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Abstract

The incorporation of alternative fuels in the automotive domain has brought a new paradigm to tackle the environmental
and energy crises. Therefore, it is of interest to test and forecast engine performance with blended fuels. This paper presents
an experimental study on gasoline-ethanol blends to test and forecast engine behavior due to changes in the fuel. This study
employed a machine learning (ML) technique called TOPSIS to forecast the performance of a slightly higher blend fuelled
engine based on experimental data obtained from the same engine running on 0% ethanol blend (EO) and E10 fuels under
full load conditions. The engine performance predictions of this ML model were validated for 15% ethanol blend (E15) and
further used to predict the engine performance of 20% ethanol blend fuel. The prediction R? score for the ML model was
found to be greater than 0.95 and the MAPE range was 1% to 5% for all observed engine performance attributes. Thus, this
paper presents the potential of TOPSIS methodology-based ML predictions on blended fuel engine performance to shorten
the testing efforts of blended fuel engines. This methodology may help to faster incorporate higher blended fuels in the
automotive sector.
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Introduction

With the advancement in technology, the world is inherently orienting itself to data with more complexity.
Intuitively, this advancement captures physical processes with more and more precision. Precision in data
mining of a physical process explicitly gives rise to contemporary problems that are complex in nature. This
breakdown of the process needs to be well understood to approach a problem. In this regard, artificial
intelligence has evolved over the years to come up with various insights and hidden patterns to help in
forecasting as well as data driven decision making [1,2].

The umbrella of artificial intelligence (Al) includes various methodologies that serve a crucial purpose in crossing
hurdles in contemporary problem statements. An important one is machine learning (ML). ML methods have
proven to be very effective in addressing various problems in different domains, such as combustion [3,4],
manufacturing [5,6], aerodynamics [7], and battery management [8]. Improvement of automotive engines has
been widely investigated for over a decade when the idea of alternative fuels was first introduced in the
automotive domain [9]. Alternative fuels not only serve to support vehicle motion but also mitigate the
dependency on conventional sources of energy. A lot of work has been done in this domain to improve engines
and address complexities like dual fuel use [10], materials compatibility [11], CNG engine development [12,13],
and methanol blending [14]. These fuels include gasoline doped with ethanol and methanol; diesel doped with
ethanol and methanol; diesel doped with CNG and LNG, H> doped with CNG, etc.

Ethanol as a fuel has a higher-octane number and oxygen content compared to gasoline, which enhances
combustion and complete fuel burning. The fuel being renewable in nature can boost the agricultural sector and
mitigate the dependency on fossils. India is on the verge of incorporating E20 (20% ethanol blended in gasoline
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by volume) on a national level by 2025. This elevated interest of incorporating ethanol as primary fuel is to utilize
energy from agricultural feedstock. This benefits the overall reduction of oil imports, which will benefit the
overall economy [11]. The massive consumption of non-renewable resources and environmental pollution
threaten to cause an energy crisis, which will require us to create more restrictive regulations to exercise
environmental scrutiny. With the introduction of the BS VI norm in India, future regulations are bound to
become more stringent with standards under consideration for unregulated emissions such as aldehyde and
ketone group formation. The conventional methods employing CFD models and various analytical and numerical
simulation methods are complex and time consuming in forecasting engine combustion dynamics [15,16],
performance [17], and emissions and engine knock [18,19]. This brings in the contemporary method of data
driven modelling to aid in the forecasting of engine performance and emissions, which proffers scientific driven
decision making.

Novelty of the Present Study

This study employed an ensemble learning method to train an ML model on EO and E10 fuels, which was
validated with experimental runs for E15 fuel, after which the performance data for E20 fuel were predicted to
check for this approach’s reliability. We also attempted to showcase the usage of multi-criteria decision-making
techniques, which may be very useful along with machine learning to prepare for optimized experimental runs
to predict the best engine operating points and the worst engine operating points, which may be useful for
engine calibration. Based on the literature survey done by the authors, it was observed that the use of machine
learning to date has limited use in engine calibration. This methodology will also help to reduce overall testing
time and cost for research projects in this specific domain.

