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Abstract: The current study aims to investigate and compare the effects of waste plastic oil blended
with n-butanol on the characteristics of diesel engines and exhaust gas emissions. Waste plastic oil
produced by the pyrolysis process was blended with n-butanol at 5%, 10%, and 15% by volume.
Experiments were conducted on a four-stroke, four-cylinder, water-cooled, direct injection diesel
engine with a variation of five engine loads, while the engine’s speed was fixed at 2500 rpm. The
experimental results showed that the main hydrocarbons present in WPO were within the range of
diesel fuel (C13–C18, approximately 74.39%), while its specific gravity and flash point were out of
the limit prescribed by the diesel fuel specification. The addition of n-butanol to WPO was found to
reduce the engine’s thermal efficiency and increase HC and CO emissions, especially when the engine
operated at low-load conditions. In order to find the suitable ratio of n-butanol blends when the
engine operated at the tested engine load, the optimization process was carried out by considering
the engine’s load and ratio of the n-butanol blend as input factors and the engine’s performance
and emissions as output factors. It was found that the multi-objective function produced by the
general regression neural network (GRNN) can be modeled as the multi-objective function with
high predictive performances. The coefficient of determination (R2), mean absolute percentage error
(MAPE), and root mean square error (RSME) of the optimization model proposed in the study were
0.999, 2.606%, and 0.663, respectively, when brake thermal efficiency was considered, while nitrogen
oxide values were 0.998, 6.915%, and 0.600, respectively. As for the results of the optimization
using NSGA-II, a single optimum value may not be attained as with the other methods, but the
optimization’s boundary was obtained, which was established by making a trade-off between brake
thermal efficiency and nitrogen oxide emissions. According to the Pareto frontier, the engine load
and ratio of the n-butanol blend that caused the trade-off between maximum brake thermal efficiency
and minimum nitrogen oxides are within the approximate range of 37 N.m to 104 N.m and 9%
to 14%, respectively.

Keywords: waste plastic oil; n-butanol; diesel engine; artificial intelligence; GRNNs

1. Introduction

Since the COVID-19 virus spread in 2020, there has been a sudden increase in plastic
waste. The proportion of plastic waste during the COVID-19 epidemic in Thailand increased
from normal conditions by 62% in April 2020 compared to 2019 [1] because the government
asked for cooperation from the public and private sectors in considering measures for
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working at home to stop the epidemic, resulting in a work from home setting. Everyone
wants to change their lifestyle habits to the new home office norm. At the same time,
working at home or staying safe has led to substantial growth in the food delivery and
packaging business. In particular, plastic packaging has increased significantly. Plastic
packaging produces about 23 million tons annually in Europe, and this is predicted to reach
92 million tons in 2050 [2].

Reflecting upon the emerging demand for plastics, Bangkok, the capital of Thailand,
continued to observe an increase in plastic waste. Thus, after the COVID-19 pandemic, more
planning for plastic waste management will be required. The COVID-19 pandemic resulted
in the disruption of energy demands and domestic economic growth, which resulted
in fluctuating fuel prices. However, the current trend in modern energy development
focuses on increasing the share of renewable energy, which is low-cost in nature and
accessible from many sources, and promoting the decentralization of production. The Thai
government has started to pay more attention to alternative energy. This is so that the
country can find other ways to produce energy that can be used in the country. Thailand
has faced waste management problems for a long period of time. Initially, using landfills
was a popular method. However, currently, the landfill area is more difficult to find.
Disposal by incineration causes problems related to small dust particles. Currently, there
is a development of waste disposal technology that can convert waste into energy, such
as converting waste into fuel. This includes the reuse of plastic waste packaging as raw
materials for production. This method saves space during the disposal of solid waste,
reduces the use of new resources, and reduces the amount of waste to be disposed of.

Sustainability trends and resource crises are now focused on around the world. Circu-
lar economy principles have been developed and adapted to suit the times by focusing on
the cost-effective use of resources and the maximum benefit. The purpose of this idea is to
prevent resources from running out quickly and to prevent the generation of waste [3]. The
production of waste plastic oil is an implementation of the circular economy principles in
accordance with the national agenda. Currently, the BCG (Bio-Circular-Green) economic
policy has been used to drive the economy of Thailand more and more [4], and it is applied
to the management of plastic waste in a systematic and comprehensive manner. This
will allow us to increase the value of waste along with the efficient use of resources. A
circular economy will focus on waste management after consumption and will make the
most cost-effective use of resources as well as the reuse of materials (reuse, refurbish, and
sharing) and recycling (recycle and upcycle). Currently, finding various forms of renewable
energy is the focus of research, especially renewable energy that can be obtained locally.
Waste plastic oil is a type of renewable energy that has been considered for applications
as an alternative fuel with respect to diesel. Plastic waste is processed into pyrolysis oil
as a substitute for oil, which will help solve the increasing problem of waste while also
reducing the rate of oil imports to create energy security. Plastic waste can be processed into
pyrolysis oil because plastic waste contains hydrocarbons as a component, such as oil. The
study of plastic pyrolysis can be performed in various conditions to obtain different yields
and suitable content [5]. At the moment, there are many ongoing experiments focused on
transforming plastic waste into pyrolysis oil.

