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Abstract: This study investigates the synthesis of biodiesel from three vegetable oils with
significantly different chemical compositions. Based on the properties of these biodiesel
samples, a method was proposed to estimate the density of petrodiesel-biodiesel blends
using an artificial neural network (ANN). The ANN employed in this research consisted
of 10 neurons. The experimental data showed a high correlation, indicating effective
training and precise estimations in relation to the provided training data. The accuracy of
the estimations was evaluated by comparing the blending densities determined through
the method presented in this study with the mean of three estimations generated by the
neural network. The deviation between the determined and estimated values ranged from
4.1 to 25.2 kg/m?, which is attributable to the limited size of the training database. Most
errors fell between —7.1% and 3.8%, with the lowest error being observed for petrodiesel—-
Brassica carinata biodiesel blends. Excellent correlations for both training and validation
data were obtained (R = 0.99 and R = 0.98) for blends incorporating palm and Brassica
carinata biodiesel. The estimation method using neural networks proposed in this paper can
be effectively adapted for other mixtures and to estimate additional blending properties,
accommodating each user’s needs.

Keywords: biodiesel; palm oil; Brassica carinata oil; camelina oil; artificial neural network;
properties estimation

1. Introduction

The growing demand for automotive fuels, coupled with an increasing focus on en-
vironmental preservation, necessitates the exploration of alternative fuel options. Fuels
such as bioethanol, biodiesel, and hydrogenated vegetable oil are produced from renew-
able raw materials, and their characteristics are significantly influenced by the chemical
composition of the feedstock used in their synthesis. Biodiesel consists of mono-alkyl
esters derived from long-chain fatty acids and can be sourced from various raw materials,
including vegetable oils, animal fats, and waste cooking oil [1]. Utilizing waste cooking oil
as a feedstock for biodiesel production presents a viable and economically advantageous
solution, both in terms of resource utilization and in mitigating environmental pollution.
This approach not only enhances the sustainability of biodiesel production by repurposing
waste materials but also contributes to the reduction of the harmful emissions associated
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with traditional fossil fuels. However, the challenge of achieving a consistent chemical
composition in large volumes of waste cooking oil poses some obstacles in the production
of high-quality biodiesel. The quality and properties of biodiesel are determined by the
chemical nature of the raw materials employed in its synthesis, the methods of preparation,
and the operational conditions—such as the catalysts used, as well as the washing and the
purification processes. Ultimately, the biodiesel produced must meet current regulatory
standards: DIN EN 14214 under European specifications for biodiesel fuels, or ASTM
D6751, which represents the U.S. specifications [2].

To accurately predict the properties of petrodiesel-biodiesel blends, it is essential
to understand how the composition of vegetable oils influences biodiesel characteristics.
A valuable tool for correlating the raw material composition with the properties of the
resulting products is the artificial neural network (ANN). These data processing systems
are employed to address various challenges in engineering and science, particularly in
areas where traditional modeling methods fall short [3,4]. Consequently, experimental
measurement of blend properties may become unnecessary. Numerous studies have been
conducted to establish a qualitative relationship between biodiesel derived from B100 and
the properties of biodiesel-petrodiesel blends, based on the chemical composition of the
feedstock used in their synthesis. The techniques employed for estimating these results
include mathematical correlations, response surface methodology (RSM), and artificial
neural networks (ANN). Furthermore, these tools have also been applied to the mathe-
matical modeling of biodiesel production from various oleaginous raw materials. The
characteristics of biodiesel samples obtained under conditions modeled with ANN conform
to the specifications for biodiesel outlined in ASTM D6751 and DIN EN 14214 [5,6].

The literature discusses studies exploring the interdependence between the density of
petrodiesel blended with 5% to 55% biodiesel and the types of raw materials utilized in
biodiesel synthesis, such as sunflower oil, palm oil, animal fat, and waste cooking oil [7].
For several of the mixtures analyzed, linear equations with high correlation coefficients,
ranging from 0.90 to 0.96, were derived. Perdomo investigated the relationship between
chemical structure and the physical properties of biodiesel through group contribution
methods [8]. Additionally, other researchers examined the application of artificial neural
networks (ANNSs) to estimate the viscosity and oxidation stability of various biodiesel
samples derived from different raw materials [9]. The findings demonstrate that this
proposed model effectively and accurately predicts these two properties. Furthermore, the
model developed by Rocabruno-Valdés for estimating density, viscosity, and cetane number
considers the composition of the biodiesel sample [10]. The results obtained using the ANN
model are applicable within the temperature range of 288.15 to 373.15 K, and the correlation
coefficients between the estimated and actual data are notably high—0.91946-0.99401.

In a study investigating blends of petrodiesel and biodiesel produced through the
transesterification of soybean oil with methanol, Kumar and Bansal utilized several artificial
neural networks (ANNSs) to estimate the properties of these mixtures under basic catalysis.
Their findings indicated that the most favorable results were achieved with a neural network
trained using the Levenberg-Marquardt algorithm [11,12]. Comparative analyses of various
mathematical tools, including artificial neural networks (ANN), multiple linear regression
(MLR), principal component regression (PCR), and partial least squares regression (PLS),
as well as polynomial and spline-PLS methods, were conducted to predict the properties
of biodiesel [13]. Among the methods evaluated, artificial neural networks demonstrated
superior performance, with the lowest root mean squared error of prediction recorded
being 0.42 kg/m? for biodiesel density. Notably, ANNs also produced highly accurate
estimates for viscosity, density, flash point, and freezing point of biodiesel [14], achieving a
correlation coefficient of 0.994 for density.
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The study of mixtures derived from petrodiesel and biodiesel sourced from palm oil,
a primary raw material utilized in this research, reveals several pertinent properties that
merit investigation [15]. A second-order mathematical correlation was established between
the composition of the blends and their respective viscosities, cloud points, and flashpoints.
Notably, the correlation demonstrated superior alignment between experimental data
and calculated outcomes, particularly regarding the viscosity and cloud point of palm
oil biodiesel-petrodiesel blends. Furthermore, a substantial body of literature examines
the properties of biodiesel produced from vegetable oils with a high degree of saturation,
highlighting the significance of chemical composition in the analysis [16-19].

To accurately assess the properties of these biodiesel blends, it is important to employ
experimental methods that conform to established standard testing protocols for each
property under consideration. While these experimental results are characterized by high
accuracy, the associated costs of conducting such tests can be substantial; they are often
both technically demanding and time intensive. Compounding these challenges is the
limited availability of well-equipped laboratories capable of facilitating such analyses. To
mitigate these constraints, the integration of mathematical and statistical models, alongside
artificial neural networks (ANNSs), has been increasingly adopted to estimate the properties
of fuel blends [14].

Artificial intelligence (Al) encompasses a broad range of applications across various
fields, with artificial neural networks representing a specialized branch utilized to address
complex and nonlinear challenges. ANNs function by mimicking the dynamics of the
animal central nervous system, particularly the brain, enabling the networks to learn from
empirical examples. Their inherent fault tolerance and capacity to process noisy, intricate
data sets render them invaluable. Following an adequate training phase, ANNSs are capable
of delivering rapid predictions [20]. The density of fuel plays a critical role in ensuring
optimal engine performance by influencing the volume of the fuel injected into combustion
chambers, thereby facilitating complete and efficient combustion with appropriately sized
fuel particles. This relationship is further linked to the levels of emissions generated during
fuel combustion, including particulate matter and nitrogen oxides [21-26]. Additionally,
the density of alternative fuels significantly impacts the degree of biodiesel separation
when storing reformulated diesel fuels [20].

