terms to the model, as shown in Table 3. It is worthy of note that
the degrees of freedom (df ) reflect the number of independent values that can vary. A "Residual"
df of 6 indicates the number of independent pieces of information available to estimate the model’s
error. The mean square (MS) is SS divided by the corresponding df [50]. For the "Quadratic vs 2FI,"
the MS is 54.21 (Table 2), which is relatively high, indicating a significant contribution to the model.

F value tests the overall significance of the model, in which a higher F value indicates a more
significant contribution. Viz., "Quadratic vs 2FI" has an F value of 189.63, with a p-value < 0.0001,
suggesting a highly significant quadratic term. Normally, p-values indicates the probability that the
observed results are due to chance. A p-value < 0.05 generally indicates statistical significance [51].
Here (in Table 3), the "Linear vs Mean" term has a p-value of 0.0017, and the "Quadratic vs 2FI"
term has a p-value of < 0.0001 [52], both indicating strong statistical significance. Conversely, the
"2FI vs Linear" term has a p-value of 0.9386, showing it is not significant. In Table 4, the lack of fit
tests evaluates the adequacy of different model types in representing the data [53]. The quadratic
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model has an SS of 2.357781, MS of 0.471556, an F value of 4.70474, and a p-value of 0.0572. This
p-value is slightly above the conventional significance level of 0.05, suggesting that the lack of fit is
not significant, as realized [54]. This indicates that the quadratic model provides an adequate fit to
the data, making it a suitable choice for modeling the system under study. The cubic model, while
having a lower SS (1.270381), presents a significant lack of fit with an F value of 12.67466 and a
p-value of 0.0162, implying overfitting and thus is aliased.

Table 2: Experimental Designs Generated by RSM and the Response for Each Reaction Run.

Std Run Type Factor A Factor B (min) Factor C (wt.%) Response 1

1 1 Fact 8 60 1 82.59
2 2 Fact 12 60 1 85.03
12 3 Axial 10 180 3 94.87
11 4 Axial 10 60 3 91.05
20 5 Center 10 120 3 96.98
10 6 Axial 12 120 3 97.7
17 7 Center 10 120 3 96.47
7 8 Fact 8 180 5 97.17
9 9 Axial 8 120 3 96.47
6 10 Fact 12 60 5 94.45
8 11 Fact 12 180 5 95.54
13 12 Axial 10 120 1 86.59
16 13 Center 10 120 3 96.55
15 14 Center 10 120 3 96.55
5 15 Fact 8 60 5 93.34
19 16 Center 10 120 3 96.43
14 17 Axial 10 120 5 96.65
18 18 Center 10 120 3 95.99
3 19 Fact 8 180 1 86.43
4 20 Fact 12 180 1 88.5

Table 3: Sequential Model Sum of Squares.

Source Sum of Squares df Mean Square F Value p-value (Prob >F)

Mean vs Total 173976.5 1 173976.5311 - - -
Linear vs Mean 258.9811 3 86.32703333 8.097154 0.0017 -
2FI vs Linear 5.085637 3 1.6952125 0.133161 0.9386 -
Quadratic vs 2FI 162.6379 3 54.21263561 189.6256 <0.0001 Suggested
Cubic vs Quadratic 1.0874 4 0.27185 0.920729 0.5094 Aliased
Residual 1.771531 6 0.295255114 - - -
Total 174406.1 20 8720.304735 - - -

The suggestion of the quadratic model in Table 4 stems from its balance between fit and simplicity.
The quadratic model captures the necessary complexity without overfitting, as indicated by the
non-significant lack of fit test. It offers a reliable representation of the underlying process for biodiesel
production, thus making it a preferable choice over the cubic model, which, despite its lower residual
SS, demonstrates significant lack of fit issues, making it less reliable for predictive purposes. Also, in
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Table 4: Lack of Fit Tests.