Literature Review

Conventional sources of energy are being consumed at ever higher degrees as transportation fuel, significantly
contributing to environmental pollution. The prospect of a clean and green environment for future survival
greatly magnifies the importance of alternative fuels for transportation. That being said, the research in this field
needs thorough comprehension in regard to the performance of such fuels, emission mitigation, and the
longevity of the fuel components under controlled circumstances. Chandrasekar, et al. [20], in their review study
economically assessed and thoroughly laid down vegetable oil, bio-ethanol, glycerol and bio-diesel as some of
the alternatives parried to diesel. Bielaczyc, et al. [21] visualized the effect of the ethanol blend percentage in
gasoline for a light-duty vehicle on E5, E10, E25, and E50 on NEDC, UDC, and EDC test cycles. The study
summarized the effect of properties of fuel on regulated and unregulated emissions and found that the blend
E25 showed extreme responses of different emission species. The advantage of incorporating ethanol as a fuel
is that it has higher auto ignition temperature, latent heat of vaporization, and flash point, making it easier for
storage and transportation [22]. However, due to its lower calorific value more fuel will be consumed to extract
the same amount of output power as compared to gasoline using the same engine type. The literature on this
topic is quite vast and complex, but prospective alternative fuels are moving quickly towards execution
strategies.

The potential of Al and ML to computationally map the process could come in very handy for the automotive
industry to forecast engine performance with higher accuracy instead of employing time-consuming simulation
methods based and numerical based models. Literature reviews in regard to the usage of machine learning in
this domain seems to be relatively scarce but have enticed a lot of interest among researchers and the industry.
Zhou, et al. [23] reviewed machine learning for combustion, summarizing innovative usage of machine learning
for combustion instability, combustion dynamics, fuel properties prediction and design, combustion
optimization, etc. This application is made difficult by the complexity of the combustion process and the ability
of training data to map its chemical nature. Also considering the combustion in engines, the mapping ability of
a preliminary model on the continuous operation of the engine may require recalibration and retraining [24].
Various other studies have tried to incorporate data from the literature and also experimental methods for ML
algorithms such as the Gaussian process, Random Forest, Neural Networks, etc., which could be fruitful to obtain
better predictions of the emissions, knock, and performance of IC engines [25-27]. In the present study, we
investigated the prospect of machine learning on engine performance by conducting tests with ethanol blended
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fuels, which also lays a road map for predicting engine performance when alternative fuels are variably viable
on national and global levels.

Experimental Methodology

The study methodology was selected based on the idea of applying machine learning in the IC engine domain.
The fundamental philosophy behind this procedure is the contemporary concept of data driven modelling and
decision making. This would provide a computational complex mathematical process to explain the actual
physical process and enable comparison with performance parameters in IC engines. The experimental testing
procedure consisted of full throttle performance for 100% loading using two fuels, namely gasoline (EQ) and
ethanol-gasoline blend of 10 to 90 % by volume (E10). The fuel properties of the pure fuel and the blended fuel
are given in Table 1 below.

Table 1 Properties of test fuels.

Properties Test Method Gasoline (EO) Gasoline-Ethanol Blend (E10)
Density (Kg/m3 @ 15 °C) ASTM D 4052 749.6 752.2
Research Octane Number ASTM D 2699 92.1 97
Calorific Value (MJ/kg) ASTM D 4814 42.6 40.97
Reid Vapor Pressure (kPa @ 38 °C) ASTM D 5191 53.8 55.5
Final Boiling Point (°C) ASTM D 86 201 189.8

The full throttle performance (FTP) was performed on the engine dynamometer of a 1.2-1 Sl engine with four
cylinders, four-stroke multi-point injection for both EO0 and E10 fuels. The engine specifications are listed in Table
2 below. The experimental methodology consisted of carrying out the FTP procedure at 13 different speeds from
1,000 to 6,000 rpm with 500-rpm intervals and two other speeds, i.e., 4,400 (max torque) and 6,200 rpm
(maximum power), respectively. The cycle-based data were averaged out for all the speeds and were post
processed for effective data comparison.

Table 2 Test engine specifications.

