Journal of Thermal Engineering, 12(6), 2026

3k
YTUP

Journal of Thermal Engineering

https://jten.yildiz.edu.tr/
https://doi.org/10.47481/jten.0080

THERMAL
ENGINEERING

RESEARCH ARTICLE

Investigation on the optimization of performance and emission characteristics of a VCR diesel
engine fueled with Chlorella vulgaris biodiesel using A1 O, and ZnO nanoparticles: a Grey-
Taguchi and artificial neural network (ANN) approach

Sumit Dubal"” ¥/, Aryaman Salaria?

, Sahaj Joshi®

1School of Automobile Engineering, Symbiosis Skills and Professional University, Pune, 412101, India
School of Automobile Engineering, Symbiosis Skills and Professional University, Pune, 412101, India
3School of Automobile Engineering, Symbiosis Skills and Professional University, Pune, 412101, India

Abstract

Third-generation algae biofuels, made from biomass, are a promising renewable fuel due to their low carbon footprint. In internal combustion
engines, it hinders combustion and performance. This study aims to improve engine efficiency by blending algae biodiesel with nano additives.
First, Grey-Taguchi optimization is used to find the best blend, compression ratio, load, EGR, and nano-additive concentration for key per-
formance indicators. The Grey-Taguchi method efficiently analyses complex parameters and reduces experiments, saving time and resources.
Following experimental data, an Artificial Neural Network (ANN) model predicted future emissions and performance. The ANN model was
trained with 25 observations for 20% and 30% biodiesel blends. The ANN model predicted engine behavior with over 90% accuracy and was
effective. The study shows that algae biodiesel and nano-additives can improve engine performance and provide a reliable projection method.
B20CV + 100 ppm ZnO improved BTE and BP by 4.2% and 3.8% over diesel. The BSFC dropped 5.1%, showing better fuel use. However,
nanoparticle agglomeration increased NOx emissions. Due to its lower calorific value, B30CV + 100 ppm ZnO reduced BTE by 6.5% and
increased BSFC by 7.3%. The developed ANN model predicted performance and emissions with over 90% accuracy, with minor NOx deviations
due to combustion variation. This novel study uses Grey-Taguchi optimization and ANN modelling to assess and predict engine performance
and emissions from nanoparticle-enriched algae biodiesel blends.
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1. Introduction

As our population growth rate has increased, our dependence
on fossil fuels has surged. The major contributor to the produc-
tion of greenhouse emissions is the Road Transport Industry,
which produces 17% of greenhouse gases from the aggregated
total [1], [2], [3] This is causing a marked intensification of cli-
mate change. Major countries are determining various forms
of alternative fuels to decrease their economic dependency
on each other and factors such as employment rate, environ-
mental safety and innovation within the existing products
will have a pragmatic effect [4], [5], [6]contributing to carbon

emissions and accelerating climate change. It is possible to
mitigate environmental damage by promoting renewable or
alternative fuels, namely biofuels, solar energy, biomass, wind,
geothermal, small-scale hydro, and wave power. Biofuels are
considered as low carbon-emitting alternatives to convention-
al fuels. The use of biofuels promotes reduced emissions of
greenhouse gases and reduces the related detrimental impact
of transport. As an alternative to fossil fuels, renewable fuels
seem to present a promising scenario. However, if low carbon
products are promoted, analysis of each particular product’s
GHG emissions and carbon footprint (CE The use of biodiesel
as an alternative fuel is increasing because government poli-
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cies have led many industries to adopt it. Among such fuels, internal
combustion engines running on biodiesel are increasingly studied
by various researchers [7], [8]. However, due to the increase in rival-
ry for the need for crops for human consumption and water during
its cultivation process, first-generation biofuels are being staved oft
[9]sustainable resources of energy. For the future re-arrangement of
a sustainable economy to biological raw materials, completely new
approaches in research and development, production, and economy
are necessary. The ‘first-generation’ biofuels appear unsustainable
because of the potential stress that their production places on food
commodities. For organic chemicals and materials these needs to
follow a biorefinery model under environmentally sustainable con-
ditions. Where these operate at present, their product range is large-
ly limited to simple materials (i.e. cellulose, ethanol, and biofuels.
Third-generation biofuels use crops as algae as a source of energy.
Algae as biofuels were determined to be more energy-intensive than
their first- and second-generation counterparts. Additionally, algae
can be grown in water bodies that are unsuitable for other sources
of biofuel [10].

In the past few years, most research has focused on harvesting algal
biomass; for example, Nautiyal et.al carried out research to extract
feedstock from Spirulina platensis algae biomass using the transes-
terification process. Their results showed a yield rate of biodiesel of
78% [11] Similarly Carolina carried out research where extraction
of oil from Chlorella Alga by transesterification process revealed a
yield of 98% [12]. Nanoparticles (NPs) have become widely famous
due to their exceptional utility in various scientific disciplines [13],
[14], [15], [16]. Nanomaterials, owing to their unique physico-
chemical properties and increased surface area, have significantly
influenced material performance and are widely utilized in various
automotive applications, including fuel enhancement, lubrication,
and emission control [16], [17], [13], [14], [15], [18]Many studies
have come to the same conclusion that nano-additives were advan-
tageous in improving the catalytic reaction during the combustion
process, which resulted in complete and rapid combustion[19], [20],
[21]non-premixed diesel-air, hydrogen-air, kerosene-air, n-butanol,
pentane-air, propane-air and methane-air used in a 2D geometry
cylindrical combustion chamber. The numerical simulation based
on the solution of the mass, momentum, energy and the chemical
species conservation equations was performed for steady state con-
dition using computation Fluid Dynamic (CFD. The research was
carried out using a B20 blend of Chlorella vulgaris algal methyl ester
in a four-stroke CI engine with a water-cooled system in the pres-
ence of MgO nano-additives. Their results showed that B20 (with
MgO nano-additives) produced a 15.6% decrease in BSFC, a 2.5%
increase in BTE, and lower HC, CO, and smoke emissions compared
to B20 (without MgO nano-additives). In other experiments, Chlo-
rella vulgaris algae biodiesel was tested in a single-cylinder, four-
stroke, water-cooled engine with ZnO nanoparticles. Their results
revealed similar mechanical effects between ZnO-blended biodiesel
and commercial diesel. Moreover, the power was increased, and the
emissions were lower due to the involvement of ZnO nano-additives
when compared to only a 20% biodiesel blend [22]. However, many

authors have mentioned that increased NOx emissions are being
produced due to high biofuel content and hence, blending of up to
20-30% were found to be of optimum level [23]. Another study was
carried out where Chlorella vulgaris in addition to ALLO, was run in
a single-cylinder, four-stroke CI engine. Their results showed that
BSFC and BTE produced with 20% biodiesel were best with 75ppm
of ALO, However, the lowest NOx emissions were obtained with 50
ppm of ALO, [24].

Various optimization techniques have been deployed in multiple ap-
plications, where an optimal combination of input parameters was
determined [8]. A study was conducted in which biodiesel with var-
ious blend levels was run in a single-cylinder, four-stroke, direct-in-
jection air-cooled engine. They determined the multi-response
optimum parameters as 10% of EGR, 100% of load, and 40% using
Grey-Taguchi Analysis as an optimization technique [25]. Similarly,
Ramacharan et al. conducted a study in which algae biodiesel was
tested in a 4-stroke, single-cylinder, water-cooled CI engine. Their
results were concluded by determining the optimal microalgal en-
ergy ratio as optimization criteria using the RSM approach [26]. On
the other hand, Gil. et.al used ANN to create a predicting model.
By first deploying the Grey-Taguchi method, they decided the best
input parameters to be B100, a speed of 2300 rpm, and 100% load.
Furthermore, they used ANN to predict responses based on these
parameters with an accuracy of 99.3% [27]. Out of such optimization
techniques, saw from previously mentioned studies, Grey-Taguchi
and ANN seemed to stand out the most [8].

In this study, we have run Chlorella Vulgaris biodiesel at 20% and
30% blend levels with an addition of Al,O,and ZnO nano-addi-
tives at 50ppm and 100ppm, in a single-cylinder, four-stroke, wa-
ter-cooled VCR engine. Additionally, we have used the Grey-Tagu-
chi approach to decide the best input parameters and ANOVA to
investigate the largest contributing factor to variation in the data.
On the other hand, ANN was developed as a predictive model to de-
cide responses to best input parameters. Al,O, nanoparticles, due to
their high thermal conductivity and catalytic activity, enhance heat
transfer and facilitate complete fuel oxidation, resulting in a sub-
stantial decrease in carbon monoxide and hydrocarbon emissions
and an increase in brake thermal efficiency [28], [29], [30]. Simi-
larly, ZnO nanoparticles function as efficient combustion catalysts,
enhancing fuel-air mixing and oxidation processes. This leads to en-
hanced engine performance and reduced emissions. Al,O3 and ZnO
nanoparticles are effective additives for optimizing the performance
and environmental impact of biodiesel-fuelled diesel engines due to
these properties [31], [32], [33], [34]. Although substantial research
has been conducted on algae biodiesel as a sustainable alternative
fuel, multiple challenges stay unresolved. Research has shown that
nano-additives improve combustion efficiency and reduce emis-
sions. Nanoparticle agglomeration, higher NOx emissions, and
engine performance variations due to biodiesel’s lower calorific
value remain. Earlier studies mostly used experimental analyses
without systematic optimization to find the best input parameters.
Grey-Taguchi optimization and ANN-based predictive modelling
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are used to improve biodiesel performance and reduce experiments.
This research fills it. Our approach systematically decides the best
blend level, compression ratio, engine load, EGR rate, and nano-ad-
ditive concentration, making it more comprehensive and scalable
than earlier studies that focused on individual biodiesel blends or
nano-additives. The ANN model is a significant improvement over
traditional trial-and-error methods providing a predictive tool with
over 90% accuracy and thereby extending the study’s applicability.
This novel approach promises enhanced engine performance, im-
proved emissions control, and a more efficient method for future
research on biodiesel applications.

