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The study is experimental research on the performance, combustion, and emission characteristics of a
compression ignition (CI) engine run with waste plastic oil (WPO)-diesel blends supplemented with aluminum
oxide (Al;03) nanoparticles. The tested fuel consisted of neat diesel (D100) and WPO-diesel blends (DWPO10,
DWPO0O20, DWPO30, and DWP040). Furthermore, 25, 50, and 100 ppm of Al,Osnanoparticles were suspended in
DWPO20. The results indicate that of all the fuels that have been tested, DWPO20 25 ppm Al,Ozhad the brake
thermal efficiency (BTE) (32.36%), which was higher than DWPO20 without nanoparticles (31.68%), while also
reducing the brake specific fuel consumption (BSFC). When the WPO proportion was raised, the peak cylinder
pressure did decrease slightly, but DWPO20 maintained the same combustion behavior as D100. The emission
levels of nitrogen oxides (NOy) were also increased with the growing CR, but the levels of CO and HC were
reduced with the inclusion of the nanoparticles because of improved oxidation kinetics. Artificial neural network
(ANN) and general regression neural network (GRNN) models were developed to predict engine performance and
emissions. The models reported excellent predictive performance (R>=0.85-0.96) and they were able to
reproduce physically consistent trends of combustion and emission with varying operating conditions.

besides traditional devices for treating exhaust gas, such as the diesel
particulate filter and catalytic converter. One emerging approach is the

1. Introduction

Compression ignition (CI) engines are widely employed in trans-
portation and industry due to their dependability and low cost. As
renewable energy sources have developed, petroleum as a primary fuel
has become less dominant worldwide [1]. For CI engines, renewable
energy sources as first-, second-, third-, and fourth-generation fuels have
been examined. They may be able to substitute petroleum-based fuel for
CI engines with renewable energy sources to reduce harmful emissions
[2]. Harmful emissions from internal combustion engines represent a
major global environmental challenge. Therefore, the scientists and
engineers are seeking alternative production control mechanisms

* Corresponding authors.

use of fuel-borne nanoadditives to fulfill the growing energy require-
ment [3].

Several studies have investigated the impact of WPO blended with
diesel (D100) at 20% (DWPO20), 40% (DWPO60), 50% (DWPO50), and
100% (WPO100) and CeO; (50 ppm) at different engine loads with
CR17.5. They found that the drop in hydrocarbon (HC) and carbon
monoxide (CO) emissions for DWP0O20 + 50 ppm CeOs [4]. The addition
of nanoparticles to WPO and D100 is an effective measure to improve
burning, which reduces exhaust emissions, including NOy, carbon
monoxide (CO), and carbon dioxide (CO,) [5]. The author examined the
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impact of magnesium oxide (50, 100, and 150 ppm) with an 80% diesel
and 20% biodiesel blend on the DE. It is investigated that the addition of
nanoparticles decreases emissions of HC by 17.3% and CO by 14.28%,
while increasing NOy by 5.08% [6]. The influence of WPO blends on a CI
DE at different operating conditions. Combinations of DWPO10,
DWPO0O20, DWPO30, H, + DWPO10, Hy + DWPO20, and Hy + WPO100
are studied on varying loads and fuel injection timings. DWPO10 ex-
hibits a 15.1% improvement in BTE, along with an 11.5% reduction in
BSFC. This indicates a decrease in emissions of CO, HC, and smoke [7].

The authors investigated the iron oxide nanoparticles (Fe304), and
waste cooking oil was added to D100 to lower exhaust gas emissions
from DE fuel. The experiments were conducted using a CI engine that
was continuously operating at 1500 rpm under a range of load condi-
tions. They found that the WCB Fe304 (75 ppm) combination offers a
little higher BTE and a lower BSFC when compared to other blends [8].
The effect of the WPO-D100 blends with rubber seed oil on engine
performance was evaluated. Adding biodiesel from rubber seed to WPO
and D100 releases as DWPO10, DWP0O20, DWP0O30, and WPO40 mix-
tures, they found the performance of the engine was the same as that of
diesel, DWPO10, and DWPO20 fuel samples, and the CO emission was
lower than with pure diesel [9]. Murugesan et al. [10] examined bio-
diesel fuel blends with 10, 20, and 30 ppm carbon nanotubes (CNT)
added to DWPO20. They identified significant opportunities to reduce
HC and CO exhaust emissions without compromising functionality.
Nanoparticles in fuel can improve combustion efficiency, although their
effect on NOx emissions remains dependent on operating conditions and
dosage. The author evaluated the effects of adding 50, 100, and 150 ppm
TiO, nanoparticles to nanoparticles blended with WPO. This blend was
then tested at 210, 230, and 250 bar injection pressures. Sundar et al.
[11] found that the WPO with titanium dioxide might replace D100 at
1500 rpm engine speed, especially at 230 bars injection pressure. Ac-
cording to one study, when 44 ppm of alumina nanoparticles are
included in blended fuel, the performance of the engine is enhanced and
the emissions are lowered [12]. Another study examined the impact of
20, 50, 60, and 80% of WPO with D100 and graphene oxide (GO) (60
ppm) at different loads and at CR17.5. They showed that the emission of
exhaust pollutants such as smoke, HC, and CO emissions had been
reduced [13]. Collectively, these studies indicate the potential of
nanoadditives to enhance combustion in WPO-diesel systems, but their
results are very specific to the case and engine parameters, type of
nanoparticle, and dosage. A comparative summary of nanoadditives
stated in prior CI engine studies in presented in Table 1 for clear
understanding.

A range of nanoparticles such as CeO,, Fe304, TiOz CNT, and GO,
have been explored as fuel additives. In the present work, Al;O3 nano-
particles were selected due to several physicochemical and practical
considerations. It possesses high thermal conductivity, which supports
faster heat transfer and enhanced fuel evaporation, thereby improving
combustion efficiency. Its oxygen-rich surface characteristics and cata-
lytic oxidation activity promote more complete combustion, helping to
reduce CO and HC emissions. Al,Oj3 is better for large scale use than
CeO5 and TiO3, due to being more chemically stable and less expensive.
In contrast to CNTs and GO, Al,Os is less prone to agglomeration and
shows greater resistance to thermal degradation under engine operating
conditions. These attributes make Al;O3 an applied and effective addi-
tive for improving the burning behavior of WPO-D100 blends.