Engine type Sl engine
No. of cylinders 4
Aspiration type Naturally aspirated
Injection system Multi-point injection
Cubic capacity (cc) 1200

Experimental Results

Experimental Data Collection

The performance of the engine was examined using the same engine type and different fuels. Data
interpretation reveals the variation in performance for the same engine for various parameters. Data acquisition
was performed with the engine tested on the engine dynamometer, which yielded the sets of engine
performance data shown in Figure 1. The data measurement uncertainty is a stochastic process that is
unavoidable in measuring devices. The engine performance measurement uncertainty for various measured
parameters at 95 % confidence level is shown in Table 3.

Table3  Measurement uncertainty for engine performance parameters.

S.No Engine Performance parameters Uncertainty value (@ 95 % confidence level)
1 Engine speed +3.5rpm
2 Torque +2 N-m
3 Power +0.5 KW
4 Fuel flow +0.05 kg/hr




343 Forecasting of Engine Performance for Gasoline-Ethanol Blends
DOI: 10.5614/j.eng.technol.sci.2023.55.3.10

The engine was mounted on a test bed with the help of anti-vibration mounts. Then, the engine was coupled
with an eddy current dynamometer with the help of a drive shaft. The eddy current dynamometer was used to
apply the desired load on the engine at a certain engine speed.

Engine Mounted
Engine
Test Bed

Schematics of eddy current dynamometer with engine mounted for testing.

Eddy Current Dynamometer

The equipment used during the data collection is listed in Table 4. To maintain uniformity in the results with
different fuel blends, the engine was maintained within pre-decided boundary condition. A conditioned air
system was used to provide the intake air at 25 °C + 2 ° at 100 kPa pressure. The engine was first warmed up by
applying a random load. A water temperature of 80 °C + 2° and oil temperature of 120 °C £ 2° was achieved
before starting the actual full throttle performance (FTP) test.

The first set of FTP data was taken with the EO fuel. The engine was initially set to 6,200 rpm and 100% throttle
by using the speed—throttle (N-a) mode of the dynamometer. In this typical mode, the dynamometer tries to
maintain the commanded speed with 100% throttle by applying load (torque) on the flywheel. This torque
applied to the flywheel is recorded as torque achieved during the set speed and throttle position. For each
operating point, parameters like fuel flow, torque, speed, throttle (%), in-combustion data was captured and
recorded. After completion of the first point, the engine was set to a new rpm, i.e., 6,000 rpm with 100% throttle,
and again the data was recorded once the set point was stabilized. This process was repeated for new RPMs
with steps of 500 rpm to 1,000 rpm.

After completion of EO data recording, the fuel was changed to E10 and the engine was warmed up again. The
same process as mentioned in the previous paragraph was repeated with the E10 fuel. The P-6 curve for all
speeds were visualized and shown as a waterfall diagram. A comparison of the overall averaged out cycle-based
data for EO and E10 testing is given in the subsequent sections.

Table 4 List of equipment used during the experimentation.

S. No Equipment Make
1 Engine dynamometer SAJ AG 150
2 Conditioned air system  KS, COND AIR SYSTEM - 03
3 Air flow meter ABB SENSYFLOW — SFI - 09
4 Fuel flow meter FEV

Engine Performance Output Comparison

Cylinder Pressure and HRR

The comparative averaged out cylinder pressure values at all speeds were compared for the EO and E10 fuels,
so as to get visual insight during engine strokes, as shown in Figure 2. At lower-end RPM, the cylinder pressure
was lower for EO compared to E10, as indicated by the variation of the combustion duration at these points. This
perhaps could be due to the higher research octane number (RON) of the fuel and the higher laminar flame
speeds of the fuel, in accordance with the literature [Baddu, et al., 28], which depicts better combustion at these
points for E10 as compared to EO.
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Waterfall diagram for P-0 of the averaged-out data for EO and E10 at all speeds.
The averaged-out data for HRR and cylinder pressure were also processed for low, medium, and high speeds, as

shown in Figures 3 and 4, respectively. This comparison also aids the improvement of heat to work conversion
for E10 compared to EOQ, as it is an oxygenated fuel, which inherently improves the efficiency as well.
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Heat release rate comparison for EO and E10 at low and medium speed.