Biobutanol has better physical and chemical fuel properties, such as calorific value,
viscosity, and cetane number, compared to ethanol. Similarly to ethanol, butanol can also
be produced by the fermentation of agricultural crops and waste resources such as cassava
waste residue and waste food. Butanol can be used as blend components with diesel fuel
to improve carbon monoxide (CO) and particulate matter emissions without any engine
modifications [6]. Increasing the alcohol substitution ratio resulted in higher cylinder
pressure and temperatures and heat release rates, while ignition delays decreased, leading
to shorter combustion durations [7]. The combination of ethanol and butanol blended
with diesel fuel was studied, and it was found that nitrogen oxides, carbon monoxide,
and soot emissions decreased with the influence of higher oxygen content and the lower
cetane number and calorific value of ethanol and butanol [8]. However, the blend with
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higher concentrations of alcohol fuel is limited, with some defective fuel properties such
as lubricity, flash points, and the latent heat of vaporization. The addition of ethanol to
waste plastic oil was investigated on a four-cylinder and direct injection diesel engine,
and a reduction in nitrogen oxides was observed, along with an increase in specific fuel
consumption and a decrease in thermal efficiency [9]. To extend the use of alcohol fuels, this
research study is interested in studying engine performance, combustion characteristics,
and the exhaust emissions of a diesel engine when using different ratios of waste plastic oil
blended with n-butanol. In order to find a suitable ratio of n-butanol blends for practical
fuels, the experimental results of the engine test were used to develop the prediction
model using a multi-objective function via the general regression neural network (GRNN).
Moreover, further investigations upon the optimum range of engine loads and the ratio
of the n-butanol blend were achieved via the NGGA-II optimization technique when the
trade-off between maximum thermal efficiency and minimum nitrogen oxide emissions
was considered.

2. Materials and Methods
2.1. Test Fuels Preparation

In this experimental study, n-butanol (analytical grade) was purchased from Sigma
Aldrich, while commercial diesel fuels conforming to the regulation of the Department of
Energy Business, Ministry of Energy, Thailand (2022), were purchased from public fuel
stations. According to the regulation, this diesel fuel contains 7% biodiesel by volume (B7).
The waste plastic oil (WPO) used in this study was extracted from mixed plastic waste
using a pyrolysis plant at the Center of Excellence in Biomass (COE), Suranaree University
of Technology. WPO was blended with n-butanol at 5%, 10%, and 15% by volume. The
descriptions of the test fuels used throughout this study are also listed in Table 1.

Table 1. Description of test fuels used throughout this study.

Test Fuels Description

Diesel Commercial diesel fuel (B7: containing 7% biodiesel)
BU5 Blend of 5% n-butanol and 95% waste plastic oil
BU10 Blend of 10% n-butanol and 90% waste plastic oil
BU15 Blend of 15% n-butanol and 85% waste plastic oil

2.1.1. Gas Chromatography–Mass Spectrometry

The WPO and diesel fuel were qualitatively analyzed by GC–MS, which identified
the majority of the compounds. Figure 1 represents the chromatograms of WPO and
diesel fuel, which showed more than 100 peaks. According to the results, the chemical
compositions of WPO characterized by the GC–MS are described in Tables 2 and 3. It was
found that WPO is mainly composed of hydrocarbon chains ranging from C4 to C29, and it
also commonly has aromatic compounds present. Furthermore, the study found that WPO
consists of hydrocarbons in a group of gasoline (C6–C12, 12.85%), diesel (C13–C18, 74.39%),
and fuel oil (C19–C23, 12.76%). Carbon number distributions in WPO and diesel fuel are
shown in Figure 2.
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Figure 1. Total ion current chromatogram for diesel fuel and WPO.

Table 2. Chemical compound of diesel by GC–MS.

Retention Time (min) Chemical Compound Chemical Formula Concentration (%)

4.35 Octane C8H18 0.94
4.49 Cyclohexane, 1,4-dimethyl- C8H16 0.33
5.05 Nonane C9H20 0.52
5.58 Nonane, 4-methyl- C10H22 1.01
6.16 Decane C10H22 2.07
8.10 Undecane C11H24 2.28
9.13 p-Xylene C8H10 0.57
9.88 trans-2-Dodecen-1-ol C12H24O 1.76
10.93 Dodecane C12H26 1.04
11.62 Benzene, 1-ethyl-3-methyl- C9H12 0.45
13.55 Benzene, 1,2,3-trimethyl- C9H12 0.54
14.50 Tridecane C13H28 2.37
15.56 Benzene, 1,2,4-trimethyl- C9H12 0.36
18.49 Tetradecane C14H30 0.99
20.11 1-Tetradecene C14H28 0.33
22.55 Pentadecane C15H32 0.33
26.53 Hexadecane C16H34 2.63
30.37 Heptadecane C17H36 3.20
34.05 Octadecane C18H38 3.58
37.55 Nonadecane C19H40 13.76
40.80 Eicosane C20H42 5.26
43.18 Heneicosane C21H44 3.64
44.96 Hexadecanoic acid, methyl ester C17H34O2 1.57
46.43 Tricosane C23H48 1.57
47.79 Methyl stearate C19H38O2 3.73
48.07 11-Octadecenoic acid, methyl ester C19H36O2 3.22
48.68 Linoleic acid, methyl ester C19H34O2 3.01
49.03 Pentacosane C25H52 0.50
50.44 Hexacosane C26H54 2.72
52.10 Heptacosane C27H56 2.54
53.97 Octacosane C28H58 9.26
56.22 Nonacosane C29H60 2.27
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Table 3. Chemical compound of WPO fuel by GC–MS.