2. Materials and methods
2.1. Synthesis of biodiesel

Chlorella vulgaris algal oil was sourced externally to produce our
required biodiesel blends by the transesterification process. Figure
1 shows the algae in its first form and the oil extracted from the
algae at the final stage of transesterification. The nano-additives
were provided by the facility where we performed our experiments.
Table 4 lists the fuel blends that we synthesized for our experiment.
Moreover, various chemical tests were performed, by the standards,
to decide the chemical properties of our blends Table 5 presents the
physical and chemical properties of various biodiesel blends.

Figure 1. a) Chlorella Vulgaris biomass powder, b) Algae biodiesel
2.2 Experiment setup

The study was conducted on a single-cylinder, four-stroke naturally
aspirated water-cooled engine that had a variable compression ratio.
The engine load was applied haphazardly using the eddy current
dynamometer. The exhaust emissions produced by the engine were
measured using the AVL-437 smoke meter in conjunction with the
AVL Digas 444N EGR. To analyses the performance and combustion
variables of the engine, a piezoresistive transducer in the cylinder
head and a crank angle sensor were used. The results were promptly
displayed on the computer that was directly connected to a high-
speed data acquisition system. Table 1 depicts engine specifications.

Table 1. Engine specifications

Make
Engine Cycle
Rated Speed
Rated Power

Type of Dynamometer
Bore Diameter
Stroke Length

Cooling System

Cubic Capacity

Ignition System
Compression Ratio

Kirloskar
4-stroke
1500 rpm
3.5 kilowatts
Eddy current dynamometer
87.5 millimeters
110 millimeters
Water cooled
661 liters (661 cc)
Compression-Ignition
12-18

’ irloskar Engine

Exhaust Gas Analyzer
N [

Figure 2. a) Kirloskar 4-stroke engine with exhaust gas
recirculation, b) Exhaust Gas analyzer and smoke meter

Tables 2 and 3 depict the specifications of the AVL DIGAS 444N Gas

Analyzer and the AVL Smoke Meter, respectively.

Table 2. AVL DIGAS 444N Gas analyzer specifications

Model Name/Number
Application
Analysis Time
Automation Grade
Display Type
Response Time
Weight
Measurement Principle
Resolution Ratio
Warm Up

Detection Limit
Measured value output

Measurement Range

AVL DIGAS 444N Gas Analyzer

For Petrol, CNG and Gas Vehicle
Pollution Check

2 min
Automatic
Digital
2 min
6 Kg
Filter Paper Blackening
0.001 FSN or 0.01 mg/m’
5 min

0.002 ESN or 0.02 mg/m’

FSN (filter smoke number), mg/m3 (soot

concentration)

0-10 FSN
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Table 3. AVL Smoke meter specifications

AVL Smoke Meter
Filter paper blackening

Model Name
Measurement principle

Measured value FSN (filter smoke number), mg/m? (soot

output concentration)
Measurement range 0to 10 FSN
Detection limit 0.002 FSN or 0.02 mg/m?®

2.3. Experiment procedure

Initially, the required fuel was introduced into the fuel tank of the
setup. Furthermore, lubricating oil and water levels were checked,
and the eddy-current dynamometer was calibrated to prevent load-
ing errors. Additionally, the CR of the engine was varied accord-
ingly, and once the engine started, input parameters such as load
and EGR were manually adjusted using regulators. The variation in
input parameters, such as injection pressure and injection timing
of the engine, was achievable because of its steady-state conditions,
and various exhaust-gas-emission instruments were connected to
the tailpipe. Figure 2 shows the engine setup used in our experi-
ment. The gas analyzer and smoke meter were ARAI-calibrated for
emissions. After checking the power supply, electrical calibration,
and accessory functionality, the gas analyzer was span- and zero-cal-
ibrated for CO and HC measurements using suitable sample gas. The

sampling system, printer, and digital display were leak-checked and
calibrated before an idling emission test. Smoke meter calibration
used neutral-density filter paper, oil-temperature and RPM sensors,
optical-chamber heating, and purge-air systems to check zero- and
mid-scale points. Electrical earthing continued. Visual displays, in-
ternal components, and sample hose were checked. Finally, a free
acceleration test verified instrument performance.

2.4. Taguchi optimization techniques

The Taguchi optimization technique is an analytical method intro-
duced by Dr. Genichi Taguchi. Its aim is to minimize procedural
variation by producing a well-defined set of experiments. A distinc-
tive set of orthogonal matrices or arrays is produced which reduces
the number of experiments that need to be performed. Furthermore,
the layout of the orthogonal matrix is constructed using sequential
control variables and the number of degrees assigned to each vari-
able. A statistical approximation known as SNR, or signal-to-noise
ratio, is used in Taguchi optimization. It is the dispersion around
the ideal value. Taguchi categorized the SNR into three categories:
larger-is-better, smaller-is-better, and nominal-is-better. If the vari-
able needs to be minimized smaller-is-better values are calculated
using equation (1). On the other hand, if the variable is required
to be maximized, then larger-is-better values are calculated using
equation (2) [25], [35], [36].

Table 4. Various blends used in our experiment

Sr. no Diesel Volume (%) C.Vulgaris Volume (%) Nano-additives (ppm) Fuel Blends
ALO, Zno

1 80 20 0 0 B20CV

2 80 20 50 0 B20CV + 50ppm AL O,

3 80 20 100 0 B20CV + 100ppm AlZO3

4 80 20 0 50 B20CV + 50ppm ZnO

5 80 20 0 100 B20CV + 100ppm ZnO

6 70 30 0 0 B30CV

7 70 30 50 0 B30CV + 50ppm AL,O,

8 70 30 100 0 B30CV + 100ppm A1203

9 70 30 0 50 B30CV + 50ppm ZnO

10 70 30 0 100 B30CV + 100ppm ZnO

Table 5. Physical and chemical properties of various nature of fuel
8 =3 g = + 9: + s + % + s
£ - 2 3 5 > < > Ao > N > a0
1 5 %F £ 9z g5% gz i
A & =2 % m = 22 § m =
Density Kg/m3 D287 816 833 835 837 836 839
Calorific Value kj/kg D4809 42851.9 40562 41315.3 41411.6 40570.1 41010
Flash Point °C D9358T 53 68 66 72 69 73
Fire Point °C D9358T 56 72 68 74 71 74
Kinematic Viscosity cST D445 2.09 2.31 2.08 2.21 2.43 2.58
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Table 6. Input parameters with level of variations (B20)
Levels
Control Variables L-1 L-2 L-3 L-4 L-5
Blend B20CV  B20CV+50ppm ALLO, B20CV+100ppm ALO, B20CV+50ppm ZnO B20CV+100ppm ZnO

Compression Ratio 14 15 16 17 18

Injection pressure (MPa) 20 30 40 50 60

Injection timing (° before TDC) 17 19 21 23 25

Load (%) 0 25 50 75 100

EGR (%) 0 3 6 9 12

Table 7. Input parameters with level of variations (B30)
Levels
Control Variables L-1 L-2 L-3 L-4 L-5
Blend B30CV  B30CV+50ppm ALO, B30CV+100ppm AL,O, B30CV+50ppm ZnO B30CV+100ppm ZnO

Compression Ratio 14 15 16 17 18
Injection pressure (MPa) 20 30 40 50 60
Injection timing (° before TDC) 17 19 21 23 25

Load (%) 0 25 50 75 100
EGR (%) 0 3 6 9 12

1 e y, - min(y,)
SNR; = -101o (- Yi > 1 Xj = - 3
= -10log( 372 M %= ax(y,) - min(y ) 3)
15~ 1 max(y,) - y
=-101 —~2_V 2 j = - 4
SNR. = -10log( "7 @ %=y ) mnG )

In this experiment, the larger-is-better SNR criterion was applied
to the following output variables: BTE, BMEP, and BP. Conversely,
the smaller is better SNR was used for the variable BSFC and other
emission parameters such as NO, CO, HC, CO,, O, and Smoke.
Tables 6 and 7 show the variable levels and their values for the 20%
and 30% biodiesel blends, respectively.

2.5. Grey-relational analysis

Considering that our experiment deals with multi-objective optimi-
zation of multiple response variables, Grey-relational analysis seems
to be the most qualified statistical approach to determine the most
important factors of the experiment and their relationship with each
other [37]The procedure involves three steps: first, normally SNR
values are decided using Taguchi; second, their deviation sequence
is calculated; and third, GRG values are decided by averaging GRC
values. This methodology converts a multi-variable optimization
problem into a single-variable optimization problem [38].