Biodiesel density is a critical property, alongside viscosity, due to its significant impact
on engine performance. Analyzing the effect of temperature reveals a linear decrease in
density with rising temperatures. At lower temperatures, the density of saturated alkyl
esters primarily depends on their molecular weight.

An important factor to consider is the composition of vegetable oils, particularly the
structure of the fatty acids found within their triglycerides. These structural elements
remain consistent throughout the transesterification process and are foundational for
defining the standardized characteristics necessary for biodiesel. Longer molecular chain
lengths correspond to larger molecular weights, resulting in greater distances between
molecules and lower densities of saturated structures [18,27]. Conversely, the number of
double bonds in alkyl esters positively influences density, meaning that as the degree of
unsaturation increases, density decreases. Palm oil is notably high in saturated fatty acids,
specifically C14—-C18, containing up to 55% by weight [28]. In contrast, Brassica carinata
oil and camelina oil exhibit higher levels of unsaturation. Brassica carinata oil possesses a
unique fatty acid profile with high concentrations of erucic and linolenic acids, reaching
up to 90% by weight [29-31] while camelina oil is rich in oleic, linoleic, and linolenic acids,
which account for up to 65% by weight, and it exhibits a higher iodine value [21-33].
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The number of carbon atoms in the chains of saturated fatty alkyl esters affects density
in opposing ways at different temperatures. As temperature rises, the molecular forces
increase—more significantly in longer saturated chains. Consequently, with higher tem-
peratures, density increases and the disparity in density between long and short-chain
structures diminishes [34].

The specialized literature discusses various studies on diesel-biodiesel blends, focus-
ing primarily on their combustion properties and pollutant emissions [8,18,35,36]. While
there are methods which have been proposed to estimate the densities of these blends under
different conditions, these methods typically do not utilize specifically trained ANNs. Ad-
ditionally, the existing research often overlooks the chemical structure of the triglycerides
present in vegetable oil.

Building on these considerations, this study examines the synthesis of biodiesel from
three vegetable oils with significantly different chemical compositions. Unlike other stud-
ies [8,37], this work presents a comprehensive approach to property modeling using neural
networks. We provide a comparative analysis of the modeling results for three types
of biodiesel: one derived from palm oil, another from Brassica carinata oil, and the last
from camelina oil. Given the future potential of using second-generation raw materials,
our study stands out by focusing on the comparative results of modeling the physical
properties of blends of first-generation biofuels with those of blends combining diesel and
second-generation biofuels. Additionally, we emphasize the methodology for biodiesel
synthesis. Starting with the oil for which we determined the main physical properties,
we produced three types of biodiesel under similar reaction conditions. This approach
minimizes the errors that could arise from variations in manufacturing methods.

This research introduces a valuable tool for estimating the density of petrodiesel-
biodiesel blends through the use of an artificial neural network specifically trained for this
task. Given the significance of fuel blend density in determining the size and distribution
of particles injected into the combustion chamber, this approach takes into account both
the chemical structure of triglycerides and the influence of temperature.

There is substantial interest in bringing Brassica carinata and camelina oils to market
in the context of the production of alternative fuels such as biodiesel or hydrogenated
vegetable oil, which is why these oils were selected for the study as vegetable oils with
different degrees of unsaturation.

The primary advantage of estimating blending density using the artificial neural net-
work lies in its speed and accuracy compared to traditional methods. Furthermore, current
estimations of certain physical properties of alternative fuels often rely on mathematical
relationships established for petroleum products, which have a significantly different chem-
ical compositions from that of biodiesel, in terms of hydrocarbons classes and functional
groups. Therefore, it is essential to accurately correlate chemical composition with the
variations in the properties of alternative fuels.

This methodology stands apart from prior studies by providing a rapid and adapt-
able mechanism for predicting the densities of biodiesel. When addressing a limited
number of properties, this approach demonstrates efficiency due to its tailored nature.
Moreover, as research advances and the need for additional data arises, the methodology
can be further refined and expanded, thereby enhancing its capability to yield the most
accurate estimations.

2. Materials and Methods
2.1. Materials and Reagents

In preparing the biodiesel samples, three distinct vegetable oils with varying degrees
of unsaturation were selected: palm oil, representing saturated oils; Brassica carinata oil,
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classified as partially saturated; and camelina oil, characterized as unsaturated. For the
formulation of diesel blends, we utilized a diesel cut obtained from atmospheric distillation,
supplied by a Romanian refinery. The methyl alcohol (99.8% anhydrous) and potassium
hydroxides employed in the biodiesel synthesis were of analytical grade and sourced from
Sigma—-Aldrich (Darmstadt, Germany).

2.2. Methods

The vegetable oils and petrodiesel were characterized using several parameters, includ-
ing density, viscosity at 40 °C, flash point, cloud point, saponification index, unsaturation
index, and total acid number, following ASTM and EN standards. The physical and
chemical properties of these substances are detailed in Tables 1 and 2.

Table 1. Properties of the vegetable oils.

Sample
Test j j
ests Palm Oil Brassica ¢ armata Camelina Oil Method
Oil
Density (at 20 °C, kg/m?) 919.6 914.5 918.1 EN ISO 3838
Refractive index (at 20 °C) 1.4638 1.4740 1.4754 ASTM D-1218
Viscosity (at 40 °C, mm?/s) 39.47 68.56 25.32 EN ISO 3104
Saponification index (mg KOH/g) 172.21 174.51 182.14 EN ISO 3657
Iodine value (g I,/100 g) 59.12 96.12 146.70 EN-14111
Total acidity number (mg KOH/g) 2.17 0.79 1.38 ASTM D-1980
Cloud point (°C) 28 4 -1 ASTM D-2500
Table 2. Physical and chemical properties of the petrodiesel.
Den51oty Refractive Total Acidity Iodine Value, Cloud Flash Point
Property, u.m. (at 20 °C, Index Number, (e 1,/100 2) Point, (°C) ©0) .
kg/m?) (at 20 °C) (mg KOH/g) 82708 ’
Petrodiesel, 896.9 1.4756 0.5 8.585 <25 71
experimental data
Petrodiesel,
820-845 - - - —-10 <55

