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Abstract: The present research work introduces a novel mixture optimization methodology for
biodiesel fuels using an Evolutionary Computation method inspired by biological evolution. Specifi-
cally, the optimal biodiesel composition is deduced from the application of a nature-inspired adaptive
genetic algorithm that first examines percentages of the ingredients in the optimal mixtures. The inno-
vative approach’s effectiveness lies in problem simulation with improvements in the evaluation of the
specific function and the way to define and tune the genetic algorithm. Environmental imperatives in
the era of climate change currently impose the optimized production of alternative environmentally
friendly biofuels to replace fossil fuels. Biodiesel in particular, appears to be more attractive in recent
years, as it originates from renewable bio-derived resources. The main ingredients of the specific
biofuel mixture investigated in this research are diesel and biodiesel (100% from bioresources). The
assessment of the new biodiesel examined was performed using a fitness function that estimated
both the density and cost of the fuel. Beyond the evaluation criterion of cost, density also influences
the suitability of this biofuel for commercial use and market sale. The outcomes from the modeling
process can be beneficial in saving cost and time for new biodiesel production by using this novel
decision-making tool in comparison with randomized laboratory experimentations.

Keywords: evolutionary computation; bio-inspired adaptive genetic algorithm; fuel mixture opti-
mization; biodiesel production

1. Introduction
1.1. Literature Review

After a 4.5% decline in 2020 caused by COVID-19 restrictions, the Global Energy
Consumption rose by 5% in 2021. The impact of societal development was estimated to
be 3 points above the 2%/year average over the 2000–2019 period [1]. Because of Russia’s
reductions in gas supplies to Europe during the last years, along with increased global
demands following the easing of COVID-19 restrictions, energy prices became significantly
higher. Following the global economic downturn since 2010, coupled with the realization
that conventional diesel fuel sources are finite and environmentally harmful, numerous re-
search efforts focus on enhancing the performance of complex fuel and energy systems [2,3]
and assessing alternative fuel options, including coal-bed methane, biofuel and lately
hydrogen [4,5]. Biodiesel, in particular, emerges as a sustainable energy alternative, en-
vironmentally clean, boasting eco-friendly attributes. In fact, it lacks aromatic and toxic
compounds, is biodegradable, and significantly reduces sulfur oxide, carbon monoxide,
and unburned hydrocarbon emissions, as well as soot released by diesel engines, either
produced by heterogeneous catalysis [6,7] or using supercritical methanol [8]. Although
fossil fuels could be considered one of the most important development pillars for hu-
manity, their emissions and the environmental issues they initiate restrict the appreciation
towards them. Researchers nowadays are trying to propose good, feasible alternatives to
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traditional fossil fuels possessing nearly identical characteristics that have been sought
after. Biodiesel appears to be a viable option, offering a clean and sustainable fuel source
at competitive costs. Biodiesel is not only economical but also has important advantages,
including non-toxicity, low pollution, and biodegradability, in comparison to conventional
diesel. This ecological solution leads to an increasing high-quality fuel in abundant avail-
ability and biodiesel demand. Production principles [9,10] and recent needs in biomass
oil analysis and final product specifications were outlined [11,12]. Strategies that can im-
prove biodiesel-integrated processing, including reactive distillation [13–15], standards
and testing methods [16], and sustainability issues [17,18], were also described. Europe
stands out as the primary global producer of biodiesel, attributed to its environmental
directives aimed at curbing greenhouse gas emissions (GHGs) alongside ensuring energy
security [19]. EU goals for the year 2030 are the following:

1. From 1990, at least a 40% reduction in greenhouse gas emissions
2. Revision by 2023: 32% at least renewable energy apportion
3. Energy efficiency improvement at least 32.5%.

Biodiesel can be categorized into three groups based on the sources of ingredients:

• 1st Generation: Consumable Vegetable Oils
• 2nd Generation: Non-edible Oils and Animal Fats
• 3rd Generation: Microalgal Oils.

In contrast, traditional diesel fuel contains sulfur, a primary contributor to harmful
emissions. Despite the lengthy and costly process of diesel desulfurization demanding
substantial investments, the most effective means of reducing emissions lies in enhancing
fuel quality using biodiesel blending. This approach not only lowers sulfur content but also
upholds fuel quality standards. Moreover, fuel density is a crucial factor in determining the
efficiency of different fuel mixtures containing diesel, biodiesel, and alkanols in compression
ignition engines [20–22]. The labor-intensive and costly procedures involved in fuel mixture
experimentation often result in extensive analyses to achieve optimal fuel quality and
pricing [23,24]. This problem finds a solution using evolutionary computation that offers
efficient solutions, decreasing the execution time and the cost of the necessary experiments
in parallel.

A new decision-making approach involves the setup of a specific experimental pro-
cedure that can propose an optimized mixture composition with the lowest fuel price
combined with the appropriate fuel density. Thus, the experiment process in the laboratory
is more effective, concentrating the research interest around better results. Sophisticated
methods drawing from natural phenomena, bio-inspired computational intelligence, al-
gorithms in machine learning, and evolutionary computation strategies yield superior
outcomes close to the optimal for intricate optimization challenges. Consequently, the prac-
tical applications of operational research rely on their utilization and advancement, i.e., on
resource leveling and fuzzy clustering [25,26]. Machine Learning (ML) and Artificial Intelli-
gence (AI) approach [27,28], and especially more than 100 studies were presented in recent
years [29] focusing on the application of ML and AI on different aspects of renewable and
sustainable energy [30,31], i.e., bioenergy [32] and low-carbon energy advancement [33],
power dispatch systems [34], chemical process systems [35], and particularly biodiesel
production [36] and conversion [37], as well as microalgal biofuel development [2,38], am-
plifying the design, handling, control, optimization, and monitoring. Specifically, relatively
powerful methodologies employed include the following ML and AI algorithms evolved
with deep learning:

• Linear Regression
• Principal component analysis (PCA),
• Genetic Algorithms (GA),
• K-Nearest Neighbors (KNN)
• Random Forest Regression (RF),
• Artificial Neural Networks (ANNs) or simulated neural networks (SNNs),
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• Support Vector Machines (SVMs).
• Fuzzy Multi-Criteria methodologies

The algorithms discussed above can demonstrate superior predictive capabilities,
boasting the highest levels of accuracy among methods utilized in Biodiesel produc-
tion. Their effectiveness stems from the brain’s inherent ability to learn and improve
autonomously, tackling complex challenges posed by the survey. Consequently, these
algorithms prove immensely valuable for modeling trans-esterification processes, studying
physicochemical properties, real-time monitoring of biodiesel systems, analyzing emission
composition, estimating temperatures, and assessing engine performance during the com-
bustion phase. Some algorithms provide fatty methyl acid ester as an output, and they take
different types of oil and catalyst as inputs, methanol-to-oil ratios, catalyst concentrations,
reaction rates, domains, and frequencies. However, the aforementioned approaches con-
centrate on biodiesel mixture properties optimization via the prediction of the conversion
into biodiesel under various conditions. Moreover, they do not suggest an optimal mixture
on the basis of raw material availability, considering both cost and density, as achieved by
the Genetic Algorithm for the optimal Fuel Mixture Problem presented hereunder.

1.2. Novel Contribution of the Research

The current research introduces a novel approach for biodiesel mixture optimization,
employing an Evolutionary Computation method. The optimal Biodiesel Solution is a
result of an adaptive genetic algorithm application.

It should be noticed that standard diesel emissions are high in sulfur oxides. As a result,
desulfurization would have been an ideal process to achieve low sulfur oxide emissions.
However, because of the high time and cost required for desulfurization, the approach
of using mixtures of standard diesel and biodiesel was proposed. In the Environmental
Technology Lab., Chemical Engineering Dept, UOWM, Greece, thorough experiments
(approximately 3500) were conducted to develop a novel blend of Diesel and Biodiesel.
These experiments yielded valuable insights into the characteristics of both components.
Biodiesel, serving as the secondary ingredient, is derived from a combination of animal
fat and vegetable sources. Specifically in this work, the key components of the optimal
biodiesel blend are diesel and biodiesel, derived from a combination of animal fat (50%)
and vegetable sources (50%), as determined by the experimental settings of the Laboratory
of Environmental Technology.

So, the sequence in which cost and density affect the raw material percentages in
optimal mixtures is investigated. More specifically, the higher the quality of a product is,
the higher the price of the raw material. In parallel, the higher the density of a mixture is,
the greater both power output and fuel economy are generated in a diesel engine. Those
two properties (cost and density) are used as inputs in the genetic algorithm operation
and the relevant experimental simulations. The mixture evaluation is implemented from
a new mathematical function that combines the two parameters. The basic operators’
Crossover and Mutation contribute to mixture improvement, producing the final bio-diesel
fuel. When the Crossover operator creates biodiesel blending within the optimal solution
range of the previous iteration, the Mutation process generates biodiesel combinations
across the entire spectrum of feasibility, preventing potential entrapment in a localized
optimal solution. The effectiveness of this approach revolves around:

(a) implementing innovative modeling techniques, including specific evaluations to
enhance modeling.

(b) refining and defining the genetic algorithm.

Moreover, significant findings emerge from the experimental simulations conducted
using this approach, including:

• Reducing Experiment Costs
• Minimizing Experiment Duration
• Improving Cost and Density using Enhanced Evaluation Functions
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• Developing Environmentally Sustainable Fuels

This novel decision-making tool is now accessible to laboratory researchers, promoting
the advancement of optimal fuel formulations. The genetic algorithm rapidly suggests the
best mixture for experimentation within a vast pool of approximately 1.5 × 109 alternative
combinations per experiment set. The benefits of this approach enhance the fuel production
process, making the new Biodiesel more appealing compared to other competitive fuels.

This document is organized in the following parts: the mathematical representation of
the Biofuel Blend Issue is presented, and the constraints in relation to ingredient accessibil-
ity are discussed in Section 2. Section 3 explores the principal methodological elements of
the suggested methodology, aiming to enhance comprehension of the algorithm’s funda-
mental workings. Lastly, the concluding segment provides a recapitulation of significant
discoveries and emphasizes notable aspects.

2. Modeling of Biofuel Mixture

The Fuel Mixture Problem is a dynamic real-world problem explored by many re-
searchers. Because of its high complexity, it does not facilitate the feasibility of all mixtures
produced by laboratory experimentation due to the large set numbers demanded, implying
high costs given a prolonged execution duration. Hence, the current method offers adapt-
able control over mixture production during the simulation phase. Utilizing the present
Genetic Algorithm (GA), each mixture undergoes thorough evaluation, yielding precise
and high-quality blends, thus expediting the identification of optimal solutions within a
short experimental timeframe. The minimization of mixture function values arises from a
multifaceted mathematical function that encompasses multiple objectives.

The objective is to minimize the Total Mixture Cost that is calculated for the ingredient
as the weighted sum (w1) of the product of the normalized cost/liter of the ingredient and
the percentage of the ingredient in the mixture minus the weighted sum (w2) of the product
of the normalized density/liter of the ingredient and the percentage of the ingredient in
the mixture:

TMFV = w1 × ∑
i∈{1,...,n}

(
ci

cmax
× pi

)
− w2 × ∑

i∈{1,...,n}

(
di

dmax

)4
× pi (1)

The raw materials optimization problem lies in minimizing the function value of the
new fuel mixture:

minTMFV (2)

Problem Restrictions:

• Min Ingredient Percentage% ≤ pi ≤ Max Ingredient Percentage%
• ci, where c1: diesel cost and c2: biodiesel cost
• di, where d1: diesel density and d2: biodiesel density
• wi, where weights: w1 + w2 = 100%

i = 1: c1 = 2.000 EUR/L, d1 = 0.8191 g/mL and 1% ≤ pi ≤ 99%
i = 2: c2 = 0.7901 EUR/L, d2 = 0.8855 g/mL and 1% ≤ pi ≤ 30%
w1 (0% ≤ w1 ≤ 100%) and w2 (0% ≤ w2 ≤ 100%)
Restrictions on the percentage of ingredients help make chromosome development

feasible. For instance, the second ingredient could range from 1% at the lowest to 30% at
the most in the biodiesel blend. Values over 30% are then automatically rejected. 82% and
18% represent a feasible chromosome, including all the components.