Retention Time (min) Chemical Compound Chemical Formula Concentration (%)

4.31 Pentane, 2,2,4-trimethyl- C8H18 0.94
4.39 Heptane C7H16 0.33
5.95 Nonane C9H20 0.52
7.67 Decane C10H22 1.01
7.79 Toluene C7H8 2.07
9.59 1-Butanol C4H10O 2.28
10.12 Ethylbenzene C8H10 0.57
10.35 Undecane C11H24 1.76
10.55 Benzene, 1,2-dimethyl- C8H10 1.04
11.87 Benzene, 1,4-dimethyl- C8H10 0.45
13.50 Benzene, 1-ethyl-4-methyl- C9H12 0.54
13.89 Dodecane C12H26 2.37
14.20 Mesitylene C9H12 0.36
15.56 Benzene, 1,2,3-trimethyl- C9H12 0.99
15.83 Dodecane, 4,6-dimethyl- C14H30 0.33
16.14 Dodecane, 2-methyl- C13H28 0.33
17.97 Tridecane C13H28 2.63
22.25 Tetradecane C14H30 3.20
26.54 Pentadecane C15H32 3.58
27.39 α-Gurjunene C15H24 13.76
29.63 β-Gurjunene C15H24 5.26
30.64 Hexadecane C16H34 3.64
31.57 Alloaromadendrene C15H24 1.57
31.96 γ-Gurjunene C15H24 1.57
34.60 Heptadecane C17H36 3.73
38.40 Octadecane C18H38 3.22
41.72 Nonadecane C19H40 3.01
43.21 Methyl tetradecanoate C15H30O2 0.50
44.04 Eicosane C20H42 2.72
45.82 Heneicosane C21H44 2.54
46.87 Hexadecanoic acid, methyl ester C17H34O2 9.26
47.29 Docosane C22H46 2.27
48.74 Tricosane C23H48 1.88
49.91 Methyl stearate C19H38O2 1.98
50.19 11-Octadecenoic acid, methyl ester C19H36O2 8.76
50.30 Tetracosane C24H50 1.69
50.80 Linoleic acid, methyl ester C19H34O2 2.99
52.07 Pentacosane C25H52 1.33
54.19 Hexacosane C26H54 1.07
56.78 Heptacosane C27H56 0.81
60.01 Octacosane C28H58 0.67
64.08 Nonacosane C29H60 0.50
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2.1.2. Fuel Properties Characteristics of Test Fuels

For this study, the physical and chemical properties of waste plastic oil (WPO) and
its blends with n-butanol are the kinematic viscosity, density, specific gravity, API gravity,
flash point, cetane index, and gross calorific value, which are fuel properties that need
to be used in enhancing the engine performance and exhaust emissions of diesel engines.
The WPO and fuel blends were analyzed as per the ASTM standards for comparisons
made with respect to commercial diesel fuel (B7). The experimental results are shown in
Table 4. The kinematic viscosity of fuel is important for the lubrication and protection of
the injection equipment from wear and affects the injection characteristics [10]. As a result,
it can be seen that the kinematic viscosity of WPO was lower than diesel fuel due to the low
molecular weight of WPOs [11]. However, this value was within the limits of the diesel
fuel’s specification [12]. On the contrary, the flash point of WPO was found to be lower
than diesel fuel. This reason is related to the components present in the WPO due to the
low carbon number that leads to a reduction in the flash point and gross calorific value [13].
For fuel blends, it is observed that kinematic viscosity, API gravity, flash point, cetane
index, and gross calorific value decreased with n-butanol additions, while waste plastic
oil with a higher n-butanol content possesses a higher density and specific gravity. It is
noted that the properties such as the density and viscosity of the fuel blended with butanol
decrease nonlinearly as the temperature increases [14], so this may affect the quality of
fuel atomization, the start of fuel injection, and the ignition delay period. After studying
the properties of the fuel, it was found that waste plastic oil and its blends with n-butanol
can be used as an alternative fuel in diesel engines. Their effects on engine performance,
combustion characteristics, and exhaust emissions were studied and compared to diesel
fuel operation.

Table 4. The physical and chemical properties of WPO and its blends.

Fuel Properties Test Method
Test Fuels

Diesel WPO BU5 BU10 BU15

Kinematic viscosity @ 40 ◦C (cSt) ASTM D445 3.44 3.07 2.57 2.56 2.46
Specific gravity @ 15 ◦C ASTM D1298 0.828 0.800 0.798 0.803 0.805
API gravity ASTM D1298 39.4 45.4 45.8 44.7 44.3
Density @ 15 ◦C (kg/m3) ASTM D1298 827 799 800 802 804
Flash point (◦C) ASTM D93 78 36 34 32 30
Cetane index ASTM D976 60.18 68.98 67.49 64.08 61.83
Gross calorific value (MJ/kg) ASTM D240 45.39 44.98 44.51 44.03 43.45

2.2. Experimental Setup and Test Procedure

The test engine used for this study is a four-stroke, four-cylinder, water-cooled, direct
injection (DI) diesel engine that is naturally aspirated. The technical specifications of the
test engine are provided in Table 5. A hydraulic engine dynamometer with a load cell was
used to measure the torque and power output of the test engine. The test engine operated
at an engine speed of 2500 rpm with five different engine loads (30, 50, 70, 90, and 110 Nm).
For the engine run tests, commercial diesel fuel was used as a baseline for comparisons
with WPO and fuel blends. An air box was used to measure the air flow rate relative to
the engine, and the volumetric fuel flow rate was measured using a burette and stopwatch.
The engine crank’s angle position was measured by a Kistler crank angle encoder, type
2614CK1, which has a 0.1 crank angle degree resolution. A Kistler 6052C piezoelectric
pressure transducer coupled with a Kistler 5064C charge amplifier was used to record the
in-cylinder pressure. The in-cylinder pressure data were averaged for 100 cycles at each
crank angle. A Testo 350 flue gas analyzer was used to measure exhaust gas emissions (NOx,
CO, CO2, and HC). The technical specification of the gas analyzing device is represented
in [15]. In each condition, readings were taken after the engine reached a steady state by
the observation of engine load and engine speed. For every refueling operation, the engine
ran for 10 min in order to consume the fuel entangled in the fuel lines. The repeatability of
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readings was guaranteed by duplicating the investigations thrice. The schematic diagram
of the test engine setup is shown in Figure 3.