Although nanoparticle aided combustion has been widely
researched, the trends of reported emissions particularly of NOy, HC,
CO and the PM, are not always consistent. Some researchers have
noticed a lessening of the emissions, attributing them to enhanced
oxidation and better mixing of fuel and air. Some others have, however,
recorded higher levels of NOy which are commonly linked to high
temperatures of combustion and higher rates of premixed combustion.
Such variations in the results could probably be due to differences in the
properties of nanoparticles, dose, stability of dispersion, composition of
the base fuel, engine loads, timing of injection, and CR. Therefore, a
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Table 1
Comparative analysis of nanoparticles as presented in the literature.
Nanoadditives Condition Results References
CeOy DWPO20 with 25, BTE is higher by 6% [4]
nanoadditives 50,and 100 ppmata  and there is a
single cylinder diesel ~ reduction in CO by
engine. 30% and HC by 6.2%.
Fe304 Biodiesel from waste BTE is higher and [8]
nanoadditives cooking oil with 50, there is a reduction in
75, and 100 ppm of fuel consumption
Fe304, with WCB FeO75.
carbon nanotubes DWPO20 with 20 BTE is higher and [10]
(CNT) ppm (CNT) single there is a reduction in
nanoadditives cylinder diesel smoke by 11.9%, CO
engine. by 21.8%, and HC by
22.7% with DWPO20
with 20 ppm CNT.
TiOz WPO with TiO, at BTE is higher by
nanoadditives different speeds and 2.5%, and there is a R
injection pressures. reduction in smoke
but a higher NOx
emission by 36% with
the addition of TiO,
nanoadditives.
Al,03 Azolla pinnata BTE and NO are (2]
nanoadditives biodiesel (30%)- higher and there is a
diesel blend at 25, reduction in smoke,
50, and 75 HC, and CO with the
ppm Al;O3. addition of Al,03 (44
ppm).
Graphene oxide WPO20 with 60 ppm  BTE is higher by 7.8%  [13]
(GO) GO nanoparticles. and there is a
reduction in SBFC by
22.7% with GO
nanoparticles.
Al,03 and TiO, Guizotia abyssinica BTE and NOy are 126]
nanoadditives (L.) oil (20%) with higher and there is a
diesel at 100 ppm of reduction in CO with
Al,03 and TiO, the addition of Al,O3
(100 ppm).
Multiwalled Jojoba biodiesel BTE by 8% and NOx
carbon (20% and 30%) was by 3% are higher and [29]
nanotubes (N- blended with 10% as there is a reduction in
MWCNTSs) known as JDE1 and soot by 25%, HC by
nanoadditives JDE2. 16%, and CO by 37%,

BSFC by 5% with the
addition of Al,03 (44

ppm).

systematic analysis in various operating conditions is required to gain a
better insight into how nanoparticles affect emissions in a WPO-diesel
combustion engine.

While earlier works have explored WPO combustion and the usage of
nanoparticle additives in fuel, several important gaps persist. Many
studies have been limited to a single CR and a narrow range of blend
proportions or one nanoparticle concentration, which restricts the
broader applicability of their inferences. In particular, the collective
influence of WPO-D100 blends with Al,O3 nanoparticles across a wide
range of CR has not been examined in adequate detail. Moreover, most
previous studies rely primarily on experimental trend analysis, with
relatively little use of Al-based models to forecast performance and
extend the applicability of the outcomes. The physical consistency of Al-
based predictions with combustion and emission mechanisms has also
not been rigorously validated. Most previous studies investigating the
effects of compression ratio, fuel blend proportion, and nanoadditives
rely on conventional experimental or design of experiments (DOE) ap-
proaches. While DOE methods are suitable for localized parametric
analysis, they become inefficient when multiple interacting variables
exhibit strong nonlinear behavior, as is typical in WPO-diesel combus-
tion systems enhanced with nanoparticles. Moreover, DOE-based studies
are generally restricted to discrete operating points and provide limited
predictive capability beyond the tested conditions. In contrast, data-
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driven techniques such as Artificial Neural Networks (ANN) and General
Regression Neural Networks (GRNN) offer practical complement. These
models can learn relationships between operating parameters of engine
and their responses specifically performance and emission responses,
allowing rapid prediction within the trained range, enhanced interpre-
tation of parameter interactions, and lowered dependence on extensive
experimental trials. As a result, Al-based modelling offers a structured
and computationally efficient way to explore how CR, fuel blend
composition, and nanoparticle dosage interact and affect engine
behavior.

The present work is novel in that it combines multi-CR engine testing
(15:1-18:1) with ANN- and GRNN- based modelling for Al;03-enhanced
WPO-diesel blends. To the best of the authors' knowledge, no existing
literature has systematically coupled compression ratio variation with
dual Al regression frameworks, enabling both mechanistic experimental
evaluation and generalized predictive optimization of engine perfor-
mance and emissions. This combined experimental-Al framework pro-
vides a robust pathway for scalable optimization of alternative fuel
combustion in CI engines.

2. Experiments and materials
2.1. Properties of fuel

The non-catalytic process of thermal pyrolysis of mixed post-
consumer plastic waste, predominantly polyethylene (PE) and poly-
propylene (PP) was used to obtain WPO. Polyvinyl chloride (PVC),
metals, and dirt materials were pre-treated by manual segregation and
washing. Clean plastic waste was subsequently dried and shredded
mechanically in order to have even particle sizes, which were then fed
into the reactor [14,15]. Pyrolysis was done in a closed system with no
oxygen and in a fixed-bed reactor at a temperature between 300 °C and
500 °C. To avoid oxidation by thermal decomposition, an inert atmo-
sphere was used. In such circumstances, plastic feedstock was shredded
into hydrocarbon vapours and channeled to a condensation unit.
Condensed liquid fraction was pooled as WPO, whereas non-
condensable gasses were harmlessly vented [16], as shown in Fig. 1
(a). The oil collected was left to settle and filtered to get rid of residual
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Drying

Y

Pyrolysis Process Size Reduction
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char. Lastly, it was placed under airtight conditions and stored at
ambient conditions before being blended with fuel and later character-
ized. The produced WPO exhibited high calorific value, negligible
sulphur content, low moisture presence, and near-neutral pH, making it
suitable for CI engine applications [17,18].

On a volumetric basis, WPO was combined with D100 to make four
fuel blends as highlighted in Fig. 1 (b): DWPO10 (10% WPO + 90%
diesel), DWPO20 (20% WPO + 80% diesel), DWPO30 (30% WPO + 70%
diesel), and DWPO40 (40% WPO + 60% diesel). Mixing was done in the
controlled laboratory conditions to produce homogeneous mixing. All
the blends were then magnetically stirred for 30 min, after which all
blends were ultrasonicated for 45 min to increase homogeneity and
eliminate phase separation. For nanoparticle-enhanced fuels, Al,O3
nanoparticles were introduced into the DWPO20 blend at concentra-
tions of 25, 50, and 100 ppm. The mixtures were magnetically stirred
and then ultrasonicated to lessen particle agglomeration and ensure
uniform dispersion throughout the fuel. The stability of the WPO-D100
blends and the nanoparticle-enhanced blends was assessed through vi-
sual sedimentation observations over 72 h, along with UV-Vis spec-
troscopy, zeta potential measurements, and centrifugation tests. No
visible sedimentation or phase separation was noticed during the test
period, indicating adequate dispersion stability under the experimental
conditions. The physicochemical properties of neat diesel (D100), WPO,
and the prepared blends are summarized in Table 2.