Table 5 shows a comparison of the combustion pressure and heat release for the EO and E10 fuels at low speed
based on the graph shown in Figure 3. In this typical low-speed graph, the blue line corresponds to the E10 fuel,
whereas the red line corresponds to the EO fuel. Two vertical lines were placed in the graph based on the highest
heat release rate point for each individual fuel.

Table5 Combustion pressure and heat release comparison at low speed.

dQ dQ;

Low Crank Angle Pcyl (bar) Pcyl (bar)
. - (KJ/kg deg) (KJ/kg deg)
Speed Category (Degree) EO (Red line) E10 (Blue line) EO (Redline)  E10 (Red line)
Fuel - EO 27.8 30.179 37.390 124.686 65.832
Fuel - E10 21.7 25.686 35.335 86.083 117.691

The heat release rate for EO and E10 fuel was found to be 124.686 and 117.691 KJ/kg deg. at crank angle positions
of 27.8° and 21.7° respectively. It can be seen that at lower speed, the HRR was higher for EO when compared
to E10, however it can be observed that the maximum heat was released much earlier for E10 than for EQ, which
means that the rate of combustion is better for the E10 fuel. Due to the early release of heat, more productive
work can be generated as the produced energy can be used to push the crankshaft to a downward position and
heat is not lost during the expansion stroke. This phenomenon is useful for improving the efficiency of the engine
when using E10 fuel. Table 6 shows a comparison of the combustion pressure and heat release for the EO and
E10 fuels at medium speed based on the graph shown in Figure 3.
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Table 6 Combustion pressure and heat release comparison at medium speed.

. dQ; dQ,
Medium Crank Angle Pcyl (bar) Pcyl (bar)
. . (KJ/kg deg) (KJ/kg deg)
Speed Category (Degree) EO (Red line) E10 (Blue line) EO (Red line) E10 (Blue line)
Fuel - EO 14.9 47.443 48.907 127.197 117.608
Fuel - E10 14.4 46.812 48.235 126.243 118.569

In this typical medium speed graph, the blue line corresponds to the E10 fuel, while the red line corresponds to
the EO fuel. Two vertical lines were placed in the graph based on the highest heat release rate point for each
fuel. The heat release rate for EO and E10 was found to be 127.197 and 118.569 KJ/kg deg. at crank angle
positions of 14.9° and 14.4°, respectively. It can be seen that at medium speed, the HRR was higher for EO when
compared to E10 by around 6.7%. However, it can also be observed that the maximum heat was released earlier
for E10 than EO, which means that the rate of combustion is better for E10 fuel. Table 7 shows a comparison of
the combustion pressure and heat release for EQO and E10 at high speed based on the graph shown in Figure 4.
In this typical high-speed graph, the blue line corresponds to the E10 fuel, while the red line corresponds to the
EO fuel. Two vertical lines are placed in the graph based on the highest heat release rate point for each individual
fuel.
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Heat release rate comparison for EO and E10 at high speeds.

The heat release rate for EO and E10 was found to be 114.502 and 129.248 KJ/kg deg. at crank angle positions
of 14.0° and 12.3°, respectively. In contrast to the low and medium speed results, it can be seen that at high
speed the HRR was more for E10 when compared to EO by around 12.8%. At the same time, it can be observed
that the maximum heat was released earlier for E10 than for EQ, which means that the rate of combustion is
better for the E10 fuel. It can be stated that as the engine speed increases, due to the increase in engine cylinder
temperature and homogenous mixture formation, the combustion quality of E10 improves.

Table 7 Combustion pressure and heat release comparison at high speed.

High Crank Angle Pcyl (bar) Pcyl (bar) dQ; dQ
Speed Category (Degree) EO (Red line) E10 (Blue line) (KJ/kg deg) (KJ/kg deg)
EO (Red line) E10 (Blue line)
Fuel - EO 14.0 59.323 61.803 114.502 128.843
Fuel - E10 12.3 57.111 59.477 112.455 129.248
Power

The power output given by the engine had a marginal difference among the fuels employed at different rpms
for the experimental procedure. The engine performed better with E10 fuel, with an average increase in power
of about 1.64% due to better combustion properties. The variation of power is depicted in Figure 5. The rise in
power output can be correlated with the HRR graphs for low speed, medium, and high speed in the previous
section.
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Power and BSFC comparison of averaged-out data for the EO and E10 fuels.