The final mixture cost can be calculated using the raw material cost restrictions, where
c1 = 2.000 EUR/L (diesel cost) and c2 = 0.7901 EUR/L (biodiesel cost).

Mixture Cost Calculation: 2.000 EUR/L × 82% + 0.7901 EUR/L × 18% = 1.7822 EUR/L.
The density of ingredients, d1 = 0.8191 g/mL (diesel density at 5 ◦C) and d2 = 0.8855 g/mL

(biodiesel density at 5 ◦C) are applied to provide the final mixture density.
Mixture Density Calculation: 0.8191 g/mL × 75% + 0.8855 g/mL × 25% = 0.8357 g/mL.
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The mixture function value evaluation uses weights w1 and w2, providing more
significance either on mixture cost or mixture density. The research of these two character-
istics provides the necessary information for the ingredient’s participation in the optimal
fuel mixture.

3. Algorithmic Framework

In various fields, genetic algorithms (GAs) employ nature-inspired methodologies
to deliver superior outcomes. Initially proposed by Holland [39], genetic algorithms
are rooted in evolutionary computation principles [40]. The current paper addresses the
biodiesel mixture problem by introducing a novel evolutionary approach utilizing a Genetic
Algorithm (GA) (Figure 1). Similar algorithms iteratively update population chromosomes
over subsequent generations by utilizing selection, crossover, and mutation operators [26].
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3.1. GA—Chromosome Representation

Example of Chromosome Representation: a random mixture made up of two ingredi-
ents, with percentages (w1, w2) always adding up to 100%. For instance, if Diesel is 78.22%
and then Biodiesel is 21.78%.

The definitions and abbreviations of the main concepts that will be used hereunder
are presented in Table 1.

Table 1. Abbreviations /Definition of Main Concepts.

Abbreviation Concept Definition

Min (Max) Ingredient Percentage Minimum (Maximum) Ingredient Percentage value.

InPer Ingredient Percentage.

IPLS Ingredient Percentage Local Search (in%).

I1
Ingredient Percentage Local Search Bound created by

minimum ingredient percentage.

I2
Ingredient percentage Local Search Bound created by

maximum ingredient percentage.

Max IPLS Maximum IPLS value.

Min IPLS Minimum IPLS value.
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3.2. GA—Chromosome Representation

The process of generating generations involves two distinct phases. Initially, the first
generation is established using the random creation of viable blends. Subsequently, in the
subsequent phases, the formation of chromosomes for the generations follows a three-part
process (also illustrated in Figure 2):

(a) Phase 1: A selection of the top-performing 10% of chromosomes from the current
generation, known as the “TOP Mixtures,” is carried over to the next generation.

(b) Phase 2: The next 60% of results are derived from the application of the Crossover
operator, which produces new chromosomes.

(c) Phase 3: The remaining 30% of chromosomes are generated via mutation, utilizing
the same method employed for the initial population’s formation.

The creation of fuel mixtures involves determining the diesel and biodiesel proportions
within each chromosome. Subsequently, a fitness function assesses each mixture based on
criteria such as cost and density, thereby ordering all mixtures accordingly.

The solutions generated via crossover and mutation adhere to specified ingredient
percentage ranges (minimum%–maximum%), ensuring that the sum of ingredient percent-
ages always equals 100%. This approach guarantees the production of viable solutions,
with no exclusion of feasible options during the evaluation process.

Following the establishment of the initial population, a framework is implemented,
encompassing a range of ±IPLS (Incremental Percentage of the Last Solution) from the best
chromosome percentages. This framework, suggested by Kyriklidis et al. [41], facilitates
the optimization process by focusing on the optimal solution around the best chromosome
from the previous generation. Each generation randomly selects a new IPLS value within
a defined range (e.g., Generation 1, IPLS: 6%; Generation 2, IPLS: 9%; . . . Generation 100,
IPLS: 10%).
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This method targets the prime solution domain from the preceding generation, acquir-
ing values within the range of:

{minIPLS = 1% : maxIPLS = maxInPer − (minInPer + 1)} (3)

The decision-maker sets IPLS boundaries that meet the requirements of minimum and
maximum ingredient percentages:

f or the IPLSB1 : IPLSB1 ≥ minInPer
and f or the IPLSB2 : IPLSB2 ≤ maxInPer

(4)

The IPLSB1 and IPLSB2 limits derived from the process outlined above serve as the
updated constraints for the new Biodiesel production. Enforcing these bounds ensures the
creation of viable mixtures.

The present fuel mixture approach provides the following advantages:
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• Focusing on last-generation best solutions (10% N) and leveraging them in next-
generation production.

• The frame ± I, which leads to a faster optimal solution convergence, implements the
local search method.

• Mutation operator prevents the GA from a premature convergence in a semi-optimal
solution of moderate-quality fuel.

In summary, all GA parameters were carefully selected following thorough experi-
mentation and the evaluation of over 100,000 simulations. Their efficacy remains on par
with contemporary methods, yielding superior outcomes.