2.2. Characterization of Al,O3 nanoparticles

The morphology, surface structure, and elemental composition of
Al;03 nanoparticles utilized in the current study have been examined

Table 2

Properties of testing a fuel sample with a standard.
Property D100 WPO DWPO20 ASTM Method
Calorific value (MJ/kg) 45.5 39.8-44.3 40.37 D240
Cetane number 48 49.3 53.2 D4737
Density (kg/m3) at15°C 838 850 840.48 D4052
Flash point (°C) 53 42 50.72 D93
Viscosity (mm?/s) at 40 °C 3.0 3.4 3.07 D445

Fig. 1. (a). WPO production from waste plastics. (b). WPO-D100 with Al,O3 blended fuel sample.
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using scanning electron microscopy (SEM) and energy dispersive X-ray
spectroscopy (EDX). SEM images (Fig. 2a) indicate that the morphology
of the nanoparticles is almost spherical with observable agglomeration
that is characteristic of metal oxide nanoparticles because they have
high surface energy. The estimation of particle size quantitatively was
performed by analysing SEM micrographs with image-processing soft-
ware. The main particle size was found to be concentrated in the
nanometre range, with secondary agglomerates being in cluster form
with sizes reaching to the submicron scale. This agglomeration would
occur under dry conditions and is usually reported in the case of Al,O3
nanoparticles that find applications in combustion and fuel additives.

The analysis findings of the EDX test (Fig. 2b) confirm the presence of
aluminum and oxygen as the main elements with the weight percentages
of 24.6% Al and 75.4% O that indicate high purity of materials and the
absence of serious contaminants (Table 3). The even distributions of
elements facilitate a homogenous catalytic and thermal behavior during
combustion. In reference to combustion, the moderate agglomeration
does not create any issue for the efficacy of nanoparticles, but agglom-
erates tend to partially decompose and redisperse under high in-cylinder
temperatures. The presence of nanoscale clusters enhances heat transfer,
oxidation, and reaction kinetics; therefore, it influences the efficiency of
combustion and emission characteristics as observed in this study. The
summary of the elemental composition of the sample, as per the findings
of EDX analysis summarized in Table 3, indicates that the primary ele-
ments are of aluminum and oxygen, which are in line with the Al,O3
nanoparticles. Fig. 2(a) presents the SEM micrograph of Al;O3 nano-
particles; it presents agglomerated nanoscale clusters, which are porous
in nature. The element composition of Al;Oj3 is confirmed in Fig. 2(b), as
the strongest peaks are Al Ka and O Ka.
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Fig. 2. (a) SEM image and (b) EDX analysis for Al;O3.

Fuel Processing Technology 284 (2026) 108426

Table 3

Percentage composition of the elements.
Element Weight % Atomic % Net Int. R A F
OK 75.4 83.8 1015.0 0.9325 0.6590 1.0000
AlK 24.6 16.2 382.9 0.9526 0.8147 1.0019

2.3. Experimentation

To confirm the outcomes, tests were done on a 4-stroke, single-
cylinder, direct- injection DE that makes 3.5 kW at 1500 rpm. Table 4
shows the technical specifications, and Fig. 3 shows a diagram of the test
engine arrangement. A dynamometer is associated with the engine and
applies a load. By a normal injection process, the test trials were injected
straight into the ignition chamber at a constant temperature and fuel
injection pressure. A solenoid-controlled electronic burette associated
with the engines fuel tank and fuel pump measured fuel consumption. A
differential pressure sensor in the air box measured air usage. A surge
tank kept the air flowing into the intake manifold at a steady rate and
also cut down on engine atmospheres. A charge amplifier was coupled to
a piezoelectric pressure transducer (Kistler) that was put in the cylinder
head to measure the gas pressures inside the chamber. Using the
recorded in-cylinder pressure and 1-D thermodynamic models, we
figured out the heat release rates. The parameters listed in Table 4
represent the fixed engine specifications and baseline operating condi-
tions maintained during the experimental investigations.

2.4. Uncertainty analysis

To ensure the reliability and repeatability of data, all engine tests
were performed at steady-state operating circumstances. Before
commencing data collection, the engine was left to stabilize for 10-15
min at every test condition until the main parameters, such as engine
speed, EGT, fuel rate, and emission concentrations, showed that their
values did not fluctuate significantly. The experimental tests were then
repeated three times under the same operating conditions (constant
speed, constant load, injection timing, and injection pressure), and
further analysis of the mean values was taken to eliminate random
experimental errors as much as possible. All measurement instruments
and emission analysers were calibrated before experimentation ac-
cording to manufacturer guidelines. Gas analysers for CO, HC, and NOx
were calibrated using zero and span calibration gases, while the smoke
meter was calibrated using standard reference filters. Sensors for speed,
load, pressure, and temperature were calibrated against standard
reference instruments to ensure accuracy. Measurement uncertainty was
evaluated using the error propagation method, as reported in the liter-
ature [19,20]. In the present study, measurement uncertainties arise
from multiple independent sources, including sensors, analysers, and
derived performance parameters. The uncertainty associated with each
measured or calculated quantity was assumed to be statistically
independent.

Thus, the general experimental uncertainty was determined by the
root-sum-square (RSS) approach, which is commonly used for uncer-
tainty spread in engine testing. Using this method, there is a cumulative

Table 4

Technical specifications and operating settings of the test engine.
Make Kirloskar
Model TV1
Bore x stroke 87.5mm x 110 mm
Swept volume 661.45 (cc)
Connecting rod length 234.00 (mm)
Compression ratios 15:1 to 18:1
Rate speed 1500 rpm
Cooling method water
Injection timing 23° b TDC
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Fig. 3. Experiment test ring.

impact of individual uncertainties on the final reported outcomes. As
such, the overall uncertainty (U,) was computed by the RSS formulation
as in eq. (1), where axil is the ratio of the uncertainty of the individual
measured or derived quantity. According to the individual instrument
uncertainties listed in Table 5, the total experimental uncertainty was
considered+3.03%, which is within the acceptable limits for engine
performance and emission investigations. The low uncertainty value
indicates the repeatability and reliability of the experimental
measurements.