It was observed that HRR was improved for the E10 fuel at higher engine speed and the same resulted in an
increase in power with E10 fuel for some of the operating speeds. The main reason behind this could be that the
higher-octane number and the inherently present oxygen in the E10 fuel help to improve the combustion quality.

Brake Specific Fuel Consumption

Comparatively, the brake-specific fuel consumption (BSFC) improved again at lower end speeds, pertaining to
the better combustion characteristics of E10 at lower end speeds. This trend went up and down due to ECU
being calibrated differently for both fuels pertaining to verification for the best performance of the engine. The
overall absolute percentage variation in the BSFC was about 3%. This is also depicted in Figure 5. The BSFC is
calculated by dividing the fuel flow rate (g/hr) by power (kW) at a particular rpm. As explained above, as the
power increased due to E10, accordingly the BSFC values decreased. This means that with the same fuel quantity,
more power is produced. The enhancement in combustion quality aids in the fuel consumption improvement
with E10 fuel when compared with EQ.

Torque

The torque output for E10 increased at all speeds with a 1.74% overall increase in torque output compared to
EO as the heat to work conversion is better, which is also in line with the literature (Eyidogan, et al. [29]). This is
depicted in Figure 6. The torque is basically a measurement of the engine’s ability to perform work. Torque and
power are in direct correlation. Since it was observed that the power output was improved at certain operating
points for the E10 fuel, accordingly the torque was also improved. Therefore, it can be stated that with E10 fuel,
the engine’s ability to perform work is improved.
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Torque and combustion duration comparison of averaged-out data for the EO and E10 fuels.
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Combustion Duration

Precision in combustion duration measurement is very important in order to understand the dynamics involved
in the fuel combustion process. The micro and nano domain seem to intensify and precisely capture the
engineering prospects of various processes. Thus, the combustion duration was converted to precise metrics to
better differentiate between the fuel combustion levels. The combustion duration was found to be mostly
decreasing for E10 compared to EO by 2.42%, which could be due to the higher laminar flame speed of ethanol
[28]. This is also shown in Figure 6. The low combustion duration for E10 means that less time is required for
combustion, which in turns suggests that the combustion takes place at a faster rate with the fuel energy
released in a shorter span of time. Thus, the combustion quality and in turn the efficiency of the engine is

improved with E10 fuel.

TOPSIS methodology

Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) is an optimization strategy employed in
the design of experiments to come up with a ranking method to transmute the best experimental run based on
required output attributes. This process is computationally strong and also emphasizes the domain specific
expertise. It caters for the best experimental runs based on Euclidean distance closest to the positive ideal
solution and farthest from the negative ideal solution [30]. In our study, we employed this methodology to
consider engine performance parameters, which were Power, BSFC, Torque, Mechanical Efficiency. The steps
involved in TOPSIS are as follows:

Step 1: The first step involves bifurcating the decision matrix.

Step 2: This step involves normalization of the decision matrix for uniformity of computation. We employed
vector normalization, which produces a normalized decision matrix. The vector normalization is given in Eq. (1)
as follows:

* aij

aij=n72forj=1ton (1)
JZj=19

where a;; represents the vector normalized value for each row (for 1 <j < n) and for each attribute (for 1 < <

n).

Step 3: The normalized decision matrix is then computed by using weighting criteria with the respective weights
multiplied by the respective normalized values. This produces the weighted normalized matrix. Simo’s weighting
criteria were employed and the respective weights for the attributes are given in Table 8. The weighted
normalized matrix is given by Eq. (2):

wag; = aj; X w; (2)

where, w;j is the weighted value for each attribute, * is the weighted value of the row (for 1 <i < n) and for each
attribute (for 1 <j<n).

Table 8 Simo’s weighting criterium for performance attributes.