3.3. GA—Chromosome Representation

The effectiveness of the proposed GA methodology was assessed through two distinct
sets of experiments categorized by mixture temperature: 5 ◦C, 10 ◦C, 15 ◦C, 20 ◦C, and
25 ◦C (referred to as sets henceforth):

(a) Set 1—Focused on Cost:
Within Evaluation Function TMFV, the weight value w1 exceeds or equals 50%, de-

noted as w1 ≥ 50% (Table 2).
(b) Set 2—Focused on Density:
Within Evaluation Function TMFV, the weight value w2 surpasses or equals 50%,

denoted as w2 ≥ 50% (Table 2).
(c) Combination of Set 1 and Set 2:
The population size was fixed at 200, with 300 generations, and the costs of ingredients

were set to diesel at 2.0000 EUR/L and biodiesel at 0.8091 EUR/L. The ingredient densities
were diesel at 0.8191 g/mL and biodiesel at 0.8855 g/mL at 5 ◦C. Ingredient density varies
based on temperatures between 5 and 25 ◦C (Table 3).

(d) The top 10% best-performing chromosomes from the preceding evaluated genera-
tion were directly carried over to the subsequent generation.

(e) The Crossover operator generated 70% of the population, adjusted by the IPLS
value, randomly defined per generation within a range of ±5% to 10%.

(f) The Mutation operator was applied to the remaining 20% of chromosomes.
(g) Each experiment comprised 1000 independent simulations per Set and temperature

(e.g., Set 1: 5 ◦C-1000 iterations, Set 1: 10 ◦C-1000 iterations, . . ., Set 2: 25 ◦C-1000 iterations).
In summary, comprehensive experimentation yielded the aforementioned configura-

tions. The algorithm was implemented in the Matlab R2022a environment and executed
on an AMD Ryzen 3 2200 G with Radeon Vega Graphics 3.50 GHz and 8.00 GB RAM.
Biodiesel, as the secondary ingredient, is comprised of sources from 50% animal fat and
50% vegetable origin. The prices of vegetable origins (rap oil and sun oil) are globally
available [42,43].

Table 2 categorizes the experimental sets according to temperature parameters ranging
between 5 and 25 ◦C, distinguishing between sets emphasizing Cost (Set 1: w1 ≥ 50%) and
Density (Set 2: w2 ≥ 50%). For instance, settings such as w1 = 70% and w2 = 30% prioritize
Cost, as the cost criterion holds greater weight than the density criterion.

Table 2. W1 and w2 for Set 1 and Set 2 per Temperature between 5 ◦C–25 ◦C.

Experiment Temperatures w1/w2 (Set 1) w1/w2 (Set 2)

5 ◦C, 10 ◦C,
15 ◦C, 20 ◦C and 25 ◦C

50%/50% 50%/50%
60%/40% 40%/60%
70%/30% 30%/70%
80%/20% 20%/80%
90%/10% 10%/90%

Further experimental details are outlined in Table 3. Diesel and biodiesel are priced at
2.000 EUR/L and 0.8091 EUR/L, respectively, while their densities range from 0.8191 g/mL
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to 0.8915 g/mL, varying with temperature. Additionally, the proportions of ingredients
in the mixtures are specified. Diesel percentage ranges from 1% to 99%, and biodiesel
percentage ranges from 1% to 30%. The values presented in Table 3 reflect the availabilities
and current prices observed during the laboratory experiments.

Table 3. Min and Max relative mixture composition (%), ingredient Cost and Density.

Fuel’s Temperature Min% Max% Cost EUR/L Density g/mL

Diesel 5 ◦C 1 99 2.0000 0.8191

Biodiesel 5 ◦C 1 30 0.8091 0.8915

Diesel 10 ◦C 1 99 2.0000 0.8206

Biodiesel 10 ◦C 1 30 0.8091 0.8848

Diesel 15 ◦C 1 99 2.0000 0.8220

Biodiesel 15 ◦C 1 30 0.8091 0.8823

Diesel 20 ◦C 1 99 2.0000 0.8234

Biodiesel 20 ◦C 1 30 0.8091 0.8819

Diesel 25 ◦C 1 99 2.0000 0.8249

Biodiesel 25 ◦C 1 30 0.8091 0.8808

3.4. Experimental Results

Initially, the suggested GA approach was applied to Set 1, involving 25,000 individual
simulations per temperature (ranging between 5 and 25 ◦C) and weight combinations
(w1 and w2). This process spanned a duration of 3925.80 s (equivalent to approximately
65.43 min or approximately 1.09 h).

Table 4 presents these experimental results from temperatures 5 ◦C to 25 ◦C, with
columns information: w1 and w2 weights combination, diesel ingredient percentage in
the mixture, biodiesel ingredient percentage in the mixture, evaluation function value
of mixture, mixture cost, and mixture density. Weights w1 and w2 always sum up to
100% and w1 ≥ 50% due to the Emphasis on Cost criterion. Diesel ingredient percentage
ranges between 74.89% and 75.02%, while biodiesel ingredient percentage amounts to
24.98–25.11%. Evaluation Function values stand from −0.0771 to 0.7007.

A positive evaluation function value provides more influence on the cost criterion than
the density criterion. On the other hand, a negative evaluation function value emphasizes
the density criterion than the cost criterion. The Evaluation Function values in all groups
are positive, except for w1 = 50% and w2 = 50%, which is negative but close to 0 value,
which, as a result, provides a neutral criterion assessment. All the other groups offer clear
priority to the cost criterion.

Regarding cost criterion values, the new fuel mixtures cost between 1.6976 EUR/L
and 1.7386 EUR/L. The last information concerns density criterion values that range from
0.8340 g/mL–0.8395 g/mL, satisfying the ASTM D1298-99 limits: 0.8200 g/mL–0.8450 g/mL.

Each row in Table 4 provides details regarding the best mixture determined from
1000 independent simulations (totaling 25 optimal mixtures). The evaluation is centered
around the minimum Total Mixture Function Value (TMFV). As the weight of w1 increases,
the TMFV value increases as well, signifying a greater emphasis on the cost criterion over
the density criterion. There are slight variations in the percentages of ingredients, cost, and
density among the optimal mixtures, as mentioned previously. Each experiment suggests
an optimal solution—a biodiesel mixture (determined by temperature along with w1 and
w2). The lowest TMFV value was achieved in Set 1 at a temperature of 5 ◦C with w1 = 50%
and w2 = 50%.