Table 5. Technical specifications of the diesel engine.

Engine Parameters Specifications

Engine model 4JA1
Engine type 4-cylinder, 4-cycle, water-cooled
Bore × Stroke 93 mm × 92 mm
Compression ratio 18.4
Displacement 2449 cc
Rated power at 4000 rpm 64.9 kW
Maximum torque at 2000 rpm 171.5 N.m
Fuel injection type Direct injection system with mechanical fuel injection
Number of fuel nozzle 4
Fuel injection pressure 18.1 MPa
Fuel injection timing 14◦ bTDC
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2.3. Multi-Objective Optimization for the Ratio of n-Butanol and Waste Plastic Oil Blends

The engine loads and n-butanol blending ratios that resulted in the trade-off between
the highest engine performance and lowest emission were identified via optimization
techniques as an alternative to applications where the blended oil may be used in different
engine loads or n-butanol blending ratios than those tested in this study. The nondominated
sorting genetic algorithm II (NSGA-II), a multi-objective optimization technique, was
chosen based on the number of objectives that needed to be optimized. The implementation
of multi-objective optimization via NSGA-II can be expressed in Figure 4. This section only
discusses the multi-objective function and their optimization using NSGA-II in accordance
with the engine performance and emissions testing method mentioned in the section above.
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2.3.1. Multi-Objective Function via a General Regression Neural Network (GRNN)

Obtaining an equation that depicts the relationship between input factors and output
factors according to a problem’s behavior is necessary for the optimized conditions of any
problem. The general regression neural network (GRNN), one of the supervised learning
artificial intelligence systems with successful bio-oil prediction engine performance [16],
was used in this study to obtain the equation that depicts the relationship between input
factors and output factors, which is also known as the multi-objective function. The GRNN
model is one of the radial basis function networks with strong regularized and prediction
capabilities, and its models are capable of accurately predicting both linear and nonlinear
issues. According to the characteristics of supervised learning, the model needs training
data to develop its capacity to react to problematic behavior. The experiment data of
oil-to-engine performance were used to train and test the GRNN model with a specific
focus on the percentage of the blend of n-butanol and waste plastic oil. The engine load (%)
and the percentage of the blend of n-butanol relative to waste plastic oil (abbreviation as BU
blend (%)) were employed in the model’s input factors (X1 and X2), while the oil-to-engine
performance and oil-to-engine emissions, namely the brake-specific fuel consumption
(g/kW-h), brake thermal efficiency (%), nitrogen oxides (g/kW-h), total hydrocarbon
(g/kW-h), carbon monoxide (g/kW-h), and carbon dioxide (g/kW-h), were employed in
the model’s target or prediction output (Y1, Y2, . . . , Y6). In accordance with the oil-to-
engine experiments, the modeling procedure, which was split into training and test data
sets at a ratio of 70:30 via the holdout cross-validation technique, used the 20 data averages
from each condition of the experiment. The GRNN model comprised four units: the input
layer units, pattern layer units, summation layer units, and output layer units. The model
was learned by transferring the training data set through the layers of the model using the
feedforward learning technique, as shown in Figure 5. The feedforward learning technique,
which is the learning characteristic of the GRNN model, can be described from each layer
by starting with the input data entering the first layer and ending with the prediction
results generated in the final layer [17].
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Input layer units: Both the input and output of the training data set entered the
model’s learning process in this layer. The number of neurons in this layer of the GRNN
model cannot be changed; instead, it is determined by the dimensions of the input factors.

Pattern layer units: The input and output of the training data set were transferred through
the units of the input layer into this layer, where the input data were transferred by one of the
radial basis functions, the Gaussian kernel function, which measured the Euclidean distance
between each input vector. The function transferred by the Gaussian kernel function can be
expressed, as described in Equation (1). The number of neurons is determined by the amount
of data used in the training set after input factors were transferred:

Wi = exp

(
− (X − Xi)

T(X − Xi)

2SM2

)
(1)

where Wi is the transformed input data (Xi), which can be called the “weight of the GRNN
model”, and X is the input vector, which can be written as X = [x1, x2, x3, . . . , xn]

T , while n
is the number of neurons at the input layer. SM is the smoothing parameter used to adjust
the Gaussian kernel function.

Summation layer units: The learning procedure was carried out in this layer in
two stages. In the first stage, the learning process was performed on the summation
of the weight of the GRNN or Wi obtained from the pattern layer units. The neuron that
performed learning in the first stage is called the denominator neuron (SD), which can be
expressed as Equation (2). In the second stage, the learning process was performed on the
summation of the output factor that corresponded to the input data (Xi) at the pattern layer
units multiplied by the weight of the GRNN or Wi. The neuron that performed learning in
the first stage is called the numerator neuron (SN), which can be expressed as Equation (3).
There will only be one SD neuron in the GRNN model, despite the fact that many SN
neurons are dependent on the vector of the output factor of problems:

SD =
n

∑
i=1

Wi (2)

SN =
n

∑
i=1

WiYi (3)

where Yi is the output data corresponding to the input data (Xi).
Output layer units: The learning outcomes of the SD and SN neurons were transferred

into this layer after the completion of the two learning stages of the summation layer units.
According to Equation (4), the relationship between SD and SN neurons can be used to
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express how the learning outcomes were translated into predictions that were made on the
same scale as the actual results of the problem:

YP,i(Xi) =
SN
SD

(4)

where YP,i is the prediction data corresponding to input data (Xi).
The smoothing parameter, also known as a hyperparameter, controls the Gaussian

kernel function performed in the pattern layer units of the GRNN model, which affects the
model’s predictive performance. In this study, the smoothing parameters are optimized by
the gradient descent optimization algorithm [18] during the modeling process to obtain
the best performance of the GRNN model. The commonly used regression performance
metrics, such as the coefficient of determination (R2), mean absolute percentage error
(MAPE), and root mean square error (RMSE), were used to assess the effectiveness of the
model, which can be calculated following Equations (5)–(7):

R2 = 1 −

n
∑

i=1
(Yi − YP,i)

2

n
∑

i=1

(
Yi − Y

)2
(5)

MAPE =

n
∑

i=1

∣∣∣Yi−YP,i
Yi

∣∣∣
n

× 100 (6)

RMSE =

√√√√√ n
∑

i=1
(YP,i − Yi)

2

n
(7)

where Y is the mean of the actual output.