Model Type Sum of Squares df Mean Square F Value p-value (Prob >F)

Linear 170.0813 11 15.46193864 154.2646 <0.0001 -
2FI 164.9957 8 20.62446094 205.7713 <0.0001 -
Quadratic 2.357781 5 0.471556136 4.70474 0.0572 Suggested
Cubic 1.270381 1 1.270380682 12.67466 0.0162 Aliased
Pure Error 0.50115 5 0.10023 - - -

Table 5, the quadratic model stands out with a standard deviation (Std. Dev.) of 0.53469, indicating it
fits the data well with low variability. Its R2 value is 0.9933, suggesting that 99.33% of the variability
in the response variable can be explained by this model. This high R2 value, along with an adjusted
R2 of 0.9874 and a predicted R2 of 0.9410, confirms the model’s robustness and predictive power
[55], [56].

Table 5: Model Summary Statistics.

Source Std. Dev. R2 Adjusted R2 Predicted R2 PRESS

Linear 3.265181 0.602894 0.528436067 0.32497 289.9685 -
2FI 3.567986 0.614733 0.436916891 -1.35097 1009.891 -
Quadratic 0.53469 0.993345 0.987354681 0.940979 25.35346 Suggested
Cubic 0.543374 0.995876 0.986940589 -2.63525 1561.571 Aliased

In Table 5, the Prediction Error Sum of Squares (PRESS) value for the quadratic model is
25.35346, further demonstrating its accuracy in prediction. These statistics collectively suggest that
the quadratic model is highly suitable for optimizing FAME production conditions compared to
other models such as Linear or 2FI, which show lower R2 values and higher standard deviations,
indicating less precision and reliability.

3.4 ANOVA, Fit Statistics and Coefficient Estimate
As evidenced in Table 6, the model’s overall SS is 426.7046, with an MS of 47.41163, resulting in a
highly significant F value of 165.8369 (p < 0.0001). This indicates that the quadratic model is highly
significant [57]. Breaking down the individual components, factor C has the highest SS (230.496),
MS (230.496), and an extremely high F value (806.2315) with a p-value < 0.0001, demonstrating
it as the most influential factor in the model. Factor B also shows substantial influence with an SS
of 25.76025, MS of 25.76025, F value of 90.10449, and a p-value < 0.0001. Factor A has an SS of
2.72484, MS of 2.72484, F value of 9.530976, and a significant p-value of 0.0115, indicating it is as
also important but to a lesser extent.

Moreso, interactions such as AB and AC show varying significance, with AB having an F value
of 4.228898 and a p-value of 0.0668, and AC having an F value of 11.06222 with a p-value of 0.0077,
indicating significant interaction effects on the response. The quadratic terms A2, B2, and C2 are
all significant with high F values and very low p-values, confirming the non-linear effects of these
factors. Additionally, the residual SS is low at 2.858931, with an MS of 0.285893, indicating good
model fit. Lastly, the lack of fit is not significant (F value = 4.70474, p-value = 0.0572 – Table 6),
suggesting that the model adequately captures the data variability without significant error. In Table
7, the C.V.% or Coefficient of Variation is 0.5733%, indicating that the model is highly reliable and
precise, as lower C.V.% values signify higher precision and consistency in the data [45, 60]. This
low value implies minimal variation relative to the mean, making the model’s predictions stable and
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Table 6: ANOVA Response Surface for the Quadratic Model Chosen.

Source Sum of Squares df Mean Square F Value p-value (Prob >F)

Model 426.7046 9 47.41163 165.8369 <0.0001 significant
A 2.72484 1 2.72484 9.530976 0.0115 -
B 25.76025 1 25.76025 90.10449 <0.0001 -
C 230.496 1 230.496 806.2315 <0.0001 -
AB 1.209012 1 1.209012 4.228898 0.0668 -
AC 3.162612 1 3.162612 11.06222 0.0077 -
BC 0.714012 1 0.714012 2.497481 0.1451 -
A2 4.029301 1 4.029301 14.09373 0.0038 -
B2 23.36008 1 23.36008 81.70916 <0.0001 -
C2 49.77818 1 49.77818 174.1147 <0.0001 -
Residual 2.858931 10 0.285893 - - -
Lack of Fit 2.357781 5 0.471556 4.70474 0.0572 not significant
Pure Error 0.50115 5 0.10023 - - -
Cor Total 429.5636 19 - - - -

trustworthy.