A statistical analysis of the optimal solution in Set 1 follows.
Set 1 (temperature 5 ◦C, w1 = 90%, w2 = 10%) Optimal Mixture:

• Diesel percentage: 74.95%
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• Biodiesel percentage: 25.05%
• TMFV: 0.6322
• Mixture Cost: 1.6976 EUR/L
• Mixture Density: 0.8378 g/mL

Table 4. Set 1 experiments for temperatures 5 ◦C–25 ◦C, Emphasis on Mixtures Cost, w1 ≥ 50%.

Fuel’s Temp. w1/w2 Diesel% Biodiesel% TMFV Cost Density

5 ◦C

w1: 50%, w2: 50% 75.00% 25.00% −0.0771 1.6988 0.8340
w1: 60%, w2: 40% 75.00% 25.00% 0.1104 1.6985 0.8351
w1: 70%, w2: 30% 74.98% 25.02% 0.2856 1.6978 0.8359
w1: 80%, w2: 20% 74.97% 25.03% 0.4878 1.6978 0.8364
w1: 90%, w2: 10% 74.95% 25.05% 0.6322 1.6976 0.8378

10 ◦C

w1: 50%, w2: 50% 75.01% 24.99% −0.0727 1.7377 0.8349
w1: 60%, w2: 40% 74.99% 25.01% 0.1134 1.7211 0.8355
w1: 70%, w2: 30% 74.97% 25.03% 0.2987 1.7200 0.8363
w1: 80%, w2: 20% 74.95% 25.05% 0.4881 1.6993 0.8376
w1: 90%, w2: 10% 74.93% 25.07% 0.6781 1.6987 0.8379

15 ◦C

w1: 50%, w2: 50% 75.00% 25.00% −0.0715 1.7379 0.8356
w1: 60%, w2: 40% 74.98% 25.02% 0.1154 1.7216 0.8359
w1: 70%, w2: 30% 74.96% 25.04% 0.2996 1.7222 0.8368
w1: 80%, w2: 20% 74.95% 25.05% 0.4897 1.7077 0.8379
w1: 90%, w2: 10% 74.93% 25.07% 0.6792 1.6991 0.8382

20 ◦C

w1: 50%, w2: 50% 75.01% 24.99% −0.0704 1.7382 0.8367
w1: 60%, w2: 40% 74.98% 25.02% 0.1155 1.7245 0.8371
w1: 70%, w2: 30% 74.97% 25.03% 0.3011 1.7233 0.8377
w1: 80%, w2: 20% 74.92% 25.08% 0.4954 1.7188 0.8385
w1: 90%, w2: 10% 74.91% 25.09% 0.6808 1.6995 0.8389

25 ◦C

w1: 50%, w2: 50% 75.02% 24.98% −0.0681 1.7386 0.8371
w1: 60%, w2: 40% 75.01% 24.99% 0.1176 1.7248 0.8373
w1: 70%, w2: 30% 74.95% 25.05% 0.3225 1.7254 0.8379
w1: 80%, w2: 20% 74.91% 25.09% 0.5238 1.7195 0.8388
w1: 90%, w2: 10% 74.89% 25.11% 0.7007 1.6999 0.8395

In a series of 1000 separate trials, the lowest Total Mixture Function Value (TMFV)
recorded was 0.6322, while the highest TMFV reached was 0.6587. The difference between
the minimum and maximum TMFV values is 0.0265. Meanwhile, the average TMFV across
all trials stands at 0.6432, with a standard deviation of 0.0051 (refer to Figure 3a).

The performance of the approach is illustrated in Figure 3b, revealing that the majority
of optimal solutions, comprising 764 mixtures (equivalent to 94.9% of the total), fall within
the range of 0.6322 to 0.6484 TMFV (with 0.6322 being the minimum TMFV). This outcome
underscores the effectiveness of the GA in generating solutions closely aligned with the
Min fitness function within a short timeframe. Conversely, on the basis of the allocation
of best solutions, only 51 mixtures (comprising 5.1% of the total) lie within the range of
0.6485 to 0.6607 TMFV (with 0.6587 being the maximum TMFV).

Regarding the cost of mixtures, a series of 1000 separate experiments suggest a
1.6976 EUR/L minimum and a 1.7457 EUR/L maximum mixture cost. The difference
between the minimum and maximum costs is 0.0481. Meanwhile, the average mixture
cost across all experiments stands at 1.7036 EUR/L, with a standard deviation of 0.0077
(as depicted in Figure 4a).

The allocation of Best Cost solutions is presented in Figure 4b. For most best solu-
tions, 877 mixtures (951 = 504 + 245 + 129 + 73) or 95.1% are between 1.6976 EUR/L and
1.7219 EUR/L (minimum mixture cost 1.6976 EUR/L). The above results confirm the GA’s
effectiveness in providing fuel costs close to the minimum value. Based on the best solu-
tions, the allocation of only (49 = 38 + 8 + 2 + 1) mixtures (4.9%) was between 1.7220 EUR/L
and 1.7463 (maximum mixture cost 1.7457 EUR/L).
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In terms of mixtures’ density, a series of 1000 independent experiments indicate a
minimum mixture density of 0.8378 g/mL and a maximum mixture density of 0.8537 g/mL.
The difference between the minimum and maximum densities is 0.0159. The average
mixture density across all experiments is 0.8390 g/mL, with a standard deviation of 0.0047
(as shown in Figure 5a).

The allocation of Best Density solutions is presented in Figure 5b. Most best solutions,
881 mixtures (881 = 452 + 234 + 121 + 74) or 88.1% is between 0.8378 g/mL and 0.8461 g/mL
(minimum mixture density 0.8378 EUR/L), compared to the total 119 (344 = 59 + 34 + 22
+ 4) mixtures or 11.9%, which were between 0.8462 g/mL and 0.8545 g/mL (maximum
mixture density 0.8537 g/mL).
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Figure 5. Set 1: (a) Density Statistical Analysis and (b) Best Density Solutions Allocation.