Stage 1: Normalized values obtained from the SNR range from 0
to 1, and, according to the nature of the response, the method for
deciding these normalized values is categorized into two parts: bet-
ter. For variables such as BTE, BP and BMEP, the higher-is-better
normalized values are calculated using equation (3). For variables
such as BSFC and emission norms such as NO, CO, HC, CO,, O,
and Smoke, the smaller-is-better normalized values are calculated
using equation(4) [39].

where, x; is the normalized SNR, y; is the SNR obtained from
Taguchi analysis, min (y; ) and max y; ) are minimum and largest
SNR respectively.

Stage 2: The deviation sequence of the normalized values measures
how far a system’s characteristic deviates from its standard or de-
sired behavior. It is the difference between the value being compared
and the reference value across a series of points. Equation (5) is used
to calculate the deviation sequence of the normalized SNR [40].

Ai(k) = | xo(k) - x: (k)| ®)

where, A;(k) is the deviation sequence of normalized SNR, x, (k)
is the ideal sequence and x; (k) is the given sequence.

Stage 3: The Grey-relational grades (GRGs)are calculated as the
means of Grey-relational coefficients (GRCs). The GRCs indicate to
us the relationship between ideal outputs and actual experimental
results. It is calculated by using equation (6) [39].

B (A, (1)) + e (A (K) ©
AR + DB (B, (K))

where, &i(k) is the Grey-relational coefficient, A.i(Ai(k)) and
A (Ai(k)) are the minimum and maximum values of the devi-
ation sequence, A, (k) is the actual reference value of the deviation
sequence and is known as the distinguishing coefficient that varies
between 0<y<1.

&ik) =
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2.6. Analysis of variance (ANOVA)

ANOVA is a statistical method for deciding the factor that contrib-
utes the largest percentage of variance in the data. This approach
was implemented using MATLAB R2024a (24.1) Moreover, input
variables with greater F-values have a greater effect on the response
variables.

2.7. ANN modelling

An artificial neural network (ANN) is a type of artificial intelligence
that can recognize complex patterns and make predictions of future
output variables [41]. It models itself after a human brain’s archi-
tecture and functionality [42]. An ANN model consists of nodes or
neurons, each of which is a simple processing unit. A conventional
structure of the ANN model is arranged in an advanced manner,
starting with an input layer, then a hidden layer and at last the out-
put layer [43]. Figure 3 shows the architecture of the ANN model
that we created using the ‘Neural Network Fitting’ tool in MATLAB
R2024a (24.1).

3. Results and discussions
3.1. Taguchi optimization results
In this analysis, an L25 orthogonal array (OA) of the Taguchi meth-

od was used to decide the best engine load, compression ratio, in-
jection pressure, injection timing, and exhaust-gas recirculation in

a diesel engine powered by a C. vulgaris algal biodiesel blend. Table
8 and Table 9 show the combinations of input parameters in the L25
OA for the B20 and B30 blend levels, respectively. The responses
that we obtained were categorized into two groups: better. Variables
that needed to be maximized were BTE, BMEP, and BP; hence, their
SNRs were considered as larger-the-better. Simultaneously, variables
that needed to be minimized were BSFC and emission parameters
like NOx, CO, HC, CO,, O, and Smoke and their SNR were consid-
ered as smaller the better. After measuring the SNR at five levels of
a particular factor, the results were collected in Tables 10 and 11 for
the B20 and B30 blend levels respectively.

e
L]
e
®
o
@
o
/

b SMOKE

Qutput Layer e R"™

Input Layer € R® Hidden Layer e R'®

Figure 3. Artificial neural network architecture

Table 8. L25 Orthogonal array (B20)

EXP NO. Blend Name BLEND CODE
1 Al
2 A2
3 B20CV+50 ppm ALO, A3
4 A4
5 A5
6 A6
7 A7
8 B20CV+100 ppm ALO, A8
9 A9
10 Al0
11 All
12 Al2
13 B20CV+50 ppm ZnO Al3
14 Al4
15 Al5
16 Al6
17 Al7
18 B20CV+100 ppm ZnO Al8
19 A19
20 A20

21 A21
22 A22
23 B20 A23
24 A24
25 A25

CR IP(MPa) IT(0bTDC) LOAD (%) EGR (%)
14 20 17 0 0
15 30 19 25 3
16 40 21 50 6
17 50 23 75 9
18 60 25 100 12
14 30 21 75 12
15 40 23 100 0
16 50 25 0 3
17 60 17 25 6
18 20 19 50 9
14 40 25 25 9
15 50 17 50 12
16 60 19 75 0
17 20 21 100 3
18 30 23 0 6
14 50 19 100 6
15 60 21 0 9
16 20 23 25 12
17 30 25 50 0
18 40 17 75 3
14 60 23 50 3
15 20 25 75 6
16 30 17 100 9
17 40 19 0 12
18 50 21 25 0




Dubal, et al. 2002

Table 9. L25 orthogonal array (B30)

EXP NO. Blend Name Blend Code CR IP (MPa) ?1;?:1; LOAD (%) EGR (%)
1 Bl 14 20 17 0 0
2 B30CV+50 ppm ALO, B2 15 30 19 25 3
3 LCV: 40980 B3 16 40 21 50 6
4 Density: 834 B4 17 50 23 75 9
5 B5 18 60 25 100 12
6 B6 14 30 21 75 12
7 B30CV+100 ppm ALO, B7 15 40 23 100 0
8 LCV: 41052 B8 16 50 25 0 3
9 Density: 838 B9 17 60 17 25 6
10 B10 18 20 19 50 9
11 B11 14 40 25 25 9
12 B30CV+50 ppm ZnO B12 15 50 17 50 12
13 LCV: 40901 B13 16 60 19 75 0
14 Density: 834 B14 17 20 21 100 3
15 B15 18 30 23 0 6
16 B16 14 50 19 100 6
17 B30CV+100 ppm ZnO B17 15 60 21 0 9
18 LCV: 40955 B18 16 20 23 25 12
19 Density: 836 B19 17 30 25 50 0
20 B20 18 40 17 75 3
21 B21 14 60 23 50 3
22 B30CV B22 15 20 25 75 6
23 LCV: 40151 B23 16 30 17 100 9
24 Density: 845 B24 17 40 19 0 12
25 B25 18 50 21 25 0
Table 10. SNR for B20
Larger-the-Better Smaller-the-Better
Run BTE BMEP BP BSFC NOx Cco HC Cco2 02 Smoke
1 8.81 -26.02 -0.44 13.99 -25.11 12.40 -42.86 -6.02 -24.98 -29.25
2 20.59 -20.00 -0.92 1.72 -35.42 8.18 4158  -13.80  -22.78 -13.98
3 26.02 -13.56 4.61 7.13 -42.14 17.08 -26.85 -8.94 -24.68 -16.39
4 26.61 -10.17 8.30 7.74 -44.40 12.04 23010 -11.82  -23.80 -24.19
5 25.01 -8.40 9.54 6.20 -44.96 -6.65 4280  -17.38  -19.49 -30.32
6 23.11 -10.17 7.60 4.29 23955  -13.98  -50.71 41955 -11.41 -25.20
7 26.89 -7.74 10.37 7.96 -51.78 7.74 3639 -1512  -22.32 -32.93
8 -0.65 -29.12 -6.88 18.61 -22.28 7.54 -40.26 -6.02 -24.92 -12.87
9 22.67 -20.00 -0.92 3.88 -38.89 13.98 -29.25 -9.83 -24.35 -8.63
10 26.02 -13.56 4.61 7.13 -45.15 15.92 -24.61 -1226  -23.68 -22.80
11 20.75 -20.00 -0.92 1.72 -27.23 8.40 -41.87  -13.06  -23.08 -12.87
12 2323 -13.56 4.61 4.29 -35.99 -1.80 4375  -18.17  -18.90 -9.25
13 26.15 -11.06 7.23 7.13 -48.88 21.94 -22.28 -7.60 -24.81 -11.60
14 26.49 -7.74 10.10 7.54 -47.04 1.72 -37.15  -15.99  -21.51 -23.52
15 4.77 -32.77 -4.38 10.43 -27.60 12.04 -28.63 -6.02 -25.12 -2.92
16 25.58 -7.74 10.37 6.74 -43.11 -7.57 -46.65  -17.84  -18.92 -30.58
17 -14.73 -10.96 2.79 15.07 -20.83 6.74 -45.48 -9.25 -24.30 -18.69
18 20.09 -20.00 -1.94 121 -26.85 3.61 4352 -1496  -22.15 -7.23
19 24.45 -15.39 2.92 5.51 -42.92 26.02 -21.58 -2.92 -25.58 -16.65
20 27.04 -10.17 8.30 8.18 -52.71 18.42 -25.11 21246  -23.63 -18.28
21 25.11 -13.56 4.61 6.20 -43.29 17.08 -30.10 -8.30 -24.75 -2.92
22 26.24 -10.17 7.60 7.33 -42.08 6.20 3859  -1626  -21.45 -15.85
23 24.71 -8.40 9.25 5.68 -43.11 -8.97 4649  -1859  -17.28 6.02
24 13.69 -17.65 -12.14 4.95 -18.06 13.15 -30.37 -4.61 -25.34 7.96
25 22.86 -20.00 -0.92 3.88 -41.06 20.00 -27.23 -4.61 -25.40 -16.39
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Table 11. SNR for B30