2.3.2. Multi-Objective Optimization via Nondominated Sorting Genetic Algorithm
II (NSGA-II)

For multi-objective optimizations, the nondominated sorting genetic algorithm II
(NSGA II) is used. By placing each member of a population in the order of their values for
an objective function, NSGA II follows the theory of natural evolution. High fitness scores
increase the likelihood that an individual will be chosen and reserved during the evolution
process. Consequently, by gradually evolving, the Pareto optimal solution can be attained.
According to the NSGA-II optimized, the results were not a single optimal solution that is
similar to other optimization techniques but rather a collection of nondominant solutions. In
this study, both the GRNN model and NSGA-II were performed in MATLAB programming,
and the performed NSGA-II can be expressed as follows [19].

First: The parameters are set according to NSGA-II, and this study focuses on the multi-
optimization of engine loads (%) and BU blends (%), which influence engine performances
and emissions. Among the variety of output factors, brake thermal efficiency (%) and
nitrogen oxides (g/kW-h) were selected as the objectives, and the optimized conditions are
set according to Equations (8) and (9).

Maximum Brake thermal e f f iciencyi
Minimum Nitrogen oxidesi

}
= FGRNN(Engine loadi BU Blendi) (8)

30 ≤ Engine load ≤ 110
0 ≤ BU blend ≤ 15

(9)

Second: The genetic algorithm’s initial population and generation are set. In this study,
both the population and generation are set at 100.
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Third: The results of the GRNN model (multi-objective function) from all populations
are calculated.

Fourth: The new parent population using crowd testing and nondominated sorting is
established, and the new offspring population is created using crossovers and mutations.

Fifth: The third step and fourth steps are repeated until the maximum generation
is reached.

3. Results
3.1. Analysis of Variance of Results

A designed experiment is extremely helpful for discovering factors that influence an
engine’s performance. An analysis of variance is used to investigate the controllable input
factors: the fuel types, the engine’s load, and the operating conditions, which result in en-
gine performance factors such as brake-specific fuel consumption (g/kW-h), brake thermal
efficiency (%), nitrogen oxides (g/kW-h), total hydrocarbon (g/kW-h), carbon monoxide
(g/kW-h), and carbon dioxide (g/kW-h). Table 6 and Figure 6 show the experimental results
of brake-specific fuel consumption (g/kW-h) as an instance. The results provided main
factors (the fuel types and the engine load) that are significant at a p-value of 0.000, and the
increase in engine loads results in a decrease in brake-specific fuel consumption (g/kW-h).
In addition, the interaction between the fuel types and the engine’s load is significant at a
p-value of 0.000.

Table 6. The analysis of variance for results brake-specific fuel consumption (g/kW-h), using Adjusted
SS for tests.

Source DF Seq SS Adj SS Adj MS F p

Fuel Types 4 6159.6 6159.6 1539.9 543.97 0.000
Engine Load (N.m) 4 102,633.9 102,633.9 25,658.5 9063.74 0.000
Fuel Types × Engine Load (N.m) 16 1816.8 1816.8 113.6 40.11 0.000
Error 50 141.5 141.5 2.8
Total 74 110,751.9

S = 1.68253 R-Sq = 99.87% R-Sq (adj) = 99.81%
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Figure 6. The result of the main effects and interactions of fuel types and engine load relative to
brake-specific fuel consumption (g/kW-h).

Prior to discussing the effects of different types of fuel on engine performance, gauge
repeatability (GR&R), which defines repeatability as reflecting the basic inherent precision
of the gauge, was carried out and reported to prove that the behavior of the engine’s
performance results was not caused by uncertainty or non-standard measurement proce-
dures. The Minitab statistical program was employed to ensure the effectiveness of the
measurement system used in this study. The comparison of gauge repeatability (GR&R)
and the total variance in engine performance and emission factors caused by the engine
experiments using different test fuels are provided in Table 7. The test results demonstrate
that the variation in the gauge is not significant, and the results showed 2.56% of the total
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variance. The measurement performance can be accepted in accordance with the AIAG
reference measurement system acceptance criteria [20].

Table 7. Results of the gauge repeatability and reproducibility (GR&R).

Engine Performance or Emission Factors GR&R (σ2
Repeatability) σ2

Total % of σ2
Total

Brake-specific fuel consumption, BSFC 2.27 2056.81 0.11
Brake thermal efficiency, BTE 0.020 8.701 0.23
Nitrogen oxide, NOx 0.025 0.692 3.61
Hydrocarbon, HC 0.0000095 0.0120230 0.08
Carbon monoxide, CO 0.026 41.44 0.06
Carbon dioxide, CO2 0.0000063 0.0000560 11.25

Average 2.56

3.2. Engine Performance

The engine performance characteristics of the test engine in terms of brake-specific
fuel consumption and brake thermal efficiency for waste plastic oil and its blends with
n-butanol were evaluated and compared with diesel fuel operations.