Attributes Weights
Power 0.3
BSFC 0.3
Torque 0.3

Mechanical Efficiency 0.1

Step 4: The weighted normalized decision matrix is then utilized for computing the Euclidean distance for
closeness to the ideal solution. The positive ideal solution (PIS) and the negative ideal solution (NIS) are given
by:

S = \/Z?zl(wafj —p;)? fori=1ton (3)

Sij = \/Z?ﬂ(wa;‘j —nt)? fori=1ton (4)
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where:
S; represents the distance closeness to the positive ideal solution
S;; represents the distance closeness to the negative ideal solution

pj'represents the best value for each attribute (for 1 <i<n)

nt

" represents the worst value for each attribute (for 1 <j<n)

Step 5: The closeness coefficient is computed and ranked to find out alternatives close to the best solution.
__ Sy
i S;+S7; (5)
where P; represents the closeness coefficient (TOPSIS Score) and S*, SS™ represent the PIS and NIS closeness
values.

The workflow of this ranked based methodology involves various steps, i.e., decision matrix formulation,
normalized decision matrix, weighted normalized decision matrix, computing the Euclidean distance for PIS and
NIS, and closeness coefficient formulation. The TOPSIS procedure was automated in Python according to the
aforementioned steps and the ranking hierarchy for the experimental runs for both fuels, EO and E10, are shown
in Tables 9 and 10 respectively.

Table 9 TOPSIS methodology for EO test data.

Speed Average W Power WBSFC W Torque W ME % PIS NIS TOPSIS Score  Rank

1000 0.015 0.088 0.064 0.029 0.108 0.011 0.096 13
1500 0.026 0.073 0.073 0.029 0.095 0.03 0.241 12
2000 0.036 0.074 0.076 0.028 0.084 0.035 0.297 11
2500 0.049 0.075 0.083 0.028 0.07 0.046 0.398 10
3000 0.06 0.079 0.085 0.028 0.059 0.053 0.474 9
3500 0.07 0.073 0.085 0.028 0.049 0.065 0.571 8
4000 0.083 0.078 0.088 0.028 0.036 0.075 0.674 7
4400 0.094 0.084 0.091 0.028 0.027 0.085 0.761 6
4500 0.096 0.082 0.091 0.028 0.024 0.088 0.785 4
5000 0.106 0.083 0.09 0.027 0.017 0.096 0.853 1
5500 0.114 0.091 0.088 0.027 0.02 0.102 0.839 2
6000 0.118 0.098 0.084 0.026 0.027 0.105 0.798 3
6200 0.117 0.099 0.08 0.026 0.029 0.103 0.781 5

Here, the W attribute denotes the weighted normalized decision matrix for each attribute, PIS denotes the
positive ideal solution (Euclidean distance closest to the ideal solution) and NIS denotes the negative ideal
solution (Euclidean distance farthest from the ideal solution)

Table 10 TOPSIS methodology for E10 test data.

Z’\’;‘::g—e ‘::;N o :;—F ¢ WTorque WME% PIS NS  TOPSISScore Rank
1000 0015 0077 0.065 0028 0106 0024 0.186 13
1500 0026 0.072 0.075 0029 0093 0033 0261 12
2000 0.036 0.078 0.076 0029 0084 0033 0285 11
2500  0.049 0.076 0.083 0028 007 0046 0.398 10
3000 006 0076 0.084 0028 0059 0055 0.481 9
3500 0.071 0.074 0.086 0028 0047 0066 058 8
4000 0.084 0.078 0.089 0028  0.035 0076 0.684 7
4400 0.094 0082 0.091 0028  0.026 0085 0.764 5
4500  0.096 0.083 0.09 0028 0025 0087 0.778 4
5000 0.106 0.086 0.09 0.027 0019 0095 0.833 1
5500 0.114 0.092 0.087 0027 0021 0101 0.828 2
6000 0118 0.1  0.083 0026 0029 0105 0.782 3
6200 0116 0.101 0.079 0026 0032 0102 0.763 6
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Machine Learning Methodology

Data Preparation

The focus of this study was to investigate the credibility of machine learning methodologies on engine
experimental data for different blends of gasoline-ethanol fuels. Our experimental data consisted of only 26
data points, which would not be fruitful for training a machine learning model. The concept of synthetic data
generation is utilized in industries to make better models and strive for improvement. This concept has huge
potential in the big data era to aid loT and its superlatives to achieve the concept of digital twins and cyber
physical systems on a large scale [23].