Larger-the-Better

Run BTE BMEP BP BSFC
1 13.79 -20.00 2.32 -2.34
2 21.29 -20.00 -0.92 2.38
3 24.51 -15.39 2.92 5.68
4 26.69 -10.17 8.30 7.74
5 24.19 -8.40 9.25 5.35
6 23.52 -10.17 7.60 4.58
7 26.57 -7.74 10.37 7.74
8 22.22 -24.44 8.03 12.77
9 21.94 -20.00 -0.92 3.10
10 25.48 -13.56 4.61 6.56
11 20.67 -20.00 -0.92 1.83
12 21.94 -13.56 4.61 2.97
13 27.12 -10.17 8.30 8.18
14 27.08 -7.74 10.10 8.18
15 16.71 -40.00 -8.97 4.85
16 27.27 -7.74 10.37 8.40
17 12.72 -23.10 -3.03 -0.06
18 19.55 -20.00 -1.94 0.63
19 25.53 -13.56 4.61 6.56
20 27.08 -10.17 8.30 8.18
21 26.15 -13.56 4.61 7.13
22 26.19 -10.17 7.60 7.13
23 24.35 -8.40 9.25 5.35
24 14.33 -24.44 -5.63 3.92
25 22.08 -20.00 -0.92 2.97

Smaller-the-Better

NOx CO HC CO2 02 Smoke
-19.08 8.87 -47.42 -8.63 -24.40 -35.65
-34.49 10.17 -38.99 -12.04 -23.58 -9.25
-43.81 1.83 -28.63 -12.46 -23.56 444
-48.53 9.63 -34.15 -14.96 -22.33 -10.88
-40.17 -11.95 -48.16 -18.89 -15.07 -26.97
-36.39 -13.37 -49.57 -19.08 -13.80 -26.73
-48.27 8.18 -36.78 -12.46 -23.63 -32.91
0 -24.71 -7.23 -42.61 6.94 -16.12
-35.99 11.37 -33.80 -12.26 -23.59 -12.87
-45.67 11.70 -33.62 -15.12 -22.27 -24.30
-34.96 8.40 -42.01 -12.87 -23.29 -25.71
-34.96 -10.50 -50.24 -19.82 -14.01 -16.65
-52.65 17.72 -30.63 -12.26 -23.76 -18.28
-47.99 2.38 -38.89 -16.12 -21.45 -29.97
-27.60 10.17 -30.10 -6.02 -25.10 -2.28
-51.89 0.00 -43.75 -17.38 -20.21 -35.50
-16.90 6.56 -45.89 -8.94 -24.34 -28.33
-27.23 4.58 -43.69 -14.29 -22.49 -19.28
-50.40 16.48 -31.13 -11.36 -23.90 -18.89
-53.61 16.48 -30.88 -13.06 -23.38 -23.75
-45.98 1.83 -34.96 -10.88 -23.97 -18.79
-41.66 4.88 -40.34 -17.15 -20.53 -18.99
-40.91 -11.20 -48.37 -25.48 -15.45 -26.19
-20.83 8.87 -39.65 -8.63 -24.46 7.96
-42.86 19.17 -25.11 -6.44 -25.16 -2.92

3.2. Interpretation of values using GRA

The Taguchi optimization technique previously mentioned can
only be used for single-objective optimization, which means that
different best settings are seen for each variable. This introduced a
new complication into our analysis. To solve such complications,
the Grey-Relational Analysis complements Taguchi was utilized
because it deals with the multi-objective optimization of multi-re-
sponse variables [44].

First and foremost, the SNRs obtained for various factors were nor-
malized using equations 3 and 4. Once again, were categorized as
larger-the-better or smaller-the-better. Tables 12 and 13 present the
normalized SNR values for B20 and B30 blend levels, respectively.
Deviation sequences for each normalized SNR were calculated us-
ing Equation 5 and are presented in Tables 14 and 15. This helped
us decide the GRC values using equation 6, as shown in Tables 16
and 17.

Using Grey-Taguchi for B20 and B30 blend levels of biodiesel
showed that Experiment No. 16 (B20 + 100ppm ZnO and B30 +
100ppm ZnO), with 14 CR, 500 MPa IP, 19°b TDC of IT at 100%
engine load and 6% EGR, produced best results. This is because they
obtained the highest grey-relation grade in the experiment. Once

the GRG values for each experiment were decided, the SNR curve
of GRG against all input parameters was produced. Figures 3 and
4 show the SNR curves for GRG Vs Blend, CR, IP, IT, Load, and
EGR for the B20 and B30 fuel blend levels, respectively. Note that
the GRG values were considered as larger-the-better.

Main Effects Plot for SN ratios

Data Means
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Figure 4. B20 best combination of parameters
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Main Effects Plot for SN ratios
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Figure 5. B30 best combination of parameters

The results showed that the best combination of parameters was
B20 + 100ppm ZnO with CR of 14, IP of 200MPa, and IT of 21°b
TDC when the engine load was 100% and the EGR level was 12%.
Moreover, at the B30 blend level, the best combination of parame-
ters produced was B30 + 100ppm ZnO with CR of 14, IP of 200MPa,
and IT of 17° b TDC at 100% engine load and 9% EGR.

3.3 Analysis of variance (ANOVA)results

Analysis of variance was performed using MINITAB21 (21.4.2), a
statistical software package. This estimates the percentage contribu-
tion of variance of data for each input factor and translates the most
effective and significant input factor of the optimal combination
[45]. The results obtained from the ANOVA model for the B20, and
B30 blends are presented in Tables 18 and 19, respectively. For both
blends, the load was the largest contributing factor to the variance
in the data. For the B20 blend, the load contributed 87.9% and had
an F-value of 45.99. On the other hand, for the B30 blend, the load
contributed 78.73% and had an F-value of 30.12.

3.4 Assessed and simulated ANN result

The final step in interpreting our results is to decide the performance
and emission parameters associated with the best input parameters
obtained through Grey-Taguchi Analysis and to compare these pa-
rameters with those simulated using the ANN technique. The ANN
model, developed in MATLARB, is a feed-forward back propagation
network with three layers of neural [46]. The first layer is the input
layer, which consists of 5 (LOGSIG) neurons; the second layer is the
hidden layer, which consists of 10 (LOGSIG) neurons; and the final
layer is the output layer, which consists of 10 (PURLINE) neurons.
The experiment was performed using the best input data, decided by
trial and error, until the mean square difference between the exper-
imental data and the predicted response was minimized. A training
function known as “Trainlm” was used to train the ANN model,

Moreover, the optimization algorithm used was “Levenberg-Mar-
quardt”. Once the model was created, its performance was evaluated
and regression analysis was conducted. Illustrations of the analysis
are presented in Figures 6 and 7. Figures 6¢-6d and 7¢-7d show the
performance and regression results obtained by the ANN models
for the B20 and B30 blends, respectively. Since the regression values
of both models are very close to 1, the results predicted by the ANN
model can be considered satisfactory. A common way to train arti-
ficial neural networks (ANNs) is to use the Levenberg-Marquardt
(LM) algorithm. This is particularly effective when the network is
trained with examples (supervised learning). It improves perfor-
mance by adjusting the network’s settings (weights) while it’s being
trained. It uses both gradient descent (which moves in the direc-
tion that reduces errors) and the Gauss-Newton method (which
examines how errors change with the network configuration) in its
formulation. When these methods are used together, the LM algo-
rithm minimizes errors more effectively, which is the primary aim
in training an ANN.

Figure 6a: Training results of the model

Best Validation Performance is 678.3672 at epcch 10

Mean Squared Error (mac)

Figure 6¢: Performance of ANN

?
ED
e

Figure 7a: Training results of the model

Figure 7b: Network Diagram

Figure 7a: Training results of the model
.

10t
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Figure 7c: Performance of ANN Figure 7d: Regression Analysis of ANN

Figure 7. Illustrations of ANN model (B30 Blend)
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3.5. Comparison of results

Through Grey-Taguchi analysis, we found that 100ppm ZnO as a
nano-additive in both 20% and 30% biodiesel blends are best. To
confirm the GRA and ANN results, a confirmation test was carried
out under conditions defined by the best combination of input pa-
rameters determined through Grey-Taguchi. Tables 20 and 21 in-
clude the parameters on which B20CV + 100ppm ZnO and B30CV
+ 100ppm ZnO were run, respectively, in the same experimental
setup.

3.5.1. Comparison of B20CV algae biodiesel against standard
diesel

3.5.1.1. Brake thermal efficiency (BTE)

BTE measures the efficiency with which an engine converts the
chemical energy of fuel into mechanical energy. Figure 8a compares
the BTE of B20CV + 100 ppm ZnO with that of standard diesel.
The higher BTE of biodiesel may result from enhanced combustion
efficiency and improved fuel atomization, with ZnO nanoparticles
acting as catalysts and thereby improving combustion.