Standard value

The biodiesel synthesis was conducted at a temperature of 65 °C through the catalytic
transesterification of triglycerides derived from vegetable oil with methanol. The reaction
utilized an oil-to-alcohol molar ratio of 1:4 and was carried out over a period of 3 h,
employing potassium hydroxide as the catalyst. The separation of the resulting biodiesel
and glycerol phases was achieved via decantation in a vertical separation funnel. Excess
methanol, residual catalyst, and soap were eliminated through several hot water washes.
The biodiesel yield varied significantly, exhibiting a range extending from 48% for Brassica
carinata oil to 82% for palm oil. This variability underscores the influence of feedstock
type on biodiesel production efficiency. Following purification, the biodiesel samples were
analyzed, and the experimental data obtained is presented in Table 3.
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Table 3. Physical and chemical characteristics of the biodiesels.
Biodiesel Sample Standard Value
Tests Palm Bm.sswa Camelina EN 14214 Method
Carinata
Density (at 20 °C, kg/ m?) 864.9 883.6 970.9 860-900 EN ISO 3838
Refractive index (at 20° C) 1.4483 1.4570 1.4575 - ASTM D-1218
Viscosity (at 40 °C, mm?/s) 18.49 24.37 4.09 3.5-5 EN ISO 3104
Saponification index (mg KOH/g) 171.41 173.82 181.76 - EN ISO 3657
Iodine value (g 1,/100 g) 55.90 92.41 141.9 <120 EN-14111
Total acidity number (mg KOH/g) 1.24 1.37 1.07 <0.5 ASTM D-1980
Cloud point (°C) 38,4 4 25 Report ASTM D-2500
Cetane number 65.56 56.90 44.39 >51 Calculated

3. Results and Discussion

The differences in the chemical compositions of the three vegetable oils are quan-
titatively assessed through key parameters including iodine values, kinematic viscosity,
saponification index, and freezing point. The iodine value (IV) serves as an indicator of
the degree of unsaturation of fatty acids, and is derived from the reactivity of unsatu-
rated fatty acids with halogens. For instance, the iodine value of palm oil is recorded at
59.12 g I, /100 g, which can be attributed to its substantial content of saturated fatty acids,
particularly palmitic and stearic acids, comprising nearly 50% of its total composition.

In contrast, camelina oil exhibits the highest iodine value among the oils analyzed,
measured at 146.70 g I, /100 g. This elevated value results from a significant presence of
unsaturated fatty acids characterized by multiple double bonds within the triglyceride
structure, and is specifically comprised of 16.1% monounsaturated and 65% polyunsatu-
rated fatty acids. The structural integrity of the aliphatic chains of fatty acids in vegetable
oils remains intact following the transesterification process, preserving the number, posi-
tion, and configuration of double bonds. Consequently, biodiesel derived from unsaturated
oils retains an iodine value comparable to that of the original vegetable oil and biodiesel
samples analyzed.

The presence of double bonds within the aliphatic chains renders biodiesel susceptible
to oxidative degradation when exposed to atmospheric oxygen, leading to the formation
of peroxides. This process can initiate cross-linking and irreversible oligomerization,
increasing the risk of oxidation. Contrary to early expectations that the iodine value
would decrease with the progression of oxidative degradation, experimental findings
reveal that this assumption is not accurate. The iodine value fails to consider the nature
of the double bonds—specifically, whether they are conjugated or non-conjugated, as
well as their cis versus trans orientations [38]. The most pertinent indicator of oxidative
degradation remains the induction period (IP). While the iodine value provides insight into
the behavior of biodiesel under heat in relation to the concentration of unsaturated fatty
acids, elevated temperatures can promote glyceride polymerization, which may lead to
deposit formation and consequently impair the lubrication properties of the fuel [39-41]. In
the biodiesel samples produced in our study, the first two samples complied with European
specifications, exhibiting iodine values below 120 g I, /100 g.

The structural characteristics of the aliphatic chain in fatty acids have a significant
impact on kinematic viscosity, which measures flow resistance. One critical factor of
the transesterification process, which converts vegetable oils or fats into biodiesel, is the
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inherently lower viscosity of mono-alkyl esters compared to their parent oils. Kinematic
viscosity demonstrates a nonlinear increase with the elongation of the carbon chain, while
it decreases with a higher degree of unsaturation. Notably, the viscosity of saturated
alkyl esters exceeds that of their unsaturated counterparts. Additionally, an increased
level of unsaturation correlates with the formation of oxidation products that exhibit a
higher viscosity than the corresponding esters [42—44]. Moreover, high viscosity results
in decreased injection flow and atomization, leading to incomplete combustion and the
accumulation of deposits within the combustion chamber [45-47].

A noteworthy observation is that as the number of double bonds in the fatty acid
chain increases, the kinematic viscosity of the oil decreases. This phenomenon can be
attributed to the configuration of the double bonds. Specifically, cis-configured double
bonds create a bend in the otherwise straight chain, leading to lower viscosity compared to
trans-configured double bonds, which exhibit viscosity values nearly identical to those of
their saturated counterparts [45]. Consequently, the presence of cis double bonds prevents
fatty acid molecules from packing closely together. Thus, fatty acids that contain two or
more double bonds exhibit a more fluid-like behavior [39]. The experimental results from
our study corroborate the previously discussed claims. Among the oils evaluated, palm oil,
which contains the highest concentration of saturated fatty acids, displayed the greatest
viscosity, quantified at 39.47 mm? /s at 40 °C. In contrast, camelina oil exhibited the lowest
viscosity, registering at 25.32 mm? /s. This variance can be attributed to its composition,
which includes 65% polyunsaturated fatty acids, reflecting a higher content of double
bonds. With regard to the biodiesel samples, the viscosity values reveal a similar trend,
although the differences are less pronounced than those noted between the oils themselves.
Specifically, palm oil biodiesel recorded a viscosity of 4.49 mm?/s at 40 °C, while camelina
oil biodiesel presented a viscosity of 4.02 mm?/s.

The saponification index measures the total fatty acids, both bonded and free, present
in vegetable oils or biodiesel. The findings of this research underscore the influence of the
molecular characteristics of triglycerides found in these substances on their saponification
index. This index reflects the contribution of carboxyl groups within fatty acid chains,
indicating a more significant impact from short-chain fatty acids, as demonstrated by the
higher values observed in the saponification index.

Research indicates that camelina oil is particularly rich in triglycerides featuring fatty
acids with more than 18 carbon atoms per molecule, whether they are monounsaturated or
polyunsaturated [31]. Additionally, the proportion of methyl esters containing 18 carbon
atoms in camelina biodiesel remains elevated, approximately 70% [45]. In the case of
palm oil and palm biodiesel, the proportions of triglycerides containing fatty acids with
18 carbon atoms, as well as the methyl esters with 18 carbon atoms, are approximately 30%
lower. This observation clarifies the saponification values: 172.71 mg KOH/g for palm oil
and 171.41 mg KOH/g for palm biodiesel, both of which have a reduced proportion of
long-chain fatty acids. In contrast, camelina oil and camelina biodiesel, which are richer in
long-chain fatty acids, exhibit saponification values of 182.14 mg KOH/g and 181.76 mg
KOH/g, respectively. The slightly elevated saponification values for Brassica carinata oil
and Brassica carinata biodiesel—174.51 mg KOH/g for the oil and 173.82 mg KOH/ g for
the biodiesel—can be attributed to the presence of small amounts of free fatty acids.

The cetane number of a biodiesel is influenced by the type and proportion of vegetable
oils from which it is derived. These oils primarily consist of eight types of fatty acids:
capric acid, lauric acid, myristic acid, palmitic acid, stearic acid, palmitoleic acid, oleic acid,
and linoleic acid. An increase in the carbon number of fatty acid methyl esters (FAMEs)
generally leads to a higher cetane number (CN). Conversely, a higher degree of unsaturation
tends to lower the cetane number. Studies indicate that elevated cetane numbers can reduce
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the formation of rich fuel mixtures, thereby decreasing the emissions of carbon monoxide
(CO) and nitrogen oxides (NOx) [48]. The cetane number for our biodiesel samples was
determined using the following equation [49]:
CN =463 + 8 0.221 x IV (1)
sV
where:

CN = cetane number;

SV = saponification value, mg KOH/g;

IV =iodine value, g I,/100 g.

