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ABSTRACT

The vehicles that are run on fuel and the industries are contributing in polluting the
environment by releasing toxic gasses. This is leading to the air contamination on huge

level. In India, the effect of air infectivity and pollution has escalated to worst level.

The gases like nitrogen oxide (NOx), carbon monoxide (CO), carbon dioxide (CO2) and
sulphur dioxide (SO2) contaminate the atmosphere, due to which human’s health is
deteriorating. Furthermore, fossil fuels used to run these vehicles are depleting at an
alarming rate. Consequently, it is needed to find alternative fuel or alternate technology for
running these commercial vehicles and industrial motors. A better and economical
alternative can be the use of renewable resources, for instance, bio-fuel genersted from bio-

waste. India is having plenty of bio-waste that can generate more than 10 MW of power.

Fossil fuels are rapidly depleting due to increased energy consumption due to people's
equipment and facilities needed for civilization. To this end, conventional fuels, especially
internal combustion engines, are being depleted at an alarming rate of gasoline and diesel.
Alternative fuels planning is necessary for the preservation of fossil fuels or for the future
of technology. In view of these and many other related issues, this fuel should be replaced
in whole or in part, with a renewable, alternative and harmless, environmentally friendly
renewable fuel internal combustion engine. Therefore, a lot of research is being done

around the world on the suitability and feasibility of alternative fuels.

In the present work, alternative technique and ways to utilize rice bran oil to produce other
practically functional alternative fuel are used to replace conventional diesel and petrol.
The current work also includes modeling, optimization of the performance of internal
combustion engine and operating parameters of bio-diesel using Artificial Neural Network.
To validate the data collected from the experimental setup, Artificial Neural Networks
based hybrid Harris Hawks Optimization Whale Optimization Algorithm is used. A four-

stroke, single-cylinder conventional diesel engine, has been used for experimentation

XV



which runs on diesel that is used as primary fuel and biofuels along with constant supply

of biogas is used as a secondary fuels.

The designed duel fuel engine will operate on biofuel with the combination of B20, B40,
B60 and biogas that flows on a constant rate. The experiments have been conducted on IC
engine by collecting data by varying injection timings, for example, 23° BTDC, 26° BTDC
and 29° BTDC. We can make use of this alternative fuel to run mechanical vehicles by
mixing this biofuel with diesel in the ratio of 20%, 40% and 60%.

In the dual-fuel engine, the main purpose is to achieve high BTE and minimum emissions.
From the observations taken it is concluded that the highest BTE is achieved with 26°
BTDC using normal diesel + biogas. In addition to this, the minimum CO level is achieved
at 29° BTDC using normal diesel + biogas. Furthermore, Minimum CO: level is achieved
at 26° BTDC using B60 bio-diesel combination with biogas inlet. Every-time the target of
the proposed research is to attain maximum BTE and minimum emissions. This is possible
at a different type of fuels and different BTDC. To solve this problem, optimization is the
better solution to achieve the desired targets. The algorithm Artificial Neural Network
hybrid Harris Hawks and whale optimization algorithm is created and tested to achieve the
same. This ANN hybrid approach helps in getting the optimal solution to the unknown

inputs.

To obtain the optimal solution the results are verified using meta-heuristic algorithm by
performing trial runs on prescribed functions. The applied methods resulted in better

classification rate than other meta-heuristic algorithms.
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CHAPTER-1
INTRODUCTION

Air is contaminating day-by-day due to the huge accumulation of toxic gases in abundance.
The gases like nitrogen oxide (NOx), carbon monoxide (CO), carbon dioxide (CO.) and
sulphur dioxide (SO2) contaminate the atmosphere. These gases are mostly generated by
vehicles and industries, which put an adverse impact on human health. Furthermore, fossil
fuels that are also used to run vehicles are depleting at an alarming rate. Consequently, it
is needed to find alternative fuel or alternate technology for running these vehicles and
industrial motors. A better and economical alternative can be the use of renewable
resources, for instance, bio-waste [1]. India is having plenty of bio-waste that can generate
more than 10 MW of power [2].

Bio-waste is a better alternative to make bio-diesel fuel as it meets the 1990’s Clean Air
Act amendments. Viscosity, the heat of combustion and cetane number of bio-waste makes
it different from other fuels. Moreover, the viscosity of these fuels is much closer to diesel
fuel which burns clean and has much better lubrication property than today’s lower sulphur
diesel fuels [3-4]. However, it cannot be used directly in the CI diesel engine as biodiesel
holds no petroleum. To make biodiesel blend, bio-waste is mixed with some amount of
petroleum [5]. With manual [6] or electronic [7-10] modification, these blends can be
utilized in the IC engine. This leads to the motivation to develop innovative engine called
Dual fuel engine [11]. In the dual-fuel engine, two types of fuels are used, one called as a
secondary fuel and other as the primary fuel [12-13]. This method reduces emission
pollutants and also fuel consumption. Merely improving mechanical system will not give
appropriate results, so the support of electronic systems is needed to achieve better
efficiency of the engine with reduced emissions [14-15]. Developing the new hardware
model is complex, costly, time-consuming and the output of the combustion model is not
sure as per our requirements. The better alternative approach is neural network modelling
[16]. Neural systems are exceptionally advanced displaying procedures fit for

demonstrating to great degree complex capacities. The vast range of engine parameters can



be considered as complex functions. Based on these parameters the output is predicted as
per our design requirements [17-18]. In this whole process, the results from the
experimental setup will help to train the neural network and then the result will be
optimized.

In this era of revolution, human life is highly influenced by the use of mechanical
equipment and motor vehicles. Due to maximum dependency on and utilization of vehicles,
noxious gasses such as nitrogen oxides (NOXx), carbon dioxide (CO3), sulphur dioxide (SO2)
and carbon monoxide (CO) are released by them. These gasses are contaminating the air to
a huge level. Generation of these gasses by industries and vehicles has put an adverse
impact on the health of human beings. Moreover, the (fossil fuels) fossilized remains of
prehistoric plants and animals on which vehicles run are also depleting at an alarming rate.
Consequently, it of utmost importance to discover the substitute fuel for operating these
vehicles and industrial motors. Improved and cost-effective substitutes can be used and
invented from renewable resources like bio-waste. India as a country produces a huge
amount of bio-waste which is capable of generating power for self-reliance and

sustainability.

1.1 Energy Usage and Environment

As discussed previously, renewable resources put a negligible impact on the surroundings
and the environment. As if electric power generated by utilizing solar energy produces
fewer emissions than using coal to generate power in thermal plants. Electricity power
generated through coal also leads to emission of Carbon monoxide, Sulphuroxide and
Nitrogenoxide along with fly ashes and other pollutants. Such pollutants result in
degradation of the environment. Apparently, at national and global level, our current
pattern of consumption of energy depends upon non —renewable resources and fossil fuels.
In an attempt to save the environment, one must take preventive measures to reduce energy
consumption, switch from non-renewable resources to renewable resource because

renewable sources produce less pollution.



As the majority of the total populace, today is without fundamental comforts of life,
consequently, for comprehensive, economical development and dynamic social change,

the last alternative is required to be put into operation.

1.2 Diesel Engines and Requirement of Substitute Fuel

Now a day, due to the high utilization of vehicles and gasses released by them is
contaminating the air to the huge level. This undesirable effect of air pollution has been
experienced to the worst level in India this year. Release of poisonous gasses by the
vehicles is at an alarming level and burning of silage is leading to an increase in parts per
million levels to the risky level. This paper proposes a few alternative techniques and ways
to utilize hay to produce other practically functional alternative fuel. We can make use of
this alternative fuel to run mechanical vehicles by mixing this biofuel with diesel in the
ratio of 20%, 40% and 60%. This research paper also proposes the use of biogas to run
vehicles which are produced from biowaste. To understand how an engine works with dual
fuels, data for various before the top dead centre is calculated and recorded.

In this era of revolution, human life is highly influenced by the use of mechanical
equipment and motor vehicles. Due to maximum dependency on and utilization of vehicles,
noxious gasses such as CO, CO2, SO. and NOx are released by them. These gasses are
contaminating the air to a huge level. Generation of these gasses by industries and vehicles
has put an adverse impact on the health of human beings.

Moreover, the (fossil fuels) fossilized remains of prehistoric plants and animals on which
vehicles run are also depleting at an alarming rate. Consequently, it of utmost importance
to discover the substitute fuel or technical equipment for operating these vehicles and
industrial motors. Improved and cost-effective substitutes can be used and invented from
renewable resources like bio-waste. India as a country produces a huge amount of bio-
waste which is capable of generating power more than 10 MW. Bio-waste has emerged as
a substitute to generate bio-diesel as a fuel. It also follows Clean Air Act amendments. Its
cetane number, the heat of ignition and consistency makes it unique to different fuels. In

addition to this, the consistency of these fuels is a lot nearer to diesel fuel which consumes



clean and has much preferable oil property over the present lower sulfur diesel fuels.
However, this produced Bio-diesel cannot operate the CI diesel motor because biodiesel
does not hold petroleum base. These blends can be utilized in CI motor with amendment
either mechanically or electronically. This process leads to invention and growth of a novel
type of engine called Dual fuel engine. Dual fuel engine operates upon two different kinds
of fuels. One fuel act as primary fuel and the other as secondary fuel. Use of two fuels
decreases the consumption of fuel as well as emission pollutants. Many ideas have been
proposed to improve the mechanical system to achieve less consumption of fuel but only
by advancing the mechanical system will not generate the required outcomes. An efficient
electronics system support and utilization are required to attain improved efficiency of the

engine with reduced emissions.

As shown by projection results, the consumption of petroleum derivatives in the form of
basic amenities has increased tremendously from 1990 to 2020. Engine emissions produced
over the years create a severe impact on the environment. The significant reason for high
contamination levels, regardless of the stringent discharge measures that have been
authorized, is the expanding vitality interest for all parts and most broadly the expansion
in the utilization of IC motors for portability and power. The gas and diesel are commonly
used fuels and re highly in demand. These fuels are used to operate IC engines and spark-
ignition engines. As for use, diesel motors are to a great extent preferred over a wide range
of daily and industrial activities.

In the year 2005, the proportion of utilization of diesel to gas was 4.80. In the year 2012,
this proportion further reduced to 4.31. This decline in the use of diesel shows that use of
gas is increasing at a high rate over the years. In comparison to the utilization of gas as
fuel, utilization of diesel as fuel is higher by 4.5 times in India. In this manner, still, a
fractional replacement of mineral diesel by any other sustainable and carbon impartial
elective fuel can have a critical beneficial outcome on the financial market system and
environmental condition as far as a decrease in carbon impressions and reliance on
imported unrefined petroleum. The broad utilization of diesel in the developing economy

of India has required the quest for an inexhaustible substitute of diesel.



The name “dual fuel” does not imply to double fuel application of petrol engines in which
the fuel in liquid form does not combust with gas fuel. The dual-fuel engine is a diesel
engine that works on the principle of the internal combustion engine. In such engines, a
fraction of the energy discharges by ignition that occurs by burning the gas fuel. The
burning of liquid diesel fuel yields throughput which is achieved through chamber infusion.
The combustion internal engine is filled with gas which is the secondary fuel for the engine.
Then it is compressed with air in the engine cylinder. The little amount of primary fuel,
diesel is added through the conventional diesel fuel system to ignite the fuel. Dual fuel
engine works in periodic cycles. The gas fuel is mixed with the air at a pressure which is
more than atmospheric pressure. Certain factors lead to the need of invention of a dual-fuel
engine which includes, the lack of fluid fuel and the acknowledgement that vaporous
powers are far less expensive than fluid powers have prompted consideration on double
fuel engine. In addition to this, Gaseous petrol accessible to the majority of part of the

world at rates less expensive than fluid energizes.

1.3 Working of Dual Fuel Engine

1.3.1 Dual Fuel Operation

Dual operation is achieved in the internal combustion engine by burning of both biofuel
and diesel at the same time. Injection of little quantity of diesel can be used as a source of

ignition.
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Figure 1.1: Dual-Fuel Operation [19]

It works on the diesel cycle. Fuel is supplied by the supercharger. The pilot fuel is injected

and it acts as an ignition source.
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Figure 1.2: Working of Dual Fuel Engine

1.3.2 Biogas Diesel Engine
Biogas is produced by the anaerobic breakdown of natural organic material. It is a
renewable energy source and acts as an alternative fuel. Biogas as fuel is capable to power

the planet for years to come. Biogas can reduce CO, emission as compared to fossil fuels.



In the current era of the utilization of technology, over the years the implementation,
performance and utilization of artificial intelligence and machine learning have become
well-linked and useful for implementing solutions for constrained/unconstrained, real-
world, discrete, linear/nor linear engineering problems. Research done over the decade and
results obtained from the continuous research has resulted that optimal solution for non-
continuous and multi problems can not the effects provided by the existing methods so, for
effective behaviour and result, meta-heuristic algorithms are considered. Various methods
used to find an optimal solution for computational problem frame is termed as heuristics.

1.4 Artificial Neural Networks

In Artificial Intelligence, Machine Learning is a suitable technology to find better possible
solutions for engineering problems. Neural networks have the capability of finding
solutions for complex problems. ANN is suitable for performing tasks like making clusters,
classification. ANN helps in object and pattern recognition, modelling data and performing
statistical analysis.

Neural Network is an interlinked connection of nodes or hubs. Working of neural network
resembles working and processing of the human brain. Neural Networks takes various
inputs and different weights which results in one output. Characterized inputs play a vital
role in the generation of output. Neural Network is best suitable to solve problems where
output is known. It learns itself and does not have any need to program it again and again.
During the training, process neurons are trained to differentiate various designs [20].
Neural Networks put forward an effective approach to figure out and comprehend the
working of the human brain. NN takes different inputs with various weight values and
results in one output [21]. A neural network is widely used because of its ability to
generalize and to respond to unexpected inputs/patterns. NN learns itself so one need not
train it. During the process of training, neurons are trained to yield effective output to find
the optimal solution of defined engineering problems. For example during the
implementation phase to achieve optimal output, the neurons select the input values that

have a unique relation with the set of outputs [22].



1.4.1 Working of Artificial Neural Network

The Artificial Neural Network as shown in Figure 1.3 obtains input in the form of pattern
and image. Each input (Hy,H2...... ,Hn) is multiplied by its corresponding weights
(P1,P2,......,Pn). Weight speaks to the potency of the intercontinental the middle of neurons
inside those neural systems. The weighted inputs would be summed up. In the event those
weighted aggregate will be zero, the inclination will be included should aggravate the yield
1 alternately to scale up that framework reaction. Furthermore, bias has weight and
information constantly equivalent to ‘1°. The whole corresponds will whatever numerical

worth extending starting with 0 to boundlessness [23].