3.5.1.2. Brake power (BP)

BP measures the engine’s actual mechanical power output. Figure
8b shows that B20CV + 100 ppm ZnO outperforms standard diesel,
likely due to biodiesel’s oxygen-rich content, which promotes more
complete and favorable combustion.

3.5.1.3. Brake means effective pressure (BMEP)

Figure 8c compares BMEP for B20CV + 100 ppm ZnO and standard
diesel, showing similar values. BMEP measures the average pressure
in the combustion chamber; similar energy densities of the fuels
might explain why BMEP remained unchanged.

3.5.1.4. Brake specific fuel consumption (BSFC)

The BSFC is the fuel consumed per unit of power output. The BSFC
for B20CV + 100 ppm ZnO is lower than that for regular diesel
(Figure 8d). This is likely because ZnO nanoparticles increase the
combustion temperature and accelerate reactions, as described by
the Arrhenius equation. Equation 7.

As the temperature T increases the exponential term becomes
larger, leading to an increase in the reaction rate constant K. This
means that the chemical reactions go ahead more quickly at higher
temperatures. On the other hand, the lower volatility of biodiesel
compared to standard diesel leads to a more controlled and com-
plete combustion process, hence improving combusti.

Table 12. Normalized values of B20 fuel blend

Larger-the-Better

Smaller-the-Better

Run BTE BMEP BP BSFC
1 0.56 0.26 0.52 0.27
2 0.85 0.51 0.50 0.97
3 0.98 0.77 0.74 0.66
4 0.99 0.90 0.91 0.62
5 0.95 0.97 0.96 0.71
6 0.91 0.90 0.88 0.82
7 1.00 1.00 1.00 0.61
8 0.34 0.14 0.23 0.00
9 0.90 0.51 0.50 0.85
10 0.98 0.77 0.74 0.66
11 0.85 0.51 0.50 0.97
12 0.91 0.77 0.74 0.82
13 0.98 0.87 0.86 0.66
14 0.99 1.00 0.99 0.64
15 0.47 0.00 0.34 0.47
16 0.96 1.00 1.00 0.68
17 0.00 0.87 0.66 0.20
18 0.83 0.51 0.45 1.00
19 0.94 0.69 0.67 0.75
20 1.00 0.90 0.91 0.60
21 0.95 0.77 0.74 0.71
22 0.98 0.90 0.88 0.65
23 0.94 0.97 0.95 0.74
24 0.68 0.60 0.00 0.79
25 0.90 0.51 0.50 0.85

NOx CO HC CO2 02  Smoke
0.20 0.34 0.73 0.19 0.96 091
0.50 0.45 0.69 0.65 0.80 0.54
0.70 0.22 0.18 0.36 0.94 0.60
0.76 0.35 0.29 0.54 0.87 0.79
0.78 0.82 0.73 0.87 0.57 0.94
0.62 1.00 1.00 1.00 0.00 0.81
0.97 0.46 0.51 0.73 0.77 1.00
0.12 0.46 0.64 0.19 0.95 0.51
0.60 0.30 0.26 0.42 0.91 0.41
0.78 0.25 0.10 0.56 0.87 0.75
0.26 0.44 0.70 0.61 0.82 0.51
0.52 0.70 0.76 0.92 0.53 0.42
0.89 0.10 0.02 0.28 0.95 0.48
0.84 0.61 0.53 0.79 0.71 0.77
0.28 0.35 0.24 0.19 0.97 0.27
0.72 0.84 0.86 0.90 0.53 0.94
0.08 0.48 0.82 0.38 0.91 0.65
0.25 0.56 0.75 0.72 0.76 0.37
0.72 0.00 0.00 0.00 1.00 0.60
1.00 0.19 0.12 0.57 0.86 0.64
0.73 0.22 0.29 0.32 0.94 0.27
0.69 0.50 0.58 0.80 0.71 0.58
0.72 0.87 0.86 0.94 0.41 0.05
0.00 0.32 0.30 0.10 0.98 0.00
0.66 0.15 0.19 0.10 0.99 0.60
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Table 13. Normalized values of B30 fuel blend

Larger-the-Better

Smaller-the-Better

Run BTE BMEP BP BSFC NOx CO HC CO2 02 Smoke
1 0.07 0.62 0.58 100 006 023 093 0.07 098 1.00
2 0.59 0.62 0.42 0.69 0.48 021 074 0.16 0.95 0.39
3 0.81 0.76 0.61 0.47 0.73 040 050 0.18 0.95 0.08
4 0.96 0.92 0.89 0.33 0.86 0.22 0.63 0.24 0091 0.43
5 0.79 0.98 0.94 0.49 0.63 0.71 095 035 0.69 0.80
6 0.74 0.92 0.86 054 053 074 098 036 065 0.80
7 0.95 1.00 1.00 033 085 025 069 0.18 095 0.94
8 0.65 0.48 0.88 0.00 -046 1.00 0.0 1.00 0.00 0.55
9 0.63 0.62 0.42 0.64 0.52 0.18 0.62 0.17 0.95 0.48
10 0.88 0.82 0.70 0.41 0.78 0.17 0.61 0.25 0091 0.74
11 0.55 0.62 0.42 0.72 0.49 0.25 0.81 0.19 0.94 0.77
12 0.63 0.82 0.70 0.65 0.49 0.68 1.00 0.38 0.65 0.56
13 0.99 0.92 0.89 030 097 003 054 0.17 096 0.60
14 0.99 1.00 0.99 030 085 038 074 028 0.88 0.87
15 0.27 0.00 0.00 052 029 021 053 0.00 1.00 0.23
16 1.00 1.00 1.00 0.29 095 044 085 031 0.85 1.00
17 0.00 0.52 0.31 0.85 0.00 0.29 090 0.08 0.97 0.83
18 0.47 0.62 0.36 0.80 0.28 0.33 0.85 0.23 0.92 0.62
19 0.88 0.82 0.70 0.41 091 0.06 0.56 0.15 0.96 0.62

20 0.99 0.92 0.89 030 100 006 055 0.19 094 0.73

21 0.92 0.82 0.70 037 079 040 064 0.13 096 0.61

22 0.93 0.92 0.86 037 067 033 077 030 086 0.62

23 0.80 0.98 0.94 0.49 0.65 0.69 096 0.53 0.70 0.78

24 0.11 0.48 0.17 0.59 0.11 0.23 0.75 0.07 0.98 0.00

25 0.64 0.62 0.42 0.65 0.71 0.00 042 0.01 1.00 0.25
Table 14. Deviation sequence of B20 blend fuel

Run BTE BMEP BP BSFC NOx CO HC COZ O2 Smoke
1 0.44 0.74 0.48 0.73 0.80 0.66 0.27 0.81 0.04 0.09
2 0.15 0.49 0.50 0.03 0.50 0.55 0.31 0.35 0.20 0.46
3 0.02 0.23 0.26 0.34 030 078 082 0.64 0.06 0.40
4 0.01 0.10 0.09 0.38 024 065 071 046 0.13 0.21
5 0.05 0.03 0.04 0.29 022 018 027 013 043 0.06
6 0.09 0.10 0.12 0.18 0.38 0.00 0.00 0.00 1.00 0.19
7 0.00 0.00 0.00 0.39 0.03 0.54 0.49 0.27 0.23 0.00
8 0.66 0.86 0.77 1.00 0.88 0.54 0.36 0.81 0.05 0.49
9 0.10 0.49 0.50 0.15 0.40 0.70 0.74 0.58 0.09 0.59
10 0.02 0.23 0.26 0.34 022 075 090 044 0.13 0.25
11 0.15 0.49 0.50 0.03 074 056 030 039 0.8 0.49
12 0.09 0.23 0.26 0.18 048 030 024 008 047 0.58
13 0.02 0.13 0.14 0.34 0.11  0.90 0.98 0.72  0.05 0.52
14 0.01 0.00 0.01 0.36 0.16 0.39 0.47 0.21 0.29 0.23
15 0.53 1.00 0.66 0.53 0.72  0.65 0.76 0.81 0.03 0.73
16 0.04 0.00 0.00 0.32 0.28 0.16 0.14 0.10 0.47 0.06
17 1.00 0.13 0.34 0.80 0.92 052 018 062 0.09 0.35
18 0.17 0.49 0.55 0.00 0.75 044 025 028 024 0.63
19 0.06 0.31 0.33 0.25 028 1.00 1.00 1.00 0.00 0.40
20 0.00 0.10 0.09 0.40 0.00 0.81 0.88 0.43 0.14 0.36
21 0.05 0.23 0.26 0.29 0.27 0.78 0.71 0.68 0.06 0.73
22 0.02 0.10 0.12 0.35 0.31 0.50 0.42 0.20 0.29 0.42
23 0.06 0.03 0.05 0.26 0.28 0.13 0.14 0.06 0.59 0.95
24 0.32 0.40 1.00 0.21 100 0.68 070 090 0.02 1.00
25 0.10 0.49 0.50 0.15 034 085 081 090 0.01 0.40
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Table 15. Deviation sequence of B30 blend fuel

Run BTE
1 0.93
2 0.41
3 0.19
4 0.04
5 0.21
6 0.26
7 0.05
8 0.35
9 0.37

10 0.12
11 045
12 037
13 0.01
14 0.01
15 0.73
16 0.00
17 1.00
18 0.53
19  0.12
20 0.01
21 0.08
22 0.07
23 0.20
24 0.89
25 0.36