The results of the calculations indicate a decrease in cetane number with an increase
in the degree of unsaturation. This finding aligns with the existing literature [50], in which
camelina biodiesel, identified as the most unsaturated in our study, exhibited the lowest
cetane number, at 44.39 units.

The experimental findings presented in this study affirm that significant differences
exist in the properties of various vegetable oils and the biodiesel derived from them, which
is attributable to differences in chemical composition and structure.

The degree of unsaturation in the oils used to produce biodiesel positively influences
the pour points of petrodiesel-biocomponent blends. To illustrate this, three vegetable oils
with significantly different levels of unsaturation were selected. Palm oil, being saturated,
tends to contribute to higher pour-point values, which adversely affects the mixture’s cloud
temperature. In contrast, the deeply unsaturated camelina oil does not significantly alter
the pour point of the base component. Biodiesel derived from Brassica carinata oil exhibits
intermediate properties due to its moderate degree of unsaturation. By utilizing these
two types of biocomponents, the need for additional pour-point-depressant additives can
be eliminated. Furthermore, both of the selected raw materials with high unsaturation are
sourced from crops that can thrive in various climatic conditions and soil types, thereby
not competing with agricultural land dedicated to food crops.

Several blends were prepared, consisting of petrodiesel mixed with biodiesel in vary-
ing proportions: 5% v/v (blend 1), 10% v/v (blend 2), and 15% v/v (blend 3). Additionally,
densities were calculated for each blend, as well as for 100% biodiesel and 100% petrodiesel,
at temperatures of 15 °C, 20 °C, 25 °C, 30 °C, 35 °C, and 40 °C. The pycnometer method
was employed to determine the density of all the prepared blends, following the formula
outlined in Equation (2):

a—b

p=——7x 0.99821 + 0.0012 )

where:

p = density (8/cm?);

a = the mass of the pycnometer filled with the studied blending (g);

b = mass of the empty pycnometer (g);

¢ = mass of the pycnometer filled with water (g).

In this experiment, factors b and ¢ from Equation (2) are constant: b = 19.7735 g and
¢ =44.7528 g. The values pertaining to the mass of the pycnometer when completely filled
with the blending material (as indicated by the factor from Equation (2)) are detailed in
Tables 4-6.
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Table 4. Pycnometer mass filled with petrodiesel—palm biodiesel blends (g).

Sample Blend 1 Blend 2 Blend 3 Biodiesel Petrodiesel
Density at 15 °C 42.2352 41.9724 41.6220 41.5920 42.4203
Density at 20 °C 42.0549 41.9248 41.4043 41.3868 42.1876
Density at 25 °C 41.9398 41.8698 41.1966 41.2592 42.0174
Density at 30 °C 41.8473 41.6871 41.0465 41.0164 41.9348
Density at 35 °C 41.5695 41.5069 40.7437 40.7812 41.6370
Density at 40 °C 41.2917 41.3743 40.4084 40.3983 41.1366

Table 5. Pycnometer mass filled with petrodiesel—Brassica carinata biodiesel blends (g).

Sample Blend 1 Blend 2 Blend 3 Biodiesel = Petrodiesel
Density at 15 °C 42.4052 42.0424 41.9949 41.9799 42.4203
Density at 20 °C 42.0625 41.9423 41.8998 41.8547 42.1876
Density at 25 °C 41.9599 41.8397 41.7847 41.7021 42.0174
Density at 30 °C 41.8122 41.7772 41.7346 41.5595 41.9348
Density at 35 °C 41.5469 41.4919 41.4544 41.4268 41.6370
Density at 40 °C 41.5019 41.2492 41.0465 41.2617 41.1366

Table 6. Pycnometer mass filled with petrodiesel—camelina biodiesel blends (g).

Sample Blend 1 Blend 2 Blend 3 Biodiesel Petrodiesel
Density at 15 °C 42.4603 42.7606 42.9633 44.2245 42.4203
Density at 20 °C 42.2476 42.6630 42.8782 44.0393 42.1876
Density at 25 °C 41.9998 42.4253 42.5954 43.8942 42.0174
Density at 30 °C 41.9248 42.3327 42.3652 43.5739 41.9348
Density at 35 °C 41.7597 41.9498 42.1024 43.3036 41.6370
Density at 40 °C 41.2291 41.3843 41.6671 43.1035 41.1366

The scale used to determine the pycnometer masses had the following characteristics:
e  Readability (g): 0.001;

e  Repeatability (std. dev) (g): 0.001;
e Linearity (g): £0.002.

The obtained results for blending densities are presented in Tables 7-9.

Table 7. Densities of petrodiesel—palm biodiesel blends (kg/m?).

Sample Blend 1 Blend 2 Blend 3 Biodiesel Petrodiesel
Density at 15 °C 899.0 888.3 874.3 873.1 906.2
Density at 20 °C 891.6 886.4 865.6 864.9 896.9
Density at 25 °C 887.0 884.2 857.3 859.8 890.1
Density at 30 °C 883.3 876.9 851.3 850.1 886.8
Density at 35 °C 872.2 869.7 839.2 840.7 874.9
Density at 40 °C 861.1 864.4 825.8 825.4 854.9
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Table 8. Densities of petrodiesel—Brassica carinata biodiesel blends (kg/ m?).

Sample Blend 1 Blend 2 Blend 3 Biodiesel Petrodiesel
Density at 15 °C 905.6 891.1 889.2 888.6 906.2
Density at 20 °C 891.9 887.1 885.4 883.6 896.9
Density at 25 °C 887.8 883.0 880.8 877.5 890.1
Density at 30 °C 881.9 880.5 878.8 871.8 886.8
Density at 35 °C 871.3 869.1 867.6 866.5 874.9
Density at 40 °C 869.5 859.4 851.3 859.9 854.9

Table 9. Densities of petrodiesel—camelina biodiesel blends (kg/m3).

Sample Blend 1 Blend 2 Blend 3 Biodiesel Petrodiesel
Density at 15 °C 907.8 919.8 927.9 978.3 906.2
Density at 20 °C 899.3 915.9 924.5 970.9 896.9
Density at 25 °C 889.4 906.4 913.2 965.1 890.1
Density at 30 °C 886.4 902.7 904.0 952.3 886.8
Density at 35 °C 876.8 887.4 893.5 941.5 874.9
Density at 40 °C 858.6 864.8 876.1 933.5 854.9

These data will be used to train and evaluate an artificial neural network to describe
the dependence of biodiesel density on the vegetable oil composition, at temperatures
between 15 and 40 °C.

The results obtained from the experimental studies are generally calculated from mea-
sured physical quantities. Because the measurement tools and systems induce uncertainties
in calculations, the obtained results have uncertainties as well [48]. From among the many
methods of calculating the uncertainties, the Kline-McClintock method was used.