H1
H2 . P1 summer Threshold
P2
Output
Pn
Hn /
1 Artificial Neuron

Figure 1.3: Working of Artificial Neural Network

Layers of Neural Network are independent. These layers can have any number of nodes.
The number of hidden layers should be more than all the input nodes. There has to be

minimum one hidden layer connected to the bias and value of bias is 1.
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Figure 1.4: General Architecture of Neural Network [24]

1.4.2 Feedforward Neural Network

In this type of network, nodes do not create a cycle. A succession of data is unidirectional
in the feed-forward network. To generate an optimal solution, data flows to the nodes
through hidden layers.

1.4.3 Back-propagation

In back-propagation, to achieve the best possible optimal value from the collected data the
loads are balanced progressively. Meta-heuristic algorithms are a group of receptive
methods to improve the effectiveness of heuristic techniques. In this, to find optimal
solutions the population-based methods are used. The first step to start optimization is to
define population-based sets. In every iteration made, the values of the population set will
be changed. The newly generated values are replaced with existing population set and
population sets are updated with currently generated values. Process of iteratively updating
the values of population set continues until an optimal result is achieved. An artificial
neural system (ANN) has multilayer feed-forward neural system collection and utilizes the
back-propagation method to adjust and improve the weight over the network. To speed up



the utilization and execution of GD methodology with HHO and WOA, the meta-heuristic

algorithms are implemented efficiently and effectively.

The proposed research aims to improve and upgrade the performance of a dual-fuel engine.
This is done to achieve high BTE is achieved and fewer emissions are produced. An
efficient artificial neural network-based hybrid meta-heuristic algorithm hybrid-
ANNHHOWOA, this is stimulated by the natural phenomenon of Harris Hawks and
Whales to get the best possible solution to locate the position of prey is used for
optimization. The basic idea to develop and use ANN based hybrid HHOWOA algorithm
for optimization is to encourage the utilization of meta-heuristic algorithms which resemble
and are based on the natural attacking way of Harris Hawks and Whales i.e. to encourage
the use of natural efficient way to find best possible optimal values to reduce emissions
and achieve high BTE.

1.4.4 Artificial Neural Networks Learning

Learning in the neural network is done by changing its weights and threshold i.e bias
iteratively to yield the desired output. the neural network is trained for initiating learning
process with the help of suitable learning algorithms [25].

1.4.5 Structural Design of Artificial Neural Networks

The basic structure of ANN includes three layers named input, hidden and output. The

structure is shown in Figure 1.5.

e Input layer- Holds the individuals’ units which accept information from those

outside globes concerning which system will learn, perceive transform.

e Output layer- Holds units that react to the data something like how it’s gained at

whatever assignment.

e Hidden layer- these units are in sandwiched between input and output layers.
Hidden layer converts the input into the output unit.
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BTE
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CO;
Bio-Fuel co
) HC
Biogas

Input Layer Hidden Layer Output Layer

Figure 1.5: Basic ANN Model

In Figure 1.5, the input layer consists of input parameters Load, BTDC, B where ‘A’, ‘B’,
‘C’ and ‘D’ stands for percentage load, biogas inlet quantity, injection timing and type of
biodiesel blend used respectively. These inputs are individually connected to the neurons
of the hidden layer and are not visible as a network output. Hidden layer neuron's yield is
associated with the inputs of other neurons for the output layer. The network output layer
consists of BTE, CO, CO», and HC.

1.5 Harris Hawks Optimization Algorithm

The Harris Hawks Optimization Algorithm (HHO) is based on the phenomena of a surprise
attack. In this algorithm, the hunting style of Harris Hawks is discussed. Harris Hawks uses
a surprise attack strategy to hunt the rabbit. The working of the HHO algorithm is
categorized into the Exploration stage and Exploitation stage. HHO is inspired by a natural

phenomenon and is a population based algorithm.
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Figure 1.6: Various stages of HHO
For detecting the location to attack prey, the Harris Hawks scrutinize and supervise for
many hours. Suppose C1 is the possibility that Harris Hawks hunt the prey. This behaviour
is depicted in equation (1.1). When the value of C1 reaches less than 0.5, it depicts that
Harris Hawks are near the prey and are trying to attack it. Also, Harris Hawks try to
unwavering on some random positions. This behaviour is depicted by equation (1.2).
To find the location of Harris Hawks, equation (1.3) is used.

A(tl + 1) = Arand(tl) —zrl | Arand(t1) — 2zr2A(t1)j C1>0:5 (1.2)
A(tl 4+ 1) = Arabbit(t1) — Am(t1)) — zr3(LB1 + zr4(UB1 — LB1)) C1 > 0:5 (1.2)
Here A(t1 + 1) location of hawks in the succeeding iteration t1, A rabbit(t1) refers to the
position of rabbit, A(tl) is the current position of all hawks, zrl, zr2, zr3, zr4, and C1
referred as random numbers that lie in [0,1]. These values are updated in every rotation,
Arand(t1) refers to the location of hawk that is currently going to attack the prey. LB1 and
UBL is the lower limit and upper limit of variables. Am() represents the current location of
all existing hawks.

The average position of hawks is calculated by

Am(tl) = 1/NYN, Ai(tl) (1.3)

12



Where Ai(tl) is the location of each Harris hawk in every rotation t1 and N refer to the

total count of hawks.

1.5.1 Translation of Exploration to the Exploitation

1.5.1.1 Exploration Phase

A process of searching and locating an unknown area is referred to as Exploration. In this
phase, to search for target the Harris hawks move to random positions. The main idea of
this phase is to exhaust the rabbit so that its energy is decreased and it becomes convenient

for Harris Hawks to attack the prey.

The energy released/utilized by the rabbit to escape from harris hawks is termed as escape
energy. It is determined by equation (1.4).

EP1= 2EP10 (1-) (1.4)

Where EP1 is the escape energy of the rabbit, T1 is the maximum number of iterations, t1

refers to present rotation and EP10 is the initial range of energy of the rabbit.

The value of EP10 changes between -1 to 1 for each rotation. When the value of EP10
reduces to -1, it refers that the prey is running short of energy and is losing stamina. EP10
<0 refers that rabbit is tired. In contrast to it when EP10>0 refers that rabbit is full of energy
and is strengthening. On the other hand, when the value of EP1>1 refers Harris hawks
locate the location of prey. In contrast to it if EP1<1 it means Harris Hawks find the best

possible way to hunt the prey.

1.5.1.2 Mathematical description of soft and hard encircles utilized by Harris Hawks
to hunt the prey

In addition to escaping energy of rabbit and the strategy followed by Harris Hawks to hunt
the prey, chances of rabbit to escape also draws attention. Let E1 defines the chances of
prey to escape from the attack of Harris Hawks. The rabbit escapes successfully when the
value of Er1 becomes less than 0.5. If E;1 >0.5 it means prey cannot successfully escape
from the hunter. To confuse the prey Harris Hawks can attack suddenly. Depending upon

the energy and activities of the prey, Harris Hawks surround the prey softly or hardly. The
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retained energy of prey let the Harris hawks decide about the attack. To decide whether the
Harris Hawks should attack the prey or not an extra parameter Eq; is taken. Soft encircle is
indicated when the value of Eq1 is greater than 0.5 and when | Eq1/<0.5 it means hard

encircling of the prey by Harris Hawks.

1.5.1.3 Soft Encircle

The values of Ey; >0.5 and |Eq1| > 0.5 means the rabbit has enough power to run away from
the Harris Hawks, Harris Hawks first encircle the prey and try to drain its energy, later
Harris Hawks make a surprise pounce. The effort done by Harris Hawks to catch the prey
is depicted by the following equations:

XE1(t1 + 1) = AXE1 - EX |Rj1Arabbit(t1) — XE1(t1)] (1.5)

AXE1(t1) = Arabbit(t1)- XE1(t1) (1.6)
Where AXELI refers to the location of a rabbit.

Arbitrary hops made by the rabbit to escape from Harris Hawks are calculated by Rj1=2(1-
rs). Value of rs is lies between (0,1).

1.5.1.4 Hard Encircle

When the value of E; is greater than 0.5 and |Eq| less than 0.5, it reflects that the rabbit is
tired and is left with little energy to run and escape from Harris Hawks. This behaviour of
the rabbit is calculated by using equation (1.7).

XE1(t1 + 1) = Arabbit - EX|AXE1(t1)| (1.7)

By keeping the potential of fast dives in soft encircle, the final position of prey is
mathematically represented as:

A(tl+1) = {Mnl,if F(Mn1) < F(A(t1))} (1.8)
A(tl+1) = {P1,if F(P1) < F(A(t1)} (1.9)

14



By keeping probability to locate the actual position in hard encircling where the rabbit does
not have sufficient energy to escape from Harris Hawks, equations (1.8) and (1.9) can be
updated as follows to find the next location:

Mn1l = Arabbit(tl) - EP1 | K Arabbit(tl) — Am(tl) | (1.10)
P1 = Mnl + RS1xLFT1 (DIM1) (1.11)
Value of An(tl) can be obtained from equation (1.3).

1.6 Whale Optimization Algorithm

Whales are considered to be superlative and large creatures on earth. There exist various
types of whales, among them, the one type of whales is Humpback whales. This whale uses
an intelligent strategy to hunt the prey. By observing and studying this hunting behaviour
of humpback whales the researchers have implemented Whale Optimization Algorithm
[26] which is also a meta-heuristic algorithm and is inspired by the natural behaviour of
whales. The hunting strategy of humpback whales is expressed in 3 major steps which
include encircling the prey, efficiently going towards the prey and locating the prey

respectively.
1.6.1 Encircling the prey

As soon as whales identify the position of prey, it encircles prey. This method is considered
to be an efficient and effective method to find prey for hunting. Whale updates and informs
other whales when the location of prey is identified; in turn, other whales update their

location. Equations (1.12) and (1.13) model the same.

A(tl1+1) = {P1,if F(P1) < F(A(t1)} (1.12)
S(n1+1) =S1*(nl) — AL W1 (1.13)
Here, nl is recent iteration, Al and P1 are coefficient vectors, S refers location where the
optimal result is obtained and S1 refers position vector, | | refers the absolute value, and “-’
refers to Cartesian product [26].

To calculate values of Al and P1 following equations are used:
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Al =2al.r—al (1.14)
P1=2.r (1.15)

Where the value of al declines 2 to 0 in each rotation and r is a random vector that lies in
[0,1].

Figure 1.7: Encircling the prey [127]

1.6.2 Going towards the prey

Humpback whales use the bubble-net feeding strategy to move toward the prey. Whales
block and blur the view of prey by forming bubbles around the target prey. To approach
towards the prey humpback whales uses 2 methods named Spiral Movement and Narrow
down the circle method.

Whales narrow down the circle and cover the prey. This can be achieved by decreasing the

value of ‘al’ in equation (1.14).

By using equation (1.12), total distance difference in the prey and whale is computed. This

calculated value is utilized in equation (1.13) to depict spiral movement.
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Figure 1.8: Spiral Movement [127]
S(n1+1) = S1*(n1) — AL W1 (1.16)
S(n1+1) = S1*(n1) — AL W1 (1.17)

log spiral constant is referred to as b and value of ‘1’ lies from [-1,1].

The probability of whether spiral or else linear movement method will be applied is 50%

and is calculated by using equation (1.18):

X(tl + 1) = X*(t1) — A1.D1,p1 < 0.5 (1.18)
X(t1 + 1) = D1". e cos(21) + X1 * (t1),p1 = 0.5 (1.19)
pl is arbitrary number lies in [0,1].

1.6.3 Searching of the prey

Whales locate the prey by altering their locations randomly. This is modelled as:

D1 = C1.Xrand — X1 (1.20)

X(t1 + 1) = Xrand — A1.D1 (1.21)
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Xrand is a solution vector and is selected arbitrarily.

1.6.4 Basic Steps of Whale Optimization Algorithm Steps

Set Population n1, al Candidate solution with n1 populations is

parameter, A1, C1 created randomly and the fitness function
coefficient parameters value of each candidate is calculated.

A 4

\ 4

Update all equations from 1.12 to Initially, the best
1.19 to find values of A1, C1,al, pl |4 solution is accepted as |
parameters in algorithm. the global best.

A

The movements of the whale The best solution is
are updated according to the offered when maximum
value of pl. iteration is reached.

y

\ 4

Figure 1.9: Basic Steps of Whale Optimization Algorithm Steps

1.7 Research Objectives

The current work includes modelling, optimization of the performance of internal
combustion engine and operating parameters of bio-diesel using Artificial Neural Network.
The following objectives are envisaged for the present research work based upon the
observation.

1. Toinvestigate the compatibility of various algorithms suitable for dual fuel engine.

2. To implement modern optimization algorithms for estimation of performance and

emission characteristics.
3. To evaluate the system performance and validate with the experimental results.

1.8 Organization of Thesis

The current work aims to describe the modeling and optimization of compressed ignition
engine performance and emission characteristics for bio-fuels using ANN networks.

The thesis report consists of five chapters. The organization of the report has been done as

mentioned below.
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1.8.1 Chapter 1 Introduction

The thesis begins with an introduction giving a concise close importance of Dual fuel
Engine run on various bio-blends as a secondary fuel for diesel engine. Along with it the
need of ANN inautomation field is described and the same is implemented using
MATLAB 2008a.

1.8.2 Chapter 2 Literature Survey

This chapter presents a logical and complete review of the literature on the use of various
types of Dual Fuel Engines and their biodiesel as alternate fuels for diesel engines. The
literature review also includes few available studies related to artificial neural network for

the optimization of the engine.

1.8.3 Chapter 3 Methodology
Various study related to the experimental setup of engine and the development of ANN
model along with validation of ANNHHOWOA hybrid model is explained in Chapter 3.

1.8.4 Chapter 4 Results

In this chapter the data of experimentation is analyzed. The results would then be discussed
in detail and compared with the findings of previous researchers. The results of modelling
through ANNHHOWOA for engine exhaust gas emissions and performance will also be

discussed in this chapter. At the end of this chapter optimization process was carried out.

1.8.5 Chapter 5 Conclusion and Future Scope
The findings, outcomes and future scope of the study is discussed in this chapter.
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CHAPTER-2

LITERATURE SURVEY

The basic idea of a dual fuel responding engine maybe not new. In the 1890s, Rudolf Diesel
explored different avenues regarding this approach throughout as much innovative work
of the diesel engine. He presented that may be usually alluded with concerning illustration
pipeline natural gas under those air admission complex and observed upgrades engine
execution. Since then, dual-fuel engines bring been accessible clinched alongside huge
numbers markets, including stationery requisitions in the gas compression business. These
types of engines were used as early as the 1930s. The literature review includes theoretical,
simulation models as well as the experimental work undertaken from time to time along
with the development of the DUAL FUEL ENGINES for enhancing efficiency, engine life
and less Nox.