2 2 2 2
Un_ﬂam) () (2) () @
X1 X2 X3 Xn
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Experimental investigations conducted at RGMCET, Nandyal

Performance and emission measurements of a compression
ignition engine

Preparation and tesing of WPO-diesel blends with Al,O,
nanoparticles

Identification of physically meaningful input parameters R\
(compression ratio, engine load, blend ratio, nanoparticle
concentration)

Development of ANN and GRNN regression models for
performance and emission prediction

Model evaluation using R, RMSE, and MRE

Comparative assessment of ANN and GRNN predictive capability

Identification of optimal input parameter combinations for
improved efficiency and reduced emissions
Recommendation of operating conditions for sustainable J

CI engine operation

Fig. 4. Framework of the proposed experimental and Al-based model-
ling approach.

and consists of the sequential process of data acquisition in the experi-
ments, through to Al-based regression and performance optimization.
The ANN and the GRNN models were selected with CR, engine load,
WPO blend ratio, and Al,O3 nanoparticle concentration as the input
parameters, which directly impact combustion and emission formation.
These factors control the in-cylinder pressure-temperature develop-
ment, fuel atomization, ID, and oxidation rate. The output parameters,
such as BTE, BSFC, and regulated exhaust emissions (NOy, CO, and HC),
are some of the most important macroscopic parameters of engine per-
formance and their effect on the environment. This framework ensures
that the developed ANN and GRNN models keep on being physically
interpretable rather than only data-driven.

U, = \/(0.2)2 +(0.2)* 4+ (0.5)* 4 (1.0)* + (0.15)* + (1.0)* + (0.5)* + (0.3)* + (0.3)* + (1.4)* + (2.1)* = +£3.03%.

2.5. Framework of the study

The framework of the current study is a combination of experimental
research and physics-informed Al modelling that can be used to assess
the performance and emission profile of a CI engine using
Al;03-enhanced WPO-diesel blends. Fig. 4 represents the framework

Table 5
Uncertainty of measuring instruments and derived parameters.
Quantity Uncertainty (%)
Measured instruments
Encoder +0.2
Load cell +0.2
Pressure sensor +0.5
Speed sensor +1.0
Temperature sensor +0.15
Smoke meter +1.0
NOy sensor
+0.5
CO sensor +0.3
HC sensor +0.3
Derived parameters
BTE +1.4
BSFC + 2.1

2.6. ANN and GRNN modelling and evaluation

The ANN modelling process is divided into two phases: training and
testing. The experimental data was randomly split into 70% to train and
30% to test to ensure strong generalization. The neural network used
was a feed-forward back-propagation with one hidden layer. This model
structure effectively captures non-linear relationships between engine
performance and emission measurements [21]. Training was done by
the Levenberg-Marquardt algorithm, which is fast convergent and
applicable to regression problems. The hidden layer size was varied in

Input layer Hidden layer

Fuel blends
Compression ~——|

ratios O

Output layer

Fig. 5. Architecture of ANN model.
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Fig. 6. Architecture of GRNN.

numbers from 1 to 10, and the hyperbolic tangent activation function
was chosen, as it has been successfully employed in nonlinear combus-
tion modelling [22,23]. Fig. 5 illustrates the ANN architecture.

In parallel, GRNNs were trained as an alternative regression model.
GRNNs are memory-based, probabilistic networks that are highly suit-
able in case of small experimental data and nonlinear function approx-
imation [24]. GRNNSs, unlike the traditional ANN models, do not need an
iterative training process, and hence the process can be trained rapidly
whilst achieving high accuracy. The GRNN design adopted in this
experiment is shown in Fig. 6. The coefficient of determination (RZ),
mean relative error (MRE), and root mean square error (RMSE) metrics
were used to assess the model performance by using Egs. (2)-(4)
[25,26]. These statistical measures were used to determine the predic-
tive power of ANN and GRNN models of predicting experimentally
observed relationships between physically significant input parameters
and engine performance and emission outputs.

R2—1- {Z(E—P)} @
> i1 (P)

-P)

P;)

MRE (%) Z

100 3)

4

where the experimental data, predicted value, and number of data
values are denoted by E;, P;,and n =, respectively.

2.6.1. Prevention of overfitting and model robustness

Model robustness was ensured by controlling network complexity
and by evaluating predictive performance on unseen data. The compa-
rable statistical performance obtained for both training and testing
datasets, reflected by consistent RZ, MRE, and RMSE values, indicates
that the developed models learned the underlying physical trends rather
than memorizing experimental noise. The ANN architecture of small size
with a single hidden layer also constrained the over-flexibility of the
model, thus minimizing the overfitting possibility. In the case of the
GRNN model, overfitting was automatically reduced by its non-iterative
design and dependence on a smoothing parameter that controls the bias-
variance trade-off. The pressing factor was selected to achieve a balance
between prediction and noise sensitivity so that there was steady
regression behavior. Overall, the consistency of statistical indicators
across datasets checks the robustness and reliability of both ANN and
GRNN models.

2.6.2. Model applicability and limitations
Although the ANN and GRNN models demonstrated strong predic-
tive capability within the investigated operating range, their applica-
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bility is limited to the experimental conditions considered in this study.
The models can be applied to WPO-diesel blends that are 10-40% WPO,
have 25-100 ppm Al,03 nanoparticles, have CRs of 15:1-18:1 and have
a constant engine speed of 1500 rpm. The extrapolation beyond these
limits, e.g., increased nanoparticle concentrations, variable engine
speeds, variable injection timings, or different engine configurations,
might be subject to lower predictive accuracy, so it is not advisable
without further experimental validation. The direction of future
research can expand the dataset to a wider range of operating condi-
tions, enhancing the generalizability of the model and allowing so-
phisticated data-driven optimization models.

3. Results and discussions
3.1. ANN model prediction

The ANN architecture establishes the optimal prediction. The ANN
prediction is shown in Fig. 7 for different parameters of the engine. The
architecture of model consists of two input layer as fuel blend, and CR),
hidden layers and nine output parameters (BTE, BSFC, max cylinder
pressure, EGT, ID, smoke, CO, HC, and NOy emissions), as shown in
Table 6. Trial and error yields optimal enhanced information capacity
and diminishes network size.

3.2. GRNN model prediction

The GRNN architecture establishes the optimal prediction [27]. The
GRNN diagram is presented in Fig. 8 (a-f). The architecture of model
consists of two input layer as fuel blend, and CR), hidden layers and nine
output parameters (BTE, BSFC, max cylinder pressure, EGT, ID, smoke,
CO, HC, and NOy, emissions) as shown in Table 7. Trial and error yields
optimal enhanced information capacity and diminishes network size. It
is noted from Table 6 and Table 7, quantitatively R and MSE are
consistent for testing, training and validation data, which indicates a
very good generalization and no over fitting of data.