Table 7: Fit Statistics.

Metric Value

Std. Dev. 0.53469
Mean 93.2675
C.V. % 0.573286
PRESS 25.35346
R2 0.993345
Adj. R2 0.987355
Predicted R2 0.940979
Adeq. Prec. 42.14776

Adequate precision is 42.14776 in Table 7, far exceeding the threshold value of 4. This metric
measures the signal-to-noise ratio, and a value above 4 is desirable as it indicates an adequate signal
[59]. A high adequate precision value suggests that the model can be used to navigate the design
space effectively [45], ensuring the predictions are reliable and can guide experimental conditions
confidently. Table 8 presents the coefficient estimates and Confidence Intervals (CI) for the quadratic
model applied in the study. The intercept boasts a coefficient estimate of 96.24682 with a remarkably
low standard error of 0.183813, underscoring the model’s high degree of precision. Its 95% CI
ranges narrowly from 95.83726-96.65638, showing that it is reliable. Factor A, representing the
methanol-oil ratio, has a coefficient estimate of 0.522 with a standard error of 0.169084. Its 95% CI
spans from 0.145258-0.898742, indicating a positive and statistically significant impact on biodiesel
conversion [40, 62]. Factor B, which denotes reaction time, shows a more substantial positive
influence with a coefficient estimate of 1.605 and a CI extending from 1.228258-1.981742.

Most notably, Factor C, representing catalyst load, exhibits the highest positive coefficient
estimate of 4.801, with its CI ranging from 4.424258-5.177742, underscoring its profound effect on
the biodiesel conversion process. Interaction terms AB, AC, and BC show negative coefficients in
Table 8, suggesting that the interactions between these factors negatively affect biodiesel conversion
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Table 8: Coefficient Estimate and Confidence Interval.

Factor Coefficient Estimate df Standard Error 95% CI Low 95% CI High VIF

Intercept 96.24682 1 0.183813 95.83726 96.65638 -
A 0.522 1 0.169084 0.145258 0.898742 1
B 1.605 1 0.169084 1.228258 1.981742 1
C 4.801 1 0.169084 4.424258 5.177742 1
AB -0.38875 1 0.189041 -0.80996 0.03246 1
AC -0.62875 1 0.189041 -1.04996 -0.20754 1
BC -0.29875 1 0.189041 -0.71996 0.12246 1
A2 1.210455 1 0.32243 0.492036 1.928873 1.818182
B2 -2.91455 1 0.32243 -3.63296 -2.19613 1.818182
C2 -4.25455 1 0.32243 -4.97296 -3.53613 1.818182

[31]. While the quadratic terms A², B², and C² have significant impacts, particularly B² and C²
with negative coefficients of -2.91455 and -4.25455, respectively. VIF stands for Variance Inflation
Factor [61]. The VIF values for all terms are low, indicating no multicollinearity issues among the
predictors.

3.5 Two Variables Response Contour Plots
Figure (4a-6a) contour plots uses color gradients to represent different levels of FAME conversion
efficiency, with distinct lines marking changes in conversion percentages. Alternatively, the surface
plot or Figure (4b-6b) visualizes these data points in a 3D space, using color and elevation to denote
conversion efficiency at varying combinations of 2 variables. An example is A (methanol-oil ratio)
and B (reaction time) in Figure 4. The color patterns range from cool to warm tones, indicating
lower to higher biodiesel conversion rates. Optimal combination identified in Figure 4, where both
methanol-oil ratio and reaction time result in maximum biodiesel conversion [62], is approximately at
a methanol-oil ratio of 11 and a reaction time of 120 min. This particular combination corresponds to
a biodiesel conversion rate close to 98.2%, highlighting the most efficient conditions for the reaction
under study.