In this research Saadi et. al. [27], focuses on the emission control parameters in the CNG-
Diesel engines. The scientist also emphasized that exploration of alternative fuels to be
used for less emissions and high performance vehicles. While research the scientist
emphasized that emission by existing CNG-Diesel vehicle result in significant decrease as
compared to conventional pure diesel vehicles engines. In addition to this, Banapurmath
et. al. [28], emphasized on the alarming annihilation of fossil fuels and their risky natural
effect created eventually automotive car systems, which need prompted the utilization
about substitute ignition loop methodologies Furthermore renewable fills to CI engines.
Customary CI engines radiate expansive sum for particulate matter because of their
different incineration. The alarming situation is high NOx emission by the diesel engines
which also pollute the environment and result in health hazards. For resolving the problem
the researcher focused on use of an advanced combustion innovation named as
Homogeneous Charge Compression Ignition (HCCI) which needs possibility to decrease
particulates and NO comparable to ClI combustion. The idea from claiming double fuel

approach is with settle on utilization of distinctive sorts of fuels for diesel engines also
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clinched alongside effect have bring down smoke also HC outflows. The researcher
recommended test investigations once a solitary piston chamber from claiming four stroke
layering ignition loop (CI) motor fuelled with diesel for solitary fuel mode and CNG also
home infusion to a changed double fuel mode utilizing HCCI operation mode. CNG fuel
injected under those consumption valve utilizing a suitableness injector and electronic
control unit (ECU). The HCCI engines yielded superior effects over double fuel engines to
accepted mode. Furthermore, Tayarani et. al. [29], focuses on Meta-heuristic algorithms
which are stimulated by natural phenomena, including the development about species in
darwinian characteristic determination theory, burrowing little creature practices to
biology, group practices from claiming a portion birds, Also strengthening over metallurgy.
Because of their incredible possibility for fathoming was troublesome streamlining
problems, meta- heulandite calculations have discovered their approach under car engine
plan. There would diverse streamlining issues that happen in distinctive regions from
claiming overseeing those auto engines including calibration, control system, shortcoming
diagnosis, and displaying. In this research the specialist accentuated looking into machine
of meta-heuristic calculations to motor calibration, upgrading motor control systems, motor
deficiency diagnosis, and optimizing and modeling parts of engines. Moreover, Gnanam
et. al. [30], proposed a framework which is based on Neural Networks. The proposed
framework was used to find control of the intake of complex air and fuel proportion in
CNG-Gasoline dual fuel motor. This module controls the complete system using electronic
control units (ECUs). Commonly the ECU is adjusted for gas What's more gives a great
control of the admission complex air/fuel proportion for fuel. Those neural system built
control framework is formed on permit the transformation of a gas ECU with A bi-fuel
type with compacted characteristic gas in negligible expense. The adequacy of the neural
control framework may be showed toward utilizing a reenactment of a avoid four-stroke
bi-fuel motor..Furthermore, Al-himyari et. al. [31], focused on air contamination caused
specially caused due to vehicle discharges. These discharges of vehicle motor exhausts
need aid answerable for 50 percent of air contamination. Different sorts from claiming

discharges radiate starting with vehicles including carbon monoxide, hydrocarbons and
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NOXx. There is an inclination on creating methodologies about motor control which rapidly
accomplish this task. The researcher is pointing at review of investigations on the
prediction and control of the AFR, concerning the illustration to examine the expectations
with distinctive approaches.

Furthermore, Kurniawan et. al. [32], proposed a mathematical learning to simulate and
examine the ignition methodology which motivated the researcher to use compacted
natural gas direct infusion (CNG-DI) motor towards using an multi-dimensional
computational fluid dynamics (CFD) code. The scientist performed the experiment around
a solitary barrel of the 1.6 Itr motor operating at open throttle towards a modified speed of
2000 rotations per minute. The network was protected by doing calculations to achieve an
nearly exact transient condition of the operating engine. Eddy-break-up model was used to
describe ignition methodology and 100% methane gas was used. Time difference of when
a valve was open and before an exhaust valve was open resulted in CFD simulation. Results
of CFD reenactment were later compared with the result taken from single-cylinder engine.
Moreover, Su et. al. [33], established a control system which was the mixture of biogas-
gasoline. The proposed framework uses electronic control unit (ECU) also utilize
MC9S12XS128 micro control unit (MCU) as core. As a result, to manage the amount of
biogas used engine is operated efficiently. So researchers tried to achieve best possible air-
fuel ratio to match the claimed tests those were performed using different parameters on

different conditions.

In addition to this, Kumaraswamy et. al. [34], proposed a electronically controlled dual fuel
engine operated by using LPG and diesel as fuels. In this research, the researchers put
forward the comparison of load and external characteristic of traditional diesel engine and
dual fuel engine operated using LPG and diesel. From the analysis of results, it was
demonstrated that smoke emission of dual fuel is less than traditional diesel engine. It was
also concluded that diesel engine had moderate change in emission of NOx but emission
of HC and CO was increased. Whereas, dual fuel engine showed better efficiency and

consumed less fuel.
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Furthermore, Yadav et. al. [35], explained the possibility of hybrid technology considering
LPG-Diesel as base fuels. In this research the scientist proposed investigation utilizing
Artificial Neural Network (ANN). ANN is connected on a retrofitted experimental setup
utilizing diesel as essential and LPG as auxiliary fuel advancing the thermodynamic
parameters to acquire most extreme work yielded at higher thermal effectiveness. The
ANN is trained with the experimental data to stimulate the results for the network which
gives least Mean Square Error (MSE) and lowest Mean Absolute Percentage Error (MAPE)
being a function to optimize the results. The optimization is done with the assistance of
genetic algorithm to limit the cynicism of capacity to get expanded outcomes. Similarly,
Rai et. al. [36], explained the need of Dual fuel engines nowadays to conquer deficiency of
non-renewable energy sources and satisfy stringent exhaust gas outflow controls. They
have a few favorable circumstances over conventional diesel motors. Scientist proposes to
make utilization of outcomes from dual fuel engines for creating models to anticipate
execution and outflow parameters. The researchers proposed the use of Adaptive Neuro-
fuzzy Inference System (ANFIS) to develop the models to predict emission and
performance parameters of dual fuel engine. Researcher Anticipated execution and outflow
parameters for which they utilizes neural fuzzy method with Genetic calculation approach
to yield parameters such as Brake Thermal Efficiency (BTE), Exhaust Gas Temperature
(EGT), Brake Specific Energy Consumption (BSEC) and smoke.

Furthermore, Bora et. al. [37], explained that to manage the stop and control the
contamination of diesel engines process of emulsification plays a vital role. In this research,
the scientist efficiently propose a method that finds the impact of compression ratio and
injection timing of primary fuel on dual fuel engine which is controlled by rice bran
biodiesel (RBB) biogas. Researchers also did the dual layer water emulsification of rice
bran methyl ester. It was optimized by using five and ten % of water, three % of surfactants
HLB with values 4.3, five and six. The researchers have used DFM (Dual Fuel Mode) with

carburetor. Mechanically bio diesel and biogas are emulsified.
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In this research Sumit et. al. [38], studied the performance and emission parameters. He
focused on the development of neural net model to predict the BSFC, BTE, Nox etc.
parameters using single cylinder CRDI four stroke engines. In the model CNG-Diesel was
used in the dual fuel engine model. From the research the scientist concluded that ANN
modelling was a robust and better reliable identification tool in IC engine as compared with
other prevalent artificial Intelligent (Al) techniques’. In addition to this, Sumit et. al. [39],
studied the performance emission trade off in CRDI single cylinder engine. The fuel used
in this engine was CNG as secondary fuel. In this research scientist used Particle Swarm
Optimization (PSO) technique. The researcher used ANN metamodel for correlating the
objective function with some selected variables. Furthermore, author used CNG-diesel
operated dual fuel engine to foresee the emission and performance parameters of CRDI
engine. Data was gathered from experimental setup to check GEP. To predict BTE, NOx,
BSFC, HC and PM GEP model was developed. Researchers considered CNG, load and
pressure on which fuel is injected as parameters to check the performance of engine.
Prediction results calculated using GEP gave better results than prediction done by using
ANN.

In addition to this, Sumit et. al. [40], researched on emission and performance prediction
of dual fuel engine using Adaptive-neuro fuzzy inference system (ANFIS). The results
reflected the overall high accuracy with correlation coefficient ranging 0.998875 to
0.999989 with mean percentage error ranging between 0.08% - 1.84%. The results of this
research showed that its result is better than the ANN alone. In context to this, Syed Javed
et. al. [41], researched on dual fuel engine in which hydrogen and diesel fuels were used.
For the prediction of emission characteristics and performance the researchers utilized and
applied ANN modeling. The scientist used blend of Jatropha methyl ester biodiesel as a
secondary fuel and noted that neural networks were the good tools for predicting the dual
fuel engine behavior. Furthermore, Madhujit Deb et. al. [42], did research on CI engine in

dual mode. Hydrogen was used to operate the dual fuel engine. He used ANN approach
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with fuzzy logic to optimize the performance of CI engine. The results showed the overall

accuracy with correlation coefficient ranging from 0.995 to 0.999.

In this experimental work, Charudatta et. al. [43], response of diesel engine with ANN was
studied. The data was collected at different injection timings 210, 230 and 250 BTDC with
different pressures. The neural network was utilized to forecast the performance and
emission of engine. It showed the better results in mean absolute error and correlation
coefficient. The result depicts the BTE to be highest at 20 percent blend of biodiesel and
BSEC was greater to some extent. In addition to this, Channapattana et. al. [44], worked
on optimization of DI-CI operating parameters with artificial neural network. The scientist
proposed neural network and Bio fuel based model. The standard parameters of engine like
BSEC, BTE and EGT were evaluated using regression model using Minitab. Multilayer
perception was created to optimize the parameters using experimental data. In context to
this, Sumit et. al. [45], researched on multi-objective parameters of CRDI engine with CNG
as secondary fuel. The scientist optimizes the parameters using Gene EXxpression
Programming model. The data was collected using the experimental setup of dual fuel

engine.

Gogacetal. [46], used a dual fuel engine to examine its emission properties and performance
when biogas at varying mass flow rates was inducted in it together with bio diesel and
diesel. Performance characteristics of the engine demonstrated that BSFC augmented
whereas BTE diminished by using biogas as a primary fuel in assessment with pure diesel.
Concerning emission contents, it was reported that exhalations of HC and CO increased
owing to lower amount of oxygen content in biogas. In contrast, there was a simultaneous
reduction in NOx and smoke emanations. Thus, regardless of having all the optimistic
properties biogas is culprit of producing more HC and CO emissions vis-a-vis natural
diesel. The reason for the same has been reconnoitered to be deficiency of oxygen in
biogas. To overcome this problem a fuel having abundant amount of oxygen in its

molecular structure needs to be used in consort with biogas. Biodiesel has nearly eleven%
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amount of oxygen, can be unified with diesel effortlessly, and assistances in dropping

hazardous CO, HC, and smoke exhalations.

Dual fuel engine operate upon two different kinds of fuels. One fuel acts as pilot fuel and
the other as secondary fuel. Use of two fuels decreases the consumption of fuel as well as
emission pollutants. Many ideas have been proposed to improve mechanical system to
achieve less consumption of fuel but only by advancing the mechanical system will not
generate required outcomes. An efficient electronics system support and utilization is
required to attain improved efficiency of engine with reduced emissions. The dual fuel
engine is based on the concept of compression ignition. In such engines, a fraction of the
energy discharges by ignition that occurs from the burning of a gas fuel while the diesel
fluid fuel keeps on giving all throughout, through timely planned chamber infusion, the
rest of the piece of the energy discharge. The combustion internal engine is filled with the
secondary fuel ‘gas’. Then it is compressed with air in the engine cylinder. Little amount
of primary fuel, diesel is added through the conventional diesel fuel system to ignite the
fuel. Dual fuel engine works in periodic cycles. The gas fuel is mixed with the air at a
pressure which is more than atmosphere pressure. Certain factors lead to need of invention
of dual fuel engine which include, the lack of fluid fuel and the acknowledgment that
vaporous powers are far less expensive than fluid powers have prompted consideration on
double fuel engine. Dual operation is achieved in internal combustion engine by burning
of both a bio-fuel and diesel at the same time. Injection of little quantity of diesel fuel can

be used as an ignition source.

Aljarah et al. [47], proposed the use of Whale Optimization Algorithm in preparing MLPs.
The quick convergence speed and the high optimal avoidance were the main key
motivations to implement the WOA to prepare MLPs. The issue of preparing MLPs was
first defined as a minimization issue. The goal was to limit the MSE, and the factors were
association loads and predispositions. The WOA was utilized to locate the optimal qualities
for loads and inclinations to limit the MSE.
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Alameer et al. [48], put forward whale optimization algorithm, which is used to train MLP
neural network. The proposed research also compares the results of this model with basic
neural network and other meta-heuristic algorithms. Furthermore, for accessing the
efficiency and usefulness of the proposed technique, ARIMA models were applied. The
results concluded that in comparison to other existing models, the WOA-NN model

resulted in better outcome.

Harikarthik et al. [49], invented the experimentation methods aim to perform the practical
examinations that enhance reach for every situation. After performing this, the observations
are put on priority by using a hybrid Artificial Neural Network—Whale optimization
technique. The proposed method result in less prioritization time and memory prerequisites
as compared to already implemented methods. These methods result in yielding nearly
correct results. From the achieved results, the researcher concluded that the proposed
hybrid ANN-Whale algorithm achieves optimal results by using various classifiers.

Vaheddoost et al. [50], in this research, the researcher proposed an ANN-WOA technique
to assess the FC and PWP. Different performance criterion was assessed to use results
generated by the model. The results generated by the proposed algorithm came out to be
best than the results of the hybrid of ANN-WOA and the ANN models individually.