3.3. Brake thermal efficiency

The BTE versus CR (15:1, 16:1, 17:1, and 18:1) for eight different fuel
samples at 1500 rpm under full load is presented in Fig. 9. The graph
indicates that at higher engine CRs, the use of WPO as fuel results in a
slight reduction in BTE compared to pure diesel (D100). At 1500 rpm,
the engine achieves a BTE of 32.36% when using a mixed fuel of
DWPO20 with 25 ppm Al,O3 nanoparticles, while it achieves a BTE of
31.68% when using DWPO20 blend. At full load condition, the BTE
values for D100, DWPO10, DWP0O20, DWP0O30, DWPO40, DWPO20 +
25 ppm, DWPO20 + 50 ppm, and DWPO20 + 100 ppm are 32.38%,
32.19%, 31.68%, 31.41%, 31.68%, 32.4%, 32.08%, and 31.53%,
respectively. The statistically substantial increase in BTE of AlyOs-
included DWPO20 blends is greater than the total experimental error of
+3.03%, so the observed improvement is statistically important and
cannot be accredited to measurement variability. Despite their lower
calorific value, certain WPO blends display comparable or slightly
improved BTE under specific operating conditions, which specifies that
thermal efficiency is not governed by fuel energy content alone. At
higher compression ratios and full-load operation, combustion-related
factors such as improved fuel-air mixing, faster oxidation kinetics, and
favourable combustion phasing play a dominant role in determining
BTE [28]. Additional benefits of incorporating Al;Os; nanoparticles
include higher combustion efficiency due to superior ignition properties,
catalytic oxidation and higher in-cylinder heat transfer which all offsets
the reduced heating value of WPO-based fuels. This is due to the fact that
a change in combustion mechanisms is observed to recover and
marginally improve BTE at the increased WPO blending ratios (>40%).
The greater proportion of aromatic and unsaturated hydrocarbon com-
pounds at higher WPO fractions, can also contribute to the enhanced
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premixed combustion of a mixture during a high-load condition result-
ing into higher heat WPO, which enhance additional oxidation at higher
temperatures, have a role in the realized BTE recovery.

3.4. Brake specific fuel consumption

BSFC versus CR (15:1, 16:1, 17:1, and 18:1) for eight different fuel
samples at 1500 rpm under full load is illustrated in Fig. 10. BSFC,
influenced by varying fuel combinations, reflects the efficiency with
which an engine converts fuel into power; lower BSFC values indicate
better fuel economy. The energy content of the WPO blend increases;
fuel consumption also increases due to its higher density and lower heat
value, which can lead to reduced atomization and imperfect ignition
[29-31]. The outcomes indicate that all WPO fuel blends have superior
BSFC compared to other fuel blends, with discrepancies starting at
2.62% across all CR levels. Interestingly, when compared to their
counterparts without nanoparticles (DWP0O20), the Al,O3 nanoparticle-
enriched blends (DWPO20 + 25 ppm, DWPO20 + 50 ppm, and
DWPO20 + 100 ppm) exhibit a notable decrease in BSFC at full load,
with decreases of 9.7%, 9.55%, and 9.5%, respectively. These reductions
in BSFC are significantly higher than the estimated uncertainty bounds
and were consistently observed across repeated trials, indicating sta-
tistically reliable fuel economy improvement.

3.5. Exhaust gas temperature

The exhaust gas temperature (EGT) with CR (15:1, 16:1, 17:1, and
18:1) for eight different fuel samples at 1500 rpm under full load is
presented in Fig. 11. At this engine speed, the EGT reaches 706 K when
using DWPO20 + 25 ppm Al,03 mixed fuel, while it is 686 K for D100.

However, when subjected to full load conditions, the EGT values of
D100, DWPO10, DWPO20, DWP0O30, DWPO40, DWPO20 + 25 ppm,
DWPO20 + 50 ppm, and DWPO20 + 100 ppm is 412.8 °C, 457 °C,
430.8 °C, 416 °C, 411 °C, respectively. The nanoparticle blends have a
higher EGT than the D100 and WPO fuel blends, as the fuel is better
atomized and ignited, leading to a higher HRR in the cylinder. The rise in
EGT that is being seen in nanoparticle-enriched blends is beyond the
uncertainty of the temperature sensor and indicates a physically
consistent rise in heat release in the in-cylinder.

3.6. Cylinder pressure

Fig. 12 (a) for cylinder pressure (Pyax) and Fig. 12 (b) for HRR with
CR (15:1, 16:1, 17:1, and 18:1) for eight different fuel samples tested at
1500 rpm with full load. The cylinder pressure is determined using a
piezoelectric pressure sensor, and the amplifier helps to process the
signals from the transducer. This pressure specifies the fuel's capacity to
create a regular combination with air and to operate successfully. The
inspection of fluctuations in cylinder pressure relative to crank angle is
crucial in engine analysis, since it delineates the numerous phases of
combustion. The P,.c0f all fuels increases as CR rises, and the variation
trend is the peak cylinder pressure. The results reveal that the P,y
duration of various oxygenated fuels reduces when compared to
DWPO20 + 25 ppm, DWPO20 + 50 ppm, and DWPO20 + 100 ppm. This
improvement is due to the increased surface area and improved heat
transfer rate, which lead to a better atomization process, heating value,
and improved cetane number of the fuel, which increases the Py, of the
blends when added nanoparticles. The value of Py, was found to be
89.9, 87.5, 79.6, 79.0, 76.6, 88.2, 88.3, and 89.9 bar for D100, DWPO10,
DWPO020, DWPO30, DWPO40, DWPO20 + 25 ppm, DWPO20 + 50 ppm,
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Table 6

ANN datasets for training, validation, and testing.
Input Layer Hidden Layer Epoch Metrics Training sets Validation sets Testing sets All data

R MSE R MSE R MSE R MSE

2 4 16 BSFC 0.954 3.65 0.972 2.57 0.974 3.50 0.956 3.47
2 3 11 BTE 0.955 4.09%1072 0.934 7.46*1072 0.948 2.97%1071 0.939 8.45%1072
2 3 21 EGT 0.972 10.31 0.974 6.86 0.908 14.672 0.968 10.44
2 5 16 Max Pressure 0.972 3.60 0.950 5.52 0.986 2.87 0.969 3.77
2 4 9 Ignition delay 0.925 1.44%10°! 0.967 8.08%1072 0.974 4.18*10°2 0.938 1.19%10°!
2 4 20 Smoke Emission 0.98 2.57*%107! 0.973 1.88*10°! 0.935 1.65 0.965 4.56*1071
2 8 21 Cco 0.98 4.67%10~* 0.96 1.56*10°3 0.918 5.18%10°3 0.943 1.34*10°2
2 4 11 NOy 0.993 4.86*102 0.992 1.58%10! 0.964 4.08%10°1 0.979 1.19%10!
2 5 31 HC 0.99 1.48%10°3 0.973 5.39%10°3 0.963 1.69%102 0.979 4.38%10°3

and DWPO20 + 100 ppm, respectively, at CR18:1 with full load con-
dition. The differences in peak cylinder pressure among the tested fuels
exceed the pressure sensor uncertainty and consistently follow expected
thermodynamic trends, confirming the reliability of the measured
combustion behavior.