Figure 4: Biodiesel Conversion Versus A-B (a) Contour and (b) Surface Plots.

Normally, the optimal combination of variables can be determined by locating the highest peak
on the surface plot or the innermost contour line on the contour plot, indicating the maximum
FAME conversion percentage. In view of that, the optimal combination derived from Figure 5 shows
that a methanol-oil ratio (A) of approximately 11.5 and a catalyst load (C) of about 3.5 wt.% result in a
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biodiesel conversion rate of around 98.57% (higher than A-B choice of value). Researchers discovered
a phenomenon they described as ‘molar ratio limitation’ beyond which biodiesel production will
be reduced as well as the fuel purity [34]. In this study, the threshold value is between 11.0-11.5,
derived from Figures 4 and 5. In Figure 5 illustrated previously, the colors range from dark blue to
red, with dark blue representing the lowest conversion rates and red representing the highest [63].

Figure 5: Biodiesel Conversion Versus A-C (a) Contour and (b) Surface Plots.

As such, the optimal combination of Factor A and Factor C for achieving the highest biodiesel
conversion is highlighted in the red region. However, the 3D surface in more clearly pinpoint
the optimal combinations than in this study, due to a smoother curvature [64]. A 98.57% FAME
conversion relative to A and C is consistent with the requirements of the European Standard EN-
14214 [66-68]. A-C relationship with % FAME conversion have been reported severally [52], [68],
[69], [70], and was generally discovered that an individual or simultaneous increase in A and C
results in concurrent rise in biodiesel conversion. Figure 6 shows the optimal combination of reaction
time (B) and catalyst load (C) for biodiesel conversion. It is observed that the optimal combination
is at approximately 4.5% catalyst load and 135 min of reaction time, yielding the highest biodiesel
conversion rate of around 98%. The umbrella shape showcased by all the surface plots suggests that
there is a single optimal combination of the two input variables where the response variable reaches
its maximum. As we move away from this optimal point in any direction within the plotted range,
the response variable decreases. The curvature of the umbrella shape indicates the sensitivity of the
response variable to changes in the input variables, as presented using identical factors [34], [68],
[71]. Steeper slopes near the peak imply greater sensitivity [15], meaning small changes in the input
variables around the optimal point can significantly impact the response variable.

Figure 6: Biodiesel Conversion Versus B-C (a) Contour and (b) Surface Plots.

Based on Figures 4, 5, and 6, the best combination for efficient resource utilization and maximum
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biodiesel conversion is from Figure 5. It is ranked first due to its high efficiency and moderate
catalyst usage. Figure 4 ranks second, because it has less optimized catalyst load. Figure 6 ranks
third, due to the fact that it requires higher catalyst usage and longer reaction time, making it
less resource-efficient. Thus, lower reaction period of 90 minutes [72] and 51 min [67] are more
advantageous. In terms of the polynomial model used in RSM, an umbrella-shaped surface typically
corresponds to a second-order response surface [37]. This implies that the relationship between the
response and the input variables (A, B and C) can be adequately described by a quadratic equation,
capturing both linear and interaction effects of the variables.

3.6 Model Equation for FAME Conversion and Fit
Base on Equation 3 and Equation 4 in terms of coded and actual factors, the predicted biodiesel
conversion efficiency was computed by Design Expert for the 20 observations in Table 2.

FAME Conv. (%)Coded = 96.24682 + 0.522 A + 1.605 B + 4.801C – 0.38875AB

- 0.62875 AC-0.29875 BC+1.210455 A2 – 2.91455 B2 – 4.25455C2(3)

FAME Conv. (%)Actual = 82.7564 – 4.93096 A + 0.260918 B + 10.65294C – 0.00324AB

-0.15719 AC-0.00249 BC+0.302614 A2 – 0.00081 B2 – 1.06364C2(4)
The predicted versus actual response plot is as shown in Figure 7a with an R2 value of 0.9933.