According to this method, if the result R is a function of the independent variables
X1,%2,..., Xp, With wy, wo, ..., w, being the uncertainty of each of the independent vari-
ables, the uncertainty of the result is determined according to the following equation [49]:

= ain 2+ aix 2+ aix 2+...+ aix ’ (3)
“R = ox, ax, 2 axy 3 ax, - m

Because the blending density depends on three factors, the above formula used to

determine the uncertainty of the result can be written as

— 87R X ? + 871{ X ? + aiR X 2 (4)
WR = ax1 “1 sz @2 8x3 ws

Equation (4) keeps the same notations as Equation (3) does.

From Equation (2), it can be seen that the density of the blending depends on the three
aforementioned factors, but the equation also has the constant 0.0012 on the right side.
Because constants do not affect the final result, Equation (2) will be written, for uncertainty
determination, as follows: ,

a—

p= "y x 0.99821 )
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With the notations kept constant from Equations (3)—(5), the expression will be written
as follows:
R=1"%2 099821 ©6)
X3 — X2
Equation (4) requires the partial derivatives of R to be calculated. These derivatives
are presented in Equations (7)—(9):

OR  0.99821

oR _ 1 7

0x;  X3—Xp @
IR _ LT ¢ 0.99821 )
90Xz (x3—x3)
IR 199821 x i 2 )
aX3 (X3 — XQ)

The results of the calculations of uncertainty for the determined blendings are pre-
sented in Tables 10-12.

Table 10. Uncertainty results for petrodiesel—palm biodiesel blends (%).

Sample Blend 1 Blend 2 Blend 3 Biodiesel Petrodiesel
Density at 15°C 599 x 10°® 603 x 107® 609 x 107 610 x107®  5.96 x 107°
Density at20°C  6.02 x 107® 604 x107® 613x107® 614x107% 6.00x 107°
Density at25°C  6.04 x 107®  6.05x107® 617 x107® 616 x107®  6.03 x 107°
Density at 30 °C  6.06 x 107 6.08 x 107® 620 x 107® 621 x107®  6.04 x 107
Density at35°C 610 x 107  612x107® 626 x107® 625x107%  6.09 x 107°
Density at40°C 615 x107® 614 x107® 633 x107° 633x107% 618 x107°

Table 11. Uncertainty results for petrodiesel—Brassica carinata biodiesel blends (%).

Sample Blend 1 Blend 2 Blend 3 Biodiesel Petrodiesel
Density at 15°C 596 x 107®  6.02x 107® 603 x 107® 603 x107® 596 x 107°
Density at20°C  6.02 x 107® 604 x107® 605x107® 6.05x107®  6.00 x 107°
Density at25°C  6.04 x 107®  6.06 x 107® 607 x 107® 608 x107®  6.03 x 107
Density at 30 °C ~ 6.06 x 107 6.07 x 107 607 x107® 611 x107%  6.04x 107
Density at35°C 611 x 107  612x107® 612x107® 613 x107%  6.09 x 107°
Density at40°C 612 x 107® 616 x 107® 620 x 107® 616 x 107®  6.18 x 107°

Table 12. Uncertainty results for petrodiesel—camelina biodiesel blends (%).

Sample Blend 1 Blend 2 Blend 3 Biodiesel Petrodiesel
Density at 15°C 596 x 107® 591 x107® 588 x107® 571x107® 596 x 107°
Density at20°C 599 x 107® 592 x107® 589x107® 573x107%  6.00 x 107°
Density at25°C  6.03 x 107 596 x 107 593 x 107® 575x107®  6.03 x 107°
Density at30 °C ~ 6.04 x 107® 598 x 107® 597 x107® 579 x107®  6.04 x 107°
Density at35°C  6.09 x 107  6.04 x107® 601 x107® 583 x107®  6.09 x 107°
Density at40°C 617 x 107® 614 x107® 609 x107® 586 x107% 618 x107°

According to Tables 10-12, the highest uncertainty for the measured was 6.33 x 10~%%,
which means that the results are highly reliable.
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4. Correlation of the Densities of the Studied Blends with Their
Properties by Using an Artificial Neural Network

4.1. Artificial Neural Network

For the proposed correlation, the ANN is trained to learn the complex relationships
between two or more variables and data sets. The ANN is trained so that a particular input
leads to the specific target output. To achieve this result, many input-target pairs are needed.
These pairs will later form a training database. There is not an upper limit to the number
of such pairs, but “the more, the merrier”. The ANN’s inner characteristics determine the
given result for a particular input [14,23]. A correct selection of the appropriate parameters
for an ANN can provide insights into the optimal values or value ranges. In this instance,
the key characteristics of the situation were as follows:

e  The training data set consists of 30 samples, which suggests that employing two or
more hidden layers would be excessive. A single hidden layer can yield similar results
while requiring less computational power. Additionally, utilizing only one hidden
layer reduces the likelihood of overfitting.

e  The experimental data exhibit low uncertainty, indicating consistency; therefore, it is
unnecessary to have a significantly high number of neurons in the hidden layer.

o  With a limited number of inputs (2) and outputs (1), the hidden layer’s role is to
process values from the input layer and relay the results to the output layer. A greater
number of inputs typically necessitates having more neurons in the hidden layer.

4.2. Artificial Neural Network Modeling

An ANN consists of three interconnected layers: the input layer, the hidden layer, and
the output layer. The input layer receives the data and transmits the data to the hidden
layer, where the information is processed. Each neuron in the input layer can store a
single variable, meaning the number of neurons corresponds to the number of variables
in the input data. The hidden layer comprises interconnected neurons that process the
information received from the input layer. This processing involves various functions and
parameters, including weights and transfer functions. Each neuron’s output is determined
by applying a non-linear transfer function to the sum of the processed inputs [50,51].

An artificial neural network (ANN) is not restricted to having just one hidden layer.
Neurons that receive the same inputs and employ the same transfer function can be struc-
tured into multiple layers. While research has shown that ANNs with two hidden layers
can effectively learn almost any input—output relationship, leading to greater estimation
accuracy [52], the ANN we will utilize will consist of only a single hidden layer. This choice
is primarily due to the limited number of input—target pairs, which does not justify the
complexity of incorporating a second hidden layer.

To correctly use an ANN, the following steps must be completed:

e A clear determination of input and output data.

e  Saving the existing experimental data in a file, under the Matlab accepted format. This
step is the creation of the training database.

e  Creating the ANN: In this step, a few important parameters of the artificial neural
network are being set, and the rest of the creation process is handled by Matlab.

e  Training the ANN: In this process, it is essential to utilize the created neural network,
because the data from the training database are utilized in order to obtain the future
correlations, and the training process links the database to the neural network.

e  Verifying the training efficiency: This step is crucial, as it provides insight into the
accuracy of the future correlations that will be derived from the neural network. The
more effective the training process, the more accurate these future correlations will be,
in relation to the data from the training database.
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For this particular scenario, the parameters chosen included the following:

e  Number of neurons in the hidden layer: Ranging from 1 to 20;
e  Training algorithms: Levenberg-Marquardt, Bayesian Regularization, and Scaled
Conjugate Gradient.

In total, 60 ANN configurations were evaluated, and the one presented in the
manuscript emerged as the most effective.

4.3. Data Collection and Selection, Creating the Training Database

The data used to create the training database for the ANN were collected during the
experimental plan. Because the experimental plan took into consideration mixtures that
contain three different types of oil, three different training databases were created, one for
each type of oil and petrodiesel mixture.