Table 2.1: Engine characteristics at different ANN models

Fuel
Ref. o Input Output Network o
combinations Prediction
No. Parameters Parameters  used
used
percentage load,
o injection timing, NOx, UBHC, Back-
WCO biodiesel- ) )
51 ) compression BTE, Texh,  propagation 93.7%
diesel blend )
ratio, blend smoke, BSE = method
percentage,
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52

53

54

55

56

Lemon grass oil

and hydrogen

Mahua oil and

hydrogen

Hydrogen and
diesel

Biodiesel-diesel
blends

diesel and palm
oil blend

load, LGO and

hydrogen

Fuel injection
pressure, Engine
load, and fuel
injection timing,

high octane fuel

flow rate

varying engine

speed, H2 energy

substitution ratio

and blends of

biodiesel

engine load,

biodiesel ratio

and injection

pressure

palm oil %,
engine load,
injection

advance

28

HC, NOXx,
BSEC, CO,
BTE and

smoke

CO, EGT,
HC, NO,
BTE and

smoke

CO, COy,
vibration,
noise, and
NO

BTE, EGT,

NOy, CO and

smoke ,
BSFC, HC

CO, BTE,

smoke, and

HC, NOx and

EGT

Levenberg-
Marquardt
algorithm

Feed
forward
back
propagation
algorithm

Levenberg

Marquardt

algorithm

feed-
forward
multi-layer
perceptron

network

Feed-
forward
back
propagation
network

type

R?-0.99457

R-0.84145-
0.99988,

MSE-
0.1479-
0.00029

R2- 0.993

R?-0.8663
to 0.9858,

MRE >10%

R2-0.88 to
0.95



diesel-biodiesel

blends with Engine speed, Levenberg-
c;  natural gas CNG flowrate,  Vibrations & Marquardt R2.0.95
addition fuel density, Speed (LM)
cetane number algorithm
autoregressi
ve
) BTE, HC, )
) ) Biogas flow rate, integrated
58  Biogas-diesel _ CO, NOx _ R?-0.98
engine load moving
and smoke
average
(ARIMA)
feed
Bio- BTE, BSFC, forward
. : (MAAE)-
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It is clear from the open survey that limited research studies were performed on the usage
of ANN based model for forecast and optimization of combustion emission properties and
performance of engine and for dual fuel engines at various engine working conditions. The
usage of Artificial Neural Network-hybrid Harris Hawks and whale optimization algorithm
(ANN-HHOWOA) for prediction of performance and emission characteristics of dual fuel
engine powered by biofuels has not been explored so far. To fill this void, an attempt has
been made to develop the hybrid ANN based algorithm as an important step towards
accurate predication and optimization of performance and emissions characteristics of
biodiesel-biogas fuelled dual fuel diesel engine at various engine characteristics.

2.1. Problem Statement
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In the light of the comprehensive and important literature survey and the ensuing
investigation, problem statement of the present research was formulated. The current work
plans to manage the impact of fuel injection timings on engine performance parameters
and exhaust emissions. From the literature survey, it has been observed that ANN modeling
with bio diesel-blendsalong with biogas on CI engine were scantly reported. The current
work involves modeling and optimization of compressed ignition engine performance and
emission characteristics for bio-fuels using ANN networks. On the basis of this valuable

information, the following objectives are envisaged for the present research work.

1. To investigate the compatibility of various algorithms suitable for dual fuel engine.
2. To implement modern optimization algorithms for estimation of performance and

emission characteristics.
3. To evaluate the system performance and validate with the experimental results.
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CHAPTER-3
METHODOLOGY

In this chapter, the methodology has been proposed in order to accomplish enlisted
objectives. It has been observed that the designed objectives be achieved after having dual
fuel experimental setup and software tool such as MATrix LABoratory (MATLAB).
MATrix LABoratory is a technical computing programming language designed for
engineering and scientific applications. The experimental setup helps in collecting data
which further help in optimizing the output of the software.

The purpose of the research work is to design a duel fuel engine which will operate on bio-
fuels with the combination of B20, B40, B60 and biogas that flows on a constant rate. The
research data is collected by varying injection timings i.e, 23° BTDC, 26° BTDC and 29°
BTDC.

3.1 Materials and Methods

Biogas was produced by anaerobic digestion process utilizing kitchen organic waste and
cow dung by means of feedstock in a preset arena biogas plant of 6m* volume. The biogas
plant is shown in Figure 3.1. Biogas composition was checked with biogas analyzer which
is tabulated in Table 3.1. Gas was produced in biogas digester, which was later given as an
input to the diesel engine. The baseline diesel was purchased from the wholesale store of
Indian oil Limited near campus. Non-edible rice bran oil was used to generate biodiesel.
The significant properties of the diesel, biogas and various biodiesel-diesel blends
(B20/D80, B40/D60 and B60/D40) were considered in accordance with ASTM-D6751
stipulations which are shown in Table 3.2. The energy content of the biodiesel (41.53
MJ/kg) was established to be lesser than then that of the diesel (43.40 MJ/Kg). The flash
point, calorific value, cloud point and fire point of diesel-biodiesel blends were noted to
reduce when biodiesel was added.
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Figure 3.1: Fixed dome biogas plant of capacity 6m?

Table 3.1: Composition of Biogas (% Vol.)

Chemical Formula Components %age
H20 Water 0.35%
N2 Nitrogen 1-3%
H> Hydrogen 4-10%
CO2 Carbondioxide 35-45%
CHy Methane 55-65%
H2S Hydrogensulphide Traces
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Table 3.2: Test fuel properties

Property Diesel Biogas B20/D80 B40/D60 B60/D40 A_ST_M
Limits
Density (kg/m%) 835  1.07 842 850 857 900
Viscosity (cSt)  2.72 3.64 4.26 4.96 1.9-6
LCV (MJ/kg) 43.40 2257 4272 42.04 41.36 >33
Flash Point (°C) 73 89 105 121 >130
Fire Point (°C) 78 96 114 130 -
Cloud Point (°C) -8 -6 -4 -2 -2t012

3.2 Experimental Framework

In the experimental setup as shown in Figure 3.2, the single cylinder, four stroke engine is

used to collect the data. The conventional engine is being converted to the dual fuel engine

with little modification. This waste can be cow dunk cakes, kitchen waste and man waste.

This engine is further connected with the load box to calculate the voltage and current

outputs with varying load. The internal combustion engine is fitted with 100 ml pipette

through which the diesel is supplied to the engine. After, every 10 ml consumption of

diesel, the output parameters are calculated at varing load and injection pressure. The

engine is also fitted with air surge box from where engine sucks in the air. This is further

connected with the biogas supply unit.
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Figure 3.2: Experimental setup

Figure 3.3 and 3.4 show the graphical arrangement and actual investigational test rig, which
comprises of single cylinder, four-stroke, and direct injection diesel engine cooled by using
air is utilized for the research. The numerous stipulations of the utilized diesel engine are
demonstrated in Table 3.3. An invariable speed of 1500 rotations per minute was conserved
during the course of the investigation. The engine was fitted out with an alternator type
dynamo-meter fixed with electrical load bank and adjustments to regulate loads of engine.
To obseve temperatures of inlet air, engine oil and outlet gases, the thermocouples of K
type were utilized. Consumption of liquid fuel was checked by calibrated burette
(volumetrically) and stopwatch. To work in dual fuel mode, the engine was suitably

modified. To avoid backfiring of basic fuel, a fire entrap was made available.

The biogas flow meter (Make: Itron, Model: Gallus 2015) was connected prior to inlet
manifold to adjust the flow of biogas. To damp the oscillations in intake stroke of engine,
a surge tank was fitted in conduit. The biogas flow rate was varied from 1.5 to 3.5 kg/h,
fixed at various levels through engine load spectrum.

Exploration and examination of dual fuel and manual diesel engine, engine load is modified
from twenty to hundred percentages at a speed of 1500 rotations per minute. The injection
timings were established at various levels i.e. 23° BTDC, 26° BTDC (standard) and 29°
BTDC. The injection timings were altered as per given recommendations [28]. Before
starting the trials, the IC-engine was controlled according to the references of manufacturer

recommendations. Primarily, the engine was energized with traditional diesel and heated
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up for half an hour uninterruptedly up to the oil and cooling water temperatures becomes

almost equal to reach stable state.

The exhaust gas analyzer (Make: AVL Digas 444N) was utilized to observe the emissions
of unburned remains of hydrocarbon (HC), carbonmonoxide (CO), carbondioxide (CO>)
and oxygen (O2) whose technical specifications are depicted in Table 3.4. The
concentration of HC is in ppm whereas CO, Oz and CO: are in (% volume). The exhaust
tailpipe harmful gasses were calculated as per ASTM D6522 standards. Figure 3.4 depicts

the gas analyzer utilized in the investigation.

3.3 Uncertainty Analysis

All type of assessing instruments put up certain quantity of error which could emerge from
various working conditions, inspection, standardization, trial planning, and environments.
Therefore, all the research was functioned in a way that the values were simulated more
than twice and to find an equitable value, the mean of all arithmetic values were projected.
The overall uncertainty is calculated by using succeeding relationship.

(BTE)? + (CO)% + (C0O2)2 + (HC)?

+(02)? + (Engine load)? (3.1)

Overall uncertainty = j

= (1.2)? + (1.3)? + (0.45)? + (0.35)? + (0.65)?

=+ 1.96, the values lies in the acceptable range of the experiments
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Figure 3.3: Actual experimental test rig

Description of engine set up: (1) Internal Combustion Engine (2) Dynamo,(3) Resistive
load bank (4) Electric control panel (5) Air surge tank (6) Biogas flow meter (7) Digital
tachometer (8) Exhaust gas temperature thermocouple (9) AVL Digas 444 N exhaust gas

analyzer (10) Probe (11) Fuel measuring burette (12) U tube manometer.

Table 3.3: Technical details of IC-engine

Make and Model Kirloskarindia Ltd. (DAF 8)
Bore/stroke (mm) 95/110

Rated Power (kW) 59

Rated Speed (rev/min) 1500

Number of Cylinder Single
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Compression Ratio

Cooling Type

Lubrication Type

Displacement VVolume (cc)

Fuel Injection Pressure (bar)
No. of holes (nozzle injector)
Static Injection timing (°BTDC)
Inlet Valve Opening (°BTDC)
Inlet Valve Closed (" ABDC)
Exhaust Valve Opening ('BBDC)
Exhaust Valve Closed (" ATDC)

Alternator Specifications

Dynamometer (Rating)

Speed Rating (rev/min)
Rated Frequency

Power Factor

17.5:1

Air Cooled
Forced Feed
780

200

26 (standard)
4.5°
35.5
35.5

4.5

Electrical Alternator (AC), 230
Phase 01 (Single)

V/5 kVA

1500

50Hz
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Table 3.4.Technological specifzication of AVL Digas 444 N Analyzer

Measured _
S.No. Range Accuracy Resolution
Parameter
1 Oxygen 0-22% Vol. +0.1%vol 0.01% vol
2 Carbon Monoxide  0-10 Vol. +0.03%vol 0.01% vol
3 Carbon Dioxide 0-20 Vol. +0.5%vol 0.1% vol
0-20,000 Upto 2000ppm, 1ppm
4 Hydrocarbon +10 ppm
ppm >2000ppm, 10ppm
) 400-6000
5 Engine Speed 1% 1 rpm
rpm
6 Lambda (1) 0-9.999 0.001

3.4 Performance Characteristics

The performance parameters were evaluated by considering the following calculations;

Brake Power (kW) = |[Z2ren] (3.2)
where 1 is generator efficiency, normally taken as n=0.8

For single fuel mode:

Brake thermal efficiency (%) = [Brakerjsxvzzr;%oo] x 100 (3.3)
For dual fuel mode:

Brake thermal efficiency (%) = Brake Powerx3600x100 (3.4)

(mngLCng+ mpqg X LCVbd)

Where mpg & mpq represents the mass flow of biogas (Kg/hr) and pilot liquid flow (Kg/hr)
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Whereas LCVpg & LCVypq depicts the heating value of biogas (kJ/kg) and pilot liquid fuel
(kJ/kg)

3.4.1 Brake Thermal Efficiency (BTE)
It is also termed as brake power of a thermal engine. It defines the efficiency of thermal
engine which can be measured using equation (3.4). BTE is utilized to estimate and

evaluate that how an engine by burning fuel generates mechanical energy efficiently.

Figure 3.4: Experiment setup

3.5 Training and Optimization

In the training phase, those exact class for every record is well-known accordingly the yield
nodes can be assigned adequate qualities - 1 for those nodes relating of the right class, and
0 for those others.
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3.5.1 Learning Process

In this procedure information cases such that rate load, biogas bay quantity, infusion timing
and so forth throughout this way, observing the weights connected with those enter
qualities are balanced each time. All considered cases are presented; the procedure begins
once more. A throughout this taking in phase, the characterized system takes in toward
changing the weights with the goal so as to be able to predict the ideal output. With this
process, those introductory weights would decide haphazardly. Weights are used in hidden
layers. After this complete procedure, the obtained outputs are compared with the desired
results. Errors would afterward propagated once again through those system, bringing on
the framework to conform those weights to the next record will be transformed. The same
data set is processed many times during the training of network as the connection weights

are refined continually.

Proposed system has 3 layes, hidden, input and output. All these layers are connected with
each other. Every layer will be completely associated with succeeding layer. The training
process begins for those computed contrast between the genuine outputs and the fancied

outputs.

3.5.2 Process Flow

The collected data from the experimental setup will be used to train the neural network.
After training the neural network using back propagation the output from the neural
network will work as input to the genetic algorithm. These input values will work as seed
values for genetic algorithm initialization. The complete flow diagram of the methodology

is shown in Figure 3.8.

3.5.3 Flow Chart

The data will help in training the neural network, testing and for efficient optimization.
After training the neural network the validation is to be done, in this process, the system

output will be compared with the real experimental data to check the algorithm accuracy.
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Data prepared for optimization

v

Apply Artificial Neural Network
to optimize the recorded values
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Hawks whale optimization

v

Return best optimal solution

v

Document and record optimal results for best
possible output gained by doing consecutive

Figure 3.5: Process flow chart

3.6 Artificial Neural Network based hybrid Harris Hawks and Whale Optimization
Algorithm (ANNHHOWOA) for optimizing dual fuel engine output characteristics

To find the best possible solution for real engineering problems, utilization of meta-
heuristic algorithm has become unavoidable. This motivates to use ANN and apply it to

find optimal solutions for input parameters. The learning algorithm is describes as follows:

a) Set values of weights w and bias b.

b) To obtain predicted division of data, all observations are iterated.

c¢) Calculate values of solutions in each iteration.

41




d) Calculate L(w,b) where w can be computed as:

1. wi=wi-1I] Aws

2. Wa=Wz2-1]Aw

Until the all constraints are fulfilled.
Algorithms that are based on animal behavior are utilized to get best possible solution.

The data acquired from the experimental setup is optimized using ANNHHOWOA hybrid
algorithm to find optimal solution to achieve High BTE and Less emission.

3.7 Pseudocode of ANN-hybrid Harris Hawks and Whale Optimization Algorithm

Inputs:

Set and define Input parameters Search agents, current iteration iter, maximum number of
iterations T1, population size N and EG for ANN, HHO and WOA.

By using feed forward network calculate all inputs. Along with this also calculate the

nearest possible output values.