This strong performance of the quadratic model is crucial for achieving high conversions and efficient
biodiesel production, as it accurately captures the relationship between process variables and the
response, facilitating better optimization and control of the production process. As clearly explained
[66], [73], Figure 7b point to the distribution between the predicted versus experimental studentized
residuals and exposed the normal distribution of studentized residuals vis-à-vis to S-shape curve was
not completely formed.

There are several 3 variable combinations suggested by the CCD-RSM Design Expert that would
give maximum FAME conversion, as shown in Table 9. Design Expert selected row number 1
as the optimal combination because it achieves a high biodiesel conversion rate of 97.83%, which
is close to the highest among the options provided. This combination of methanol-oil ratio (A =
10.57), reaction time (B = 126.67 min), and catalyst load (C = 4.24 wt.%) also meets all experimental
constraints and has a desirability score of 1, indicating it satisfies all criteria set by the current study
effectively.

Figure 7: (a) Predicted Versus Actual Biodiesel Conversion and (b) Normal Plot of Residuals.

There are several 3 variable combinations suggested by the CCD-RSM Design Expert that would
give maximum FAME conversion, as shown in Table 9. Design Expert selected row number 1
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as the optimal combination because it achieves a high biodiesel conversion rate of 97.83%, which
is close to the highest among the options provided. This combination of methanol-oil ratio (A =
10.57), reaction time (B = 126.67 min), and catalyst load (C = 4.24 wt.%) also meets all experimental
constraints and has a desirability score of 1, indicating it satisfies all criteria set by the current study
effectively.

Table 9: Desirability and Optimal Combinations

Number A B (min) C (wt.%) Response (%) Desirability

1 10.57 126.67 4.24 97.8301 1 Selected
2 11.42 144.46 3.41 97.97371 1 -
3 11.96 122.01 3.36 98.56847 1 -

Because lower CH3OH/oil ratios are generally more resource-efficient as they use less CH3OH.
Also, lower ratios are typically safer as CH3OH is toxic and flammable. Short reaction times are
more efficient in terms of energy and time resources. Considering all factors, Combination 1 offers a
balanced approach with good resource efficiency and environmental safety, and a high conversion,
despite the higher catalyst load. Combination 3 provides the highest conversion and best reaction time
but at the cost of higher CH3OH usage, which could be less environmentally friendly. Combination
2 falls in between, offering moderate benefits but the least resource-efficient reaction time.

4. Conclusion
This study positively explored the use of sulfonated DPS as a catalyst for the esterification of PA to
produce biodiesel, utilizing two characterization methods and RSM optimization. It is observed that
while hydroxyl group contributed to the overall functionality of the DPS catalyst, their impact is less
compared to sulfonic and carbonyl groups. In addition, aliphatic C-H stretching groups are more
common and less critical to the specific catalytic activity required for biodiesel production, as revealed
by the FTIR. Basically, FTIR revealed the presence of sulfonic acid groups, which are essential for
the acidic properties and catalytic efficiency of the catalyst, while AFM showed a moderately rough
surface with significant peaks and valleys, providing ample active sites for the esterification reaction.
The optimization process conducted using CCD within the Design Expert software, showed that
the optimal conditions for the esterification process are a methanol-to-oil ratio of 10.57:1, a reaction
time of 127 min, and a catalyst load of 4.24 wt.%. Under these conditions, the biodiesel conversion
rate reached an impressive 97.83%, demonstrating the high efficiency of the sulfonated DPS catalyst.
It is almost in consonance with an observed value of 98.01%. A reusability test should be done in
order to ascertain the catalyst effectiveness in subsequent runs of the biodiesel production.
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