The variations in brake-specific fuel consumption (BSFC) with respect to engine loads
for all test fuels are illustrated in Figure 7. In the experimental result, it can be observed
that the BSFC decreases as the engine load increases for all test fuels. The WPO and fuel
blends present higher BSFC than diesel fuel due to the lower energy content of WPO and
n-butanol when compared to diesel fuel, which causes higher fuel consumption when
producing the same power output [21]. Increased n-butanol concentrations in the fuel
blend result in higher fuel consumption. However, such an increase in fuel consumption
caused by the lower calorific value of n-butanol tends to be alleviated when the engine
operates at high loads.
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The variation in brake thermal efficiency (BTE) with respect to engine loads for all test
fuels is illustrated in Figure 8. It can be observed that the BTE increases as the engine load
increases for all test fuels. This is due to the increase in temperature and pressure within the
combustion chamber as the increase in engine load results in higher conversions and lower
heat loss, which can be attributed to an improvement in combustion [22]. When comparing
diesel fuels and WPO, the WPO has a significantly lower BTE compared to diesel fuels
for all engine loads. The addition of n-butanol to WPO decreases thermal efficiencies at
low-load conditions (e.g., 30 N.m). The high vaporization heat and low cetane amounts
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in n-butanol, which tend to deteriorate combustion efficiency, can be used to justify such
reductions in thermal efficiency. However, the opposite trend was obtained when the
engine operated at middle to high loads, and the in-cylinder temperature was high enough
to compensate for the effects of high vaporization heat and low cetane numbers in n-
butanol. In addition, the presence of oxygen in the composition of the n-butanol promotes
a complete combustion process, leading to an improvement in thermal efficiency [23]. It
was noted that thermal efficiencies decreased with the effect of high vaporization heat and
the low cetane number of n-butanol when the high concentration (e.g., 15%) was added to
WPO, although the engine operated at the highest load condition.
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3.3. Combustion Characteristics

In this section, we investigated how the test fuels burned in terms of the pressure in
the cylinder, the maximum pressure, the rate of heat release, the maximum rate of heat
release, and the coefficient of variance for the maximum pressure.

The in-cylinder pressure (ICP) is the most important parameter for engine behavior
because it contains useful information related to the combustion process taking place in
the combustion chamber [24]. The cylinder pressure of the engine can be measured by a
pressure transducer mounted on the cylinder’s head. In this study, the comparison of the
in-cylinder pressure profiles for test fuels at full engine loads is shown in Figure 9. It can be
observed that the WPO and fuel blends have similar in-cylinder pressure profiles when
compared to those of diesel fuel.

Moreover, the variation in the maximum cylinder pressure with engine load for test
fuels at different engine loads is shown in Figure 10. The peak pressure depends on the
combustion rate at the initial stages, which is influenced by the amount of fuel taking part
in the uncontrolled combustion phase that is governed by the delay period. The results of
this experiment show that the increases in n-butanol in diesel fuel resulted in decreased
maximum pressure for low and middle engine loads. When the engine operates with high
engine loads, the maximum pressure of the fuel blends does not noticeably change and is
almost the same as that of diesel fuels.



Energies 2023, 16, 1281 14 of 25

Energies 2023, 16, x FOR PEER REVIEW 14 of 24 
 

 

engine loads, the maximum pressure of the fuel blends does not noticeably change and is 
almost the same as that of diesel fuels. 

 
Figure 9. In-cylinder pressure variation of test fuels with a full engine load. 

 
Figure 10. Variation in maximum pressures with engine loads. 

The rate of heat release (RoHR) is one important parameter of engine behavior that 
helps describe the combustion characteristics during the burning of fuel in the combustion 
chamber. The first law of thermodynamics, which was derived from energy conservation, 
was used to calculate RoHR along with the combustion products, which were assumed to 
be ideal gases [25]. The experimental results are shown in Figure 11. WPO tends to cause 
more difficulties in combustion. Moreover, the ignition delay period of the engine tended 
to increase with increasing n-butanol relative to WPO. This is because the vaporization of 
n-butanol exhibited high latent heat, which increases the temperature at which the mixture 
starts to burn on its own and lowers the temperature inside the combustion chamber [26]. 

Figure 9. In-cylinder pressure variation of test fuels with a full engine load.

Energies 2023, 16, x FOR PEER REVIEW 14 of 24 
 

 

engine loads, the maximum pressure of the fuel blends does not noticeably change and is 
almost the same as that of diesel fuels. 

 
Figure 9. In-cylinder pressure variation of test fuels with a full engine load. 

 
Figure 10. Variation in maximum pressures with engine loads. 

The rate of heat release (RoHR) is one important parameter of engine behavior that 
helps describe the combustion characteristics during the burning of fuel in the combustion 
chamber. The first law of thermodynamics, which was derived from energy conservation, 
was used to calculate RoHR along with the combustion products, which were assumed to 
be ideal gases [25]. The experimental results are shown in Figure 11. WPO tends to cause 
more difficulties in combustion. Moreover, the ignition delay period of the engine tended 
to increase with increasing n-butanol relative to WPO. This is because the vaporization of 
n-butanol exhibited high latent heat, which increases the temperature at which the mixture 
starts to burn on its own and lowers the temperature inside the combustion chamber [26]. 

Figure 10. Variation in maximum pressures with engine loads.