BMEP
0.38
0.38
0.24
0.08
0.02
0.08
0.00
0.52
0.38
0.18
0.38
0.18
0.08
0.00
1.00
0.00
0.48
0.38
0.18
0.08
0.18
0.08
0.02
0.52
0.38

BP
0.42
0.58
0.39
0.11
0.06
0.14
0.00
0.12
0.58
0.30
0.58
0.30
0.11
0.01
1.00
0.00
0.69
0.64
0.30
0.11
0.30
0.14
0.06
0.83
0.58

BSFC
0.00
0.31
0.53
0.67
0.51
0.46
0.67
1.00
0.36
0.59
0.28
0.35
0.70
0.70
0.48
0.71
0.15
0.20
0.59
0.70
0.63
0.63
0.51
0.41
0.35

NOx
0.94
0.52
0.27
0.14
0.37
0.47
0.15
1.46
0.48
0.22
0.51
0.51
0.03
0.15
0.71
0.05
1.00
0.72
0.09
0.00
0.21
0.33
0.35
0.89
0.29

CO
0.77
0.79
0.60
0.78
0.29
0.26
0.75
0.00
0.82
0.83
0.75
0.32
0.97
0.62
0.79
0.56
0.71
0.67
0.94
0.94
0.60
0.67
0.31
0.77
1.00

HC
0.07
0.26
0.50
0.37
0.05
0.02
0.31
1.00
0.38
0.39
0.19
0.00
0.46
0.26
0.47
0.15
0.10
0.15
0.44
0.45
0.36
0.23
0.04
0.25
0.58

co,
0.93
0.84
0.82
0.76
0.65
0.64
0.82
0.00
0.83
0.75
0.81
0.62
0.83
0.72
1.00
0.69
0.92
0.77
0.85
0.81
0.87
0.70
0.47
0.93
0.99

O, Smoke
0.02 0.00
0.05 0.61
0.05 0.92
0.09 0.57
0.31 0.20
0.35 0.20
0.05 0.06
1.00 0.45
0.05 0.52
0.09 0.26
0.06 0.23
0.35 0.44
0.04 0.40
0.12 0.13
0.00 0.77
0.15 0.00
0.03 0.17
0.08 0.38
0.04 0.38
0.06 0.27
0.04 0.39
0.14 0.38
0.30 0.22
0.02 1.00
0.00 0.75

Table 16. GRC and GRG with a rank of B20 blend fuel

Run
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BTE
0.348
0.433
0.488
0.495
0.477
0.457
0.498
0.301
0.453
0.488
0.435
0.458
0.490
0.493
0.326
0.483
0.250
0.429
0.471
0.500
0.478
0.491
0.474
0.379
0.455

BMEP
0.288
0.335
0.405
0.456
0.487
0.456
0.500
0.269
0.335
0.405
0.335
0.405
0.441
0.500
0.250
0.500
0.443
0.335
0.383
0.456
0.405
0.456
0.487
0.358
0.335

BP

0.338
0.333
0.398
0.458
0.482
0.445
0.500
0.283
0.333
0.398
0.333
0.398
0.439
0.494
0.302
0.500
0.374
0.323
0.376
0.458
0.398
0.445
0.476
0.250
0.333

Grey-Relational Coefficients

(Distinguishing Coefficient y = 0.5)

BSFC
0.288
0.486
0.373
0.364
0.389
0.425
0.360
0.250
0.434
0.373
0.486
0.425
0.373
0.367
0.327
0.379
0.278
0.500
0.401
0.357
0.389
0.370
0.398
0.412
0.434

NOx
0.278
0.334
0.383
0.403
0.409
0.362
0.487
0.266
0.357
0.411
0.288
0.337
0.450
0.430
0.290
0.392
0.260
0.286
0.390
0.500
0.393
0.383
0.392
0.250
0.374

CcO
0.301
0.322
0.282
0.303
0.423
0.500
0.324
0.325
0.294
0.286
0.321
0.383
0.263
0.359
0.303
0.431
0.329
0.347
0.250
0.276
0.282
0.332
0.444
0.298
0.270

HC
0.394
0.381
0.275
0.293
0.393
0.500
0.335
0.368
0.288
0.264
0.384
0.404
0.253
0.341
0.284
0.439
0.424
0.401
0.250
0.266
0.293
0.353
0.437
0.294
0.277

CO2
0.276
0.372
0.305
0.341
0.442
0.500
0.395
0.276
0.316
0.348
0.360
0.462
0.291
0.412
0.276
0.453
0.309
0.392
0.250
0.351
0.298
0.417
0.473
0.263
0.263

02
0.480
0.418
0.470
0.444
0.350
0.250
0.407
0.478
0.460
0.441
0.425
0.340
0.474
0.389
0.484
0.340
0.459
0.403
0.500
0.440
0.473
0.387
0.315
0.492
0.494

Smoke

0.459
0.342
0.356
0.412
0.470
0.421
0.500
0.335
0.314
0.401
0.335
0.317
0.329
0.407
0.288
0.473
0.371
0.307
0.358
0.368
0.288
0.353
0.256
0.250
0.356

GRG
0.345
0.375
0.374
0.397
0.432
0.432
0.431
0.315
0.358
0.381
0.370
0.393
0.380
0.419
0.313
0.439
0.350
0.372
0.363
0.397
0.370
0.399
0.415
0.325
0.359

Rank
22
13
14

24
20
11
16
10
12

25

21

15

18

17

23
19
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Table 17. GRC and GRG with rank of B30 blend fuel

Grey-Relational Coefficients

(Distinguishing Coeflicient y = 0.5)

Run BTE BMEP BP BSFC NOx CO HC CO2 02 Smoke GRG Rank
1 0.26 0.36 0.35 0.50 0.21 0.28 0.47 0.26 0.49 0.50 0.37 12
2 0.35 0.36 0.32 0.38 0.25 0.28 0.40 0.27 0.48 0.31 0.34 21
3 0.42 0.40 0.36 0.33 0.29 0.31 0.33 0.27 0.48 0.26 0.35 18
4 0.48 0.46 0.45 0.30 0.31 0.28 0.36 0.28 0.46 0.32 0.37 10
5 0.41 0.49 0.47 0.33 0.27 0.39 0.48 0.30 0.38 0.42 0.39 5
6 0.40 0.46 0.44 0.34 0.26 0.40 0.49 0.30 0.37 0.42 0.39 6
7 0.48 0.50 0.50 0.30 0.31 0.29 0.38 0.27 0.48 0.47 0.40 4
8 0.37 0.33 0.45 0.25 0.17 0.50 0.25 0.50 0.25 0.35 0.34 20
9 0.37 0.36 0.32 0.37 0.26 0.27 0.36 0.27 0.48 0.33 0.34 22
10 0.45 0.42 0.39 0.31 0.30 0.27 0.36 0.29 0.46 0.40 0.36 14
11 0.34 0.36 0.32 0.39 0.25 0.28 0.42 0.28 0.47 0.41 0.35 16
12 0.37 0.42 0.39 0.37 0.25 0.38 0.50 0.31 0.37 0.35 0.37 11
13 0.49 0.46 0.45 0.29 0.34 0.25 0.34 0.27 0.48 0.36 0.38 9
14 0.49 0.50 0.49 0.29 0.31 0.31 0.40 0.29 0.45 0.44 0.40 3
15 0.29 0.25 0.25 0.34 0.23 0.28 0.34 0.25 0.50 0.28 0.30 25
16 0.50 0.50 0.50 0.29 0.33 0.32 0.43 0.30 0.43 0.50 0.41 1
17 0.25 0.34 0.30 0.43 0.20 0.29 0.45 0.26 0.49 0.43 0.34 19
18 0.33 0.36 0.31 0.42 0.23 0.30 0.43 0.28 0.46 0.36 0.35 17
19 0.45 0.42 0.39 0.31 0.32 0.26 0.35 0.27 0.48 0.36 0.36 15
20 0.49 0.46 0.45 0.29 0.34 0.26 0.34 0.28 0.47 0.39 0.38 7
21 0.46 0.42 0.39 0.31 0.30 0.31 0.37 0.27 0.48 0.36 0.37 13
22 0.47 0.46 0.44 0.31 0.28 0.30 0.41 0.29 0.44 0.36 0.38 8
23 0.42 0.49 0.47 0.33 0.28 0.38 0.48 0.34 0.38 0.41 0.40 2
24 0.26 0.33 0.27 0.35 0.21 0.28 0.40 0.26 0.49 0.25 0.31 24
25 0.37 0.36 0.32 0.37 0.29 0.25 0.32 0.25 0.50 0.29 0.33 23

Table 18. Analysis of variance of B20 blend fuel
Source DF SeqSS  Contribution (%)  AdjSS Adj MS F-Value  P-Value
CR 4 0.001788 5.83 0.001788 0.000447 3.05 0.153
IP (MPa) 4 0.000079 0.26 0.000079 0.000020 0.13 0.961
IT (0b
TDC) 4 0.000384 1.25 0.000384 0.000096 0.65 0.655
Load (%) 4 0.026987 87.90 0.026987 0.006747 45.99 0.001
EGR (%) 4 0.000877 2.86 0.000877 0.000219 1.49 0.353
Error 4 0.000587 191 0.000587 0.000147
Total 24 0.030702 100.00
Table 19. Analysis of variance of B30 blend fuel
Source DF SeqSS  Contribution (%) AdjSS  AdjMS F-Value P-Value
CR 4 0.001729 9.40 0.001729  0.000432 3.60 0.121
IP (MPa) 4 0.000620 3.37 0.000620  0.000155 1.29 0.406
IT (0b TDC) 4 0.000558 3.04 0.000558  0.000140 1.16 0.444
Load (%) 4 0014478 78.73 0.014478 0.003619  30.12 0.003
EGR (%) 4 0.000524 2.85 0.000524  0.000131 1.09 0.468
Error 4 0.000481 2.61 0.000481  0.000120
Total 24 0.018390 100.00
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3.5.1.5. Nox emissions

NOx emissions occur when a vehicle’s exhaust releases nitrogen ox-
ides. Figure 8e shows that B20CV + 100 ppm ZnO produces higher
NOx emissions than standard diesel. The higher oxygen content of
biodiesel, which leads to more complete combustion and higher
peak temperatures, which increase NOx formation.