Initialize population set Pi (i=1,2,3............ ,N)

until(tl < T1)

Find fitness value of Harris Hawk movement for each iteration.
Set parameter Aranbit to define the appropriate location of rabbit.
For each Harris Hawk (Pi)

Do

EP10 = 2rand()-1
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K=2(1-rand()) to update energy at initial condition EPo
Upgrade value of EP1 by using equation (1.4)

Translation from phase of Exploration and phase of Exploitation
if |EP1[>1 then

Upgrade location by using equation (1.5)

Upgrade location vector by using equations (1.1) and (1.2)
if |EP1|<1 then

/I Soft Encircle to the prey

if(Er1>0.5 and [EP1[>0.5) then

Upgrade position vector by using equation (1.5)

//Hard Encircle

elseif (Enr >0.5 and |[EP1|<0.5) then

Upgrade position vector by using equation (1.7)

I/ Soft Encircle of prey with fast dives

elseif (Er1 <0.5 and |[EP1[>0.5) then

upgrade position vector by using equations (1.8) and (1.9)
// Hard Encircle with fast dives

elseif (Er1 <0.5 and |EP1|<0.5) then

upgrade position by using equations (1.10) and (1.11)

end end end
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By using HHO algorithm, Set initial location of search agents.
Sett1=1

Do

By using objective function calculate every search agent.

Upgrade value of optimal fitness outcome X”.

Update values of random numbers ze1,ze»,ze3,zes.

if(p1<0.5) then

if(A1<1) then

Update location of current attacking agent by using equation (1.12)
else

Update location of current attacking agent by using equation (1.21)
else

Update location of current attacking agent by using equation (1.16)
until(tl < T1)

Compute and obtain optimal outcome.

Note and document values of standard deviation, mean, worst and best fitness outcomes.

Document best possible result value obtained after successive uninterrupted trails.
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3.7.1 Flow Chart of Proposed Algorithm

Set and define Input parameters Search agents, current iteration iter, maximum
number of iterations T1, population size N and EG for ANN, HHO and WOA

A\ 4

By using feed forward network calculate all inputs

v

Find fitness value of Harris Hawk movement for each iteration

v

Set population set P;.

v

Set t1=1

Position Z

Set parameter Aranvit to define the appropriate location of rabbit

v

For each value of Pi, Compute values of EP10 and K using EP10 = 2rand()-1and
K=2(1-rand())

Upgrade value of EP1 using eq. (1.4)

No

Gotostep D

Figure 3.6: Flow chart of proposed ANN-hybrid Harris Hawks and Whale Optimization
Algorithm (Initial partl)
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Step D

Upgrade

location using

eq (1.5)

Upgrade location using eg. (1.1) and eq. (1.2)

v

Continue to Step 1

Go to

| » “Position

Z”

Figure 3.7: Flow chart of proposed ANN-hybrid Harris Hawks and Whale Optimization

Algorithm (Initial part2)
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Goto
“Position
Z”

Step 1

Upgrade
location

using eq.
1.7

if Er1>0.5
and EP1/>0.5

Upgrade location using
eq. (1.5)

if En <0.5
and |EP1[>0.5

Yes

Continue to Step 2

Upgrade
location
using eq.
(1.10) and
eq. (1.11)

Go to
“Position
ZII

Figure 3.8: Step 1 of Flow chart of proposed ANN-hybrid Harris Hawks and Whale

Optimization Algorithm
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Step 2

v

Upgrade location using eqg. (1.8), (1.9)

Update randomly generated vectors ze1,ze»,ze3,zes

if(p1<0.5) and
if(AI<1)

Upgrade location of search agent
using eqg. (1.21)

A 4

Upgrade location of

Upgrade location of search agent using eq. (1.12)

search agent using eq.
(1.16)

Position T

R while(t <

T1)

Continue to Step 3

Figure 3.9: Step 2 of Flow chart of proposed ANN-hybrid Harris Hawks and Whale

Optimization Algorithm
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Step 3

A 4
<«—{ Compute optimal outcome

Go to “Position T till
(t1<T1)

\ 4
Note and document values of standard deviation,
mean, worst and best fitness outcomes

\ 4
Document best possible result value obtained after
successive uninterrupted trails

h 4

Figure 3.10: Step 3 of Flow chart of proposed ANN-hybrid Harris Hawks and Whale
Optimization Algorithm

3.8 Benchmark Functions

Different fixed, unimodel and multimodel [60] benchmark standards are taken into
consideration as benchmarks to examine and monitor the utility and competence of hybrid
ANNHHOWOA Algorithm to find best possible solution when applied on data gathered

from experimental setup.

49



CHAPTER-4
RESULTS

In this research a hybrid ANN-HHOWOA algorithm is used to validate the data collected
from experimental setup. In IC engine our target was to achieve maximum BTE and
minimum emissions. To achieve this target for different fuels and at different injection
timings we need to use optimization technique. To get the desired target for different inputs
we will take the help of ANN-HHOWOA. ANN alone gives the good results if the known
input values are used to train the ANN network and reproduce the output of known inputs.
At the same time if unknown input values are entered in the system then the result might
be, not predictable. To achieve the efficiency for the unknown inputs, meta-heuristic
algorithm is a better solution to be used. In this research the hybrid model of ANN-
HHOWOA was used to optimize the desired output. In this research the experimental IC
engine data is used, the 70% data was utilized to train the network and 30% was used for
testing and validating the algorithm. During the validation the result comes out to be 98%
accurate, this means the output for different unknown values with the new algorithm
achieved nearly 98% accurate. This research will further help the researchers to design the
IC engine with different bio-blends to predict the engine output characteristics before

designing the actual engine, which further helps in investing huge amount of money.

From the gathered data using experimental setup the graphical relation among various

parameters shown as follows:
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Figure 4.1: Deviation of BTE vs engine Load
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Figure 4.2: Deviation of HC vs engine Load
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The overall uncertainty is calculated by using succeeding relationship

From the eight hundred observations taken it is concluded that highest BTE is achieved
with 26 ° BTDC using normal diesel + biogas. In addition to this, minimum CO level is
achieved at 29 ° BTDC using normal diesel + biogas. Furthermore Minimum CO- level is
achieved at 26 ° BTDC using B60 bio-diesel combination with biogas inlet. Every-time the
target of the proposed work is to achieve maximum BTE and minimum emissions. This is
possible at different type of fuels and at different BTDC. To solve this problem,
optimization is the better solution to achieve the desired targets. The algorithm Atrtificial
Neural Network hybrid Harris Hawks and whale optimization algorithm (ANNHHOWOA)
is made and tested to achieve the same. This ANN hybrid approach help in getting the

optimal solution to the unknown inputs.

An Atrtificial Neural Network based hybrid HHOWOA algorithm was designed and used
based on previous literature and utilizing the data recorded in the experiments to envisage
the performance and emissions characteristics of biogas-biodiesel dual fuel engine. Engine

operating load, biodiesel blends and injection timings and biogas flow rate were chosen as
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the input factors while i) Carbon dioxide ii) HC iii) Carbon monoxide iv) Brake Thermal

Efficiency were selected as output targets.

To validate the results obtained and to find the optimal solution, total five hundred trial
runs are performed by using ANNHHOWOA algorithm. Best, Average, Worst values,
standard deviation values are computed against objective functions. unimodal standard
functions from Funcl-Func7, multimodel standard functions from Func8-Funcl11 and fixed
functions from Func12-Func20 are considered to endorse the proposed algorithm. The
calculated results are then compared with simple HHO algorithm. HHO is considered to
be an algorithm that gives better results than the other existing meta heuristic algorithms.
From the comparison it can be depicted that hybrid ANNHHOWOA gave better results
than HHO.
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4.1 Convergence Graphs using unimodal benchmark functions
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Figure 4.6: Graphs from (A)-(U) shows convergence graphs of HHO, ANNHHOWOA

and their comparative graph for unimodal benchmark functions

All these graphs are plotted by taking number of iterations along x-axis and an optimal
value generated along y-axis for unimodal benchmark functions. It can be clearly depicted
that results generated by ANNHHOWOA are better than HHO.
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4.2 Graphs of Trail run using unimodal benchmark functions
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52 Trial Runs of ANNHHOWOA (F2)
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Trial Runs of HHO (F7)
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Figure 4.7: Graphs from (A)-(N) represents trial runs performed for HHO,
ANNHHOWOA and their comparative graphs for unimodal benchmark functions

The graphs from (A)-(N) are plotted by taking number of iterations along x-axis and an

optimal value generated along y-axis for unimodal benchmark functions. It can be clearly

depicted that results generated by ANNHHOWOA are better than HHO.
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4.3 Convergence Graphs using multimodal benchmark functions
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Figure 4.8: Graphs from (A)-(L) represents convergence graphs of HHO,
ANNHHOWOA and comparative graph for multimodal benchmark functions

67



The graphs from (A)-(L) are plotted by taking number of iterations along x-axis and an

optimal value generated along y-axis for multimodal benchmark functions. It can be clearly
depicted that results generated by ANNHHOWOA are better than HHO.

4.4 Graphs of Trail run using multimodal benchmark functions
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Figure 4.9: Graphs (A)-(H) represents trial runs done using HHO, ANNHHOWOA and

comparative graphs for multimodal benchmark functions
The graphs from (A)-(H) are plotted by taking number of iterations along x-axis and an

optimal value generated along y-axis for multimodal benchmark functions. It can be clearly
depicted that results generated by ANNHHOWOA are better than HHO.
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4.5 Convergence Graphs using fixed benchmark functions
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2 Convergence of HHO (F18)
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Figure 4.10: Graphs from (A)-(Al) represents convergence graphs of HHO,

ANNHHOWOA and comparative graph for fixed benchmark functions

The graphs from (A)-(Al) are plotted by taking number of iterations along x-axis and an

optimal value generated along y-axis for fixed benchmark functions. It can be clearly
depicted that results generated by ANNHHOWOA are better than HHO.
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4.6 Graphs of Trail run using fixed benchmark functions
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Trial Runs of HHO (F16)
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Trial Runs of HHO (F20)
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Figure 4.11: Graphs from (A)-(R) represents trial runs performed for HHO,

ANNHHOWOA and comparative graphs for fixed benchmark functions

The graphs fron (A)-(R) are plotted by taking number of iterations along x-axis and an

optimal value generated along y-axis for fixed benchmark functions. It can be clearly

depicted that results generated by ANNHHOWOA are better than HHO.

Table 4.1: Results of time taken by multimodal, unimodal and fixed benchmark functions
using hybrid ANNHHOWOA algorithm for computing best and worst fitness, mean,

median, and p-value standard deviation.

Worst Fitness Median p-value

2.87E-104 5.00E-114 3.25E-01

Function Parameters
Mean SD Best Fitness

Funcl 9.56E-106 5.24E-105 6.94E-127

Func2 8.28E-55  2.82E-54 2.02E-64
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Func3 4.08E-84  2.22E-83 8.66E-114 1.22E-82  8.08E-98 3.23E-01

Func4 1.00E-53  4.91E-53 4.54E-64 2.69E-52  3.71E-58 2.73E-01
FuncS 1.43E-02  2.77E-02 9.42E-09 1.36E-01  4.47E-03 8.28E-03
Func6 1.70E-04  2.86E-04 3.58E-08 1.22E-03  3.10E-05 2.91E-03
Func? 1.63E-04  1.67E-04 7.38E-06 7.53E-04  1.06E-04 9.17E-06
Func8 -1.26E+04  1.52E+00 -1.26E+04 -1.26E+04 -1.26E+04  2.05E-115
Func9 0.00 0.00 0.00 0.00 0.00 0.00
Funcl10 8.88E-16 0.00 8.88E-16 8.88E-16  8.88E-16 0.00
Funcll 0.00 0.00 0.00 0.00 0.00 0.00
Funcl2 7.01E-06  9.05E-06 1.56E-08 3.20E-05  3.36E-06 2.06E-04
Funcl3 1.31E-04  2.98E-04 4.75E-09 1.62E-03  4.33E-05 2.25E-02
Func14 3.66E-04  2.47E-04 3.08E-04 1.67E-03  3.18E-04 5.82E-09
Funcl5 -1.03E+00  3.10E-09 -1.03E+00 -1.03E+00 -1.03E+00  6.42E-249
Funcl6 3.98E-01  1.09E-05 3.98E-01 3.98E-01 3.98E-01 4.60E-134
Funcl? 1.20E+01 1.29E+01 3.00E+00 3.00E+01  3.00E+00 2.05E-05
Funcl18 -3.25E+00  9.33E-02 -3.32E+00 -3.04E+00 -3.32E+00 1.68E-46
Func19 -5.44E+00  1.35E+00 -1.04E+01 -5.09E+00 -5.09E+00 1.01E-19
Func20 -5.49E+00 1.37E+00 -1.05E+01 -5.13E+00 -5.13E+00 1.22E-19

Table 4.2: Results of time taken by hybrid ANNHHOWOA algorithm to find optimal

solution.

Time (in Seconds)
Best Mean Worst
Function Time Time Time

Funcl 5.00E-02 8.00E-02 3.10E-01
Func2 5.00E-02 7.00E-02 1.90E-01
Func3 2.20E-01 2.40E-01 3.40E-01
Func4 5.00E-02 6.00E-02 8.00E-02
Func5 8.00E-02 9.00E-02 1.10E-01
Func6 5.00E-02 7.00E-02 9.00E-02
Func7 1.30E-01 1.60E-01 2.30E-01
Func8 8.00E-02 1.00E-01 2.70E-01
Func9 6.00E-02 8.00E-02 1.40E-01
Funcl0  6.00E-02 8.00E-02 1.40E-01
Funcll  8.00E-02 1.00E-01 3.30E-01
Funcl2  3.10E-01 3.70E-01 7.30E-01
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Funcl3
Funcl4
Funcl5
Funcl6
Funcl7
Funcl8
Funcl9
Func20

3.30E-01  3.70E-01
5.00E-02 9.00E-02
5.00E-02 9.00E-02
5.00E-02  8.00E-02
5.00E-02 6.00E-02
6.00E-02 9.00E-02
9.00E-02 1.30E-01
0.09 0.14

4.40E-01
3.00E-01
2.80E-01
2.20E-01
1.40E-01
3.30E-01
4.70E-01
0.42

In the Table 4.1 and Table 4.2 Funcl-Func20 refers to unimodel, multimodel and fixed

benchmarks functions.

The computed results show that rather than using standalone meta-heuristic algorithms to

find optimal solution, ANN based hybrid approach performed better.

Set the input parameters
of ANN, HHO and WOA

Compute the nearest

A

target values.

,| For each cycle, compute fitness

estimation of Harris Hawk

Return best optimal
solution through
successive trail
iteration runs.