The input data for the training database are as follows:

e  The temperatures at which the blending densities listed in Tables 3 and 5 were deter-
mined;

e  The biodiesel content, in volume %, of the same mixtures (the cases in which the
mixtures had 0% biodiesel and 100% biodiesel were also taken into consideration).

The output data are the densities of the mixtures taken into consideration, which are
presented in Tables 3-5. A fragment of the input data used is presented in Table 13. A
fragment of the output data used is presented in Table 14.

Table 13. Fragment from the input data used as a training database for the palm-biodiesel blends.

15 20 25 30 35 40
5 5 5 5 5 5

Table 14. Fragment from the output data used as a training database for the palm-biodiesel blends.

899 891.6 887 883.3 872.2 861.1

In Table 13, the numbers on the top row represent the temperatures at which the
densities of the blendings which contain palm oil were determined. On the bottom row, the
palm oil ratio, in volume percentage, of the blending for which the density was determined
is presented.

The data from Table 14 represent the densities specified previously. There is a causal
link between the data from Table 13 and the data from Table 14: the input data from a
certain column in Table 13 correspond to the output data from the same column in Table 14.
As an example, the density at 15 °C of a blending that has 5% vol. palm oil is 899 kg/m3
(the first column from both tables was taken into account).

4.4. ANN Model Analysis

The artificial neural network has many very important parameters that must be set.
Among those parameters are the training function, transfer function, number of hidden
layers, and number of neurons from the hidden layer(s). The neural network used to
estimate the mixtures’ densities was created and trained using the Neural Net Fitting app,
which is a part of the Matlab R2015a software. The software will, from now on, be called
“Matlab” (Mathworks) [53]. Using this software, the following steps were taken to create
and train the network:

e  The necessary data for the training database were converted into a form that was
agreeable to the Matlab software.
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The division of the training data into the three categories was 70% training data, 15%
validation data, and 15% testing data. The data division was random.

The network had one hidden layer. Ten neurons were enough for this experiment.
There is not a general rule to determine the optimum number of neurons, so this
number was determined through trial and error.

As to the training algorithm, the Levenberg—-Marquardt algorithm was chosen. The
reasons behind this choice are its fast execution speed, fast convergence, and accuracy
in training [13,14,53,54]. However, this algorithm requires more memory than the
other training algorithms offered by Matlab, the Bayesian Regularization and the
Scaled Conjugate Gradient [52].

To evaluate the error performance, meaning to determine when the training should
end, the mean squared normalized error algorithm was used.

Other training parameters (epoch, error goal, etc.) were automatically adjusted
by Matlab.

The structure of the artificial neural network that was used for the estimations is

presented in Figure 1.

Hidden Output

10 1

Figure 1. Structure of the ANN that was used to estimate the mixtures’ densities.

4.5. Neural Network Training, Training Efficiency

The artificial neural network created was trained using the specified parameters.

Because three training databases were used, the artificial neural network had to be trained
using each of the databases separately. For the petrodiesel-palm biodiesel blends, according
to Matlab, 10 epochs were needed to completely train the artificial neural network, and
the training time was of roughly one second. Evaluating the training performance of the
artificial neural network is a way to detect possible problems that can appear during the
training process. The problem that most frequently can occur at this stage is overfitting.
The training performance of the ANN used in this paper is represented in Figure 2.

In Figure 2 it can be noticed that the mean squared error of the validation data is

the lowest at epoch 4. After the lowest point was encountered, the training continued for
six more epochs, then stopped. Because the validation data and the test data have close
values throughout the entire training process, it can be stated that nothing wrong happened
during the training process. If the test curve had increased significantly compared to the
validation curve, then it would have been possible that some overfitting had occurred. As
can be seen in Figure 2, this is not the case.
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Best Validation Performance is 112.6981 at epoch 4
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Figure 2. Training performance of the artificial neural network for the petrodiesel—palm
biodiesel blends.

The training state of the artificial neural network is depicted in the diagram below,
which presents the variations of the main training parameters (gradient, Mu, and errors;
convergence and validation check) in relation to the epochs. The diagram of the training
state for the ANN that was used in this paper is presented in Figure 3. It can be noticed
that the gradient value drops continuously from the first to the last epoch, reaching its
minimum at epoch 10. During the artificial neural network training, the gradient reached
the minimum threshold value. This means that the estimation precision gains of the ANN
are so low beyond this value that training continuation is not justified anymore.

Gradient = 1.2436 x 103 at epoch 10
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Figure 3. Training state values for the petrodiesel—palm biodiesel blends.

Before the ANN can be used, it is necessary to verify the training efficiency, because it
offers a very good preview of how accurate the estimations will be. The higher the training
efficiency, the more accurate the ANN’s predictions will be, in relation to the training data.
To verify the training efficiency, two criteria were used: data regression analysis and error
histogram. The regression analysis correlates the data from the training database, according
to the category in which it was placed. This analysis will offer a positive value, smaller than
or equal to 1, for the value noted with R. If R = 1, then the data from the training database
are perfectly correlated. If R = 0, then the data are completely random.
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The results offered by the data regression analysis for the data in the neural network
training database are presented in Figure 4. Very good correlations for the training and
validation data (0.99 and 0.97), but a somewhat weaker correlation between the test data
(0.88), can be noticed. The weaker test data correlation can be explained by the existence of
a low number of data points, which gives a higher weight to the influence of the random
factors. However, the overall correlation coefficient is very high (0.97), showing that,
despite the poorer correlation of the test data, the training was efficient, and the neural
network will estimate accurately.

Training: R=0.99944 Validation: R=0.97127
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Figure 4. Regression analysis results used to determine the ANN training efficiency for the
petrodiesel—palm biodiesel blends.

The error histogram is another way of evaluating the training efficiency. This histogram
measures the differences between the target data and the output data. The smaller these
differences are, the higher the training efficiency is. The error histogram for the neural
network training is presented in Figure 5. In this figure, the fact that most of the resulting
differences are around the 0.07 value (close to 0) can be noticed. This proves the high
efficiency of the neural network training. Based on Figures 4 and 5, it can be stated that the
neural network training was efficient and that the network will offer accurate estimations,
relative to the data from the training database.

For the petrodiesel—Brassica carinata biodiesel, nine epochs were needed to complete
the training, according to the software; the total training time was less than one second.
The training performance for this database is presented in Figure 6. In this figure, it can
be noticed that the lowest mean squared error for the validation curve is at epoch 12. The
validation and the test curve diverge between epochs 6 and 13, but whether this divergence
is the symptom of a training problem cannot be stated. The training state for the ANN is
presented in Figure 7. Here, it can be noticed that the gradient value decreases until epoch
18, at which point the training is stopped.



Processes 2025, 13, 1769

17 of 27

Instances

8338
s i

Error Histogram with 20 Bins

I Tsining
I validation
I Test

Zero Error

[r=]
Ed TENBIIENEI TR
2= L = = = | ==
B SR = s =
(=1

Errors = Targets - Outputs

Figure 5. Error histogram used to determine the ANN training efficiency for the petrodiesel—palm
biodiesel blends.
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Figure 6. Training performance of the artificial neural network for the petrodiesel—Brassica carinata

biodiesel blends.
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Figure 7. Training state values for petrodiesel—Brassica carinata biodiesel blends.
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The regression analysis for the correlation of the data from the training database is
presented in Figure 8. This figure shows, like Figure 4, a very good correlations for the
training and validation data (R = 0.98 and R = 0.99), but a weaker correlation for the test
data (R = 0.87). However, the overall data demonstrate a very good correlation (R = 0.95),
so the training was efficient, and the artificial neural network will offer good estimations.
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Figure 8. Regression analysis results used to determine the ANN training efficiency for petrodiesel—
Brassica carinata biodiesel blends.