Subsequently, Set 2 underwent testing to assess the effectiveness of the proposed
GA, involving 25,000 independent simulations per temperature (ranging from 5 ◦C to
25 ◦C) and various combinations of weights (w1 and w2). This testing phase lasted for a
duration of 3645.34 s (approximately 60.76 min or approximately 1 h). Table 5 presents these
experimental results from temperatures 5 ◦C to 25 ◦C, with columns information: w1 and w2
weights combination, diesel ingredient (%) in the mixture, biodiesel ingredient percentage
in the mixture, evaluation function value of mixture, mixture cost, and mixture density.

Weights w1 and w2 always sum up to 100% and w2 ≥ 50% due to the Emphasis on
Density criterion. Diesel ingredient percentage ranges between 74.89% and 75.02%, while
biodiesel ingredient percentage amounts to 24.88–25.12%. Evaluation Function values
range from −0.8852 to −0.0681.

The negative evaluation function value emphasizes the density criterion rather than
the cost criterion.
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The Evaluation Function values in all groups are negative but close to 0 value (w1 = 50%
and w2 = 50%), which results in a neutral criterion assessment. All the other groups offer
clear priority to the density criterion.

As regards cost criterion values, the new fuel mixtures cost between 1.6979 EUR/L and
1.7386 EUR/L. The last information concerns density criterion values range 0.8340 g/mL–
0.8397 g/mL, satisfying the ASTM D1298-99 limits: 0.8200 g/mL–0.8450 g/mL.

Each row in Table 5 provides details regarding the best mixture identified from 1000 in-
dependent simulations (resulting in a total of 25 optimal mixtures). The evaluation is
centered around the minimum Total Mixture Function Value (TMFV). As the value of w2
rises, the TMFV value also increases, indicating a greater emphasis on the density criterion
over the cost criterion. There are slight variations in the percentages of ingredients, optimal
mixture cost, and density among the optimal mixtures, as previously discussed.

A statistical analysis of the optimal solution in Set 2 follows.
Optimal Mixture in Set 2 (temperature 20 ◦C, w1 = 10%, w2 = 90%):

• Diesel percentage: 74.88%
• Biodiesel percentage: 25.12%
• TMFV: −0.8852
• Mixture Cost: 1.7112 EUR/L
• Mixture Density: 0.8397 g/mL

Table 5. Set 2 experiments for temperatures 5 ◦C–25 ◦C, Emphasis on Mixtures Density, w2 ≥ 50%.

Fuel’s Temp. w1/w2 Diesel% Biodiesel% TMFV Cost Density

5 ◦C

w1: 50%, w2: 50% 75.00% 25.00% −0.0771 1.6988 0.8340
w1: 40%, w2: 60% 74.99% 25.01% −0.2267 1.6986 0.8355
w1: 30%, w2: 70% 74.98% 25.02% −0.4167 1.6984 0.8358
w1: 20%, w2: 80% 74.96% 25.04% −0.6378 1.6980 0.8366
w1: 10%, w2: 90% 74.95% 25.05% −0.8451 1.6979 0.8379

10 ◦C

w1: 50%, w2: 50% 75.01% 24.99% −0.0727 1.7379 0.8349
w1: 40%, w2: 60% 74.99% 25.01% −0.2588 1.7222 0.8357
w1: 30%, w2: 70% 74.96% 25.04% −0.4506 1.7234 0.8364
w1: 20%, w2: 80% 74.96% 25.04% −0.6428 1.7056 0.8378
w1: 10%, w2: 90% 74.93% 25.07% −0.8322 1.6993 0.8381

15 ◦C

w1: 50%, w2: 50% 75.00% 25.00% −0.0715 1.7379 0.8356
w1: 40%, w2: 60% 74.98% 25.02% −0.2684 1.7256 0.8361
w1: 30%, w2: 70% 74.97% 25.03% −0.4754 1.7237 0.8369
w1: 20%, w2: 80% 74.94% 25.06% −0.6682 1.7087 0.8380
w1: 10%, w2: 90% 74.92% 25.08% −0.8481 1.7023 0.8384

20 ◦C

w1: 50%, w2: 50% 75.01% 24.99% −0.0704 1.7384 0.8367
w1: 40%, w2: 60% 74.99% 25.01% −0.2791 1.7268 0.8373
w1: 30%, w2: 70% 74.96% 25.04% −0.4984 1.7245 0.8379
w1: 20%, w2: 80% 74.93% 25.07% −0.6709 1.7198 0.8386
w1: 10%, w2: 90% 74.91% 25.09% −0.8687 1.7067 0.8390

25 ◦C

w1: 50%, w2: 50% 75.02% 24.98% −0.0681 1.7386 0.8371
w1: 40%, w2: 60% 75.00% 25.00% −0.2981 1.7269 0.8375
w1: 30%, w2: 70% 74.96% 25.04% −0.5603 1.7258 0.8382
w1: 20%, w2: 80% 74.92% 25.08% −0.6991 1.7212 0.8389
w1: 10%, w2: 90% 74.88% 25.12% −0.8852 1.7112 0.8397

In a series of 1000 independent trials, the lowest Total Mixture Function Value (TMFV)
recforded was −0.8852, while the highest TMFV reached was −0.8753. The difference between
the minimum and maximum TMFV values is 0.0099. Meanwhile, the average TMFV across
all trials stands at −0.8802, with a standard deviation of 0.0018 (as illustrated in Figure 6a).

The effectiveness of the method is illustrated in Figure 6b, where the majority of
optimal solutions, totaling 936 mixtures (comprising 93.6% of the total), fall within the range
of −0.8852 to −0.8793 TMFV (with −0.8852 being the minimum TMFV). This outcome
validates the GA’s capability to generate solutions closely aligned with the minimum fitness
function within a brief timeframe. Based on best solutions allocation, only 64 (64 = 34 + 25 + 5)
mixtures (6.4%) were between −0.8792 and −0.8748 (maximum mixture TMFV −0.8753).