On a simpler note, we employed the mathematical methodology of non-linear interpolation to generate
supportive synthetic data and converted the 26 experimental runs to 106 experimental data points to make the
model training more precise and the predictions more accurate. This non-linear interpolation not only reduced
the overall test cost but also the testing time. Figure 7 shows that data were interpolated for both the EO
experimental data and the E10 experimental data. The overall data consisting of 106 experimental runs was
used as input for model training using the machine learning methodology.
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Interpolated engine performance data to conduct synthetic data generation.

Application of Machine Learning

Ensemble learning methodologies in machine learning have been found to be very effective in making
predictions for classification and regression problems. This method includes the aggregation of several decision
trees and the corresponding metrics to produce the final decision value. The metrics involved generally include
mean squared error, mean absolute error, etc. for regression problems and entropy, Gini index, etc. for
classification problems [31]. The workflow for using machine learning in our study considered the speed and fuel
properties as input and predicted the engine performance parameters. We used the random forest methodology
available in Python from the standard and powerful scikit-learn library, which contain of inbuilt machine learning
algorithms. An 80:20 train-test split of data was found to give better results based on trial-and-error observation.

Rz and mean absolute percentage error (MAPE) were used as metric to check the credibility of the model
predictions on the individual output attributes. The R2 metric corresponds to validating the variance between
the actual and the predicted data and MAPE corresponds to the relative error of prediction in actual vs predicted
output.

The formulas for MAPE and R2 are given as below:

_lyn P4l
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where:
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Pi is the predicted value of the it observation

Ai: Actual value of the it" observation

U : Mean value of the actual observations

N : number of observations

The result of the prediction vs actual output is tabulated in Table 11.

Table 11 MAPE and R2 scores of individual performance attributes on experimental data.

Attributes R? score MAPE (%)
Power 0.997 2.16
BSFC 0.948 1.61
Torque 0.968 1.16
Combustion Duration 0.995 2.62

Based on the result obtained after model training it was found that the R? scores for all the attributes were
between 0.95 and 0.99; the MAPE (error range) score was found to be between 1% and 3%, which shows the
credibility of the ensemble learning algorithm in forecasting of engine performance.

Model Validation

The above validation was done on conventional test data. The model that was trained on the EO and E10 data
was also validated for E15 fuel with respect to the experimental data. The respective performance metrics for
the validated data are given in Table 12. The validation for E15 seems to be giving good results, as the model
was able to predict all the parameters with good precision. The R? score for all the attributes was between 0.95
and 0.99; the MAPE (error range) score was found to be between 1% and 5%.

Table 12 MAPE and R? scores of individual performance attributes on E15 test data.

Attributes R? score MAPE (%)
Power 0.995 3.31
BSFC 0.956 1.76
Torque 0.966 1.38
Combustion Duration 0.980 471

Visualization of the prediction vs experimental output is shown for engine power and torque in Figure 8 and for
combustion duration (CD) and BSFC in Figure 9.
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Predicted vs actual interpretation of engine power and torque for E15 data.
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Model Prediction

The above model that was trained on the EO and E10 data was also validated for E15 fuel on the same engine
with respect to the experimental data. The predictions were also done on the same engine for E20 fuel and were
compared to the EO actual data. The results are shown in Figure 10.
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Predicted E20 vs actual EO interpretation of engine power and torque.

The torque was on the higher side compared to EO, which could be because oxygenated fuels were used for the
lower sets of blends. As the blend percentage increases, the trend will decrease, as the calorific value will
substantially overpower the combustion characteristics of oxygenated fuels. BSFC illustrates the mix trend and
was found to be higher at higher speeds.