The error histogram for the ANN trained with the training database for petrodiesel—
Brassica carinata biodiesel blends is presented in Figure 9.
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Figure 9. Error histogram used to determine the ANN training efficiency for petrodiesel—Brassica
carinata biodiesel blends.

Similar to Figure 5, Figure 9 shows that most errors are gathered near the 0 value. This
fact confirms the conclusion drawn from the analysis of Figure 8: the training was efficient.
Finally, the ANN was trained using the training database for petrodiesel—camelina
biodiesel blends. The training needed 11 epochs, according to Matlab, and it lasted less
than one second. Similar criteria were used to characterize the ANN training using this
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training database. The training performance for the petrodiesel-camelina biodiesel blends
are presented in Figure 10.

Best Validation Performance is 260.026 at epoch 6
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Figure 10. Training performance of the artificial neural network for the petrodiesel—camelina
biodiesel blends.

In Figure 10 it can be noticed that the lowest mean squared error for the validation
curve is at epoch 6. The validation and the test curve have similar trajectories, so there
is nothing wrong with the training. The training state is presented in Figure 11. It can
be noticed that the lowest value for the gradient is at epoch 11. Given the minimal value
observed, it is not justifiable to persist with the training process, as the incremental precision
improvement in the neural network appears to be negligible.
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Figure 11. Training state values for petrodiesel—camelina biodiesel blends.

The data regression analysis is presented in Figure 12. The data show a slightly
different situation, compared to the regression analysis of the other two training databases.
Here, the training and the testing data have very good correlations (R = 0.99 and R = 0.98),
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but the validation data have a lower correlation (R = 0.9). However, like the other two cases,
the overall correlation is very good (R = 0.97), showing that the training was efficient.

Training: R=0.99532 . Validation: R=0.90188
=
© 980 S Data % 980 © Data
+ Fit = Fit
+© 960 Y=T & 960 Y=T
o
= B
S 940 >
5 5
o
= 920 g
= =]
" 3
H =
& Gy S/ [
S ?
5 880 3
© ]
860 S
860 880 900 920 940 960 980 860 880 900 920 940 960 980
Target Target
Test: R=0.98397 All: R=0.96574
5 © 980 © Data
il + Fit
- ® 960 Y=T
=4 o
= g
) & 940
L} 1=
= = 920 °©
b= o
" "
3 1 900
S 5 o
g £ a0 °
o o
860,
860 880 900 920 940 960 980 860 880 900 920 940 960 980
Target Target

Figure 12. Regression analysis results used to determine the ANN training efficiency for petrodiesel—
camelina biodiesel blends.

The error histogram is presented in Figure 13. The data here confirm the conclusion
that can be drawn from Figure 12. Because most of the training errors are near the 0 value,
the training of the ANN with this training database was efficient and the estimations will
be accurate.
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Figure 13. Error histogram used to determine the ANN training efficiency for petrodiesel—camelina
biodiesel blends.

4.6. Network Prediction of the Mixtures’ Densities

The next step in the ANN cycle is the actual use of the neural network. To demonstrate
the estimation accuracy of the created and trained artificial neural network, the determined
and the estimated values for the blending density will be compared. The blends taken into
account are the ones obtained in the experimental program. The densities of these blends
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are presented in Tables 4—6. Because there are three types of mixtures, the neural network

will estimate the densities separately, having three different training databases.

To estimate the density for each of the mixtures taken into account, the following

procedure was created:

The artificial neural network had been trained using the training database regarding
the petrodiesel—palm biodiesel blends.

For each blending created, three estimations had been made. To offset the importance
of the random factor induced by the ANN training, multiple estimations are necessary.
Because there is no known rule to choose the number of estimations, it was determined
through trial and error. In this case, three estimations are enough. Between estimation
steps, the network was re-trained using the same training database, to ensure another
random distribution of the training data. Without the re-training, the artificial neural
network would have given the same estimations, no matter how many times the ANN
had been used.

The value taken into account for comparison with the determined values is the arith-
metic mean of the three estimations specified at the above point.

The calculated errors are expressed using two units of measure: kg/m? and percent.
The formulas for the two types of errors are as follows:

E<k%> =D-M (10)
m

D —
E(%) = DM 100 (11)

In the above formulas, D represents the determined density of the blending and M

represents the arithmetic mean density.

The above steps were repeated for the other two training databases.

In Table 15, the determined and the estimated values for the petrodiesel-palm biodiesel

blends are presented.

Table 15. Determined and estimated values for the petrodiesel—palm biodiesel blends.

Blending  Determined Estimation Mean Estimation Error Error

Number Value (D) #1 # #3 M) (D-M) (%)
1 899.0 897.5 901.2 898.3 899.0 0.0 0.0
2 888.3 883.2 894.3 891.3 889.6 —-1.3 —-0.1
3 874.3 875.4 889.8 887.7 884.3 —10.0 —-1.1
4 873.1 876.4 879.3 884.6 880.1 -7.0 —0.8
5 906.2 875.6 890.2 874.4 880.1 26.1 2.9
6 891.6 856.7 877.9 860.5 865.0 26.6 3.0
7 886.4 886.3 899.3 889.8 891.8 —54 —0.6
8 865.6 878.8 891.0 884.4 884.7 —19.1 —2.2
9 864.9 872.9 879.8 880.8 877.8 —-129 —-1.5
10 896.9 876.1 860.3 876.6 871.0 259 29
11 887.0 875.0 873.4 868.0 872.1 14.9 1.7
12 884.2 848.4 865.7 856.3 856.8 274 3.1
13 857.3 874.5 897.4 873.4 881.8 —24.5 —-29
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Table 15. Cont.

Blending  Determined Estimation Mean Estimation Error Error

Number Value (D) #1 #2 #3 (M) (D-M) (%)
14 859.8 875.1 888.1 866.5 876.6 —16.8 -2.0
15 890.1 868.4 871.0 859.5 866.3 23.8 2.7
16 883.3 875.4 847.7 850.6 857.9 254 29
17 876.9 897.5 856.1 839.5 864.4 12.5 14
18 851.3 883.2 849.4 826.0 852.9 -1.6 -0.2
19 850.1 875.4 841.9 873.0 863.4 —13.3 -1.6
20 886.8 876.4 845.6 865.0 862.3 24.5 2.8
21 872.2 875.6 842.6 859.8 859.3 12.9 1.5
22 869.7 856.7 802.2 850.0 836.3 33.4 3.8
23 839.2 886.3 786.3 840.7 837.8 14 0.2
24 840.7 878.8 786.0 863.2 842.7 -2.0 —0.2
25 874.9 872.9 903.4 905.9 894.1 —19.2 -22
26 861.1 876.1 899.3 896.2 890.5 —294 -3.4
27 864.4 875.0 902.5 890.9 889.5 —25.1 -29
28 825.8 848.4 902.2 887.2 879.3 —53.5 —6.5
29 825.4 874.5 903.0 873.8 883.8 —58.4 -7.1
30 854.9 875.1 887.2 855.6 872.6 -17.7 -21

In Table 15, it can be noticed that the estimation errors of the neural network vary
between —7.1% and 3.8%. Most of the errors reside in the —3.4% to 3.8% range, which
indicates very good estimations. Table 15 shows the determined and the estimated values
for the petrodiesel—Brassica carinata biodiesel blends. The determined values are also
presented in Table 7.