Apply optimization
algorithm and Update
best wellness
arrangement got up
until now.

h 4

Instate beginning situation of
search agents utilizing last

position got through Harris
Hawk

Figure 4.12: Working steps of ANN-hybrid HHO and WOA

To approve the outcomes produced by the calculation, 500 emphasis runs are contemplated

to defeat the stochastic idea of anticipated ANN-HHOWOA calculation and every target

work has been evaluated for best, average, worst values and standard deviation. So as to

endorse the period of utilization by the suggested calculation, unimodal benchmark

capacities, multimodel benchmark works and fixed benchmark capacities are considered.
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These outcomes are contrasted and HHO which is considered as a calculation that furnishes
better solutions when contrasted and others as of considering meta-heuristics calculations

recognized in recent times.

ANN-HHOWOA algorithm resulted in significant outcomes in contrast to HHO which
reflects even enhanced results than HHO.

A\ 4
Observations collected from Dual
Fuel EngineYes

Data prepared for optimization

A
Apply Atrtificial Neural Network to
optimize the recorded values

v

Apply ANN-HHOWOA meta-
heuristic algorithm

v

Return best optimal solution

v

Document and record optimal results for optimal
result attained through consecutive trail runs.

Figure 4.13: Validation and verification work flow

87



4.7 Comparative analysis of hybrid ANNHHOWOA algorithm with other hybrid

algorithms

From the comparison tables Table 4.3, Table 4.4 and Table 4.5 of hybrid algorithms, we
can conclude that the hybrid ANNHHOWOA is performing better as compared to others
hybrid algorithms in terms of SD and MEAN value calculation. Moreover the -ve value
depicts that the optimal solution of that value is achieved with less iterations and with least

time taken to get optimal slution.

Table 4.3: Results of values of Mean and SD calculated using hybrid ANNHHOWOA

algorithm and other hybrid algorithms for Unimodal Benchmark Function

Algorit Param  Unimodal Benchmark Functions

hms eters F1 F2 F3 F4 F5 F6 F7
hHHO- Mean  0.00 0.00 0.00 0.00 1.00E-02  0.00 0.00
PSO SD 0.00 0.00 0.00 0.00 1.00E-02  0.00 0.00
hHHO- Mean  0.00 0.00 0.00 0.00 2.00E-02  0.00 0.00
GWO  sD 0.00 0.00 0.00 0.00 2.00E-02  0.00 0.00
hHHO- Mean  0.00 0.00 0.00 0.00 1.00E-02  0.00 0.00
SCA  SD 0.00 0.00 0.00 0.00 2.00E-02  0.00 0.00
6.18E-
howo Mean  3.11E-59  9.54E-35 4.70E-15 1.32E-14 271E+01 7 NA
SA SD 7.27E-59  9.39E-35 1.29E-14 2.50E-14 1.01E+00 3'136'5' NA
hANN  Mean — O20F B.28056E- 4 o7758E-84 100259E-53 143e-02 - OE LO3E
HHO 106 55 04 04
5.24E- 2.81517E- 2.86E-  1.67E-
WOA  SD 105 ” 2.22006 E-83  4.90939 E-53 2.77E-02 04

Table 4.4: Results of values of Mean and SD calculated using hybrid ANNHHOWOA

algorithm and other hybrid algorithms for Multimodal Benchmark Functions

Multimodal Benchmark Functions

Algorithms Parameters Fs Fo F10 F11 F12 F13
Mean 126E+04 0.0 8.88E-16 0.0 113E-05  L1.00E-04
hHHO-PSO ) 947E-01 0.0 0.00 0.00 150E-05  2.00E-04
Mean 126E404  0.00 8.88E-16  0.00 NA NA
hHHO-GWO ) 1.04E+00  0.00 0.00 0.00 NA NA
HHHO.SCA Mean 126E404  0.00 8.88E-16  0.00 113E-05  1.00E-04
) 767E-01 0.0 0.00 0.00 150E-05  2.00E-04
HGWOLSA Mean 5.02E+03  218E-01  151E-14 145601 458E-01  NA
) 754E+02  19E+00  1.87E-15 247E-01  2.45E-01  NA
Mean 126E404  0.00 8.88E-16  0.00 701E-06  1.00E-04
hANNHHOWOA oy 152E+00  0.00 0.00 0.00 9.05E-06  3.00E-04
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Table 4.5: Results of values of Mean and SD calculated using hybrid ANNHHOWOA

algorithm and other hybrid algorithms for Fixed Dimension Benchmark Functions

Algo Para Fixed Dimension Benchmark Function
rithms  meters F14 F15 F16 F17 F18 F19 F20
hHHO-  Mean  136E+00  3.94E-04 -1.03E+00 3.98E-01 3.00E+00  -3.86E+00  -3.10E+00
PSO SD 126E+00  2.20E-04  4.80E-09  3.49E-05 528E-07  3.41E-03 1.03E-01
hHHO-  Mean  126E+00  3.44E-04 -1.03E+00  3.98E-01  3.00E+00  -3.86E+00  -3.11E+00
GWO SD 9.32E-01  3.14E-05  3.97E-10  186E-05 265E-07  4.30E-03 1.21E-01
hHHO-  Mean  126E+00  3.45E-04 -1.03E+00  3.98E-01  3.00E+00  -3.86E+00  -3.09E+00
SCA SD 447E-01  4.03E-05  180E-09  215E-05 9.98E-07  3.00E-03 1.09E-01
hGWO Mean  4.32E-03 -103E+00 3.98E-01  3.00E+00 NA NA NA
-SA SD 8.16E-03  1.05E-08  9.90E-06  5.74E-06 NA NA NA
hANN ~ Mean  3.66E-04 -1.03E+00  3.98E-01  1.20E+01 -3.25E+00  -5.44E+00  -5.49E+00
AHOW  SD 247E04  310E-09  109E-05  129E+01 9.33E-02  135E+00  137E+00
4.8 Trial Runs performed to optimize the results generated by IC engine using

ANNHHOWOA algorithm
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Figure 4.14: Trial runs to achieve optimal BTE using ANN-HHOWOA
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Figure 4.15: Trial runs to achieve optimal CO2using ANN-HHOWOA
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Figure 4.16: Trial runs to achieve optimal CO using ANN-HHOWOA
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Figure 4.17: Trial runs to achieve optimal HC using ANN-HHOWOA

These graphs are generated by executing code of hybrid HHOWOA algorithm on
MATLAB. Simulation time to achieve optimal output parameters using hybrid ANN-
HHOWOA is graphically shown as:

Simulation time for hybrid ANNHHO-WOA algorithm to achieve optimal
: output parameters | Time (in Sec)
e Best Time
ot 0.34375 — Time (in Sec.)
03 Mean Time
e 008 ——— Time (in Sec.)
(Bec) Worst Time
02
0.15
01 0.084895833
e s’ #0.071354167 0.078125
0.05 0.061458333
: 0.046875 0.046875 0.046875
0
BTE co2 co HC

Figure 4.18: Simulation time graph to achieve optimal output
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To experimentally validate the results by using ANN-HHOWOA algorithm, it is clearly
visible from Figure 4.14-4.17 that the optimal solution of the desired target is achieved
with in 30 trial runs. Seventy percent of data is used for training fifteen percent for testing
and fifteen percent is used for validation. It has been concluded that Artificial Neural
Network based hybrid Harris Hawks and whale optimization algorithm (ANN-HHOWOA)
algorithm gave remarkable results with classification rate 98.6667% which is much better

than other meta-heuristic algorithms.

After applying ANN based hybrid Harris Hawks and whale optimization algorithm (ANN-
HHOWOA) on the gathered input data from the experimental setup of dual fuel engine,
the optimal solution is obtained which also leads to find better classification rate of

98.6667%. This is graphically shown as:

Classification rate : 98.6667%

14

12

MSE

0.8

0.6

04 -

02

50 100 150 200 250 300 350 400 450
Iteration

Figure 4.19: Graph depicting classification rate to achieve optimal results

Prediction done by algorithm depicts that we can achieve 98.6667% target value if the new
engine is invented or the existing engine is modified efficiently. The target value refers to
high BTE and less emissions. To attain the best possible outcome of the output parameters

using modern hybrid ANN-HHOWOA algorithm, values of worst time, mean time and best
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time are shown in Table 4.2.

4.9 Critical Observations from Obtained Results

In dual fuel engine main purpose is to achieve high BTE and minimum emissions. From
the observations taken it is concluded that highest BTE is achieved with 26° BTDC using
normal diesel + biogas. In addition to this, minimum CO level is achieved at 29° BTDC
using normal diesel + biogas. Furthermore Minimum CO- level is achieved at 26 ° BTDC
using B60 bio-diesel combination with biogas inlet. Every-time the target of the proposed
work is to achieve maximum BTE and minimum emissions. This is possible at different
type of fuels and at different BTDC. To solve this problem, optimization is the better
solution to achieve the desired targets. The algorithm Artificial Neural Network hybrid
Harris Hawks and whale optimization algorithm (ANNHHOWOA) is created and tested to
achieve the same. This ANN hybrid approach help in getting the optimal solution to the

unknown inputs.

To experimentally validate the results by using ANNHHOWOA algorithm, 30 trial runs
are performed on objective functions of gathered data to find optimal solution. Seventy
percent of data is used for training fifteen percent for testing and fifteen percent is used for
validation. It has been concluded that Artificial Neural Network hybrid Harris Hawks and
whale optimization algorithm (ANNHHOWOA) algorithm gave remarkable results with

classification rate 98.6667% which is much better than other meta-heuristic algorithms.

After applying ANN based Artificial Neural Network hybrid Harris Hawks and whale
optimization algorithm (ANNHHOWOA\) on the gathered input data from the experimental
setup of dual fuel engine, the optimal solution is obtained which also leads to find better
classification rate of 98.6667%.
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CHAPTER-5
CONCLUSION AND FUTURE SCOPE

5.1 Conclusion

An existing diesel engine has been improved so that it could operate on dual fuels. For a
dual fuel engine, data against the primary fuel and secondary fuel is gathered to improve
Brake Thermal Efficiency. The investigations were performed by using IC diesel engine.
Mixtures of rice bran biodiesel and biogas were used as primary fuel under dual fuel
working mode. Experimental examination analysis was conducted on a conventional diesel
engine with rice bran biodiesel blends as basic fuel and biogas under dual fuel operational
mode. To optimize the gathered data to the nearest possible accurate value and to find
classification rate, the experimental data was given as an input to Artificial Neural Network
hybrid Harris Hawks and whale optimization algorithm. Load given to engine i.e. engine
load, biodiesel blends, and injection timings were considered as input parameters. Without
spending huge amount of money to manufacture and invent a new mechanical hardware,
Performance of dual fuel engine working on various bio fuels is tested by using this
algorithm.

5.2 Future Scope

For future, instead of investing huge amount in research by designing new engine for new
bio-fuel or other type of fuels and for checking response characteristics of engine the
proposed methodology can be used to get expected outcomes. Before the researchers invest
huge amount of money to design a new engine, this will help them to predict and estimate
BTE and emissions. Furthermore, Artificial Neural Network based hybrid Harris Hawks
and whale optimization algorithm will help in achieving the target which Government has
set for BS5, BS6 or even more. The usage of hybrid ANN-HHOWOA model helps in

reducing effort, time and cost evolved in designing of engine hardware.

94



References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

L. P. Goswami, G. Patel, and C. Khadia, “A Review on Dual Fuel Engine using
Diesel as Primary Fuel and Various Secondary Fuels,” International Journal of

Computational Engineering Research, vol. 2, no. 11, pp. 74-80, 2014.

B. In, S. Park, H. Kim, and K. Lee, “Combustion and emission characteristics of a
dual injection system applied to a DISI engine,” Petroleum Science, vol. 11, no. 3,
pp. 424-431, 2014.

B. A. Al-himyari, A. Yasin, and H. Gitano, “Review of Air-Fuel Ratio Prediction
and Control Methods,” Asian Journal of Applied Science, vol. 2, no. 4, pp. 471-478,
2014,

D. Busuttil, G. Camilleri, and M. Farrugia, “Mechatronics for water injection in SI
engine,” International Confrence of Mechatronics, pp. 308-313, 2014,
DOI: 10.1109/MECHATRONIKA.2014.7018276.

V. P. Ferreira, A. R. A. Achy, I. M. Pepe, and E. A. Torres, “A new electronic
ethanol injection management system for diesel engines,” Journal of Control,

Automation and Electrical Systems, vol. 25, no. 5, pp. 566-575, 2014.

J. P. Yadav, A. Kumar, and R. Kant, “Modeling and Optimization of Diesel-LPG
Dual Fuel Engine ° s Performance : An ANN Approach,” International Journal of

Advanced Science and Technology, vol. 99, pp. 1-12, 2017.

D. Palaniswamy, G. Ramesh, S. Sivasankaran, and N. Kathiravan, “Optimizing the
Supercharger Effect on the Performance and Emission of Biogas Diesel Engine
using ANFIS,” Asian Journal of Research in Social Sciences and Humanities, vol.
6, no. 7, pp. 1364, 2016.

95



[8]

[9]

[10]

[11]

[12]

[13]

[14]

R. F. Turkson, F. Yan, M. K. A. Ali, and J. Hu, “Artificial neural network
applications in the calibration of spark-ignition engines: An overview”, Engineering
Science and Technology, an International Journal, vol. 19, no. 3, pp. 1346-1359,
2016.

Z. Huang, Z. Li, J. Zhang, X. Lu, J. Fang, and D. Han, “Active fuel design—A way
to manage the right fuel for HCCI engines,” Frontiers in Energy, vol. 10, no. 1, pp.
14-28, 2016.

J. Park, Y. L. Murphey, and M. Abul Masrur, “Intelligent Energy Management and
Optimization in a Hybridized All-Terrain Vehicle with Simple On-Off Control of
the Internal Combustion Engine,” IEEE Transactions on Vehicular Technology, vol.
65, no. 6, pp. 4584-4596, 2016.

A. Biondi, G. Buttazzo, S. Superiore, and S. Anna, “Real-Time Analysis of Engine
Control Applications with Speed Estimation,” European Design and Automation
Association, pp. 193-198, 2016, DOI:10.3850/9783981537079 0273.

S. A. O’Briant, S. B. Gupta, and S. S. Vasu, “Review: laser ignition for aerospace

propulsion,” Propulsion and Power Research., vol. 5, no. 1, pp. 1-21, 2016.

S. Roy and R. Banerjee, “Multi-objective optimization of the performance-emission
trade-off characteristics of a CRDI coupled CNG diesel dual-fuel operation: A GEP
meta-model assisted MOGA endeavour,” Fuel, vol. 211, pp. 891-897, 2018.

M. Farrugia, C. Seychell, S. Camilleri, G. Farrugia, and M. Farrugia, “Development
of a programmable engine control unit to multi-fuel capabilities, progression to
diesel,” Mediterranean Conference on Control and Automation, pp. 174-180, 2016,
DOI: 10.1109/MED.2017.7984120.