Algorithms 2024, 17, 181 13 of 18Algorithms 2024, 17, x FOR PEER REVIEW  14  of  19 
 

 
(a) 

(b) 

Figure 6. Set 2: (a) TMFV Statistical Analysis and (b) Best TMFV Solutions Allocation. 

Regarding the cost of the mixtures, a set of 1000 independent experiments suggests 

a minimal mixture cost of 1.7112 EUR /L and a maximal mixture cost of 1.8598 EUR /L. 

The difference between  the  lowest and highest costs  is 0.1486. Meanwhile,  the average 

cost of the mixtures across all experiments stands at 1.7322 EUR /L, with a standard de‐

viation of 0.0239 (as indicated in Figure 7a). 

The allocation of Best Cost solutions is presented in Figure 7b. Most of the best so‐

lutions, 954 mixtures (954 = 523 + 227 + 132 + 72) or 95.4% are between 1.7112 EUR /L and 

1.7963 EUR  /L  (minimum mixture  cost 1.7112 EUR  /L). The above  results  confirm  the 

GA’s effectiveness in providing fuel costs close to the minimum value. Based on the best 

solutions’ allocation, only 46 (46 = 34 + 9 + 3) mixtures (4.6%) were between 1.7964 EUR 

/L and 1.8602 (maximum mixture cost 1.8598 EUR /L). 

 
(a) 

Figure 6. Set 2: (a) TMFV Statistical Analysis and (b) Best TMFV Solutions Allocation.

Regarding the cost of the mixtures, a set of 1000 independent experiments suggests a
minimal mixture cost of 1.7112 EUR/L and a maximal mixture cost of 1.8598 EUR/L. The
difference between the lowest and highest costs is 0.1486. Meanwhile, the average cost of
the mixtures across all experiments stands at 1.7322 EUR/L, with a standard deviation of
0.0239 (as indicated in Figure 7a).

The allocation of Best Cost solutions is presented in Figure 7b. Most of the best
solutions, 954 mixtures (954 = 523 + 227 + 132 + 72) or 95.4% are between 1.7112 EUR/L
and 1.7963 EUR/L (minimum mixture cost 1.7112 EUR/L). The above results confirm the
GA’s effectiveness in providing fuel costs close to the minimum value. Based on the best
solutions’ allocation, only 46 (46 = 34 + 9 + 3) mixtures (4.6%) were between 1.7964 EUR/L
and 1.8602 (maximum mixture cost 1.8598 EUR/L).

Algorithms 2024, 17, x FOR PEER REVIEW  14  of  19 
 

 
(a) 

(b) 

Figure 6. Set 2: (a) TMFV Statistical Analysis and (b) Best TMFV Solutions Allocation. 

Regarding the cost of the mixtures, a set of 1000 independent experiments suggests 

a minimal mixture cost of 1.7112 EUR /L and a maximal mixture cost of 1.8598 EUR /L. 

The difference between  the  lowest and highest costs  is 0.1486. Meanwhile,  the average 

cost of the mixtures across all experiments stands at 1.7322 EUR /L, with a standard de‐

viation of 0.0239 (as indicated in Figure 7a). 

The allocation of Best Cost solutions is presented in Figure 7b. Most of the best so‐

lutions, 954 mixtures (954 = 523 + 227 + 132 + 72) or 95.4% are between 1.7112 EUR /L and 

1.7963 EUR  /L  (minimum mixture  cost 1.7112 EUR  /L). The above  results  confirm  the 

GA’s effectiveness in providing fuel costs close to the minimum value. Based on the best 

solutions’ allocation, only 46 (46 = 34 + 9 + 3) mixtures (4.6%) were between 1.7964 EUR 

/L and 1.8602 (maximum mixture cost 1.8598 EUR /L). 

 
(a) 

Figure 7. Cont.



Algorithms 2024, 17, 181 14 of 18Algorithms 2024, 17, x FOR PEER REVIEW  15  of  19 
 

 
(b) 

Figure 7. Set 2: (a) Cost Statistical Analysis and (b) Best Cost Solutions Allocation. 

Regarding  mixture  density,  a  minimum  mixture  density  of  0.8378  g/mL  and  a 

maximum mixture  density  of  0.8537  g/mL  are  suggested  by  1000  separate  trials.  The 

mean mixture density is 0.8390 g/mL with a standard deviation of 0.0047, with a margin 

of 0.0159 between the minimum and maximum densities (Figure 8a). 

Best Density  solutions  allocation  are presented  in Figure 8b. Most best  solutions, 

921 mixtures (921 = 532 + 234 + 91 + 64) or 92.1% is between 0.8397 g/mL and 0.8424 g/mL 

(minimum mixture density 0.8397 g/mL), compared to the total 79 (79 = 43 + 22 + 12 + 2) 

mixtures or 7.9%, which were between 0.8425 g/mL and 0.8452 g/mL (maximum mixture 

density 0.8537 g/mL). 

 
(a) 

 
(b) 

Figure 8. Set 2: (a) Density Statistical Analysis and (b) Best Density Solutions Allocation. 

Figure 7. Set 2: (a) Cost Statistical Analysis and (b) Best Cost Solutions Allocation.

Regarding mixture density, a minimum mixture density of 0.8378 g/mL and a max-
imum mixture density of 0.8537 g/mL are suggested by 1000 separate trials. The mean
mixture density is 0.8390 g/mL with a standard deviation of 0.0047, with a margin of
0.0159 between the minimum and maximum densities (Figure 8a).