3.7. Ignition delay

Fig. 13 illustrates the ignition delay (ID) in relation to compression
ratios (CR) of 15:1, 16:1, 17:1, and 18:1 for eight different fuel samples
at 1500 rpm under full load conditions. In a diesel engine (DE), ID refers
to the time interval between the initiation of fuel injection and the onset
of actual combustion. The ID for all fuel types decreases as the CR in-
creases and the variation trend is the inverse of peak cylinder pressure.
The results reveal that the ID duration of various oxygenated fuels re-
duces when compared to DWPO20 + 25 ppm, DWPO20 + 50 ppm, and
DPWO20 + 100 ppm due to increased surface area and improved heat
transfer rate, leading to a better atomization process, which decreases
the chemical ID of the blends when adding nanoparticles. The reduction
in ID with increasing compression ratio and nanoparticle addition is
greater than the combined measurement uncertainty and was repro-
ducible across repeated experiments.

3.8. Smoke emissions

The smoke emissions with CR (15:1, 16:1, 17:1, and 18:1) for eight
different fuel samples at 1500 rpm with full load are shown in Fig. 14. In
internal combustion engines, smoke emissions are a crucial metric for
assessing the entire combustion process. Generally speaking, conditions
like inadequate atomization, excessive fuel accumulation in the cylin-
der, and oxygen deficit surrounding the rich blend result in high fuel
viscosity. The variation in smoke emissions associated with engine loads
is presented in this figure. The figure shows that smoke emissions rise in
direct proportion to engine load for both warmed and unheated fuels.
When the load of an engine rises, more fuel will be used, and the com-
bustion time and oxygen consumption decrease, and smoke emissions
rise. The D100, DWPO10, DWP0O20, DWPO30, and DWPO40 have
smoke values of 58.9, 62.48, 62.42, 60.2, and 58.2% at rated high load
with CR18:1, respectively. Due to inadequate air-fuel mixing and the
presence of aromatic ingredients, the pyrolysis oil-mixed fuel exhibited
higher smoke emission. When the CR in the engine increased, the smoke
emission decreased. Smoke emissions were decreased when Al,O3
nanoparticles were added to DWPO20. The combustion process will be
enhanced by adding nanoparticles to plastic-based fuels, resulting in
reduced smoke generation. The smoke emissions for DWPO20 + 25
ppm, DWPO20 + 50 ppm, and DWPO20 + 100 ppm at 100% load and
CR18:1 was found to be 59.03%, 59.27%, and 59.57%, respectively.
These are 5.4%, 5.06%, and 4.58% less than the DWPO20. The observed
reductions in smoke emissions are substantially larger than the smoke
meter uncertainty and therefore represent statistically significant
improvements.

12

3.9. Carbon monoxide emission

The carbon monoxide (CO) emissions with CR (15:1, 16:1, 17:1, and
18:1) for eight different fuel samples at 1500 rpm with full load are
shown in Fig. 15. Fuel oxidation was encouraged by varying quantities
of AL;03 and DWP0O20, which reduce CO emissions. According to these
results, compared to D100, using nanoadditives with DWPO20 blends
releases less CO. In normal operation, DWPO20 with Al;O3 100 ppm
emits 7.79% less CO than that of the D100. When an air-fuel mixture
burns at a low flame temperature with an insufficient air supply, CO is
created during combustion. The majority of the literature review found
that using biodiesel instead of D100 generally resulted in fewer CO
emissions. It is evident from the figure that higher engine load led to an
increase in CO formation. Conversely, with greater loads, partial com-
bustion, brought on by a short combustion time, generates more CO
[13]. The reduction in CO emissions with Al,O3 nanoparticle addition
exceeds the analyzer uncertainty limits, confirming the statistical sig-
nificance of the observed trend.

As stated above, addition of pyrolysis oil to diesel fuel increases the
temperature and pressure in the cylinder to enhance the efficiency of
combustion. The findings showed that the mixes of DWPO10, DWPO20,
DWPO30, and DWP0O40, DWPO20 + 25, DWPO20 + 50, and DWPO20
+ 100 ppm had low levels of CO emission as seen in the figure. When the
load is full, the CO emissions for D100 (1.193 g/kWh at CR18), the CO
emissions for DWP0O10, DWPO20, DWP0O30, DWP0O40, DWPO20 + 25
ppm, DWPO20 + 50 ppm, and DWPO20 + 100 ppm at full load condi-
tions are 1.38,1.15,1.19, 1.16, 1.15, 1.16, and 1.1 g/kWh, respectively.
The CO emission was also decreased by combining DWPO20 with
oxygenated nanoparticles but was higher for the DWPO10 blend. In
cases of addition of oxygenated components, the fuel burns completely
and results in minimization of CO production. Compared to D100, CO
decreased by 3.6%, 2.76% and 7.79% in DWPO20 + 25 ppm, DWPO20
+ 50 ppm and DWPO20 + 100 ppm respectively. The fuel with the
lowest emissions of any mixed fuel in the current investigation is the
DWPO20 + 100 ppm.

3.10. Hydrocarbon emissions

The HC emissions with CR (15:1, 16:1, 17:1, and 18:1) for eight
different fuel samples at 1500 rpm with full load are shown in Fig. 16.
Incomplete combustion of fuel results in emissions of unburned hydro-
carbons. Under specific circumstances, the volatility and viscosity of
fuels can impact these emissions and cause them to leak into the exhaust.
Because of better charge homogeneity and greater oxygen availability,
the study demonstrated that lower loads led to lower levels of HE
emissions. Higher loads, however, resulted in higher fuel consumption
and HC emissions. The unhealthy hydrocarbons and inadequate com-
bustion create blended fuels that often exhibit higher HC emissions than
pure diesel. This data is consistent with earlier blended fuel research. An
incomplete fuel-air combination leads to higher HC emissions. The
experiment shows that HC emissions rose in tandem with the blend
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NOy, and i) HC.

proportions. The higher mixes of the particles may lead to high HC
emissions in a diesel engine. At full load, the conventional engine
released HC because of the potent aromatic component in DWPO. On the
other hand, under moderate load settings, the addition of DWPO20 with
Aly,03 100 ppm demonstrated a significant decrease in HC emission,
which peaks under higher load levels. When compared to diesel in
normal mode, Al,O3 at 25, 50, and 100 ppm with DWPO20 decreased
HC emissions by 1.85%, 1.85%, and 2.96%, respectively. The DWPO20
+ 100 ppm fuel sample was observed to have the lowest HC emission at
the CR15:1. Although the reduction in HC emissions is moderate, the
observed changes remain outside the experimental uncertainty range

13

and are consistent across repeated measurements.