In Table 16 it can be seen that the estimation errors range between —4.1% and 3.8%, a
range comparable to that from Table 15. The determined and estimated densities for the
petrodiesel-camelina biodiesel blends are presented in Table 15. The values determined for
these mixtures are also presented in Table 8.

Table 16. Determined and estimated values for the petrodiesel—Brassica carinata biodiesel blends.
Blending  Determined Estimation Mean Estimation Error Error
Number Value (D) #1 #2 #3 M) (D-M) (%)
1 905.6 902.7 902.5 907.4 904.2 1.4 0.2
2 891.1 891.2 891.7 900.5 894.5 —3.4 —0.4
3 889.2 886.4 886.7 890.5 887.9 1.3 0.1
4 888.6 882.9 882.6 882.5 882.7 5.9 0.7
5 906.2 872.1 872.3 871.9 872.1 34.1 3.8
6 891.9 868.3 859.7 846.1 858.0 33.9 3.8
7 887.1 896.4 895.0 904.9 898.8 -11.7 -1.3
8 885.4 887.1 888.4 898.1 891.2 —5.8 —0.7
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Table 16. Cont.
Blending  Determined Estimation Mean Estimation Error Error
Number Value (D) #1 #2 #3 (M) (D-M) (%)
9 883.6 883.1 883.5 887.6 884.7 -1.1 —0.1
10 896.9 880.2 880.1 879.8 880.0 16.9 1.9
11 887.8 870.3 871.6 869.5 870.5 17.3 2.0
12 883.0 858.3 857.0 846.2 853.8 29.2 3.3
13 880.8 890.0 887.8 916.8 898.2 —17.4 -2.0
14 877.5 883.4 885.1 899.9 889.5 —12.0 -14
15 890.1 880.4 880.4 886.0 882.3 7.8 0.9
16 881.9 878.1 878.2 877.5 877.9 4.0 0.4
17 880.5 868.0 871.0 868.0 869.0 11.5 1.3
18 878.8 841.4 853.9 852.4 849.2 29.6 3.4
19 871.8 892.8 837.6 911.5 880.6 —8.8 -1.0
20 886.8 884.0 836.6 900.4 873.7 13.1 1.5
21 871.3 880.4 848.3 891.5 8734 -2.1 -0.2
22 869.1 872.4 871.7 879.0 874.4 -5.3 -0.6
23 867.6 865.1 866.3 868.2 866.5 1.1 0.1
24 866.5 861.8 859.8 863.4 861.7 4.8 0.6
25 874.9 908.8 909.6 912.9 910.4 —35.5 —4.1
26 869.5 895.4 895.4 903.9 898.2 —28.7 -33
27 859.4 890.2 889.9 893.7 891.3 —31.9 -3.7
28 851.3 886.2 885.9 885.5 885.9 —34.6 —4.1
29 859.9 874.3 873.4 874.5 874.1 —14.2 -1.6
30 854.9 873.8 862.1 850.5 862.1 -72 -0.8
The error ranges in Table 17 are much wider than those from the previous two tables:
between —10.3% and 9.1%. In addition, the errors are more scattered than in the previous
cases. Because the training data have a good correlation, the only cause for these error
ranges would be the fact that the training database is small. Thus, to improve the estimation
errors, a larger training database is required.
Table 17. Determined and estimated values for the petrodiesel—camelina biodiesel blends.
Blending  Determined Estimation Mean Estimation ~ Error Error
Number Value (D) #1 #2 #3 M) (D-M) (%)
1 907.8 908.78 911.90 908.40 909.7 -19 —0.2
2 919.8 904.13 907.80 905.85 905.9 13.9 1.5
3 927.9 895.89 896.29 897.80 896.7 31.2 3.4
4 978.3 887.49 888.79 890.98 889.1 89.2 9.1
5 906.2 875.75 881.33 880.64 879.2 27.0 3.0
6 899.3 857.83 862.99 859.47 860.1 39.2 44
7 915.9 918.00 920.07 918.17 918.7 —-2.8 —0.3
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Table 17. Cont.

Blending  Determined Estimation Mean Estimation Error Error

Number Value (D) #1 #2 #3 (M) (D-M) (%)
8 924.5 908.68 916.76 915.01 913.5 11.0 1.2
9 970.9 902.73 905.10 906.59 904.8 66.1 6.8
10 896.9 893.07 896.57 897.96 895.9 1.0 0.1
11 889.4 880.59 887.78 886.24 884.9 4.5 0.5
12 906.4 863.59 870.20 865.01 866.3 40.1 44
13 913.2 928.50 927.62 928.84 928.3 —15.1 -1.7
14 965.1 919.90 925.34 924.96 9234 417 4.3
15 890.1 917.75 914.91 916.16 916.3 —26.2 -29
16 886.4 905.24 906.48 905.72 905.8 —-194 —-22
17 902.7 891.86 897.65 892.27 893.9 8.8 1.0
18 904.0 875.02 883.96 871.29 876.8 27.2 3.0
19 952.3 980.09 978.88 978.58 979.2 —-26.9 —2.8
20 886.8 971.10 970.97 970.83 971.0 —84.2 —9.5
21 876.8 969.63 965.87 964.59 966.7 —89.9 —-10.3
22 887.4 958.04 954.67 952.28 955.0 —67.6 —7.6
23 893.5 941.32 937.10 941.83 940.1 —46.6 —-52
24 941.5 931.97 933.47 931.67 9324 9.1 1.0
25 874.9 906.91 903.92 899.68 903.5 —28.6 —-3.3
26 858.6 902.69 899.31 897.52 899.8 —41.2 —4.8
27 864.8 894.90 888.91 889.84 891.2 —26.4 -3.1
28 876.1 888.39 882.90 884.73 885.3 —-9.2 -1.1
29 933.5 875.66 877.12 875.42 876.1 57.4 6.2
30 854.9 855.43 859.76 854.73 856.6 —-1.7 —-0.2

5. Conclusions

There is significant interest in the commercial development of Brassica carinata and
camelina oils for the production of alternative fuels, such as biodiesel and hydrogenated
vegetable oil. These experimental results confirm the potential of these vegetable oils for
this purpose.

Another crucial aspect of these findings is the potential to estimate various properties
of biodiesel mixtures using neural networks. The advantages of this approach include its
speed and ease of use, flexibility in selecting the properties to be estimated, and capacity to
quickly incorporate newly obtained data into future estimations.

The experimental data demonstrated a strong correlation, indicating that the training
process was effective and that the neural network provided accurate estimations based on
the training data. The neural network estimation method outlined in this paper can be
successfully adapted to other mixtures to estimate different blending properties, catering
to user requirements.
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