Best Density solutions allocation are presented in Figure 8b. Most best solutions,
921 mixtures (921 = 532 + 234 + 91 + 64) or 92.1% is between 0.8397 g/mL and 0.8424 g/mL
(minimum mixture density 0.8397 g/mL), compared to the total 79 (79 = 43 + 22 + 12 + 2)
mixtures or 7.9%, which were between 0.8425 g/mL and 0.8452 g/mL (maximum mixture
density 0.8537 g/mL).
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4. Combustion of Mixtures

After studying the changes in a very important property, mixture density, we consid-
ered it to be useful to see how these mixtures behave during their combustion so as to have
an overall picture of the effect of the addition of biodiesel on the production of exhaust
gases that are finally released into the atmosphere. Our goal was to see if the addition of
biodiesel would reduce the exhaust gases and to what extent so that, based on the density
analysis of the mixtures, we could also make conclusions about the exhaust gases produced
upon combustion. For this purpose, a series of experiments were carried out directly on
the gaseous phase of the exhaust emissions using an Optima 7 portable flue gas analyzer
(MRU GmbH, Neckarsulm, Germany), and are shown in Table 6.

Measurements:
Mixture Composition: Diesel—Biodiesel 50% vegetable—50% animal sources.
Mixture Temperature: 25 ◦C.

Table 6. Mixture Relative Composition—Gaseous Pollutants.

D–B (%) Gaseous Pollutants

O2 CO2 CO NOX C.P. E.A.

1 100–0 3.9 12.6 130 69 94.9 22.9

2 95–5 3.9 12.5 132 69 94.8 23.3

3 90–10 4.0 12.6 133 69 94.9 23.7

4 85–15 4.1 12.5 135 70 94.9 24.2

5 80–20 4.1 12.7 137 70 94.9 24.2

6 75–25 4.2 12.7 139 71 95.0 24.5

7 70–30 4.2 12.6 142 71 95.2 24.9

8 65–35 4.3 12.6 147 71 95.1 25.5

9 60–40 4.3 12.6 152 72 95.2 26.2

10 55–45 4.5 12.7 158 72 95.3 26.8

11 50–50 4.5 12.7 162 73 95.4 27.4

12 45–55 4.5 12.7 165 73 95.3 27.4

13 40–60 4.4 12.6 168 71 95.4 27.2

14 35–65 4.4 12.6 170 70 95.4 27.0

15 30–70 4.5 12.7 172 69 95.4 26.8

16 25–75 4.5 12.6 174 68 95.0 26.6

17 20–80 4.5 12.5 179 68 95.1 26.4

18 15–85 4.5 12.5 184 69 95.2 26.0

19 10–90 4.6 12.5 194 69 95.1 25.7

20 5–95 4.6 12.6 204 69 95.0 25.4

21 0–100 4.6 12.6 216 68 95.2 25.1
O2 = Oxygen, CO2 = Carbon dioxide, CO = Carbon monoxide, NOX = Nitrogen oxides, C.P. = Combustion
performance, E.A. = Excess air.

It can be seen in Table 6 that the addition of biodiesel does not deteriorate the produced
percentage of exhaust gases. Therefore, it can be used in the combustion technology to
create environmentally friendly fuels and, in this particular work, does not cause a problem
in terms of mixture density changes.
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5. Concluding Remarks

Global communities are increasingly moving away from fossil fuels and seeking
environmentally friendly alternatives. In recent years, biodiesel has garnered attention due
to its production from renewable and eco-friendly sources. This study introduces a novel
method for biodiesel production utilizing two ingredients: diesel and biodiesel derived
entirely from vegetable sources. The implementation leverages the advantages of Genetic
Algorithms (GA) within Evolutionary Computation.

Two specialized operators, namely crossover and mutation, support the GA’s exe-
cution. The crossover operator explores a specific area near the optimal solution of the
previous generation, while the mutation operator prevents premature convergence to
suboptimal solutions or costlier fuels with lower density values.

Moreover, the Overall Mixture Performance Metric (OMPM) assesses the efficacy of
novel biodiesel blends and the capability for the creation of competitive biofuel options in
relation to ingredient availability. The OMPM underscores two key fuel attributes: expense
and density, determined using factors w1 and w2, respectively, indicating the priority
assigned to cost and density in the experimental fuel assessment process. The study
entailed the exploration of optimal biodiesel blends through iterative experimentation
(3 × 109 blends), segmented into two groups distinguished by temperatures spanning from
5 ◦C to 25 ◦C: Group 1—“Cost Priority” and Group 2—“Density Priority”.

Tables 4 and 5 showcase the top 25 blends per group, with the two pinnacle blends
as follows:

• Optimal Blend in Group 1 (5 ◦C, w1 = 90%, w2 = 10%): Diesel content: 74.95%,
Biodiesel content: 25.05%, OMPM: 0.6322, Blend Cost: 1.6976 EUR/L, Blend Density:
0.8378 g/mL.

• Optimal Blend in Group 2 (20 ◦C, w1 = 10%, w2 = 90%): Diesel content: 74.88%,
Biodiesel content: 25.12%, OMPM: −0.8852, Blend Cost: 1.7112 EUR/L, Blend Density:
0.8397 g/mL.

The new biodiesel costs less than 15.12% (Set 1) and 14.44% (Set 2) compared to diesel
(priced at 2.0000 EUR/L), offering antagonistic prices, minimizing lower sulfur content,
and reducing pollutant emissions.

Apart from the two optimal biodiesel fuels, the remaining fuels, recognized as best
mixtures within their respective groups, present viable solutions with competitive costs
and densities always within the standard limits ranging from 0.8200 g/mL to 0.8450 g/mL
(ASTM D1298-99).

Additionally, the experiments yield several significant outcomes, including cost mini-
mization, duration minimization, use of the EFM for improvements in both cost and density
and the production of environmentally friendly fuel, showcasing the utility of this new
decision-making in the production of optimized biodiesel mixture compositions.

In conclusion, the evolutionary GA approach demonstrates its capability to adequately
address complex fuel mixture problems and can be recommended as a suitable and efficient
approach for addressing new biodiesel production challenges.

Future research directions call for further GA algorithm evolvement and enhancement.
Research on other factors that potentially may improve the quality of biodiesel is also under
consideration. Moreover, the suggested technology can be applied to other biodiesel blends
based on different components.
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