3.11. NOy emission

The maximum temperature of the gases inside the combustion
chamber, as well as the reaction time available, has a significant impact
on NO emission generation. When nitrogen (N3) from the air reacts with
oxygen (O3) at high temperatures, they are NOy are created. The three
main restrictions that impact the development NOy of levels in DEs are
the adiabatic flame temperature, response time, O, the thermal mech-
anism, the prompt mechanism, and the fuel mechanism. The reflection
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Table 7
The correlation parameter between the predicted and measured values.
S. Parameter Equation Test R- Validation RMSE- MAPE-
NO. (Training) Value R-Value Test Test
1 BSFC Ygsrc = 0.9896 0.9943 5.0068 1.47%
0.8347x +
42.2144
2 BTE Yg1E = 0.9357 0.9391 0.2001 0.59%
0.7713x +
7.2210
3 EGT Yegr = 0.9780 0.9255 5.1608 0.64%
0.6830x +
226.4474
4 Max Ypmax = 0.8983 0.9946 2.2244 2.27%
Pressure 0.8579x +
10.9891
5 Ignition Yp = 0.9601 0.9900 0.9459 5.87%
delay 0.5352x +
6.2391
6 Smoke Ysmoke= 0.9209 0.9888 1.4884 2.14%
Emission 0.6251x +
23.0653
7 (¢0) Yeo = 0.9384 0.9778 0.0804 5.88%
0.8239x +
0.2212
8 NOy Yno, = 0.9371 0.9591 0.5050 3.17%
0.4942x +
6.8038
9 HC Yuc = 0.8521 0.9740 0.3661 4.85%
0.9036x +
0.4977

in NOy emissions based on the investigation of the incorporation of
Al,03 nanoparticles can be ascribed to a confluence of interconnected
elements. The Al;O3 nanoparticles serve to augment the thermal con-
ductivity and catalytic possessions of fuel blends, possibly resulting in
higher in-cylinder temperatures during the combustion stage. These
increased temperatures are favourable to the generation of thermal-
NOyas described by the Zeldovich appliance. Moreover, Al,O3 may
augment oxygen obtainability inside the combustion chamber, either by
fostering improved atomization or promoting an additional complete
burning procedure. The augmented presence of oxygen facilitates the
formation of NOy emissions. Furthermore, the duration of combustion
may be influenced; specifically, if the incorporation of AlyO3 results in a
higher could increase, thereby exacerbating NOy emissions. Conse-
quently, a comprehensive understanding of the observed trends in NOy
emissions necessitates consideration of the synergistic effects of higher
in-cylinder temperatures, better oxygen availability, and modified
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Fig. 14. Smoke emission versus compression ratios.

combustion duration [32-35]. The variation in NOx emissions remains
within expected uncertainty bounds and follows established thermal
NOx formation mechanisms, supporting the physical consistency of the
results.

Fig. 17 shows the effect of WPO in diesel combined with Al,O3
nanoadditive on the engine NOy emissions at full load conditions at
CR15, CR16, CR17, and CR18 at 23°b TDC. Based on the findings, the
DWPO10, DWP0O20, DWPO30, and DWPO40 fuel blends have a slightly
higher NOx emission than that of D100. The NOx emissions of DWPO10,
DWPO0O20, DWPO30, and DWPO40 fuel blends at full load are 1.0%,
2.1%, 13.9%, and 13.9% higher at CR18, respectively, than those of the
D100 fuel mix, respectively. In addition, compared to D100, the addition
of nanoparticles (Aly03) to the DWPO20 + 25 ppm, DWPO20 + 50 ppm,
and DWPO20 + 100 ppm fuel blends leads to higher NOy emissions
during a full load of 15.2%, 16.05% and 15.25% at CR18:1.
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3.12. Performance-emission trade-off and practical applicability

The inclusion of Al,O3 nanoparticles does not lead to uniform
enhancement under all of the working conditions and mixing ratios.
Significant improvements in the BTE and reductions in CO and HC
emissions can be seen mainly at the moderate blending ratios of WPO
(up to 40%) and medium to high load rates, where the enhanced mixing
of fuel and air and oxidation supported by nanoparticles are the most
efficient. The higher the WPO fractions and the lower the low-load
operation, the more the benefits diminish due to the rising viscosity of
the fuel, lower calorific value, and incomplete combustion, limiting the
catalytic and thermal impacts produced by nanoparticles. These results
indicate that the influence of Al;O3 nanoparticles is strongly condition-
dependent and governed by the combined effects of fuel properties,
combustion temperature, and engine operating regime.

In favourable operating conditions, the performance of the engines
with the addition of Al,03 nanoparticles to the WPO-diesel blends could
be observed to have improved significantly, indicated by increased BTE
and less BSFC. Such advantages can be mainly credited to an increase in
combustion efficiency, greater fuel atomization, and an increase in heat
transfer in the combustion chamber. However, these efficiency gains
were escorted by a rise in NOy emissions, mainly at higher CRs, owing to
increase in-cylinder temperatures and improved oxygen accessibility.
Practically, the trade-off that was observed between the improvement in
efficiency and NOy the emission penalty is consistent with trends that
were reported in the literature of nanoparticle-assisted combustion.
Although the rise is NOy is an environmental disadvantage, the scale of
the penalty is not too large, and it can be potentially reduced by the
means of the known control measures, including exhaust gas recircula-
tion (EGR), optimization of the injection timing, after-treatment sys-
tems, or customized dosing of nanoparticles. Thus, the general findings
reveal that Al,Osenhanced WPO-diesel mixtures can be taken as a po-
tential way forward to enhance engine performance and fuel con-
sumption, as long as the necessary measures of emission control are
undertaken.

3.13. Comparison and validation of the research work

3.13.1. Comparison of ANN and GRNN

To compare the statistical similarity between experimental and
estimated values through ANN and GRNN models, a paired sample t-test
was done to show the level of statistical agreement as depicted in Fig. 18.
The test R-values of the key performance and combustion parameters of
BTE, BSFC, smoke opacity, and NOyx emissions, as well as ID, reveal good
consistency between the predicted and experimental values (Tables 5
and 6). For instance, correlation coefficients of BTE with ANN and
GRNN were 0.939 and 0.935, respectively, which showed that the pre-
diction ability is statistically consistent. While both ANN and GRNN
models exhibit high predictive accuracy, their performance varies
slightly depending on the output parameter. ANN predictions showed
marginally higher consistency for combustion-related parameters such
as NOy and ignition delay, whereas GRNN exhibited comparable or
better accuracy for selected performance parameters. This difference is a
manifestation of the difference in the structure of learning between
iterative ANN training and memory-based GRNN regression. In general,
the two models are strong predictors when assessed against experi-
mental data.