In the same way, the various set of blends can also be predicted and validated based on the study requirements.
The importance of TOPSIS along with machine learning could be useful for reducing the time needed for
conducting a test whenever a different set of fuels must be tested for performance on the same engine. This
can be understood by visualizing the same when predicting the performance of E30 fuel using the same engine
and employ TOPSIS to get the ranking based on closeness to the ideal solution. Once the ranking of the
experiments is tabulated, decision making is crucial to check for the highest ranked experimental runs or the
lowest ranked experimental runs based on the bottlenecks one has to verify. This validation will reduce the
overall time and cost involved in any new R&D project in this domain.
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Results Comparison with Contemporary Studies

This section presents a brief comparative account of the results obtained by contemporary studies similar to the
present work. Sebayang et al. [32] applied extreme machine learning models to forecast engine performance of
gasoline-bioethanol mix fuels. The authors reported a forecasting error and accuracy (R?) of less than 3% and
above 0.980 respectively. Shin et al. [33] applied the Bayesian optimization methodology for predicting diesel
engine performance and obtained an accuracy of 0.9675 R? with a mean absolute error of 1.6%. Elumalai et al.
[34] obtained R? values of above 0.99 for the estimation of brake thermal efficiency (BTE), brake specific energy
consumption (BSEC), and other parameters in a bio-fuelled engine. The authors reported mean absolute
percentage errors (MAPE) of 1.12 and 0.84 for BTE and BSEC. The authors concluded that R? scores close to unity
and errors less than 5% are indicators of good prediction accuracies. As per Yang et al. [35], the artificial neural
network (ANN) model outperformed the RF model in predicting spark ignition engine combustion. Uslu and Celik
[4] reported an (R?) above 0.964 and a mean relative error (MRE) less than from 0.51% by employing ANN to
predict single cylinder diesel engine performance. Considering the above-mentioned recent studies, it is evident
that a regression coefficient (R?) more than 95% and a MAPE less than 5% gives good correlation with the test
data and future predictions. In the present study, the values of (R?) and MAPE were also found to be above 0.95
and less than 5%, respectively, which is in line with the estimation indices followed and prescribed by recent
studies in this field.

Conclusions

The literature survey showed the potential of machine learning methods in IC engine application for their ability
to map physical processes with intricate detail. Therefore, this study focused on checking for the validation of
machine learning models on engine test data. In consideration of flex fuel induction at a large scale around the
globe, this process of data driven modelling may help to consider the performance and emissions to identify the
bottle necks of vehicles with relative ease. The experimental runs in this study involved test runs on EO and E10
blends to get suitable performance data for the ML model to be trained upon. After analyzing the details of the
comparative data, we found the following:

1. Cylinder pressure was found to be improved for E10 pertaining to its RON number improvement and higher
laminar speed compared to EO.

2. Power and torque were found to be increased by 1.64% and 1.74% for E10, which may also correspond to
better combustion due to the presence of oxygen in the fuel.

3. BSFC was found to change in an abrupt manner with a variation of about 3%.

4. Combustion duration was found to decrease for E10 by 2.42% due to its higher laminar speeds.

The study also employed the TOPSIS methodology to prepare for the optimized experimental runs based on the
engine performance criteria. The 5,000-rpm experiment was found to be the best out of all the experimental
data for both fuels, which showed that the engine was running optimally at this speed. The experimental data
collected in the present work was synthetically increased from 26 to 106 experimental runs by employing non-
linear interpolation. This data was used as input to the ensemble learning method to train the ML model for
predicting the performance of the engine considered in the current work. R? score and MAPE were used as
metrics to validate the ML model, where an R% score greater than 0.9 and a MAPE (error range) below 1% to 3%
were obtained for all engine performance attributes. This result shows that ML methodologies can be very useful
to map the physical processes of engine performance when strongly backed by relevant data. The same ML
model was then employed to validate the performance for E15 fuel, which was also compared to actual
experimental runs carried out on the same engine. In this case, the R? score was again found to be greater than
0.95 and the MAPE (error range) was found to be between 1% and 5% for all the attributes, which indicates that
ML modelling can be very useful when several blends of gasoline-ethanol fuels are considered for testing on the
same engine. The same ML model was again employed to predict the data for E20 fuel and was compared with
the actual EO data, which also yielded satisfactory results. Hence, ML models can help in making scientifically
driven decisions for higher blend engine calibration. The main outcome of this ML based engine performance
prediction methodology is the reduction of testing time and cost, while also pre-empting bottle necks for better
working efficiency of gasoline-blend fuel engines in the long run.
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