The rate of heat release (RoHR) is one important parameter of engine behavior that
helps describe the combustion characteristics during the burning of fuel in the combustion
chamber. The first law of thermodynamics, which was derived from energy conservation,
was used to calculate RoHR along with the combustion products, which were assumed to
be ideal gases [25]. The experimental results are shown in Figure 11. WPO tends to cause
more difficulties in combustion. Moreover, the ignition delay period of the engine tended
to increase with increasing n-butanol relative to WPO. This is because the vaporization of
n-butanol exhibited high latent heat, which increases the temperature at which the mixture
starts to burn on its own and lowers the temperature inside the combustion chamber [26].
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In addition, the variation in the maximum rate of heat release with the engine’s load
for test fuels at different engine loads is shown in Figure 12. The higher the percentage of
n-butanol in diesel fuel, the greater the reduction in the maximum rate of heat release for
low and middle engine loads, and this can be observed compared to diesel fuels. However,
the increment of n-butanol in diesel fuel at high engine load operations tends to increase the
maximum rate of heat release. The main reason is that WPO and its blend require longer
ignition delay periods, leading to more air–fuel mixtures inside the combustion chamber
that are available for combusting once ignition begins, resulting in higher maximum rates
of heat release [27].
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The coefficient of variance of the maximum in-cylinder pressure (COVPmax) was evalu-
ated to assess the combustion stability of the engine operated with test fuels. The variation
in COVPmax, along with engine load, is shown in Figure 13. The results showed that the
COVPmax decreased as the engine loads increased for all test fuels, which demonstrated
fewer cycle-by-cycle variations with respect to combustion behavior during the engine’s
operation [28], while the increment of the n-butanol ratio in WPO led to an increase in the
COVPmax values, especially at low engine load conditions where the temperature inside the
combustion chamber was not high enough to compensate for the high latent vaporization
heat of n-butanol. Nevertheless, the COVPmax of all test fuels was still lower than 10%, and
this result suggests normal engine operations.
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3.4. Emissions Characteristics

In this section, the emission parameters of the engine, such as nitrogen oxides, total
hydrocarbons, carbon monoxide, and carbon dioxide, are shown and analyzed for each of
the test fuels.

The variations in nitrogen oxide (NOx) emissions with increasing engine loads for
all test fuels are shown in Figure 14. The major mechanisms of NOx formation in diesel
engines include the thermal mechanism, the prompt mechanism, and the fuel mechanism.
The increasing trend of NOx emissions when the engine load increased for all test fuels can
be observed. This reason may be due to the high amount of fuel that is burned as the engine
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load increases, which results in high combustion temperatures inside the combustion
chamber [29], while NOx emissions are usually high for WPO when compared with diesel
fuel. As n-butanol is added to the WPO, there is a considerable decrease in NOx emissions
because of the higher latent vaporization heat of n-butanol, resulting in lower temperatures
inside the combustion chamber at low and middle engine load operations [30]. For this
reason, it is not effective when the engine operates at a high engine load operation.
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The formation of total hydrocarbon (HC) emissions in the exhaust gas emissions of
diesel engines is due to flame-quenching operations in cold regions and poor combustion
inside the combustion chamber [31]. The variation in HC emissions with increasing engine
loads for all test fuels is shown in Figure 15. The results showed that the HC emissions of
all test fuels decreased with increased engine load operations. When comparing WPO and
diesel fuel, the HC emissions of WPO were higher than those of diesel fuel for all engine
loads. While the increasing blend concentration of n-butanol in diesel fuel exhibited an in-
creasing trend observed in HC emissions, this may be due to the higher latent vaporization
heat of n-butanol (585 kJ/kg) [8] when compared to diesel fuel (270 kJ/kg), which results
in flame-quenching processes inside the combustion chamber at a lower cylinder pressure
and temperature in the combustion chamber [32].
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Carbon monoxide (CO) emissions are products of incomplete combustion due to a
deficiency of oxygen inside the combustion chamber during the combustion process [33],
and its variation with respect to engine loads for all test fuels is shown in Figure 16. It
can be seen that the CO emissions of all test fuels decrease with the increase in engine
load operations, which causes an increase in combustion efficiencies when the engine’s
load increases [12]. When comparing test fuels, increased CO emissions were obtained
with the combustion of WPO compared to diesel fuels for all engine load conditions, while
increasing the concentration of n-butanol in diesel fuel tends to increase CO emissions due
to carbon in the n-butanol component, which cannot react with oxygen during combustion
completely. Thus, the remaining carbon will produce increased carbon monoxide gas, and
the latent vaporization heat will cause the flame to spread slowly and coolly. This lowers
the temperature of the gas, which inhibits CO from turning into CO2 and causes the release
of more CO [34].
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Figure 16. Variations in carbon monoxide emissions with engine loads.

The source of carbon dioxide (CO2) emissions is a product of the complete combustion
of hydrocarbon fuel under high-temperature conditions and oxygen availability. During
combustion, the carbon in the hydrocarbon fuel is oxidized to CO; then, if the cylinder
temperature is high enough and there is still enough O2 in the cylinder, CO2 is formed [35].
The experimental results are shown in Figure 17. It was observed that the CO2 emissions
for all test fuels decreased when the engine load increased, which resulted from the high
temperatures inside the combustion chamber during the combustion process of an engine.
When comparing WPO and diesel fuels, the CO2 emissions of WPO were lower than
diesel fuel due to its lower BTE than diesel fuel, which is caused by incomplete combus-
tion [36]. Moreover, the increasing blend concentration of n-butanol in diesel fuel results
in a significant decrease in CO2 emissions, although n-butanol is a highly oxygenated
compound, which results in improved combustion processes. However, the influence of
the non-availability of homogeneous charges inside the engine cylinder was more effective
than the oxygenated compounds.
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3.5. Results of Multi-Objective Function via GRNN