3.5.1.6. CO emissions

CO is a toxic byproduct of incomplete combustion. Figure 8f shows
that B20CV with 100 ppm ZnO produces higher CO emissions than
regular diesel. This may be due to the tendency of ZnO nanoparticles
to agglomerate, reducing catalytic efficiency and causing incomplete
combustion.

3.5.1.7. HC emissions

Figure 8g shows that B20CV + 100 ppm ZnO produces higher un-
burnt hydrocarbon (HC) emissions than standard diesel. This may
be due to localized areas of incomplete combustion caused by ZnO
nanoparticle agglomeration.

3.5.1.8. CO2 emissions

CO2 is produced by complete combustion. Figure 8h shows that
B20CV + 100 ppm ZnO emits more CO2 than regular diesel. Bio-
diesel has a higher fatty acid content, and ZnO nanoparticles in-
crease combustion efficiency.

3.5.1.9. O2 emissions

Figure 8i shows that B20CV + 100 ppm ZnO produces lower O2
emissions than standard diesel. This is due to the higher oxygen con-
tent in biodiesel and the catalytic effect of ZnO, both of which lead
to more complete combustion.

3.5.1.10. Smoke emissions

Smoke emissions, primarily resulting from incomplete combustion,
are lower with B20CV + 100 ppm ZnO than with standard diesel, as
shown in Figure 8j. This is likely due to the higher oxygen content of
biodiesel, which reduces soot formation.

3.5.2. Comparison of B30CV algae biodiesel against standard
diesel

3.5.2.1. Brake thermal efficiency (BTE)

Figure 9a indicates that B30CV + 100ppm ZnO exhibits a lower

BTE than standard diesel. This reduction is attributed to the lower
calorific value of biodiesel and to the use of exhaust gas recirculation

(EGR), the latter which reduces NOx emissions but also decreases
combustion efficiency

3.5.2.2. Brake power (BP)

As shown in Figure 9b, the brake power of B30CV + 100ppm ZnO
is lower than that of standard diesel. This outcome results from ag-
glomeration of ZnO nanoparticles and biodiesel’s higher viscosity,
which impair fuel atomization and lead to incomplete combustion.

3.5.2.3. Brake mean effective pressure (BMEP)

Figure 9c demonstrates that B30CV + 100ppm ZnO results in lower
BMEP than standard diesel. The reduction in BMEP results from
slower combustion and increased heat transfer to the cylinder walls
both of which diminish energy conversion efficiency.

3.5.2.4. Brake specific fuel consumption (BSFC)

Figure 9d shows that B30CV + 100ppm ZnO has a higher BSFC
than standard diesel. The lower combustion temperature and lower
calorific value of biodiesel require more fuel to achieve the same
power output, thereby reducing overall fuel efficiency.

3.5.2.5. NOx emissions

Figure 9e shows that the NOx emissions are lower for B30CV +
100ppm ZnO than that of standard diesel. The catalytic effect of
ZnO nanoparticles helps in combustion at lower temperatures,
which reduces the formation of NOx.

3.5.2.6. CO emissions

Figure 9f shows that CO emissions of B30CV + 100ppm ZnO are
greater than standard diesel. The Increase may be due to agglomer-
ation of ZnO nanoparticles which inhibit catalytic activity, incom-
plete combustion.

3.5.2.7. HC emissions

As shown in Figure 9g, B30CV + 100ppm ZnO has higher HC emis-
sions than diesel. The incomplete combustion and higher hydrocar-
bon emissions are due to the uneven distribution of oxygen in the
fuel.

3.5.2.8. CO2 emissions

As shown in Figure 9h, B30CV + 100ppm ZnO exhibits higher CO2
emissions. Although some localized regions of incomplete com-
bustion are seen, the overall combustion process is more efficient
owing to the long chain fatty acids and the catalytic effect of ZnO
nanoparticles.
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3.5.2.9. O2 emissions

Figure 9i shows that the O2 emission of B30CV + 100ppm ZnO is
lower than that of the standard diesel. This means that the oxygen
content of biodiesel leads to more complete combustion.

3.5.2.10. Smoke emissions

Figure 9j demonstrates that B30CV + 100ppm ZnO results in lower
smoke emissions than standard diesel. The reduced smoke is at-
tributed to the higher oxygen content and more complete combus-
tion associated with biodiesel.

3.5.3. Comparison of ANN and experimental results

The experimental results obtained from running the engine on
B20CV + 100ppm ZnO and B30CV + 100ppm ZnO were close to
values predicted by ANN modelling. From Figures 10 and 11, it is
seen that the performance and emission parameters such as BTE,
BMEP, BP, BSFC, CO, HC, CO2, O2 and Smoke are in close agree-
ment with experimental(actual) results, showing the accuracy of the
ANN model in predicting the parameters. But there is a consider-
able difference in the NOx emission level as reported in Figures 10e
and 11e. The high correlation coefficient between experimental and
ANN-predicted results for these parameters shows that the ANN
model can capture the characteristics of the biodiesel blends. This
therefore confirms its effectiveness for engine performance model-

ling. On the contrary, the discrepancy in NO_emission suggests that
the ANN model has not been able to fully capture the complex con-
trivance involved in NO_formation under varying operating condi-
tions. This could be mostly attributed to the inherent variability in
the experimental setup and the sensitivity of NO_formation to mi-
nor changes in combustion conditions. Table 20 presents the confir-
mation test results for B20CV+100 ppm ZnO. All three experiments
were conducted under identical operating conditions: compression
ratio (CR) of 14, injection pressure (IP) of 200 bar, injection timing
(IT) of 21° before TDC, load of 100%, and exhaust gas recirculation
(EGR) of 12%. The first column of Table 20 presents the Artificial
Neural Network (ANN) predictions of emission and performance
parameters. The second column shows experimental results for the
B20CV+100 ppm ZnO blend, and the third column shows results
for conventional diesel.

Table 21 presents the confirmation test results for B30CV+100 ppm
ZnO. All three experiments were conducted under identical oper-
ating conditions: compression ratio (CR) of 14 injection pressure
(IP) of 200 bar, injection timing (IT) of 17°before top dead center
(BTDC), load of 100%, and exhaust gas recirculation (EGR) of 9%.
The first column of Table 21 presents the Artificial Neural Network
(ANN) predictions of emission and performance parameters. The
second column presents the experimental results obtained with the
B30CV+100 ppm ZnO blend, while the third presents the results for
conventional diesel.

Table 20. Confirmation test for B20CV+100 ppm ZnO fuel

2 . F - g 3 = ] 3
i, g & ¢ o &. § &% ® @ g
=t & = o8 2 B I3 8 == g 8 2
35 8 B & &8 g° S 93 s = 8
= é =} E =) Z O T " &) o
BZOCV’“L‘;’ ppm Zn0 1530 331 298 045 14472 239 29759 905 606 2396
B20CV+100 ppm ZnO 212 41 33 041 75 3.1 221 9 581 207
Experimental
Diesel 21 41 32 042 44 1.98 130 59 112 281
Experimental
Table 21. Confirmation test for B30CV+100 ppm ZnO fuel
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B3OCV+I00ppmZn0 ) 4o 195 261 024 5612 Les 22362 7.1 995 2738
ANN
B3OCVHI00ppm ZnO 15 380 310 044 12500 187 15500 970 630  23.50
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Diesel 2370 410 340 036 127.00 1.62 14800  9.00 729 127.00
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Figure 11. Comparison between predicted ANN outputs and experimental results for B30 blend across performance
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Figure 10. Comparison between predicted ANN outputs and experimental results for B20 blend across performance

and emission parameters
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3.6. Uncertainty analysis

Statistical analysis of uncertainty is a critical part of experimental
research, as the instruments used to measure a variety of parame-
ters are susceptible to random errors influenced by factors such as
equipment conditions, laboratory calibration, environmental vari-
ables, and measurement readings. Consequently, we employ a math-
ematical method, known as the propagation of errors, to reduce the
likelihood of errors. The uncertainties in parameter values estimated
by instruments can be attributed to equipment errors during exper-
iments. The overall percentage uncertainty is decided using Equa-
tion (8). The engine’s overall performance and emissions profile are
influenced by each parameter in the equation. The reliability of the
experimental results is influenced by the uncertainty of each param-
eter, which reflects the potential variability or measurement error.