96



[15]

[16]

[17]

[18]

[19]

[20]

[21]

A. Biondi, M. Di Natale, and G. Buttazzo, “Performance-Driven Design of Engine
Control Tasks,” 2016 ACM/IEEE 7th International Conference on Cyber-Physical
Systems, pp.1-10, 2016, DOI: 10.1109/ICCPS.2016.7479111.

M. E. Emekli and B. Aksun Guvenc, “Explicit MIMO Model Predictive Boost
Pressure Control of a Two-Stage Turbocharged Diesel Engine,” IEEE Transactions
on Control Systems  Technology, pp. 1-14, 2016, DOI:
10.1109/TCST.2016.2554558.

D. Barik, S. Murugan, S. Samal, and N. M. Sivaram, “Combined effect of
compression ratio and diethyl ether (DEE) port injection on performance and
emission characteristics of a DI diesel engine fueled with upgraded biogas (UBG)-
biodiesel dual fuel,” Fuel, vol. 209, pp. 339-349, 2017.

D. Deepa, T. Mythili, K. Anbalagan, M. B. Raja, and C. Kamal, “Production of Bio
Diesel from Rice Bran Oil”, International Journal of Innovative Research in Science,

Engineering and Technology, vol.4, pp. 576-580, 2015.

Dual Fuel Engine, slideshare, Jan 6, 2018 [Online]. Available:

https://www.slideshare.net/HassanRazal50/dual-fuel-engine.

B. Ashok, S. D. Ashok, and C. R. Kumar, “ORIGINAL ARTICLE LPG diesel dual
fuel engine — A critical review,” Alexandria Engineering. Journal., vol. 54, no. 2,
pp. 105-126, 2015.

D. K. Ramesha, A. S. Bangari, C. P. Rathod, and C. R. Samartha, “Experimental
Investigation Of Biogas-Biodiesel Dual Fuel Combustion In A Diesel Engine,”
Journal of Middle European Construction and Design of Cars, vol. 13, no. 1, pp.
12-20, 2015.

97



[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

T. F. Yusaf, D. R. Buttsworth, K. H. Saleh, and B. F. Yousif, “CNG-diesel engine
performance and exhaust emission analysis with the aid of artificial neural network,”
Applied Energy, vol. 87, no. 5, pp. 1661-1669, 2010.

M. Hawi, R. Kiplimo, and H. Ndiritu, “Effect of Exhaust Gas Recirculation on
Performance and Emission Characteristics of a Diesel-Piloted Biogas Engine,”
Smart Grid and Renewable Energy, no. 4, vol. 6, pp. 49-58, 2015.

A Very Basic Introduction to Feed-Forward Neural Networks, DZone, Jan. 23, 2018
[Online]. Available: https://dzone.com/articles/the-very-basic-introduction-to-feed-

forward-neural.

Z. Yu-jia, S. U. N. Yan, Q. Ke-jun, and L. E. E. Sang-hyuk, “A multi-input and
multi-output design on automotive engine management system,” Journal of Central
South University, vol. 22, pp. 4687-4692, 2015.

C. Lang and H. Jia, “Kapur’s Entropy for Color Image Segmentation Based on a
Hybrid Whale Optimization Algorithm,” Entropy, pp. 1-28, 2019,
https://doi.org/10.3390/e21030318.

A. A. A. Al-Saadi and I. Bin Aris, “CNG-diesel dual fuel engine: A review on
emissions and alternative fuels,” 2015 10th Asian Control Conference: Emerging
Control ~ Techniques for a  Sustainable World, no. 1, 2015,
DOI: 10.1109/ASCC.2015.7244858.

N. R. Banapurmath, S. V. Khandal, S. M. Bagi, and S. R. Kulkarni, “CNG-HOME
operated dual fuel and HCCI engines,” 1st International Conference on Non
Conventional Energy, pp. 126-130, 2014, DOI: 10.1109/ICONCE.2014.6808704.

T. A. Kumar, M. M. Musthafa, R. Chandramouli, T. K. Kandavel, and G. Sridharan,
“Environmental Effects Performance characteristics of a variable compression ratio

CI engine simulation using artificial neural network,” Energy Sources, Part A:

98



[30]

[31]

[32]

[33]

[34]

[35]

[36]

Recovery, Utilization, and Environmental Effects, pp. 1-11, 2019,
https://doi.org/10.1080/15567036.2019.1648595.

G. Gnanam, S. R. Habibi, R. T. Burton, and M. T. Sulatisky, ‘“Neural network
control of air-to-fuel ratio in a bi-fuel engine,” IEEE Transactions on Systems, Man,
and Cybernetics Part A:Systems and Humans, vol. 36, no. 5, pp. 656-666, 2006.

H. Moayedi, M. Gor, Z. Lyu, D.T. Bui, "Herding Behaviors of grasshopper and
Harris hawk for hybridizing the neural network in predicting the soil compression
coefficient", Measurement, vol. 152, 2020,
https://doi.org/10.1016/j.measurement.2019.107389.

W. H. Kurniawan and S. Abdullah, “Numerical analysis of the combustion process

in a four-stroke compressed natural gas engine with direct injection system,” Journal

of Mechanical Science and Technology, vol. 22, no. 10, pp. 1937-1945, 2008.

C. W.Su, S.J. Ye, C. Y. Wei, and M. Z. Xie, “The design and study on the mixture
control system of the biogas-gasoline dual-fuel engine,” CMREE2011 - Proceedings
2011 International Conference on Materials for Renewable Energy and Environmen,
vol. 1, pp. 517-520, 2011.

A. Kumaraswamy and B. D. Prasad, “Use of LPG in A Dual Fuel Engine,”
International Journal of Modern Engineering Research, vol. 2, no. 6, pp. 46294633,
2012,

J. P. Yadav, A. Kumar, and R. Kant, “Modeling and Optimization of Diesel-LPG
Dual Fuel Engine’s Performance : An ANN Approach,” International Journal of

Advanced Science and Technology, vol. 99, pp. 1-12, 2017.

A. A. Rai, P. S. Pai, and B. R. S. Rao, “Prediction models for performance and
emissions of a dual fuel CI engine using ANFIS,” Sadhana, vol. 40, no. April, pp.
515-535, 2015.

99



[37]

[38]

[39]

[40]

[41]

[42]

B. J. Bora and U. K. Saha, “Improving the Performance of a Biogas Powered Dual
Fuel Diesel Engine Using Emulsified Rice Bran Biodiesel as Pilot Fuel Through
Adjustment of Compression Ratio and Injection Timing,” Journal of Engineering
for Gas Turbines and Power , vol. 137, no. 9, pp. 91505, 2015.

S. Roy, A. Ghosh, A. K. Das, and R. Banerjee, “A comparative study of GEP and
an ANN strategy to model engine performance and emission characteristics of a
CRDI assisted single cylinder diesel engine under CNG dual-fuel operation,”

Journal of Natural Gas Science and Engineering, vol. 21, pp. 814-828, 2014.

S. Roy, R. Banerjee, A. K. Das, and P. K. Bose, “Development of an ANN based
system identification tool to estimate the performance-emission characteristics of a
CRDI assisted CNG dual fuel diesel engine,” Journal of Natural Gas Science and
Engineering, vol. 21, no. x, pp. 147-158, 2014.

S. Roy, A. K. Das, V. S. Bhadouria, S. R. Mallik, R. Banerjee, and P. K. Bose,
“Adaptive-neuro fuzzy inference system (ANFIS) based prediction of performance
and emission parameters of a CRDI assisted diesel engine under CNG dual-fuel
operation,” Journal of Natural Gas Science and Engineering, vol. 27, pp. 274-283,
2015.

S. Javed, Y. V. V Satyanarayana Murthy, R. U. Baig, and D. Prasada Rao,
“Development of ANN model for prediction of performance and emission
characteristics of hydrogen dual fueled diesel engine with Jatropha Methyl Ester
biodiesel blends,” Journal of Natural Gas Science and Engineering, vol. 26, pp. 549—
557, 2015.

M. Deb, P. Majumder, A. Majumder, S. Roy, and R. Banerjee, “Application of
artificial intelligence (Al) in characterization of the performance—emission profile

of a single cylinder CI engine operating with hydrogen in dual fuel mode: An ANN

100



[43]

[44]

[45]

[46]

[47]

[48]

approach with fuzzy-logic based topology optimization,” International Journal of
Hydrogen Energy, vol. 41, no. 32, pp. 14330-14350, 2016.

C. M. Kshirsagar and R. Anand, “Artificial neural network applied forecast on a
parametric study of Calophyllum inophyllum methyl ester-diesel engine out
responses,” Applied Energy, vol. 189, pp. 555-567, 2017.

S. V. Channapattana, A. A. Pawar, and P. G. Kamble, “Optimisation of operating
parameters of DI-Cl engine fueled with second generation Bio-fuel and
development of ANN based prediction model,” Applied Energy, vol. 187, pp. 84—
95, 2017.

S. Roy, A. K. Das, P. K. Bose, and R. Banerjee, “ANN metamodel assisted Particle
Swarm Optimization of the performance-emission trade-off characteristics of a
single cylinder CRDI engine under CNG dual-fuel operation,” Journal of Natural

Gas Science and Engineering, vol. 21, no. X, pp. 1156-1162, 2014.

G. Goga, B. S. Chauhan, S. K. Mahla, A. Dhir, H. M. Cho, “Effect of varying biogas
mass flow rate on performance and emission characteristics of a diesel engine
fuelled with blends of n-butanol and diesel”, Journal of Thermal Analysis and
Calorimetry, vol.43, pp. 2817-2830, 2020.

I. Aljarah, H. Faris, S. Mirjalili, “Optimizing connection weights in neural networks

using the whale optimization algorithm”, Soft Computing, vol. 22, pp. 1-15, 2018.

Z. Aljarah, Alameer, M.A. Elaziz, A.A. Ewees, H. Ye, Z. Jianhua, “Forecasting gold
price fluctuations using improved multilayer perceptron neural network and whale

optimization  algorithm”,  Resources  Policy, pp. 250-260, 2019,
https://doi.org/10.1016/j.resourpol.2019.02.014.

101



[49]

[50]

[51]

[52]

[53]

[54]

[55]

S. Harikarthik, V. Palanisamy, P. Ramanathan, "Optimal test suite selection in
regression testing with testcase prioritization using modified ANN and Whale
optimization algorithm", Cluster Computing, vol. 22, pp. 11425-11434, 2019.

B. Vaheddoost, Y. Guan, B. Mohammadi, "Application of hybrid ANN-whale
optimization model in evaluation of the field capacity and the permanent wilting
point of the soils", Environmental Science and Pollution Research, vol.27, pp. 1-
11, 2020.

P. S. Pai and B. R. S. Rao, “Artificial Neural Network based prediction of
performance and emission characteristics of a variable compression ratio Cl engine
using WCO as a biodiesel at different injection timings,” Applied Energy, vol. 88,
no. 7, pp. 2344-2354, 2011.

N. Hariharan, V. Senthil, M. Krishnamoorthi, and S. V Karthic, “Application of arti
fi cial neural network and response surface methodology for predicting and
optimizing dual-fuel CI engine characteristics using hydrogen and bio fuel with
water injection,” Fuel, vol. 270, pp. 117576, 2020.

S. K. Masimalai, “Predicting the performance and emission characteristics of a
Mahua oil-hydrogen dual fuel engine using artificial neural networks,” Energy
Sources, Part A: Recovery, Utilization, and Environmental Effects, pp. 2891-2910,
2019, https://doi.org/10.1080/15567036.2019.1618997.

S. Yildirim, E. Tosun, A. Calik, I. Uluocak, and E. Avsar, “Artificial intelligence
techniques for the vibration , noise , and emission characteristics of a hydrogen-
enriched diesel engine, Energy Sources, Part A: Recovery, Utilization, and
Environmental Effects vol. 41, pp. 2194-2206, 2018.

M. Ayd, S. Uslu, and M. B. Celik, “Performance and emission prediction of a

compression ignition engine fueled with biodiesel-diesel blends: A combined

102



[56]

[57]

[58]

[59]

[60]

[61]

[62]

application of ANN and RSM based optimization,” Fuel, vol. 269, 2020,
https://doi.org/10.1016/j.fuel.2020.117472.

S. Uslu, “Optimization of diesel engine operating parameters fueled with palm oil-
diesel blend: Comparative evaluation between response surface methodology (

RSM ) and arti fi cial neural network ( ANN ),” Fuel, vol. 276, pp. 117990, 2020.

K. Celebi, E. Uludamar, E. Tosun, S. Yildizhan, K. Aydm, and M. Ozcanl,
“Experimental and artificial neural network approach of noise and vibration
characteristic of an unmodified diesel engine fuelled with conventional diesel, and
biodiesel blends with natural gas addition,” Fuel, vol. 197, pp. 159-173, 2017.

S. K. Mabhla, J. Singh, and A. Dhir, “Trend and time series analysis by ARIMA
model to predict the emissions and performance characteristics of biogas fueled
compression ignition engine,” Energy Sources, Part A: Recovery, Utilization and
Environmental Effects, pp. 1-12,
2019, https://doi.org/10.1080/15567036.2019.1670286.

P. Baranitharan, K. Ramesh, R. Sakthivel, “Measurement of performance and
emission distinctiveness of Aeglemarmelos seed cake pyrolysis oil/diesel/ TBHQ
opus powered in a DI diesel engine using ANN and RSM,” Measurement, Vol. 144,
pp 366-380, 2019.

V. Kumar, A. Nandi, A. Bhadoria, and S. Sehgal, “An intensify Harris Hawks
optimizer for numerical and engineering optimization problems,” Applied Soft
Computing, vol. 89, pp. 106018, 2020.

M. H. N. Tayarani, X. Yao, and H. Xu, “Meta-Heuristic Algorithms in Car Engine
Design: A Literature Survey,” IEEE Transactions on Evolutionary Computation,
vol. 19, no. 5, pp. 609-629, 2015.

M. Kumar and T. Shen, “Estimation and feedback control of air-fuel ratio for

gasoline engines,” Control Theory Technology, vol. 13, no. 2, pp. 151-159, 2015.

103



[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

E. A. Canesin, C. C. de Oliveira, M. Matsushita, L. Felicidade Dias, M. Reghiany

P, and N. E. de Souza, “Characterization of residual oils for biodiesel production,”

Electronic Journal of Biotechnology, vol. 17, no. 1, pp. 39-45, 2014.

N. Belinskaya, E. Ivanchina, E. Ivashkina, and E. Frantsina, “Optimal technological
parameters of diesel fuel hydroisomerization unit work investigation by means of
mathematical modelling method,” Procedia Chemistry, vol. 10, pp. 258-266, 2014.