Even though the ANN and the GRNN models were mainly tested
concerning their predictive accuracy, they are also effective surrogate
models used to analyse in an optimization-oriented manner. The models
allow determining the desirable operating points between the
enhancement of efficiency and emissions punishment by properly
modelling the nonlinear relationships between CR, fuel blend compo-
sition, nanoparticle concentration, and engine responses. In the present
study, ANN and GRNN predictions were employed to analyse parameter
trends and trade-offs across the investigated operating space, thereby
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Fig. 18. Test R value for ANN and GRNN.

Table 8

Experimental and simulated data at CR18:1(D100).
Parameters Experimental data ANN predicted GRNN Predicted
BTE (%) 33.2 32.888 32.983
BSFC (g/kWh) 244.3 245.427 248.501
EGT (K) 713.8 710.834 718.197
Max. CP (bar) 89.994 88.905 87.6877
Ignition delay (deg.) 13.58 13.486 13.477

providing model-assisted decision support for selecting optimal fuel
engine combinations within the experimentally validated domain,
rather than performing formal algorithm-based optimization.

3.13.2. Physical consistency of experimental and predicted results

In addition to statistical conformity, the AI models were evaluated in
terms of the capacity to produce physically consistent tendencies in the
experimental investigation. Predictions of both ANN and GRNN models
are in close relation to the known behavior of CI engines concerning
combustion and thermodynamics. A rise in CR led to an increase in BTE
and peak cylinder pressure and a drop in ID, which is credited to an
improvement in in-cylinder temperature and fuel-air mixing -effi-
ciencies. Both ANN and GRNN predictions were able to replicate the
trends that were experimentally observed. Similarly, the progression
NOy with higher CRs, which is a well-known outcome of high combus-
tion temperatures, was well reflected in the predicted outcome. The
experimental and predicted results had minor deviations from each
other, though these deviations were within reasonable limits of uncer-
tainty and not contrary to physical laws. A specific instance of experi-
mental and predicted data at a CR of 18:1 during diesel fuel operation is
shown in Table 8, and it is observed that the figures are numerically
close and exhibit similar trend behavior. It has been seen that the close
correspondence between the predicted and known combustion mecha-
nisms indicates that the Al models are physically informed predictive
models and not merely statistical curve-fitting models. As a result, it can
be concluded that the ANN and GRNN models have been confirmed in
predictive analysis in the desired operating range and can be effectively
applied to endorse the results of the experiment and parametric
optimization.

4. Conclusions and future work
This study investigated the performance, combustion, and emission

behavior of WPO-diesel blends that were augmented with Al;03 nano-
particles in a single-cylinder/four-stroke/direct-injection/water-cooled

17

Kirloskar TV1 CI engine operated at a constant speed (1500 rpm) and
at different CRs of 15:1, 16:1, 17:1, and 18:1.

o The experiments were conducted under controlled laboratory con-
ditions using a bowl-shaped piston to enhance air and fuel mixing.
The outcomes indicate that an increase in CR positively affects BTE,
while BSFC generally reduces with the rise in CR. Al,Osnanoparticles
in WPO-diesel blends increased combustion efficiency, resulting in
enhanced BTE and reduced BSFC in the blends as compared to
similar blends without nanoparticles.

These improvements are attributed to better atomization of the fuel,

improved heat transfer, and the catalytic effects of the nanoparticles.

The efficiency improvements were, however, accompanied by high

levels of NOy emission, especially at high CRs, owing to the high in-

cylinder temperatures, high oxygen availability, and reduced dura-
tion of combustion. The DWPO20 blend with 25 ppm Al,O3 nano-
particles had the highest BTE, and the DWPO20 blend containing

100 ppm Al,03 achieved the lowest BSFC at CR18.

Combustion analysis indicated that the nanoparticle-enriched blends

had high peak cylinder pressure, which appears to be in line with

improved heat release characteristics. The developed ANN and

GRNN models showed the high predictive power in the range of the

investigation, which validates the dominant influence of load, CR,

and fuel blend on engine performance and emissions.

e It is important to note that the outcomes of this work are based on
laboratory-scale experiments carried out on a single-cylinder engine
under steady-state conditions. While the findings indicate the po-
tential of Al,O3 enhanced WPO-D100 blends to be used to enhance
engine efficiency and fuel consumption, extreme care should be
taken to extrapolate the findings to real-life or commercial
applications.

The future work should thus be directed towards the long-term study
of the durability to test the engine wear, lubricant degradation, and
injector fouling, as well as the formation of deposits linked to the long-
term use of nanoparticles. There is also a need to conduct research on the
stability of nanoparticle dispersion in the long run and the effects it has
on the parts of the fuel system. Further, scalability and robustness will
have to be tested by validation over real-world engine operating con-
ditions, such as multi-cylinder engines, variable speed and load opera-
tion, and transient driving cycles. The addition of emission reduction
techniques like exhaust gas recirculation or after-treatment can further
be used to supplement efficiency, reward, and punishment of NOy
emissions. Such initiatives will give a holistic evaluation of the viability
and environmental sustainability of the utilization of nanoparticles in
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assisting the use of WPO in CI engines.

Nomenclature

ANN Artificial neural network

Al,O3 Aluminum oxide

BTE Brake thermal efficiency

BSFC Brake specific fuel consumption

GRNN  General regression neural network

WPO Waste plastic oil

CR Compression ratio

CI Compression Ignition

HRR Heat release rate

DE Diesel engine

D100 100% diesel fuel

DWPO10 90% diesel fuel with 10% waste plastic oil
DWPO20 80% diesel fuel with 20% waste plastic oil
DWPO30 70% diesel fuel with 30% waste plastic oil
DWPO40 60% diesel fuel with 40% waste plastic oil

DWPO20 + 25 ppm 80% diesel fuel with 20% waste plastic oil and 25
ppm Al O3

DWPO20 + 50 ppm 80% diesel fuel with 20% waste plastic oil and 50
ppm Al>Os

DWPO20 + 100 ppm 80% diesel fuel with 20% waste plastic oil and
100 ppm Al,O3

EGT Exhaust gas temperature
ID Ignition delay

HC Hydrocarbon

CO Carbon dioxide

NOx Nitrogen oxides

Generative Al and Al-assisted technologies
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