Tables 22 and 23 give the comparison of the present study results
with earlier findings. Based on the comparative analysis of perfor-
mance and emission parameters presented in Tables 22 and 23, the
study highlights both the advantages and limitations of biodiesel
blends with ZnO nanoparticle additives. In terms of performance,
earlier studies such as Satputaley et al. (2018) and Mathimani et al.
(2017) reported a reduction in Brake Thermal Efficiency (BTE) for
biodiesel and algae oil, with decreases of approximately 5.2% and
6.4%, respectively, compared to diesel. However, in the present
study, the B20 blend enriched with 100 ppm ZnO nanoparticles
achieved a marginal increase in BTE to 21.2% compared to 21% for

diesel. Conversely, a higher blend ratio (B30 + 100 ppm ZnO) led to
a reduction in BTE to 20.1% versus 23.7% for diesel, showing that
while ZnO enhances performance at lower blend levels, its effect di-
minishes at higher concentrations. About Brake brake-specific fuel
Consumption (BSFC), biodiesel typically consumes more fuel for
equivalent power output, as noted by Satputaley et al. (2018). Yet,
the B20 + 100 ppm ZnO blend showed an improved BSFC (0.41
kg/kWh) over standard diesel (0.42 kg/kWh), while the B30 + ZnO
blend proved a higher BSFC (0.44 kg/kWh) than diesel (0.36 kg/
kWh), reaffirming the benefits of best nanoparticle dosing.

Study results on emissions are mixed. Oxygen and hydrogen enrich-
ment reduced CO and HC emissions (Satputaley et al., 2018; Tayari,
2019). The biodiesel-ZnO blends had higher CO emissions than
diesel (1.62% Vol) (3.1% Vol for B20CV and 1.87% Vol for B30CV).
B20CV and B30CV had 221 ppm and 155 ppm HC emissions, higher
than diesel (148 ppm), but nanoparticle addition reduced emissions
from unmodified blends. Smoke emissions improved significantly
with B30CV and B20CV at 23.5 mg/m?® and 20.7 mg/m?, respec-
tively, compared to diesel at 127 mg/m? and 28.1 mg/m?, indicating
ZnQO’s particulate suppression effect. Moderate mitigation was also
seen in NOx emissions, with the B20CV blend emitting 125 ppm,
which is slightly below diesel emissions of 127 ppm. Overall, ZnO
nanoparticles have a good effect in the improvement of combustion
efficiency and decrease of particulate emissions, but their effect on
gaseous emissions such as CO and HC is limited, particularly at
higher blends.

Table 22. Comparison of present study with earlier findings (performance parameter)

Performance
Parameters

Results

Biodiesel and Algae Oil show a reduction in BTE
of about 5.2% and 6.4% compared to diesel.

BTE diminished with an increase in blends.

BTE

Reference

Satputaley et al. (2018)

Mathimani et al. (2017)

The biodiesel blend B20 + 100 ppm ZnO exhibited an
increase in brake thermal efficiency (BTE) (21.2%) com-

pared to standard diesel (21%) at full load. Conversely,

Present Study

the B30 + 100 ppm ZnO blend proved a reduction in
BTE (20.1%), in contrast to standard diesel (23.7%)

Biodiesel and Algae Oil consume more fuel
to give the same power output.

BSFC improved by 6.6% with 10 LPM hy-

drogen gas for the blend B20.

BSFC

Satputaley et al. (2018)

Tayari et al. (2019)

The biodiesel blend B20 + 100 ppm ZnO exhibited a reduction
in brake-specific fuel consumption (BSFC) (0.41 kg/kWh)

compared to standard diesel (0.42 kg/kWh) at full load. In

Present Study

contrast, the B30 + 100 ppm ZnO blend proved an increase in
BSFC (0.44 kg/kWh) compared to standard diesel (0.36 kg/kWh).
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Table 23. Comparison of present study with earlier findings (emission parameter)

Emission
Parameters

Results

10 to 12% excess oxygen level in methyl ester and algae oil results in reduced CO emissions.

CO emissions are reduced by 13.7% because of hydrogen enrichment.

Cco

Reference

Satputaley et al. (2018)

Tayari et al. (2019)

The B20CV + 100 ppm ZnO blend exhibited CO emissions of 3.1% Vol at full

load, while the B30CV + 100 ppm ZnO blend recorded 1.87% Vol. However, both

Present Study

blends proved higher CO emissions compared to standard diesel (1.62% Vol)

10 to 12% excess oxygen level in methyl ester and algae oil results in reduced UHC emissions.

HC emissions are reduced by 34.3% because of hydrogen enrichment.

HC

Satputaley et al. (2018)

Tayari et al. (2019)

The addition of ZnO nanoparticles led to a reduction in HC emissions, with values of 221

ppm for B20CV + 100 ppm ZnO and 155 ppm for B30CV + 100 ppm ZnO. However, HC

Present Study

emissions for both blends remained higher compared to standard diesel (148 ppm)

10 to 12% excess oxygen level in methyl ester and algae oil results in reduced Smoke Opacity.

Smoke

Satputaley et al. (2018)

The addition of 100 ppm ZnO nanoparticles resulted in a significant reduction in smoke
emissions, with values of 23.5 mg/m?® for B30CV + 100 ppm ZnO, compared to 127
mg/m?® for standard diesel at full load. Similarly, the B20CV + 100 ppm ZnO blend

Present Study

showed lower smoke emissions (20.7 mg/m?) than standard diesel (28.1 mg/m?)

At 5.15 kW power load, algae oil proved the greatest reduction in NO_of 19 ppm.

NO, emissions were reduced by 5.1% when hydrogen was enriched.

NO,

The B20CV + 100 ppm ZnO blend exhibited NO_emissions of 125 ppm at full load,
which was slightly lower than standard diesel (127 ppm) under the same conditions.

Satputaley et al. (2018)

Tayari et al. (2019)

Present Study

4. Conclusion

Algae oil is a significant feedstock for biodiesel production because
it is consumed at high levels both nationally and globally. Biodiesel
derived from algae oil is considered a third-generation renewable
fuel that does not compromise food security. The performance and
emission characteristics of Cholera Vulgaris biodiesel blend with
Al,O,and ZnO were investigated on a single-cylinder, four-stroke
diesel engine with VCR and various optimization techniques were
used to interpret the results. Nanomaterials improve combustion
characteristics by enhancing fuel atomization, catalytic activity, and
thermal conductivity. Air and fuel mix better with more surface
area, improving combustion efficiency and reducing emissions.
ZnO and Al,O; nanoparticles impact fuel viscosity and density,
affecting injection characteristics, spray formation, engine perfor-
mance, and emissions. ANN models were also created to test perfor-
mance and emission predictions. Nano-additives improve biodiesel
performance but can cause instability, injector clogging, and high
costs. Agglomeration clogs filters and reduces engine life. Despite
these limitations, the results will help perfect biodiesel-nanoparticle
blends to improve engine performance and control emissions with-
out engine modifications. The novelty of this work is underscored by

its integration of optimization techniques and predictive modeling
to assess the feasibility of algae-based nano-biodiesel blends in im-
proving CI engine performance and reducing emissions.

The following conclusions were the most notable and were drawn
from the experiment conducted:

. For B20CV + 100ppm ZnO, performance characteristics
such as BTE, BP, and BSFC improved compared to stan-
dard diesel, while BMEP stayed the same. Such equality
from similar energy densities in biodiesel and standard
diesel.

On the contrary, the results obtained for emission characteristics
such as NO, CO, HC, and CO, were found to be discrepancies.
The most conspicuous reason for such anomalies could be the ag-
glomeration of ZnO nanoparticles which causes localized regions of
incomplete combustion.

In the case of B30CV + 100ppm ZnO, opposite results were obtained
for the performance parameters. BTE, BP, and BMEP were lower
than those of standard diesel while BSFC was higher. This could be
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due to an increase in the percentage of biodiesel in the fuel which
causes a significant reduction in the lower calorific value, resulting
in lower energy content.

The emissions parameters, however, such as NO,, O, and smoke
were better than their diesel counterpart. In contrast, CO and HC
were anomalies resulting from inconsistent atmospheric conditions
in the experimental setup and other random errors.

The ANN model, which was created using MATLAB R2024a (24.1)
for both B20CV and B30CV, was found to confirm its definition.
The performance and emission characteristics in the experimental
and ANN results were highly correct. However, the NO_emission
results were found to be less correlated. This is because the model
could not grab the sensitivity of NO_formation to minor changes in
combustion conditions.
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Nomenclature

Cv Chlorella Vulgaris
HC Hydrocarbons

CO Carbon Monoxide

CI Compression ignition
02 Oxygen

NOx Nitrogen oxides

CO2 Carbon dioxide

BTE Brake Thermal Efficiency

BSEC Brake Specific Fuel Consumption
BMEP Brake Mean Effective Pressure
BP Brake Power

ANN Artificial Neural Network

ALO, Aluminium Oxide

ZnO Zinc Oxide
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