For multi-objective optimization, an equation that shows how the objectives relate to
the problem’s inputs must first be considered; in this study, the equation demonstrates that
this correlation is obtained from the GRNN. The prediction results of the GRNN model
compared to the actual engine’s performance and the emissions of blended n-butanol with
waste plastic oil are shown in Figures 18 and 19, respectively. When predicting engine
performances, the model’s performance showed that the prediction was successful. Con-
sidering brake-specific fuel consumption (Figure 18a), the model had performance metrics
(R2, MAPE, and RMSE equal to 0.999, 1.113%, and 7.204, respectively) while the perfor-
mances of the brake thermal efficiency (Figure 18b) are equal to 0.999, 2.606%, and 0.663,
respectively. The model continued to exhibit high prediction performances, matching the
predicted engine performance even after taking blended oil emissions into account. When
considering nitrogen oxides (Figure 19a), the model had prediction performances equal
to 0.998, 6.915%, and 0.600, respectively, which are identical to the engine performance’s
predicted metrics. In addition to the predictive performance at nitrogen oxides, other
emissions have predictive performance metrics equal to 0.974, 9.184%, and 0.030; 0.979,
8.911%, and 1.390; and 0.999, 1.333%, and 0.002, corresponding to the total hydrocarbon
(Figure 19b), carbon monoxide (Figure 19c), and carbon dioxide (Figure 19d) contents,
respectively. The model had a high prediction performance with respect to both engine
performance and emission, which showed that the model had successfully represented the
multi-objective function for the ratio of n-butanol and waste plastic oil blend optimization,
according to the interpretation of Lewis’s research [37].
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3.6. Optimized Results from NSGA-II Multi-Objective Optimization

The optimal results obtained from the NSGA-II multi-objective optimization using
the GRNN model as a multi-objective function are shown in Figure 20. The NGGA-II
optimization technique did not yield a singular or unique point of optimality. According to
its characteristics, the optimal result was shown in the form of a Pareto frontier following
Figure 20. According to the objective function, the frontier line indicates the boundary of
the optimal result depending on engine load and BU blend, which results in a trade-off
between brake thermal efficiency and nitrogen oxides. Below the frontier line, the results
are optimal, and above it, the results are not optimal. The optimal values of the input
factors and corresponding output obtained from NSGA-II are shown in Table 8. As the
frontier cause does not display the input factors value, there may be difficulty in using
NSGA-II when providing an optimal frontier or boundary value.
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4. Conclusions

The conclusions drawn from the present investigation—using WPO and four fuel
blends as alternative fuels in diesel engines without any modifications at different volume
percentages, including 5%, 10%, and 15% by volume—are summarized as follows:

• The main hydrocarbons present in WPO ranged within different diesel fuels (C13–C18)
at approximately 74.39%; thus, they can be used as alternative fuels in diesel engines.
However, the specific gravity and flash point of WPO were out of the limit prescribed
by the diesel fuel specification.

• The addition of n-butanol to WPO was found to reduce engine thermal efficiencies
at low loads, while an increase in thermal efficiency was obtained at high loads. The
maximum improvement in thermal efficiency was achieved when the engine operated
with 10% n-butanol in the WPO at an engine load of 110 N.m.

• The addition of n-butanol to WPO tended to increase HC and CO emissions. Higher
n-butanol concentrations in the fuel blend promoted higher HC and CO emissions,
especially when the engine operated at low-load conditions. The benefit of blending
n-butanol with WPO was found with a reduction in NOx emissions, especially at
low-load conditions. The average 24% reduction in NOx emissions compared to WPO
was achieved when the engine operated at a load of 30 N.m.

Optimized input factors such as engine loads (N.m) and the ratio of the n-butanol
blend (%) to engine performance and emissions such as the brake thermal efficiency (%),
and nitrogen oxides (g/kW-h) were determined depending on the observations resulting
from blending n-butanol with waste plastic oil. The optimization process’s results can be
concluded as follows:

• In the optimization process, it was found that the multi-objective function produced by
the general regression neural network (GRNN) can be modeled as the multi-objective
function with high predictive performances. The model’s R2, MAPE, and RMSE
values were 0.999, 2.606%, and 0.663, respectively, when brake thermal efficiency was
considered, while nitrogen oxide values were 0.998, 6.915%, and 0.600, respectively.

• As for the results of the optimization using NSGA-II, a single optimum value cannot
be attained with the other methods, but the optimization’s boundary was obtained,
which was established by making a trade-off between brake thermal efficiency and
nitrogen oxides.

• Following the Pareto frontier, the engine load and the ratio of the n-butanol blend
that caused a trade-off between the maximum brake thermal efficiency and minimum
nitrogen oxides are within the approximate ranges of 37 N.m to 104 N.m and 9% to
14% according to the input factors, respectively. However, there are many factors that
still need to be studied, such as the quality of raw materials, the manufacturing process
and products, the cost of economics, and end-user acceptance in the commercialization
of waste plastic oil and its blend.

• Future studies on engine modification, such as adjusting fuel injection timing and
injection pressure, can be considered for further improvements via the increase in
thermal efficiency and the decrease in exhaust emissions by using waste plastic oil
and its blends.
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Nomenclature

BSFC Brake-specific fuel consumption
BTE Brake thermal efficiency
B7 Commercial diesel fuel with 7% biodiesel
BU5 Blend of 5% n-butanol and 95% waste plastic oil
BU10 Blend of 10% n-butanol and 95% waste plastic oil
BU15 Blend of 15% n-butanol and 95% waste plastic oil
CO Carbon monoxide
CO2 Carbon dioxide
COV Coefficient of variance
GC–MS Gas chromatography–mass spectrometry
GRNN General regression neural network
HC Hydrocarbon
MAPE Mean absolute percentage error
NOx Nitrogen oxides
NSGA-II Nondominated sorting genetic algorithm II
RSME Root mean square error
R2 Coefficient of determination
SD Denominator neuron
SN Numerator neuron
SM Smoothing parameter
WPO Waste plastic oil
Wi Transformed of input of prediction model
Xi Input of prediction model
YP,i Output of prediction model
Y Mean of the actual output
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