W. Fang, J. Fang, D. B. Kittelson, and W. F. Northrop, “An Experimental
Investigation of Reactivity-Controlled Compression Ignition Combustion in a
Single-Cylinder Diesel Engine Using Hydrous Ethanol,” Journal of Energy
Resources Technology, vol. 137, no. 3, pp. 31101, 2014.

G. Gnanam, S. R. Habibi, R. T. Burton, and M. T. Sulatisky, “Neural network control
of air-to-fuel ratio in a bi-fuel engine,” IEEE Transactions on Systems, Man, and
Cybernetics, Part C, vol. 36, no. 5, pp. 656666, 2006.

C. Schaschke, I. Fletcher, and N. Glen, “Density and Viscosity Measurement of

Diesel Fuels at Combined High Pressure and Elevated Temperature,” Processes,

vol. 1, no. 2, pp. 30-48, 2013.

D. Liu, H. Javaherian, O. Kovalenko, and T. Huang, “Adaptive critic learning
techniques for engine torque and air-fuel ratio control,” IEEE Transactions on
Systems, Man, and Cybernetics, Part B (Cybernetics), vol. 38, no. 4, pp. 988-993,
2008.

D. Shaw, S. J. Akhtar, A. Priyam, R. K. Singh, “Performance Study of Dual Fuel
Engine Using Producer Gas as Secondary Fuel,” Carbon — Science and Technology,
vol. 2, pp. 63-71, 2016.

R. K. Moom, O. Parkash, and N. S. Khundrakpam, “Evaluation of DI Diesel Engine
Performance on Biodiesel from Waste Cooking Oil at Different Load Conditions.,”
International Journal of Engineering Research and Technology, vol. 2, no. 9, pp.
524-528, 2013.

104



[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

N. H. S. Ray, “Biogas as Alternate Fuel in Diesel Engines: A Literature Review,”
IOSR Journal of Mechanical and Civil Engineering, vol. 9, no. 1, pp. 23-28, 2013.

M. Mastaniah, “Performance of Electronic Fuel Injection System Using Compressor
and Controller,” International Journal of Advanced Engineering Research and

Science, Vol.2, pp. 57-59, 2013.

F. Yan, S. Chen, X. Zeng, J. Zhao, and J. Wang, “Modeling and Analysis of Fuel
Injection Split for Diesel Engine Active Fueling Control,” Journal of Dynamic
Systems Measurement and Control, vol. 135, no. 6, pp. 61016, 2013.

J. Mohammadhassani, S. Khalilarya, M. Solimanpur, and A. Dadvand, “Prediction
of NOx emissions from a direct injection diesel engine using artificial neural
network,” Hindawi, 2012, DOI: https://doi.org/10.1155/2012/830365.

W. Jun, Z. You, and W. Hong, “Closed-loop Control System in Electronic Control
Diesel Engine,” IEEE Vehicle Power and Propulsion Conference, pp. 5-8, 2008,
DOI: 10.1109/VPPC.2008.9781424418480.

A. Kumaraswamy and B. D. Prasad, “Implementation of a Automatic Dual Fuel
Injection system in a CI Engine,” International Journal of Engineering Research
and Applications, vol. 2, pp. 1685-1689, 2012.

N. Saifuddin, a. Z. Raziah, and H. N. Farah, “Production of Biodiesel from High
Acid Value Waste Cooking Oil Using an Optimized Lipase Enzyme/Acid-
Catalyzed Hybrid Process,” Journal of Chemistry, vol. 6, pp. S485-S495, 20009.

E. Samadani, A. H. Shamekhi, M. H. Behroozi, and R. Chini, “A Method for Pre-
Calibration of DI Diesel Engine Emissions and Performance Using Neural Network
and Multi-Objective Genetic Algorithm,” International Journal of Computer and
Communication Engineering, vol. 28, no. 4, pp. 10, 2009.

105



[79] B. Bhagabati and C. Das, “Edge Detection of Digital Images Using Fuzzy Rule
Based Technique,” International Journal of Advanced Research in Computer

Science and Software Engineering, vol. 2, no. 6, pp. 259-262, 2012.

[80] J. Hussain, K. Palaniradja, N. Alagumurthi, and R. Manimaran, “Effect of Exhaust
Gas Recirculation (EGR) on performance and emission characteristics of a three
cylinder direct injection compression ignition engine,” Alexandria Engineering
Journal, vol. 51, no. 4, pp. 241-247, 2012.

[81] A. Kumaraswamy and B. D. Prasad, “Performance analysis of a dual fuel engine
using LPG and diesel with EGR system,” Procedia Engineering, vol. 38, pp. 2784—
2792, 2012.

[82] J.Kim, E. Yim, C. Jeon, C. Jung, and B. Han, “Cold performance of various biodiesel
fuel blends at low temperature,” International Journal of Automotive Technology,

vol. 13, no. 2, pp. 293-300, 2012.

[83] S.Mirjalili, “Advances in Engineering Software The Ant Lion Optimizer,” Advances
in Engineering Software, vol. 83, pp. 80-98, 2015.

[84] A. Gautam, P. Chandra, K. Kumar, M. R. Sharma, S. Kumar, and A. K. Agarwal,
“Development of an electronic fuel injection system for a 4-stroke locomotive
diesel engine,” ASME 2012 Internal Combustion Engine Division Spring
Technical Conference, pp. 93-99, 2012, DOI: https://doi.org/10.1115/ICES2012-
81163.

[85] S. Singh, V. Walia, and S. K. Mahla, “Engine Exhaust Gas Pressure Control
System,” International Journal of Management, IT and Engineering, vol. 2, no. 11,
pp. 331-338, Nov. 2012.

[86] A. Paykani, A. Akbarzadeh, and M. T. S. Tabar, “Experimental Investigation of the
Effect of Exhaust Gas Recirculation on Performance and Emissions Characteristics
of a Diesel Engine Fueled with Biodiesel,” international journal of engineering and
technology, vol. 3, no. 3, pp. 239-243, 2011.

106



[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

A. White, J. Choi, R. Nagamune, and G. Zhu, “Gain-Scheduling Control of Port-

Fuel-Injection Processes,” Linear Parameter-Varying Control for Engineering
Applications, pp. 1453-1458, 2013, DOI: https://doi.org/10.1007/978-1-4471-
5040-4_4.

S. K. Mahla, L. M. Das, and M. K. G. Babu, “Effect of EGR on Performance and
Emission Characteristics of Natural Gas Fueled Diesel Engine,” Jordan
Journal of Mechanical and Industrial Engineering, vol. 4, no. 4, pp. 523-530, 2010.

X. Yuan and Y. Wang, “Neural networks based self-learning PID control of
electronic throttle,” Nonlinear Dynamics, vol. 55, no. 4, pp. 385-393, 2009.

D. N. Gerasimov, H. Javaherian, D. V Efimov, and V. O. Nikiforov, “Injection
Engine as a Control Object. 1. Problems of Automatic Control of the Engine
Journal of Computer and Systems Sciences International, vol. 49, no. 6, pp. 998—
1008, 2010.

N. Saifuddin, a. Z. Raziah, and H. N. Farah, “Production of Biodiesel from High
Acid Value Waste Cooking Oil Using an Optimized Lipase Enzyme/Acid-
Catalyzed Hybrid Process,” Journal Chemistry, vol. 6, pp. S485-S495, 2009.

K. Rajan and K. R. S. Kumar, “Effect of exhaust gas recirculation (EGR) on the
performance and emission characteristics of diesel engine with sunflower oil
methyl ester,” International Journal of Chemical Engineering, vol. 1, no. 1, pp. 31—
39, 2009.

X. Yuan and Y. Wang, “Neural networks based self-learning PID control of

electronic throttle,” Nonlinear Dynamics., vol. 55, no. 4, pp. 385-393, 2009.

C. Tan, “Modeling and control of an engine fuel injection system,” International
Journal of Simulation: Systems, Science & Technology, vol. 11, no. 4, pp. 51-63,
20009.

107



[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

D. Liu, H. Javaherian, O. Kovalenko, and T. Huang, “Adaptive critic learning
techniques for engine torque and air-fuel ratio control,” IEEE Transactions on
Systems, Man, and Cybernetics, vol. 38, no. 4, pp. 988-993, 2008.

H. Zou, L. Wang, S. Liu, and Y. Li, “Ignition delay of dual fuel engine operating
with methanol ignited by pilot diesel,” Frontiers of Energy and Power Engineering
in China, vol. 2, no. 3, pp. 285-290, 2008.

W. Jun, Z. You, and W. Hong, “Closed-loop Control System in Electronic Control
Diesel Engine,” 2008 IEEE Vehicle Power and Propulsion Conference, pp. 5-8,
2008, DOI: 10.1109/VPPC.2008.4677565.

J. Stewart, A. Clarke, R. Chen, “An experimental study of the dual-fuel performance
of a small compression ignition diesel engine operating with three gaseous fuels,”

Journal of Automobile Engineering, vol. 221, no. 8, pp. 943-956, 2007.

M. Scherer, M. Arndt, P. Bertrand, and B. Jakoby, “Fluid condition monitoring
sensors for diesel engine control,” Sensors, pp. 459-462, 2004, DOI:
10.1109/ICSENS.2004.1426199.

O. Kovalenko and H. Javaherian, “Neural network modeling and adaptive critic
control of automotive fuel-injection systems,” Proceedings of the 2004 IEEE
International Symposium on Intelligent Control, pp. 368-373, 2004, DOI:
10.1109/1S1C.2004.1387711.

F. Talal, M. Talib, “Experimental Investigation for the Design of ECU for A Single
Cylinder Engine Using Dual-Fuel(CNG-Diesel),” Asian Conference on Sensors,
pp. 329-334, 2003, https://doi.org/10.1109/ASENSE.2003.1225042.

A. Supee, M. S. Shafeez, R. Mohsin, and Z. A. Majid, “Performance of Diesel-
Compressed Natural Gas (CNG) Dual Fuel (DDF) Engine via CNG-Air Venturi
Mixjector Application,” Arabian Journal for Science and Engineering, vol. 39, no.
10, pp. 7335-7344, 2014,

108



[103]

[104]

[105]

[106]

[107]

W. J. Fleming, “Overview of Automotive Sensors,” IEEE Sensors, vol. 1, no. 4, pp.
296-308, 2001.

R. Schmidt, F. E. Gmbh, and F. Germany, ‘“Pressure Sensors for Automotive

Applications,” AutoTechnology , vol 1, pp. 62-64, 2001.

S. Mirjalili, S. Mohammad, and A. Lewis, “Grey Wolf Optimizer,” Advances in
Engineering Software, vol. 69, pp. 46-61, 2014.

B. J. Bora and U. K. Saha, “Optimisation of injection timing and compression ratio
of a raw biogas powered dual fuel diesel engine,” Applied Thermal Engineering,
vol. 92, pp. 111-121, 2016.

A. L. Carpenter, R. E. Mayo, J. G. Wagner, and P. E. Yelvington, “High-Pressure
Electronic Fuel Injection for Small-Displacement Single-Cylinder Diesel Engines,”

Journal of Engineering for Gas Turbines Power, vol. 138, no. 10, pp. 1-8, 2016.

[108] Z. Lv,J. Zuo, and D. Rodriguez, “Regional Studies Predicting of Runo ff Using an

[109]

[110]

[111]

[112]

Optimized SWAT-ANN : A Case Study,” Journal of Hydrology, vol. 29, 2020.

U. Isalkar, “Waste plant to generate 10 MW,” Times of India, 2013. [Online].
Available: https://timesofindia.indiatimes.com/city/pune/Waste-plant-to-generate-
10-MW electricity/articleshow/18780500.cms.

“Viscosity of Diesel Fuel,” Anton Paar, 2020 [Online]. Available:
http://www.viscopedia.com/viscosity-tables/substances/diesel-fuel/.

L. P. Goswami, G. Patel, and C. Khadia, “A Review on Dual Fuel Engine using
Diesel as Primary Fuel and Various Secondary Fuels,” International Journal of
Research in Advent Technology, vol. 2, no. 11, pp. 74-80, 2014

A. Marwaha, P. Rosha, S. K. Mohapatra, S. K. Mahla, A. Dhir, “Waste materials
as potential catalysts for biodiesel production: Current state and future scope”, Fuel
Processing Technology, vol. 181, pp. 175-186, 2018.

109



[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

S. K. Mahla, K. S. Parmar, J. Singh, and A. Dhir, “Environmental Effects Trend
and time series analysis by ARIMA model to predict the emissions and
performance characteristics of biogas fueled compression ignition engine,” Energy
Sources, Part A: Recovery, Utilization, and Environmental Effects, 2019,
https://doi.org/10.1080/15567036.2019.1670286.

K. Ryu, “Effects of pilot injection timing on the combustion and emissions
characteristics in a diesel engine using biodiesel-CNG dual fuel,” Appl. Energy,
vol. 111, pp. 721-730, 2013.

A. Marwaha, A. Dhir, S. K. Mahla, and S. K. Mohapatra, “An overview of solid
base heterogeneous catalysts for biodiesel production,” Catalysis Reviews, vol. 60,
pp. 594-628, 2018.

R. Singh, A. Dhir, S. K. Mohapatra, S. K. Mahla, “Dry reforming of methane using
various catalysts in the process: review,” Biomass Conversion and Biorefinery,
vol. 10, pp. 567-587, 2019.

G. Goga, B. S. Chauhan, S. K. Mahla, H. M. Cho, “Performance and emission
characteristics of diesel engine fuelled with rice bran biodiesel and n-butanol”,
Energy Reports, vol. 5, pp. 78-83, 2019.

G. Goga, B. S. Chauhan, S. K. Mahla, A. Dhir, “Environmental Effects Combined
impact of varying biogas mass flow rate and rice bran methyl esters blended with
diesel on a dual-fuel engine,” Energy Sources, Part A: Recovery, Utilization, and
Environmental Effects, vol. 43, pp. 120-132, 2019.

S. K. Mahla, A. Dhir, “Performance and emission characteristics of CNG-fuelled
compression ignition engine with Ricinus communis methyl ester as pilot fuel”,

Environmental Science and Pollution Research, vol. 26, pp. 775-785, 2019.

A. Deep, A. Sandhu, S. Chander, “Experimental investigations on the influence of
fuel injection timing and pressure on single cylinder C.I. engine fueled with 20%
blend of castor biodiesel in diesel,” Fuel, vol. 210, pp. 15-22, 2017.

110



[121] A. Supee, M. S. Shafeez, R. Mohsin, and Z. A. Majid, “Performance of Diesel-
Compressed Natural Gas (CNG) Dual Fuel (DDF) Engine via CNG-Air Venturi
Mixjector Application,” Arabian Journal for Science and Engineering, vol. 39, no.
10, pp. 7335-7344, 2014.

111



